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Abstract

We introduce systematidests exploiiing robust statistical and behavioral patterns in trading to detect
transaction fabrication on 29 cryptocurrency exchanges.Regulated exchanges feature patterns
consistently observed in financial markets and nafuslenormal first-significantdigit distributions
size rounding and transaction tail distributionrs on unregulated exchangeseveal rampant
manipulationsunlikely driven by strategy or exchange heterogeneitfe quantify wash trading on
eachunregulatedexchange, which averageder 0% of the reported volume Wefurther document
how these wash trades(trillions of dollars annuéy) improve exchange rankingemporarily distort
prices, andrelate to exchangecharacteristics(e.g., age anduserbas® market conditions, and

regulation.
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1 Introduction

The market capitalizationfall cryptocurrenciegxeeded 1.5 trillionUSD inFeb 2021 with a total
trading volumeof 8.8 trillion USD in the first quarter of 2020 alone (Heln32®. Both financial
institutions and retail invesies have significant exposure to the cryptocurrency industBogart,
2019; FCA, 2019; Fidelity, 2019; Henry, Huwmid,Nicholls, 2019) Meanwhile crypto exchages
arguablythe most profitableplayersin the ecaystem remain mostly unregulated witless than one
percent of the transactions tékg place on regulated crypto exchangds.the procesof vying for
dominance irthis lightly regulated market, some eRanges may gaian advantage in ways ethically
andlegally questionabléRodgers (Forbes), 2019; Vigna (WSJ), 2019; BTI, 20t9%alient form of
such market manipulation #/ash trading-- investors simultaneously sétig and buyng the same
financialassetsto create misleading, artificial activity the marketplace Wash trading is known to
distort price, volume, and volatiliyand reduceA Yy @3S a i 2 NEQ O2 y F A nSigadctl | y R
markets in generglAggarval andWu, 2006; Cumming, JohamdLi, 2011 ImisikerandTas, 2018)

Against such a backdrop, veenductthe first academic studgf wash trading and misreporting by
cryptocurrency exchange8yinspectingthe distribution offirst significant digi of trade sizewhich
should follow. Sy ¥ 2aiN,Rh@ @lustering of tradeat round numbers, and the tail distribution of
trade sizedraditionally described by power law (Paretaevy law) we find that most unregulated
exchangeswvash trade (fabricating tides and acting as theounterparty on both sideso inflate
volume)? We alsoestimatethat unregulated exchanges @verageinflate over70%of the reported
volumes.Furthermore, weprovide evidence thathe misreporting (generically referred to as wash
trading) improvestheir ranking and prominence within the industryglates to shortterm price
dispersion across exchangegcuis more on newly established exchanges with smaller userbases,

andhasimplications for thdongterm industrial organizationdevelopment, and regulations.

Anecdotalevidence and legal casesncerningspecifictransactionsor exchangeslo not scale or
allow us toidentify wash trading as aystemicissue for the cryptocurrency market to derive
policy recommendationdIndustry reportsare oftenimprecise, ad hoc, and nemansparent on he

methodology used, not to mention that the findiegre driven byindividual exchangesWe use

1Surveys reveal that 22% institutional investors have invested in cryptocurrgfdiiedity, 2019pand by April 2019 9% of
adults have owned Bitcoins in particui@ogart, 2019)In the UK25% consumers could identify O NB LJG 2 O dzNNB y 0@ ¢
had bought them(FCA, 2019Between 2016 and 201&itcoin ownershipncreased from 3% to 5%lenry et al., 2019)
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to give the appearance that purchases and sales have been made, without incurring market risk or changing the trader's
YIN) Si LIDafikitioA Df/ dvash tading from US Commodity Exchange Act can be found at
https:/www.cftc.gov/ConsumerProtection/EducationCenter/CFTCGlossary/glossary_wxyz.html
3 For exarple, Ontario Securities Commissi@mcently allegtion that Coinsquare's CEO Cole Diamond directed his staff
to wash trade, founder Virgile Rostand designed and implemented the codes, and chief compliance officer Felix Mazer
failed to take steps he shalihave taken to stop the actions (Sinclair, 202@) part of the settlement agreement reached
on July 22, 2020Coinsquare admitted that around 840,000 illicit wash trades were conducted on the platform, amounting
to a total value of around 590,00fitcoins (BT@). In general, xchanges rarely fake trades by reporting trades without the
actual orders, since doing so can be easily detected when someone compares the orders with reported transactions.
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multiple statistical benchmarks and behavioral principleslt@wument, quantify, anénalyze to the
extent feasible,crypto wash trading asmaindustrywide phenomenonwith surprising economic
magnitudes Our study not onlyadds to recent studiesn crypto market manipulation (e.g., Li, Shin,
and Wang, 2020 but also isamong the earliest to provide suggestive evidencetfar efficacyof
regulation in ths cryptocurrencyindustry, which has implications for investor protecticand
financial stability Our findingsalso likely have consequences for arigg lawsuits and empirical
research on cryptocurrencies which frequently reference transaction volumes. Fthalyserve as
illustrations of the usefulness of statistical and behavioral principles for forensic finawith

regulatory implications for FinTech and beyon

Wash tradingon crypto exchanges warrants our attention faeveral reasons. First, crypto
exchanges play essential reli@ the industry (e.g.,Amiram, Lyandres, and Rabef020), providing
liquidity and facilitaing price discovey just liketraditional exchangedMany crypto exchanges have
expanded into upstream (e.gmining) and downstream (e,gpayment) sectorsconsequently
wielding greatinfluence as a complex of trading platforms, custodians, banks, and cleansego
Naturally, crypto exchanges constitutenaancltoring point for understandingthe ecosystemfrom
academig industrial,and regulatory perspectives. Secoitdcause liquidity begets liquiditgrypto
exchanges have strong economic incentives to inflegding volumedo increase brand awareness
and ranls on third party aggregator websites or me¢éag., CoinMarketCap, CoinGecko, Bitcointalk,
andReddi), whichini dzZNyy A Y ONB | & Sa drdtmSranSaktioridey. BhBds WashLibdhgG A G &
is illegd and harmful and islargely prohibited in most fincial marketsand developed economies
(I0SCO, 200Butwith limited regulatory oversightryptocurrenciesre particularly prongéo wash
trading that accordng to existing literatureJikely misguides market participants hinders price

discoveryand causebdad exchange® crowdout compliant ones

We collect cryptocurrency transactiomformation on 29 mapr exchanges from the unique
proprietary databasemaintained by Tokenlnsight(www.tokeninsight.corj)y a data provider who
offers consulting, ratingand research reports fahe cryptocurrencyrelated businessTdkenInsight
chose the 29 exchanges based on their lfmiy (rank on thirdparty websites) representativeness,
and API compatibilityand the coverage includes w&hown exchanges such &nance, Coinbase
and Huobi as well as many obscure orfeQur dda cover the period from00:00 July 09, 2019
(when TokenlInsight started to collect transaction information from these exchanges)3:59
November 0%, 2019(the time we wrote the first draft). Our data also contain variables including

aggregatdrading voume, reputationmetrics andexchange characterisscsuch as exchangeg.

4 One is understandably concerned about the potential ltes our data over represent exchanges that wash trade more.
However, the data cover a wide range of ranks and as we show later -tawieed exchanges also have high incentives to
wash trade. Moreover, Tokenlnsight does consider representativeness begokslin choosing the exchanges.
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We adopt the definitionof regulated exchangeom the state of New York, which has one of the
earliest regulatory frameworks in the wortdFor each exchangeve focus on thetrading of four
most widely recognized and heavily tradenyptocurrencies against US dollars (USBitcoin (BTC),
Ethereum (ETH), Liteeo{LTCG)and Ripple (XRPWe use webtraffic ranking as a proxy for brand
awareness andeputation to further categorizeunregulatedexchamesfor easy referencedTier1€
for exchangs ranking in the top 700 in the finance/investment section of SimilarWebm and
GTier2¢ for the restunregulatedexchange®sn our data(all ranking outsidéop 960).

Our first key finding isthat wash tradiry broadly exist®n unregulatedexchangesut is absent on

regulated exchangesVe are fully aware of the challenges of forensic finance and employ multiple

approacheghat are not ad he andhave been successfully applied in numerous fiéhdsciences

AAAAA

and social sciences and aowntobedzy t A1 St & | F¥FSOGSR 0 @&, eRHaage)S NB SR

characteristicsor specificities of the asset class

First we examine the st significant digit for each transactioorder and checkits frequency
distribution on each exchangé 3 Ay aid wS yife 2velRrddn sthtistical benchmark in
naturalsciences and social sciences and widely used to detect frauds in macroecoraoig)tang
and engineering fields (e.durtschi, Hillisonand Pacini, 2004L.i, Congand Wang, 2004)We next
exploit a classicalbehavioral regularity in trading: clustering aertain transaction sizes. Round
numbers are routinely used as cognitive reference foin Ay A Y RA @akniykefgd Q
multiples of 10 as cognitive reference points in the decimal systosch, 1975)Roundingis
commonlyobserved in financéChen, 2018; KandebarigandWohl, 2001; Kuo, LiandZhao, 2015;
Mitchell, 2001)includingl y I £ & & (i & @larRs@nNdRKdasdv (iSimamd Tutticci, 2015; Rger,
Roger, and Schatt, 2018)or LIBOR submissions (Hernasdeciana andTroge 2R0). Most
cryptocurrenciesare traded at some base units of mental accounts, we thaxpect that trades
concentrate aroud multiples of 100, 500, 1000, 5000 ah@000baseunits---a natural clustering
effect at round sizeOur third test exploresvhether the distributiors of observed trade size ka
heavy tails characterized bthe power law as seenin traditional financial marketand other
economic settingge.g., Gabaix, Gopikrishnan, Pleroand Stanley, 2003a)We fit a powedaw
distribution and estimate the exponent paranter in addition to graphically inspecting the tail
distributions onthe log-log scaleln these tests, & consistentlyfind anomalous trading patterns

only on unregulated exchangesijth Tier1l exchanges failing more than 2®f the tests and Tie2

5Regulated exchanges are issued BitLicenses and are regulated by the New York State Department of Financial Services
Bitlicence carries somef the most stringent requirements. Our main results are robust to alternative classifications of

regulated exchangesAs of June 2020, NYDFS has issued licenses to 25 regulated ,esifities which providecrypto
exchange serviceThey are lIthit, Coinbase, Bitstamp, Bitflyer, Gepamid Bakkt(futures and options only)Further
information can be found athttps://www.dfs.ny.gov/apps_and_licensing/virtual_currency_businesses/regulated_entities
(Lastaccessed: July 3, 2020)
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exchanges failing more than 60%. The findings remain robust when we cowéhichypothesis

tests

Besides identifying exchanges that wash tradewe quantify the fractiors of fake by taking
advantage othe rounding phenomenonToachieve scale without beingasily detected, exchanges
conducting wash tradingoutinely use machinegeneratal fake orders andimit the order sizge.g.,
Vigna and Osipovich, 2018; Rodgers, 20Ibnerefore, wash tradegprimarily generated by
automated programsare likely to havelow levek of roundness, i..a largereffective number of
decimals fortrades It is possible thatuthentictradesare unrounded due taalgorithmic trading or
other transactionneeds We thus adopt a benchmark ratipased on calculations from the
regulated exchangésof unrounded trades toauthentic trades with round sizes The extra

unroundedtrades above the ratimaturally constitie wash trades on unregulated exchanges.

We find that thewash trading volumen averagds as high ag7.5% of the total trading volume on
the unregulated exchages with a median of 79.1%n particular, wash &rdes on the twelvdier2
exchanges are estimated to be more than 80% of the total trade voluhieh is still over 70% after
accounting for observable exchange heterogeneltieseestimates combined wih the reported
volumes in Helms (2020franslate nto wash trading of over 4.5 Trillion USD in spot markets and
over 1.5 Trillion USD in derivatives markets in the first quarter of 2020 albmenitigate the
influence of heterogeneity of traders and alighmic trading strategies across various exchanges

we validate the roundnesmatio estimationand conduct a number of robustness tests.

We thenstudy exchange chacteristics that correlate with wash trading and éstigate the impact

of wash trading on market outcomes such as exchange rankiragddition,we obtain proprietary

data on historical rankingind trading volumeinformation from CoinMarketCap and showath
exchangerankingdepends on wash tradin(y0% wash trading of total reported volume movean

SEOKI y I3 oya6phsitiogh). WS FAYR (GKIG Fy SEOKIy3ISQa 41 aK
with its cryptocurrency price®over the short term We al® find that exchanges with longer
establishmenthistory and larger userbaswash trade lessLess prominenexchanges, in contrast,
haveshortterm incentives for wash trading without drawing too much attentidhoreover, wash

trading ispositivelypredicted by returns anchegativelyby price volatiliy.

While current businessincentives and ranking systemduel the rampant wash tradingon
unregulatedexchangesthe regulatedexchanges, hang committed considerable resourcéswards
compliance and licese acquisitionand facingsevere punishmerd for market manipulationPerez,
2015) do little wash tradng. Our systematic demonstration of théirect or screeningeffects of
regulation in the cryptocurrency marketsas implicationsfor investor protection and financial

stability. We offer a concreteset of toolsfor exchangeregulation and thirgparty supervision in the



crypto marketfor convincingly expsing wash tradingand potentially combating nenompliant
exchangesAdmittedly, the tests we introduce are not exhaustive and wash traders may adjust their
strategies in response to thesedts. They nevertheless serve as vakdections ofwash trading

historically andhus makefabricationsmore difficultand facilitate regulatory resource allocation

Literature | We contribute to recent studies on cryptocurrencies in several ®&ys. paper
provides the firstacademic studyf crypto wa$ trading as an industrwide phenomenonExisting
media evidence isinecdotal and speculativevhile industry reports use methods that are not
transparent orrobust, do not typically distinguish regulated from unigulated exchangesyot to
mention that the estimatesare often on small sampleimprecise and ad hod.We use rigorous
statistical tools and intuitivéoehavioral benchmarks to establish the existencewafsh trading on
unregulated exchanges and for various cryptocurrent@ar paper is most closely related to
Amiram, Lyandres, and Rabetti (202whichbuilds on our work tooffer additional detectiortools
for wash trading provide lower boundsusing more recent dataand analyze how exchange
competition interacts with exchange operans Anotherrecent study Le Pennec, Fiedler, and Ante

(2021) alsoadds alternative detection toolsitilizing for example, web traffic or wallet data

Most of the academic literature on wash thagin traditional marketdocuses on investor behavior
(e.g., Grinblatt and Keloharju, 2004)e addto that literature by investigating wash trading at the
exchange level with evidence from tinew crypto markets.Compémenting our studyGandal et al.
(2018) and Aloosh and Li (20z#pvide evidence of manipulatiotry individual trades at the now-
closedMt. Goxexchange More broadly our studybelongs tothe literature on manipulationand
misreporting in finance® Concerningcryptocurrency marketsFoley, Karlsen, and Put®(2019)
study theillegal usage of cryptocurrencigsardal, Hamrick, Moore, and Olbman (2018)ynd Griffin
and Shamg2020 discussmanipulative behavior in Bitcoin and Tethéi; Shinand Wang (2R0),
among others,document pumpanddump patterns in various cryptocurrenciedlakarov and
Schoar (2020@xaminelarge and recurrent arbitrage spadsacrosscrypto exchangesnost recently,

Choi and Jarrow (202d)jscussrypto bubbles cause by speculation or manipulation. These studies

6 Cong, Li, and Wang (201®®0) and Congand Xiao (2020) provide furtherstitutional background on cryptocurrencies;
studies such as Liu and Tsyvinski (2018) and Shams (2020) document empirical patterns in cryptocurrency returns.
7 Among the earliest wistlblowers,Bitwise Asset Management presented amdustryreport to the £C on Mrch 20,
2019,suggesting potential wash trading on crypto exchar(@esaro and Hougan, 2019)
8When crypto exchanges fake transaction by acting as counterparties on both sides, one can identify specific transactions
as being wash trades by tragi thetransaction ID, as is done in some industry reports or using leakedrdataindividual
exchanges (e.g., Aloosh and Li, 2021, a subsequent study to ours, verify our detection methodology using data leaked from
Mt. Goxand directly show traders cledheir own order books); bypto exchanges occasionallycentivizeusers to wash
GNIRS a ¢Sttx a 4SSy Ay C/2AyQa GN}yalOaiaz2y FSS YAyAay3ad .
power that allow us to analyze sgmatic wash traihg.
90ur papertherefore adds tdorensic financend accounting the use of economic and financial knowledge tscdver or
substantiate evidencef criminal wrongdoing that meets standards in a court of l@g.,Allen and Gale, 1992Jarrow,
1992 Christieand Schultz, 1994Ritter, 2008 Zitzewitz 2012
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do notexamine wash tradig, which air unigue and comprehensive data set allows usldousing

robustyet straidhtforward procedures

Our gudy is amongthe earliest studies omhe potential effects of reguation in the cryptocurrency
markets,filling inavoid in the literature and offering new insights on cryptocurrency regulatidge.
further speak to the debate onmarket concentration, dtusion, and regulation in thélockchain
industry (e.g.,Cong and He, 201€ong, Heand Li, 2020 Alsabah and Cappgn2020;Rasuand
Saleh 2020; Lehar and Parlour, 202@miram et al., 2020 by highlighting aother detriment of
verticaktconcentration ofthe operation scope of crypto exchange=elated, Irresberg, John, and

Saleh(2020)document that only a few blockchains dominate the pealblockchain ecosystem.

In terms of methodology, wenrich the useand demonstrate the efficacgf statisticallaws and
behavioral principlesfor manipulation detection at scalein accouting and finance which is
becoming more important post the COVID pandemic In particular, ve are the first to apply

. SY T2 NRQ &sizé dusteingiaNdoweSlaw in FinTech and cryptocurrency studies. Our use
of Pareb-Levy distribution(instead2 ¥ %A LJts@eahin Mdo,4 BandIF§ 2015%nd Prandl et al.,
2017) for fraud detectiors also novein social scienceginally, our findings imply that researchers
and econometriciansising reported volumes by exchangidso need to heed the presee of heavy

wash trading and test the robustness of their conclasio

The paper proceeds as follows. Section 2 introduces the development and regulatory status of
cryptocurrency exchanges. Section 3 describn@sdata andsummary statistics Section 4 msents

the methodologie®f washtrading detection and repors our empirical findingsSection Syuantifies

wash tradingand presents an array of tests to validate the methodology and demonstifage
robustness of resultsSecion 6 relates wash trading toexchange characteristicgryptocurrency
returns,andexchangeanking, before discussing its implicatidios regulation and industry practice
Section7 concludes. Online appendicesontain supplementary evidence and dissias1 andare

available athttps://sites.google.com/site/linwilliamcong/CWTOA.pdf

2 Institutional Backgroundof Qypto ExchangesDevelopmentand Regulation

We provide in this section #hinstitutional background ofrypto exchanges. Readers familiar with

the cryptocurrency indusyr may skip reading.

Satoshi Nakamoto introduced Bitcoin in October 2008 and launched it three months later with one
headline in the Times on Jaary 3,H n n @Bancallor on brink of secondl | A f 2dzi F2NJ 0
embedded in the genesis block. Because Bitésiopend 2 dzNOSX 20 KSNJ al f 02 Ay a
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Bitcoin) quickly emerged to imitater improve upon the first few cryptocurrencies. For example,
Ethereum, EQSnd Tron were developed asiblic platforms for smart contracts and decentralized
applications with native cryptocurrencies on their own blockchaltds we write, over8000
cryptocurrencies have been launched and circulated globally. The total magialzation of all
cryptocurenciesjust pasted$l trillion in January 2P1. Bitcoin alone one reached nearly$760
billion, larger than Visa @b2billion on Jan B, 2@1) or Facebook ($36 billion on JanB 2Q21).

Theincreasingly sophisticatedypto ecosystemnis comprised omining, payment companies, wallets,
DApp (decentralized applicationgnd crypto exchange(Hileman and Rauchs, 2017), withreasing
awareness and adoption among financial institutions and retail inves®rgpto exchanges
centralized gateways that fditate money flow between fiat currency and (decentralized)
cryptoaurrencysystemd  play a critical and dominant role in the indus{riffinand Shams2020).

To date, over 300 exchanges provide cryptocurrency services around the globe, often with leverage
facilitiesand derivatives on cryptocuncies.Incumbents exit and newompetitors keep emerging
under locse regulatory standardsBecause exchanges offer similar products and services, the

competition is even fiercer than that in traditional markéts.

Currently, tle total cryptocurrency tradig volumeon exchangeslikely in large partspeculation
activities) is much higher than the oohain transaction volumelikely actual usage). With
considerable traffic, exchanges usually hold a largmber of various cryptoctrencies because of
liquidity demand and custody for customefgloreover, Initial Exchange Offegs (IEOs) have often
substituted Initial Coin Offerings (ICOs) since 2019, in which an exchange may work withua start
issuing cryptocurrencies or tokefsAs a result, thewield enormous power in the industry. This is

somewhat ironic, given the in#ti ideds of decentralied trustand financial democratization.

Unregulated exchanges are not required to report trading records to any authority. Howeven due
business needs and peesrapetition, exchanges tend to be more transparent. For example,
algorithmic trading needs high frequency market data, which implies that exchanges need to feed

data to traders through API portals. At the same time, marketiraplwebsite and data aggregas

1%Monero, Zcash, and Dash were created to &ldra . A (G 02 A ¥ Q & antBtdkta@miys. Othek eryptdcuriercigsy” &
focused on applications content creation and copyright (Steem, Ink), on social/communication (KEY, SNT), on the internet
of things (IOTA, QTUM) and computation power/cloud stor&fe, FCT), among many others.
11 unlike egablished brands with user stickiness and network effg¢talaburdaand Gandal, 2016; Cong, Miao, Taagd
Xie, 2019) newcomers (with little reputation) are more tempted to pursue high rankings that might be achieved via wash
trading. Top ranked exchanges alei$ not necessarily reputable aseécureand investors who are misled to them could
face substantial risks. For exampleCol, which become insolvent in February 2020, previously rankell &t
CoinMarkeéCap. However, Gemini, a crypexchanged certifiecand regulated by the New York &aDepatment of
Finance, is listed 124th on the second page of CoinMarketCap.
https://coinmarketcap.com/rankings/exchanges/reported/ZLastaccessd December 292019
12 security ©ken Oferings (STOs) in which token issuance is treated as a regular security issuance were hyped to be the
new norm, but are limited by the heavy regulation. Initial DEX Offerings (IDOs, in which DEX stands for dedentrali
exchanges) have received attéon snce 2019 but are in limited scale and are not our focus.
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such as the CoinMarketCap Data Accountability & Transparelagcgl are pushing exchanges for

more transparency, accountability, and disclosure from projects.

In the early days, regulators deemed the cryptocurrency indusmall and unimportant It was
widely believed that all cryptexchanges hadfo some extent,engaged in nostompliant and
unethical behavio(Gandal et al., 2018; Moorand Christin, 2013; Moore et al., 2018kchanges
usually hold substahA I f Fdzy Ra FTNRBY dzaSNEQ | OO2 dafithaut 6 6 2 (i K
proper custody and insurancavhich raisesevere concerndMloore and Christin (2013nd Moore
et al. (2018)examine the failure of Bitcoin exchanges from 2010 to 284& to security breaches
(includingdominant exchanges such as NBox). Most often, implied couterparty riskmanifestsin
the form of notoriousWdzy | & I & inddanisér &3t Scamgmalicious closure of exchangasd
A0St Ay3 ).dearSrdnde, thedaycRigesttransactionmining exchange @®in suddenly
claimed insolvent with $130 miiy’ Of A Sy (i Q &Zhd d202R'& Sonreieschangbgat into
legal quagmires througlPonzi schemeand scamsXcoinx operated by thetartup Onecoinis an
example Others inclu@é Coinroom(Alexandre, 2019 CobinhoodPalme, 2020, OKUEXand Soxex.

The listgoes on

Profit-driven exchanges may also take advantafjthe information asymmetry or even directly act
F3FAYyad dzZASNEQ Ay(iSNBadta GKNRAdZAK @FNA2dza Y NJ ¢
environment, an unettal cryptocurrency exchangg ¢/ ©06S ao620K | NBFSNBS |y
same time.Gandal et al. (2018hvestigate the manipulative trading in Mt. Gox, iécBin exchange,

over the peiod from February to November 2013, and find that a suspiciouStidd OF f € SR da l NJ
most likely an exchange owned account, participated in manipulative trading. Our paper also shows

that many exchanges have engaged in wastdihg, likely aiming to impwve their ranking or to

attract more customers.

How do exchangewash trade? The most primitive and rough approach is to simply print trading

records (which do not really happen) in the trading history data. This approash easily

discovered by cust6SNB YR 20aSNIBSNAE (2 Y2y Al2Nied Bver'S (NI R
if exchanges put fake orders into order book and later fill these orders themselves, such a practice is
limited to approved accounts (exchange owned fill these orders. Thépproach can be detected

based on the mismatching between order ddodepth and trade spread. For example, some

13 Transactiormining is wheran exchange provides incentives to users, usually in the format of exchange issued token.
There are debates on transaction nmigj ethically and financially. Is anoriginal scheme from cryptocurrency exchanges
that combines token distribution, dividend distribution and user incentives. It can help newly established exchanges to
bootstrap the operation and obtain clients fastowever, without proper regulatin it inevitably lead to wash trading.
Some transaction mining exchanges deliberately make the reward override trading fees. As a result, a large portion of users
trade for the sole purpose of getting transaction mining e&kafrhe most famous transactionmng exhange Fcoin get
$5.6 billion daily trading volume in less than a month from its establish, that is more than the sum of the &8t top
platforms on CoinMarketCap. (https://www.coindesk.com/nevwypto-exchangedrawsfire-over-controversialbusiness
model)
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industrial reports utilise the relationship between exchange trading volume and liquidity (spread) for
detecting wash trading. A more technidglinvolved way of wash trading is to deploy algorithm
trading robd to create real orders and execute wash trades on diverse accounts. Exchanges can
deploy washkonly robots or insert wash trades into their market making robmtery now and then.
However,this approach entails the risk of loss if the positions are nosedl in time. Finally, as
mentioned earlier, some exchanges provide incentives for their users to (wash) trade by various fee
rebate or transactiormining progams. A combination of the ale actions make it extremely hard

to detect specific wash trades thitransaction history alone.

The general lack of consumer protection in the cryptocurrency induatygravates the situatian
| 2y & dz¥dtingEtexights andnterests heavily rglon exdangesseltdisciplineandgood faith If
user interests are undermined in incidents such as hacking or bankruptcy, victims get little

compensation from either exchanges or thipdrty insurance companies.

As such, isksin the cryptocurrency exchangecosystemhave drawn significant attentiofrom
regulatoryauthoritiesin recent yearsReglatorsin multiple jurisdictions have published statements

to warn the public abouthe risks (Yu, 2018 and have built internatlivisiors and created new
institutions to closely monitor the development of the cryptocurrency indusiByett, 2019.
Authorities (e.g. Bank of Canada, UK Financial Conduct Authority, New York Federal Reserve Bank)
have conducted surveys to investigate the agreess and adoption of cryptaorencyamongretail

and institutional investorsin a July 2018 port to the G20, Mark Carney, the chair of the Financial
Stability Board and the head of the Bank of England, warned that illegal manipulations in equity
markets are rampant in cryptowashtrading, pump and dumps, and spoofing by traders (mostly
bots) are particularly detrimental to financial stability and robustse® crises and recessions
(Rodgers, 2019)Since 2017 official cryptocurrency documentation anduidelines havebeen
releasedby regulatory agencies in around 20 countries and territoriedudicg the United States,
European Union, United Kingdom, China, Japan{Blandin et al., 2019)

Wash trading could be a major challenge for regulators because oltigue features of the
cryptocurrency industryrender traditional attempts futile and inedttive ' For one, regulatory
frameworks aredifferent acrosscountries without a consensus onhe correct approachThe
intention and infrastructure forshaing information and collaborative efforare alsolacking among

regulators in different countries.

Industry leadersalsotook action to fightthe wash trading problemCoinMarketCapfor example

introduced a mandatonAPI program for all listed exchanges to improve credibility and transparency

¥ TheUnited States banned wash trading in the Commaodity Exchange Act (CEA) 198& Babpean Union listed it in
the Market Abuse Directive No 2003/6/EC, etc. Therefdirancial services that are operating der the traditional
regulatory fameworkare naturally prohibited from wash trading.

10



(CMC, 2014). Theylater developed another ran&lgorithmbased on exchahS & Q finst§adzasf R A (0 &
volume (CMC, 201B). CryptoCompare, &ritish cryptocurency data analysis firm, launched a
unique exchange benchmark produtttat would help safeguardagainst false exchange volume
reports (Tsavliris, 2019 Nomics a data providerdevelopedTransparency Volume based on their
ranking criteria, claiming it iess likely to include wash trading volurfidomics, 2012 Nonetheless,

the industry is in dire need @ffective regulatory tools and a weiltegratedregulaory framework.

3 Dataand Sunmary Statistics

Our data come from multiple sourceLryptocurreng transactionsare from Tokenlnsightwhich
provides ratings andindustry reports as an independent thireparty. Eachtransaction is fetched
throughthe exchan® Qa 2 F F A OA I fProgramimingdritetficifirid Eohtains the” exchange
information, uniaie transaction ID, timestamp, price, amount of cryptocurrency traded, and trade
pair symbol® Our data cover thereported trade historyof 29 major exchangewhich includeall
available crptocurrency trads over the three months from 00:00:00 July ©9to 23:59:59
November 03, 2019.We then limit the sample to trades of four major cryptocurrenci@stcoin
(BTC), Ether (ETH), Ripple (XRP), and Litecoin igdr€senting ovei60% of thevolume and are
available on almost all exchangd@se final sampleontains 448,475,535 transactions.

Exchangeelated data are collected from boththeir official websites and various data tracking and
analysis platforms. We g#er dataon exchange rankingveb traffic, etc.from SimilarWeb, Alexa,
and CoinMarketCaff

The 29 crypto exchangesn our sampleare classified as either regulated or unregulated. The
regulation entity of New York Statthe New York State Department Binancial Services (NYSDFS)
was one of thefirst agenciesto establishregulation over cryptourrenciesand led the world in

developing theregulatory framework for the cryptocurrency industiiHlence, we categorizthe

15Since US dollars (USD) are only allowed to exchange in three US regulated exchanges (R1, R2 and R3), digital dollars (e.qg.
Tethersymbol USDT, which is designed to gegged to the US dollar) are coromly ugd as substitutes and widely
accepted bythe majority of trading platforms, we treat cryptocurrentySD pairs and cryptocurrentdSDT pairas being
the same.
16 SimilarWeb and Alexa are online platforms that tracki amalyze website popularity ammtovide quarterly rankings by
web traffic CoinMarketCap is arguably the most dominant data aggregator and provider in the industry, from which we
obtain data on exchange trading volumes and ranks of about 300 exchangely lestd on daily transaction wwhes
during the sample perio&imilarWeb anking is based om report over the period from Aug 2019 to Oct 2019
https://www.similarweb.com/ Alexa historical ranking accessednrough https://www.alexa.com/siteinfoon November
15, 2019and CoinMarketCap ranking is from proprietary data fitaitps://coinmarketcap.com/
7There is no regulaty framework at the federal levelin the United States Each state is regulating/treating
cryptocurrency businesses differently. There are some general requirements based on traditional financial regulations such
as compliance AMIKYC, foreign exchangersice, money transmitter licensetc. But NY is the only one to introduce this
crypto specific licensevhich is mandatory for exchanges operating in the state and is valid in all other. 8atdes, NY
is very important in the finance industry becaus has always beean importantfinandal hub. Several other countries are
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three exchangesldbeled asR1, R, and R3)with BitLicenseissued by NYSDF&s regulated
exchangesbecauseall three operate unar the supervision ofNYSDFES BitLicense requires an
exchange to build a sophisticated compliance system, annamtiey laundering program, a capital
control and custodian system, aecordkeeping and customer identity system, an information
security team and a disaster recovery system, as well as to submit necessary documents for routine
checks, which cost between 20k to 100k US dekaen for compliant exeimges (Perez, 2015).

The dher 26 noncompliant exchanges are classified as unregulated andustfeer divided into 10
Tierl unregulatedlabeledasUT1, UT2... UT)@nd 16 Tie2 unregulated exchangéimbeled adJ1,
U2... U16 based on their web trdic. Web traffic measures rdéct an exchang® userbase and
reputation and playessential rols regarding customer acquisition and competitioBpecifically

Tier1 unregulatedexchangesre the onesn the top700ofthed { A YAt I N?» S6¢ 6o aArid S
of the investment categgrduring the sample perioé®

Japanese Financial Services AgdRSA) similarly regulates cryptocurrency exchanges. Subsidiaries

of UT5 (Huobi) and UT8 (Okex) are licensed in Japan. From January 10, 2020, crypto exchanges
operating in the UK are alsoqaired to register with the Financial Conduct Authority (FCA) ritir a

money laundering and countderrorist financing (AML/CTF) supervisor. In our sample R3Zand

UT1l (Binance) have registered with the UK FCA (byte@bpr 2020 reference:
https://re gister.fca.org.uk/§. Our main findings are robust tsing thesealternative definitions of
regulation For example, UT1, UT5, and UT8 behave in a way likerhe regulated exchanges in

our baseline definition, than to thaverage unregulated ones, Wibnly one or two failed tests and
O2YLX Al yOS ¢ A (@l tradhgpaissNRQa I g F2

[InsertTablel]

Table1l summarizeghe characteristicoof exchanges includinage trading volume and ranksfrom
different metrics. Note that age for exchange refers to the period from their dates of

establishmens to July2019. InTablel, all the regulated exchangehave survived for at leafive

actively engaged with crypto businesses, although they have no specific regulations or laws designed for crypto exchanges.
For example, Singaporean authgréttempts to integrate crypto exchanges into the exist sysems by requiring crypto
exchanges to complywith the new Payment Services Act (PSA). See Monetary Authority Singapore
(www.mas.gov.sglkegulaton/payments/entitiesthat-havenotified-maspursuantto-the-ps-espr). The Swissgovernment
is actively drafting an Amendment to include Distributed Ledger Technologyn@mymof blockchain technology) into
existng Federal Actévww.finma.ch/en/authorisation/fintechy.
18The appendix contains the corresponding namethefexchanges
19 The remainder ofhe urregulated exchanges in our sample all ranked lower than 96@la®Veb and Alexa are the two
ranking websites based on web traffithis distinction of tiers does not affect any of our results since they are naistly
the exchange level.hE reference tothe two tiers simplyreflects thedifferential publicity of the unregulated exchanges
and how it correlates with wash trading
20That said, their tradesize roundness differs from the regulated exchanges in our in@seategorization. While they ar
still distinct from most other unregulated exchanges, they do have an estimate of more than 50% of the volume on average
being wash trades. This could be reflections of the more stringent regulatory standard of N¥hd&itlicet could also be
attributed to the fact that UT5 and UT8 only have subsidiaries regulated in Japan and FCA did not mandate the regulation
of UT1 during our sample period.
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years to date. However, most of the unregulated Texxchangs were launched in 2017 and 2018,
while Tierl exchangesre generally olderThe patterns hinthat exchanges benefit frorthe long-
term operation.

Trade valme shows little correlatiorwith our classificationof exchanges Some unregulated
exchanges ha much larger trading volumes compareith regulated exchange&or example, U4,

an unregulated TieR exchange, haa 50,944 milionUSD@ 2 f dzY' S 4 Kldnie & onyHl D @2
million USD The trading volume of different unregulated exchangesegaignificantly. U9 has only
dozens of millions, while a lardeaction of unregulated exchanges excesi@ns of billions inthe

sample.

We find regulated exchangg especially R1 and Rfall behind many unregulated Tidr exchanges
in their ranking based oweb traffic.R2 has the highest trau volume among regulated exchanges
and a better rank under both ranking algorithnis. terms of CoinMarketCaf d&anks based on
trading volumessevenunregulatedTier2 exchanges rank Top 20 and outperform the mayooit
unregulated Tiefl and regulated exchanges. Although tradimgume ranks cannot fully represent
the quality and liquidity of exchangesit is used by mostrankingagencies Thus crygocurrency
investorsare likely tochoose an exchange based on sbéradingvolume basedanks.One would
anticipate thatunregulated exchanges, especially ones that are launched latennativated to

engage in wash trading orderto achieve higher nakings andacquire morecustomers

Finally, torelate wash tradingand crypto exchange ranking, we also acquire proprietary,-high
frequency data on exchange ranks and reported trading volumes froimmarketcap.com The
platform started its business byproviding crypto market capitalizations, pricing, andther
information on all kinds of cryptocurrencies. Growing together with the industry, the company has
become a top data provider and ranking agency in the indugtsyof Jue 12,2020, it serves 4.2
million unique visitors around the globwith 32.6 million visits pemonth (SimilarWeb.com)
dominating its kindwith a valuation in theBinanceacquisitionproposal (not publicly disclosedn
March 2020believed to be400million USD(Bambrough, 2020 Curently, this 6CryptoStandardand
Poor declaes itself as accluate andneutral. However,giventheir influence and vital function,
these thirdparty rating agencies are likely to face more regulation just like credit ratyegcies in

traditional financial markets
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4 EmpiricalEvidenceof Wash Trading

We present empical evidence o€rypto wash tradingentailing four major trading pairs (BTC/USD,
ETH/USD, LTC/USIhd XRP/USDB)Specificallywe examine theproperties oftrade size on each
exchange ad test them againsthree well-established statistical and behavarbenchmarksThe
multitude of statistical tests when reporting at the exchange level demonstrétespresence of
wash trading on unregulated exchanges imbust manner. Because theyeabased on fundamental
behavioral and statistical principles, theye the least prone to the influence of heterogeneous (but
authentic) trading specific to individual traders and exchanges, which we further cdotrathen

guantifying the extent of wastrading in the next section.

4.1 Distribution of First SignificanDigits

We investigate whether the firsdignificantdigit distribution of transactions (denominated in the
cryptocurrencies in question) on each exchawgeforms to the pattern implied by BeBfNR Q& f I ¢ @
Inconsistency with Sy ¥ 2 NRQA& pbténtial idacpddaids | a

411. SYTa2aMR QA&
Sy T 2andesrabeshe distribution of first significant digits in various naturally generated data

setsand derives fronthe intuition that many systes follow multiplicative processes (e.g., Li, Cong,
and Wang, 2004% According taBenford(1938)

Prob(N is the first significant digit) = log,o(1+ N~1), N € {1,23,4,5,6,7,89}. (1)

The probability of 1beingthe first significant djit is 30.10%Digits 2 and 3have probabilities of
17.60% and 12.50%espectively. The probadlities of the rest 0.7%, 7.9%, 6.7%, 5.8%, 5,Exd
4.6%, respective)ypeingthe first significantdigits decrease as the digit increase

Naturally, BenfdR Qa f | ¢ K HétRrndorily andRihdégendentlygenerated from one
distribution or mixed andom sampling from various distributions. Apart from natural or sequential
data (e.g., mobile numbers), deterministic samples with exponential growth or dasayollow
Sy ¥ 2 N& @ &aridntswhen numbers are expresseddifferent basesBenfordQd € | ¢ Kl a o685

210ur choice of trading pairs is motivated byevity and dominance LTC/USD da is not available in unregulade
exchange UT7, U1, Uand U9. XRP/USD data is not available in regulated exchange R3 and unregulated exchanges Ul and
U6.Trading pairs involving other cryptocurrencies exhibit similar patterns.
2 SyT2NRQa inasdNEwcbnitBegford] lafv2was fat proposed by the American astronomer Simon Newcomb
in 1881 after observing the degree of abrasion in different parts of books in a library. Though initially unnoticed, the
proposed law was rediscovered and elaborated étad by the American physicistahk Benford (1938)It is applicable in
trading (and has been empirically verified in various asset markets) because reinvesting excess returns and reducing budget
after losses makes the budget processnaltiplicative process.
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effectively applied to test the reliability of data adétect manipulation oranomalous patterngn a

wide array ofdatasets?®

4.1.2Detecting Violatiorsof. SY F2 NRQa [ | &
We checkwhether the leading digi of trade sizeF 2 f £ 2 ¢ s laB(gsBROMRMEquation bn

the 29 exchanged-igurel illustrates the first-significantdigit distributionfor four cryptocurrencies
with oneregulated exchange anfdur unregulated exchange3hefive exchamges are the ones that
fail the most tests in their categories and are consistently chosen throughout the papeorioise
illustration. The distributions for he rest of exchangesexhibit similar patterns andare shownin
Online AppendiA. Bars show thdraction of transactions in which theade sizehasintegeri asthe
first-significantdigit. Dots represent the frequency distribution implied.oys y T 2 MR Q& f |

[InsertFigurel]

ForR2ZoH ®Tpz 2F . ¢/ GNIRSa I YR o0 H ®ingudipit, ®Asistdntwith G NI RS :
GKS 0SYOKYlF N) ¥FNBI dzSy OeéUngdulated exeivargies sicil as.U§ ghdl PNR Q a
Oft SEFNI & @Azt (S . 8y JgpiedDdigitsfotcding @ Aidpkoporichals large

fraction. In general, firssignifi@ant-digit distributions of all regulated exchanges comply with

. SY T 2 NRdadllest ofthe type of cryptaurreng. Forunregulated exchanges, includifiger1

and Tier-2, half of them ehibit apparent discrepariesg A (i K . Sy MZaNFas anehjpé of
cryptocurrencyDisconformityg A (0 K . Sy T2 NR Qdn nifelusregilaied Pie® axShiddges R

amongwhichsevenviolatethe lawin at least two crypbcurrendes
[InsertTable2]

We employthe Pearso® Chi-squaredtest to quantitatively assessvhether firstsignificantdigit
distributions conformwith . Sy ¥ 2 NRs@e&iTable R).gTradesof regulated exchanges follow

. Sy F 2 NRdYa thdsé aimost ofthe unreguhted Tierl exchangesHowever patternsfor UT3
FNE Ay O2yahiailbwiiBTe and XRrRdeS vifh 2 shRfi@aice level of1%.Moreover,

five Tier-2 exchangegU5, U7, USUY, and U14 havesignificantdivergence from Sy F 2aiiQ a
most cryptocurrencies Other unregulated exchanges showizable differences in several
cryptocurrendes. For exampleUT7 violats. Sy F2 NRQa f 3%glevél Y2 andWUAGaillirli |
BTC and X¥Rata 1% confidence leverespectivelyU2 and U3ail ata5% cafidence leveln ETH

BPrior iteratuNB LINB BARS& adF GAadA O tHillLA95, RIS, Pitkham, 21961), COngTa8dNFRma f ¢ o
(2004) provide an overviewSambridge, Tkail , and Jackson (2016 R ( KI & . Sy FfarNRs@ta of ddérn K2 f Ra&
observations drawn from the fields of physics, astronomy, geophysics, chemistry, engineering, and mathematics. In
S§02y2YA0&as . Sy T2 N&Graud tetedtion indtax payrieNt® BadzrSily, maconomics, hospitality
management,international trade,and finance(Durtschi et al., 2004; Nigrini, 1996{iinnel and Tédter, 200%0nzalez
Garcia, 2009Liu and Moulton, 2028 iu, Sheng, and Wandd@0); Chakrabarty et al., 2020).
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Overallaf f NBIdA SR SEOKI YIS A Haw20% od anyegulaedi ey 08 6 A {
SEOKI y3Sa JAlavin at Gast orfe CrypobliRedey, & 5% significance leveb0% of
Tier2 exchangefail to followBenfdlN\RQ&a f 1 ¢ Ay |G f.SFad 2yS ONEBLI2Od

4.2 TradeSizeClustering

As a second test, wimvestigatewhether the trades on crypto exchangesalso featureclustering

0 NI RS NE& Q toluSeyotn8 (fade szés and round priaes the classicabehavioral regurity
commonly observed in financial markét<usteringoccurs becase authentic traderstend to use
round numbers as cognitive reference poinfBosch, 1975jo simplify and save &irt in the
decisionmaking ad evaluation procesflkenberry and Weston, 2008; Kuo et al., 2015; Lacetera,
Pope,and Sydnor, 2012)Therefore, he cognitive reference of round numbers sauthentictrades
apart fom robot trades (Mahmoodzadé and Gencgay, 2017;®ara, Yao, and Ye, 2018ecause
wash trades use machinebasedautomated trading program& savemanpower, especially when
fake orders feature small tradsizes but largetotal amounts(Vigna and Osipdsh, 2018; Rodgers,

2019, wash tradng naturallyreduces the proportion ofauthenticvolume and thusclustering.

Because most cryptocurrencies can be traded in fractions, and some currenegdargarunit
values (especially BTC), we datthe remairmer of the papethe smallesunit (base unijto beone
unitin a certain decimal plaocealuedin the neighborhoodof one US dollarFor instance, with the
price of Bitcoin varying around $80&20000in our sample periodmost BTAJSD orders are below
1 BTC Therefore,round numberdn traditional financial markets such as 100, 108010000 are o
bigfor individual tradersBecausehe value ofl0* BTC is in the order of magnitudeafe US Dollar,
it is naturalto considerl0“ BTC athe baseunit in this study. Similarly, thiease unisof ETH, LT,C
and XRP are 0.0ETH, 0.0LTCand 1XRPRrespectivelyWe now examine whether tradesize

clustering appeaat multiples of 100baseunitsfor each cryptocurrencs?

24For instance, Alexander and Peterson (2007) show that in the New York Stock Exchange (NYSE) and Nasdaq, higher
proportions of trades occur at round sizes that are multiples of 500, 1000 or 5000 shares compared tazeth¥esbusis
and ap Gwilym (2013)nd trade size clusters at multiples of 500 shares on the London Stock Exchaigaoodzadeh
and Gengay (2001R2 OdzYSy i (KS KdzYllyQa LINBFTFSNBYOS TFT2NJ NRPdzyR LINRAOSa |-
Clustering is also observed in foreign exchar{yésulton, 2005) derivative marketgap Gwilym and Meng, 201,8nd the
U.S. equity markeflkenberry and Weston, 2008)
25We focus on clustering in terms of round numbers in the number of tokens instead of dolmmésrbecause our data
contains the number of tokens traded and its product with token price is typically not equal to the actual dollar amount
traders use in their orders due to exchange fees. For a few exchanges that we can obtain the time seriesnef fieels
our results to be robust to the alternative specification using dollar amounts.
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4.2.1Histogramsof Trade Size

Fgure 2depicts trade size diributions of representative exchangestwo observationranges for
BTC, ETH, LTéahd XRP, highlighting the clustering effect at thand sizes2® Online Appendix8
displaysthe histograms othe remaining exchanges. PanelfRanel UT and Panel U deplue trade-
size distribution for regulated exchanges, unregulateer-I exchanges, and unregulated TFier
exchanges, respectively. Note that theaXs represents the probability that transactions fall into

each interval, showon a log scale.

[InsertFigure 2

Firstly, three regulated exchanggR2 in Figure 2; R1 @rR3 inOnline AppendixB) display a
downward sloping curve with prominent peaks at multiples of 5000 base units in the rang&0of O
BTC (e.g., 0.5 BTC, 1 BILGBTC, 2BTC, etc.). Similatterns also appear in distributions of ETH, LTC
and XRP. Thenfilings suggest the presence of trade size clustesimgegulated cryptoexchanges.
This finding is consistent with the trade pattern in regulated financialketar which display a
downward trend because large orders are less frequently placed and exdcate well as trade
size clustering effect(e.g., Alexander and Peterson, 2007; ap Gwilynrand Meng, 2010;
Mahmoodzadé and Gengay, 2017; Verousend ap Gwilym, 2013)Similarto participants in

traditional markes, ayptocurrency investorgexhibitpreferences forroundtrade size

Taking Bitcoinfor example UT6in Figure 2does not show clearclustering patternsBesdes most
trades of UT6 areoncentrated at small sizes and disptayanomalousdrop in frequency, especially
in LTC and XRPRades Moreover, dustering patternsfor different assetsvary across crypto

exchangesind harze shown no overalpattern. 2’

On unregulated Tier2 exchangeswe observeless apparent clusteringat round sizes Moreover,
trade patternsvary dramatically and are distinguishable from tigpical downward distributionFor
instance trade frequencyon U8 does not monotonically change tithe increase in trade siza all
cryptocurrency tradesvhen zoomingout to larger rangs. Similar issues are observed on other
exchangegseeOnline AppendiB, e.g.,U5,U7, and U15 in BTC trades; U3, UZ1,and U15 in ETH
tradeg. Additionally,on U8, gaps are observed in theistograms 0f0-100 ETH,0-1000LTC and O-
100000XRP tradesSimikrly, transactionson U9 are absent in irregular intervals of trade saed
gapserraticallyappearin the range of 0.4 BTC, 58.5 ETHand 25005500 XRPWhen zooming
out to larger trade-size rangs, trade patterns of U9 exhibit a cliff pattern withsteep decline in all

cryptocurrenciesVisually,Ul4 shows scarcepeaks atround size of all cryptocurrency trades. A

26The observation ranges includel BTC 0-10 BTC 0-10 ETH,0-100 ETH, @100LTC, €L000LTC, 10000 XPRand G
100000XPR.

2"For some Tiell exchanges, clusteririg less apparent in the trades of XRP than other cryptocurrencies (see
Panel UT2, UT4, and UT5 of Online Appendix B).
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uniform distribution is observed in LTahd XRP, as well as largeselvation range of BTC and
ETH2® The finding indicates thainvesbors trade withapproximatelyequal frequency at diffient
trade sizes, which is agairtse behavioraregularity in financial markets

4.2.2 Statistical Testgor Clustering

To quantify the effect of trade-size clusteringwe 02 y RdzO( (i Kt$est {forliedaiR S1ypioQ a
exchangeby compaing trade frequencies at roundrade sizes with the highest frequencef nearby
unrounded trades For eachtrading pair, we set up two sets ofobservation windows. windows
centered on multiples of 100nits (L00X) with aradius of 50 units(00X-50, 100X+50) andwindows
centered on multiples of 500 unit$@0Y with a radius ofLl00 units 600¥100, 500Y¥+-100). Trade
frequency $ calculated as the number dfades with sizei over total trade numbers in the
observationwindow. For exampleFigure3 shows thatin BTC tradesn R1, the observation window
around 200 units (0.0BTC) ranges from 150 units (0.0B5C) to 20 units (0.025 BTCJradesat
0.02BTConstitute 16.42% of total tradeim 0.0150.025BTCwhile the highest trade frequencyf
unroundedtradesis only 2.54% in the observation range. The apparent difference indicates that
trades with 0.0180.025BTC akter at 0.02BT(@200baseunits).

[InsertFigure3 and Table3]

Table3 presents thet-test results for size clusteringn regulaed exchanges (Pana), unrequlated
Tierl (PanelB), and Tier2 exchanges (Pan€)). As expectd, on all three regulated exchanges
(PanelAin Table3d), trade frequency atound sizais higher tharunrounded onesby a large margin
regardlessof cryptocurrenges and observation rangesconsistent with our fidings inFigure 2.
Additionally, size clustering imore evidentat multiples of 500 unitsin terms of difference and-
statisticssince5 isat a higher levebf roundnesshan 1. For exarple,for BTC tradesn exchangeR1,

the difference in frequency 8.1% intrade size of 100 units (e,d.01 BTC, 0.02 BTC, and 0.03 BTC)
while the difference is 2@% atthe size which is the common multiglef 500 units (a3, 0.05BTC,
0.01 BTC, 0.018TC). The results are consistent with roundingbehaviot

Simibkr to regulated exchanges, three unregulated flieexchanges (UT3, UTa@nd UT9) show
positive and significant differenset 1% levein trades of all availdb cryptocurrenges (except br

XRP on UT9 which is significant at 5k@de clustering appeamnore frequently at multiples of 500
units as well for example,six Tierl exchanges (UT1, UT3, UT5, UT7,, Whd UT9) exhibit
noticeable clustering effectat multiples of 500 unitdor all four cryptocurrencies However, UT6

and UT10 show insignificadifferencesin frequencies between round anghroundedtrades

28 Furthermore, at least six Ti& exchanges display uniform patterns in cryptocurrency trades (e.g., U1, U2,
U3, U6, U10PJ11,andU12 h Online Appendix B).
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In contrast, clustering at round sizes is largelgbsent on unregulated Tie2 exchangesHalf
exchangesexhibit no sign of tusteringfor all cryptocurreneésin both observation windows (100
500X) Exceptfor U13, all Tie2 exchangesaveno clusteringn at least one cryptocurrencesides
on some exchangestade clustemgbecomes lessobviousat a higher level of roudness (multiple
of 500 units). For examplegn U3 and U5, frequenes at multiples of100 units are higher
(significantly at 1% levelbut clustersat multiples of 500 unitare not significant

We also regress th@ogit) percentage of tradesat certain sizeon variousdummy variablesvhich are
set to one at round sizs. Theresults (shown irOnline AppendiX) areconsistent with the tests in

this section

In sum we document that egulated exchanges displa evident clstering effect in trade size
whereas unregulated Tietl and Tief2 exchangescontain little clstering with 30% and 50%
exchangesdisplayng no tradesize clustering in all cryptocurrenciegespectively Note that
clustering is about rounding off thedanontrivial digits and a#cts little the distribution of the first
significant digits. To®® SEGSy G GKFd GKAa A& || O2yOSNys 2yS

first several significant digits for robustness.

4.3 TailDistribution

In this secthin, we examine the tails ofdde-size distributionson each crypto exchange. By fitting
the tails with powerlaw distributiors, whichadequately descriés patterns in traditional financial

markets, we can detect anomalous behavior of reportegbtocurrercy trades.

4 .3.1Powerlaw Distribution as aSatistical andBehavioralBenchmark

In economicsand finance, powetaw captures thedfat tails€ of many distributions, includinghe

Pareto distribution of incoméPareto, 1896)the distrbution of stock returs (Gopikrishnan et al.,
1999) trade size(Gopikrishnan et al., 2000and share volumdPleou et al., 2000 Plerou and
Stanley, 200y fluctuationsin foreignh exchange markst(Da Silva, Matsushita, Glerad Figueiredo,
2007; Ohnishi et al., 2008; Vandewalle, Ausloasd Boveroux, 1997) and cryptoairrency
transactions (i et al, 2019 Schnaubelt et al2019) Gabaix (2016) provides awerview.

Mathematically the power-law distribution hasa cumulative density function (CD#jat follows the

form
PX >x)~x"% (2)

wherea is known as the powelaw exponent or tail exponentWhen usinghe probability density

function (PDR)the relevant parameteis« + 1.
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Oneexplanation for powetaw tails inthe empiricaldatais the trading behavior of largevestors,

who try to avoid largeprice impact in the marketgGabaix, Gopikrishnan, Pleroand Stanley,

2003a) Other studies attribute the emergence of powlerr 4 (2 (KS Ay @Said2NBRQ A"
the value ofassetgKostangar and Jeren, 2013; Nirei, Stachurs&ind Watanabe, 2018and herding

(Nirei et al., 2018)Iin the crypto market, large participants (e.mstitutional investors or large retail

investors) have increasinglparticipated in cryptocurrency tradhg. Investors generallyhave

asymmetric information onfte value of cryptocurrencyror all these reason$;ansaction sizes are

highly likely to conform téhe power law

4.3.2PowerlLaw andTail Exponents

To examine trade size distribution tails, we used two widely adopted techniques: The first one is to
take the logarithm of the empirical probability density function and fit the-log data to powedaw
distribution by Ordinary Least Square (OLS). The second one is to apply the Maximum Likelihood
Estimation approach (MLE) and ude Hill estimator@y;;; for the data fitting. Hill estimator is

asymptotically normal and calculated as follof@dauset, Shalizind Newman, 2009; Hill, 1975)

G =n (Zy In L) (3)

Xmin

wheren is the number of observati@andx,,;, is the cutoff threshold. The distribution yietto
power-law afterx,,;. In this study, trade size distributions are constructed for empirical probability
density functiors. The cutoff x,,,;, , Which signifies the start dhe tails, is set as the top 20 of the

largest trades durintghe sampling period.

Gabaix, Gopikrishnan, Plerand Stanley (2003b3how that stock trade size follows a half cubic law

(e = 1.5) both theoretically and empiricallarious studiesn trading volumes or sizes have shown
that the vast majority of tail exponents lie in the Pareafbévy regime I < a < 2) for traditional

financial assets and bitcoir{ki et al., 2019; Schnaubelt et al., 201%9)Ve thus check whether tie

values of exponent in the fitted results fall withirthe ParetgLévy rangel( < a < 2).

Table 4 presents the results from OLS and MLE fittings for four cryptocurréacies We can
visually inspect the goodness of fit and iti§nwhether crypto exchangedisplay a powetfaw tail in

trade size distribution, shown iRigure 4

[InsertTable4 and Figure |

29 Gopikrishnan et al. (2000ind that the power law exponent of trade volume is around 1.5 in USteaquarket. Plerou

and Stanley (2007hvestigate trades in New York Stock Exchange, London Stock Exchange and Paris Bourse and show that
trade sizein all three markets display power law decay with exponent in the range from 1 to 2. Moreover, value of
exponents is not affected by industry and market capitalization. Note Mwidelbrot (1960)ropose thatincome follows

the stable "ParetqLévy" distributions withl < a < 2.
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As expectedon regulated exchanges, both scaling estimat@sss andéy;;; lie in the ParetqLévy
regime and suggesa stablepower-law decay in all cryptocurrency trades. Similar patterns are
observed on half of the unregulated Tietl exchanges. In contrast, estimators of two Tier
exchanges (UT4 and §Tdo not fal into the ParetgqLévy range for four cryptocurrencies and
suggest inconsistency with powkaw exponents for trade size in traditional markets. Besides, tail
exponentsfor UT7, UT8and UT10 are outside the range of 1 to 2 in one cryptocurrency.

On unrequlated Tier2 exchanges, only three exchanges show estimated exponents vilhkin
Pareta;Lévy range, whereas 62.5% show statistical evidence in disconformity to parameters of
empirical regularity in four cryptocurrencieBor te rest, the estimated expomés of U12 follow
Pareta;Lévy range in LTC and ETH trades while U14 and Ul6assiowar fashion in LTC and ETH

trades, respectively.

Figure4 displays the probability density for trade size and the fitted pole&r distributions on log
log plots, withone regulated andour unregulated exchanges as representatives for bregline

AppendixD containsfigures of therest.

As inmainstream financial markets, transactions from regulated exchanges display a downward
linear trend in the logog plots andappear visually fiing the power-law distribution. For instance,

in Panel R of Figure 4. empirical data points fall around the fitted lines without obvious outliners,
implying that trades in regulated exchange generally follow the power law in all [fsted
cryptocurrencies.In general the OLS line fits equally in the whole rangdile MLE estimation
weighs more at the start of the tail, where the probability value is higher. Consistent with regulated
exchanges, 90% of unregulated Tleexchanges semble powetlaw tails in trade size distributions.
Straight lines estimated by OLS and MLE are roughly fitted to the data. Conversely, UT6 (shown in
Figure 4 showsa curvy shape in tails and fatb showthe power-law distribution in the trade size.

On unregulated Tie2 exchanges, tail distributions vary differently and display irregular patterns
across exchanges and cryptocurrenciesur Tier2 exchanges (U6; U13; U15; U16) show a linear
decrease in the tail zones and comply with the povesy tail. U9 (shown inFigure 4 displays ajood
linear fit but shove inconsistency with the MLE fitted line. On U8, data points disperse in the tails of
BTC, ETHwnd LTC tradesdditionally,a curvy shape is observed on thegarithmscale in BTC and
XRP tradedn BTC trades of U14, the tail appears to be level with some outliers far from the line.
ETH, LT.@nd XRP trades of U14 show a sli&p decay.

Combig theresults above, regulated exchandeshaveasthe power lawpredicts,with estimators
consistent wih ParetgLévy exponents imainstream financial markets. 50% of Ti&rexchanges

display powedlaw tail with exponents characterized by the Pawdtévy regime in all
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cryptocurrencies. 75% of unregulated Fieexchanges fail to follow the Paretcévy poweltaw that

is commonly observebh financial markets.

4.4 Conclusive Evidencand Multi-hypothesis Testing

In our discussionthus far, three independent statistical analgs are conducted for each
cryptocurrency of each crypto exchange, includinghe Chisquardr GSad F2NJ . Sy F2N
distribution, t-test for tradesize clusteringand linear fit for power law®° The results are consistent

for each category (regulated, unregulated tier and unregulated tie) and for the majority of
exchangesOverall, nore than half of the unregulated exchanges fail at least half of all tests at the

5% significance leveExceptfor U13, Tier2 exchanges fail at least 30% of the tests, wih

exchanges failing more than 65% of all the teétsthe cryptocurrency level, ungallated exchanges

as a whole fail more than 40% of the tests for each of the cryptocurrency. In contrast, regulated
exchanges pass all the tests.

Because the multiple statistical tests may increase the possibility of Type | error and raise the
concern ofp-hacking, ve perform a multiple (globa) hypothesistest on the null hypothesis that

trade patterns of crypto exchanges are consistent with universal laws or patterns in traditional
financial marketsdz& A y 3 CA & KSNR& Y S kcwrengy paik N0 LIAGK S$HDA K V631 &K

values from individual tests were combined into a statistit) Using the formula below:
X %n = —2X Z?lllogpi (4)

in which n is the number of independent statistical teatslp; is the individuap-value from tesi.
Note that the critical value foyxZ at 5% significant levels 12.592 larger than that,the null

hypothesis will be rejected.
[InsertTable5]

The results from the multiple hypothesis tegsummaized in Table 5 with more details @nline
AppendixE) are consistent withour findings in previoussulsectiors. Trade patters of all regulated
exchanges show insignificant differescérom those of traditional financial markets. Tigr
unregulated exchages have lower proportions in rejecting null hypatesthan Tier2 ones in all
cryptocurrencies/75% ofthe Tier2 unregulated exchanges fail to follow the universal law or trade
patterns of traditional financial markets. In additidAT Chasthe highestfailure rates followed by
XRP Furthermore, more unregulated exchanges faihe joint tests than individual tests in all

cryptocurrency pas. Some fradulent exchangsmay duckily€ display similar trade distribution as

30 Excepffor R3, UT7, U1, Y&nd U9, 24 crypto exchanges contain the full set of four trading pairs.
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traditional markets in certain g&cts but fail to followall regularities therefore leading to higher

failed percentages imultiple hypothesis test.

In conclusion Section 4 indisputably establishes abnormal trading patterns on unregulated

exchanges while suggestitite absence ofvash tradingon regulated crypto exchanges

5 QuantifyingWash Trading

Given the rampant phenomenon of wash trading across unregulated exchanges involving various
cryptocurrencieswe now quantify the extent of wash tradingby directly estimating wash traalgy
volume We also conduct several robustness and validation tests for our estimator and provide

alternative metrics such agertainty of wash trading.

5.1 Tradesize Roundnesand Benchmark Roundness Ratio

Authentic human tradesend to haveround sizesIn contrast, unrounded tradegypicallyrelate to
progranmed trading for various purposes such as market marking, Higlquency arbitrationand
in particular,wash trading, which is highly likdly be conducted using automated prograros bots
consideing the efficiency and quantity of trade orders requir&irong evidencsuggestghat most
wash trading is done by bots, which can be easily added layers in the trading structure scripted by
simple Python programs (e.g., Vigna and Osipovich, 2018; Rpd@®19)3! Therefore,
round/unrounded trades can be used as a reasonable proxwdthentic ordersffake trades. The

roundness of trade size is consistent with the clustering anadysiade sizes in Section 4.2.

To start, we show thatlevek of roundressfor trade sizediffer acrossunregulated exchangeand
regulated onesThe level of roundness is a qualitative parameter describing the decimal or integer
places ofthe last nonzero digit. For instance, 1.01BsTRave a higher level of roundness than
2.123BTC; 100ESHhave a higher level of roundness than 1234EfHAuthentic tradesshould
display a higher level of roundness sizethan the artificial ones. We thus expect regulated
exchanges to present a higher level of roundness in trade sizes cedhpeith unregulated
exchangesf we are to use them as benchmarkor each crypt@xchange, we anatg the trade

size distribution over levels of roundness (ten thousgartdousands, hundreds, tens, ones, tenths,
hundredths etc. base ung). We compare he distributiors for the level of roundnessn regulated

andunregulated exchanges.

31There is no need to explore darknet marketplaces or shady hacking forumsbay tolack hat services. One of the bot
iz2tag2¢dBxyaLtt26a8 SESOdziAy3a &aAYdzZ Gl yS2dzda o6dz2 | yR aSff 2NR
trading for particular cryptocurrencies.
32For 1.01BTC, the place value of last zerno digt (1) is hundredths, while the place value of last rmamo digit (3) is
thousandths in 2.123 BTC. In 100 ETH, the place value of lagermuligit (1) is hundreds while the place value of last
non-zero digit (4) is ones.
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[InsertTable6]

Table 6 shows the Chi-squared tests of the comparisonfor four cryptocurrencies. All Tigr
exchanges have significantly lar@hi-squared statistics in at least one cryptocurrency. &s
unregulated TieR exchanges, excegor U7 in BTC trades, all trades show completely different
roundness distributions from regulated exchanges with a Jighifscance level formearly all
cryptocurrencies. T finding shows that unregulated exchanges, especially unregulated2Tier

exchangeshavea lower level of roundness in trade size relative to the regulated exchanges.

Assuming thathe computerbased égitimate (nonwash) tradesn unregulated exchanges have the
same sensitivity to the authentic trading strategiesand exchange characteristias thoseon
regulated exchangesve can estimate the legitimate amount of unrounded trades for unregulated
exchanges. The difference between the observed unrounded trading volume and legitimate trading
volume isthen a reasonable proxy fahe washtrading volume.Snce it israrely the case that one
candirectly label wash tradeat an exchangeavithout confessios by or detailed information of the
traders our method provides generalway of estimatingsystematiowash tradng that can be time

varying, therefore serving as a fistder benchmark

Fom ourearlieranalysis we do not detect systematic wash trading regulated exchanges. This is
further corroborated by the fact thatround trades constitute around 30% of total trades
regulated crypto exchangesvhichis consistentwith patternsin the U.S equity marketsthat are
approximately free of wash tradindue to regulationfGomber,Gsell, Pujoland Wranik, 2009; Tabb,
lati, and Sussman, 20093 S f 42 O NME f A diesi W2 vis® AR #wa regulated
exchanges aghe no-washtrading benchmark to estimate the wash trading amount on the
remaining regulated exchange. Wauhd the wash trades estimated on average constitute less than

5% of the reported volumes, indicating the absence of clear evidence for wash trading.

5.2 EstimatedVolume of Wash Trades

We estimate thevolumeof wash trades by calculating the abnormal propamtof unrounded trades

for various exchanges. Specifically, we categorize trading volumes into roungheomhded ones

by checking if the last nepero digit of a certain trade size is less than 100 basis units or not. We
then perform a pooled regressioto estimate the ratio of (log) unrounded volume to (log) round

volume for all regulated exchanges with a weekly frequency:
III(VUHTOHHde-[I) =a+ B * ln(VRoundfg} + Y* Xi't + €t (5)

whereVy,,ounded;, @NdVzoung,, are unrounded and round trading volumes ofjugated exchange

at weekt respectively.In the baseline, we exclude exchargeel controls by setting;; to zero.To

mitigate the concern that heterogeneous authentic algorithmic trading on various exchanges drives
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the estimates, we includea vector of exchange characteristics;; including age, rank,
CoinMarketCap web traffic percentage, and unique visjtansan alternative specificatianWe
employ the parameters in5f to calculate the legitimate (newash) unrounded trades of
unregulated exchanges using their corresponding round trades. Wash trade volumes are thus
calculated as thenon-negative amountby whichthe total unrounded tradesexceedlegitimate
unrounded trades.

[InsertTable7]

Table 7 presentsthe simple averaged and volumeeighted wash trading percentage for each
exchange category, as well as the exchalegel wash trading percentagey four cryptocurrency
pairs. The results using adels with or without controls are similar. Because some exchanges are
missing data on the control variables and the residual standard errors in the model without controls
are comparable to the ones with controls (so @itsample predictability are compable), for later
analysis on price impacts, ranking, etc., we only report the results using estimates from the model
without controls for simplicityStandard deviationsf wash trading volumegom bootstrappingthe

sample 1000 timeare also included ithe table.

On average, wash trades account fover 700 of total trading volumeon each unregulated
exchangeand about 61% even after controlling for exchange characteristics. Wash trades are above
53.4% for Tierl and 81.7% for Tier2 exchangesBecausethe four cryptocurrencies we look at
dominate the transaction volumes on all the exchanges, the numbers are reasonable estimates even
if one includes all cryptocurrencielt.is also worth noting that for all unregulated exchanges, an
estimate of 77.5% ahe total reported volume appears to be wash trad€sir estimates arén the

same order of magnitudes as the estimates from Wall Street Journal and industry reports (Rodgers,
2019; BTI, 2019which are in the range of 67% to 99%@r examplethe BTl Sumary of Market
Surveillance report found 17 of the CoinMarketCap top 25 exchanges to contain over 99% fake
volumes, as of April 201Qur estimates are slightly lower because exchanges could have reacted

since those earlier estimates were released. Souheal Lucas critique appli€s.

5.3 Further Validation ofRoundnesdased Estimation

Some may argue that traders on various crypto exchanges are heterogeneous with different
algorithmic tradingstrategies. Thereforehe estimationof wash trade percentagen equation (5)

may bedistorted in exchangs that have a more significaniportion of algorithm trading If the

3BOKEx was highlighted in¢ L NB L2 NI & Iy SEOKFy3IS KSI@gateée Sy3Ik3asSR Ay

methodologyandl NBdzSR G KIF & .-ZNIQ&Y W&HB RIFNIGWEHIMNE 2dzO0K a 6So0aridSky?2

appleto-2 NI y3S 02 Y LI NJOA b yur sampledZAKEL iBdéedl faitsn20% of all our testhamdn estimated
wash trading that i$6% of the volume. But relative to TiBrexchanges, it does not deserve a special mention for wash
NI RAYy3Id ¢KAA O2dZ R 0S5 Isgrguaddbit doBlciso helitiat OKExLhas dakeY Scliok2tRredtlier 3 &
reduce wash trading or avoid being detected.
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abnormalunrounded volumes partiallyinflated byauthenticalgorithm trading then our estimates

should be viewed more as upper bounds of wastdliing.

First, there is no evidence that the trading strategies or the extent of algorithmic trading are
different across various exchange&3n the contrarytrading algorithms areoften believed to be
close to exchangagnostic (Alameda, 2019). Moreoverthe controls involving exchandevel
observables inTable7 should also help rule out such a possibjligpven that the estimates with

controls are comparable to the ones without.

But to drive home the validityfour roundnesdNJ G A 2 | LILINR I OKXZ ¢S dzaS . Sy ¥2
to test if our estimation(section 5.2)is predominantly capturing wash tradin@ecause Benfod

law and power law areuniversally apficable toboth human and bot tradeghey should hal for

authentic algorithmic trading. On the other hand, if agents use bots to wash tiagejkely that

these laws do not hold. We therefore, examine whether the two laws hold for unrounded

transactions on both regulated and unregulated exchanges.

We first re-examine whethetthe first-significantdigit distribution in unrounded tradets consistent

gAGK . Sy T2 NRQa Online Appendixiiandhe sakngle di sh®unded trades, the Chi

dljdz- NBR adlrdAradaroa F2N Oxytd Radshltd @the flk shriple (s€ey T 2 NR Q
¢FrofS HOX AYRAOIFIGAY3A GKFEG AyO2yaAraidSyoe gAGK . S
I QGABAGASE Ay dzyNRdzy RSR GNIRSao ' ff NB3IdzA I G6SR Si
significant djit of unrounded trades. Unregulated Tigérexchanges exhibit similar patter as the

regulated exchanges, while 50% of Tier SEOKI y3Sa @A2t1 (S . SyT2NRQ:

cryptocurrency pair.

We alsofind that unrounded trades on regulated exchangagisfy power law{seeOnline Appendix
1), but unrounded trades on a majority of unregulated exchanges fail the tests, indicating that the

unrounded trades canndie predominantly authentic algorithmic trades.

5.4 Alternative Measures and Comparisons withigtxng Reports

Given the limitation on data access, quantifying wash trading is a daunting task. We cannot assert
that our estimates are the gold standard, especially when one believes that traders and algorithmic
strategies are different on different cryp exchanges. As such, we provide two complementary

metrics that should help convince the readers that wash trading on unregulated exchanges is
rampant and economically significant. We also discuss existing estimations from the industry and

why ours are kely to be more robust and superior.

28 LINPOARS Fy FRRAGAZ2ZYIt OSNIIAydGe YSIadNB G2 Ol

this end,we calculatethe percentage of failre using results from Online Appendix F, shown in
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Figure 5**In addition,we compare the trade size distributiaf unregulated exchanges regulated

exchanges for robustne¢®nline Appendix G¥
[InsertFigure5]

In general, unregulated Tidr exchanges have lower failure ratden average20.6% than
unregulated Tie2 exclanges ¢n averages1.8%). Some Tiefl exchangesnly showmild patternsof
wash tradingWash trading 2y 0SS F2dzyRX Oly RIYIlI 38 SEOKIy3S&aQ
that some of the unregulated Tiet firms might have already beefollowing complance

requirementsin jurisdictionsoutsidethe United Sates.

Grouped by cryptocurrencyhe percentage of failed testévash trading certaintyis the highest in
XRP tradesb@.29%), followed by BTCI{.4%), LTC47.0%, and ETHAR.3%.

[InsertTable §

We also examine the relationship between failed rades fractions of wash trades asTable 8
The percentage of wash trade is positively associated thélpercentage of failure at a 1%
significance level, a 1% increase in the failure rates cooredpto a 0.597% higher percentage of
wash trading. Our estimates for wash trading indeed reflect questionable trading volumes on
unregulated exchanges.

We adopt an alternative method to gauge tlextent of wash tradingisingBenford2 & . Fok each
exchange, we constructnine counterfactual tradesize distributions based on Benf@dlaw by
assuming that aliransactionswith first-significantdigit X K beingl to 9) areauthentic respectively.
We thencalculate the percentage difference between tradelume estimated by counterfactual
first-significantdigit distribution andthe volume of actual tradesize distribution. Finally, the extent
of wash trade is measured as the median of 9 volume percentage diffeterepenid the influence

of noise and outérs.

We find thatcounterfactual distribution®f regulated exchangesxhibit little deviation (3.1%)from
the actual tradesize distribution, implyinghe absence of wash tradingdowever,on average 16.3 %

of trade volume is fabricatedn unregulated exhanges. Tiel unregulated exchang€12.9%) have

34 Online Appendi¥ containsthree testsconcerninguniversal lave or patterns in traditional financial marketacluding
the Chi-squaredtest 2 NJ . Sy T 2-0R fardradpdizé dustaring, and powdaw fitting of the distribution tail For
each exchange, the percentage ofdiadis measured as the number of failed tests at a 5% significance level over the total
number of tests of all foutrading assets. Similarly, the percentage of failed tests by cryptocurrency is calculated as the
number of failed tests at a 5% significance level ehetotal number of tests in each of the four cryptocurrency trade
pairs we consider.
350nline AppendixD 02 Yy RdzOG & (i Ks§uared SdstNd @yipare theé tikadisize distributions of unregulated
exchanges to regulated exchanges. We estimate the tsimie percentage in different intervals (e.g. ten thousands,
thousands, hundreds, tens, ones, tenthgjndredths, etc.) and its deviation from that in regulated exchanges, whose
average are considered as the benchmark. We set the null hypothesis that-sizelalistributions are statistically
indifferent between unregulated exchanges and the regulated berafk. Results show thaTier2 exchanges arenore
inconsistent withthe distribution ofregulated exchangthan Tierl exchanges
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a lower fraction of wash trade than Ti& unregulated exchanges (18.5%), which is consistent with

the previous findingWe report the details in Online Appendix

We note that ompared with the roundnessratio approachin equation (5) estimaes using

Benford3 laware significantly lower. This does not invalidate the use of roundness ratio as our main
SAGAYIG2N) 60SOFdzaS (GKS . SyF2NRQa o0l &a&SR I LILINRI OK
that contribute to the frequency of all 9 digits being the first significant ditjits.that sense, we are
essentially underestimating the volume of wash trades. Therefore, our estimates should be viewed

as bwer bounds on wash trading, given that heterogenedusders or strategies across exchanges

cannot generate deviations from Benf@daw distributioras long as they are authentic.

Although we are the first academic study to quantify wash trading, several industry attempts

preceded usMost notably,Fusaroand Hougan(2019 in their Bitwise reportmonitored live trade

022148 TFTNRBY &SOSNEIy B EQKNRANIAXQY H6iSOGIATG{Sa0 collct R R G |

data. They found transactions on unregulated exchanges show larger bid/ask spread, larger order
size and strange volume distribution over timeompared to a few regulated exchang®ghile the
findings are suggestive, liveder books may miss some information due to API trading and iceberg
orders among other issues. Tihelata are limited and thetruncation of the trade-size windowis
chosen ad hod-urthermore, their method$ackformal statistical tests.

Alameda Research, a B8sed quant trading firm, addressed the inaccuractheBitwise report in
their report in July (Alameda, 201P They eamine the trade history and order book, compar
volume correlation with reputable exchangessing selfselected thresholds assess exchanges
liquidity, etc. They assign weighted scoresttwir detection tests, and then assign 100%, 50%, and
0% wash trademounts based on the number of tests passegbulting in imprecise estimategheir

intention was to rank exchanges in terms of wash trading toofuantifywash trading.

{8t LAY wioSa SEFYAYSR (KS O2NNBf!l (xdaumetd i 6SSy

SO tdzr i S SEOKI y3$ alfough 2herdzis S0 tBeNBtiRal onllerpmiiing for any
particular link between slippage and total volur{ieibes, 2018Blockchain Transparency Institute, a
data aggregation websitgublishesmarket survdlance report every quarter since late 2018. They
calculateWw Ot S| vy bykanjeczyir® @umbers of visitorshich hasbeen criticized by the opacity
in their methodology(Huillet, 2019) TokenlInsight is not transparent about its methodology used in

guantifying wash trading either.

Overall, ar analysesot only cover more exchanges and observatibosalso are transparent and
NAI2NRdzad ¢KS dzaS 2F . SyF2NRQa €l 63> NRdzyRAYy3:

theoretically and empirically. @uests are systematic and robust to various other factors such as

Bnfact, 2 SN 6 YR .Sy¥F2NRQa fl g 2yte RSaONAROGS (KS TFTANRGOG aad

distributions of transactions, and are less useful (except for robustness tests) when it comes to quantifying wash trading.
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trader heterogeneity across exchanges, as we demonstrated edBieen that most of the existing
wash trading evidence in the industry is only suggestive and the quantifications impreese
contribute by both developing new detection tools that are grounded in universal statistical and

behavioral principles and quantifying systematic wash trading in a relatively precise and robust way.

6 Wash Trading Incentivesmpacts, and Implications

We nowdiscuss thepotential drivers andimplications of crypto wash trading. We start with the

incentives for wash trading and how it affetk® ranking of crypto exchanges. We then analyze the
characteristics of ex@nges that portend wash tradingxpE NB 6+ aK GNJ} RAy3IQa AYL
assetprices before examiningts regulatory and industrial ramificationQur data limit the extent of

the investigation, but the insights gainextld to the first canon of knowledge on the topic which is

useful forother studies.For exampleAmiram, Lyandres, and Rabetti (2QZurther examine wash

trading ink £ F NASNJ LI ySt RFIGEFE FYyR SELX 2NB8 K2g O2YLS

operations in both the short and long terms.

Note that wash traders in traditiaal markets tend to betraders rather than exchanges, yet
AYRA@GARdzZE £ & Qe aahnét Rully ipliailR tBeidifférén@y we observe between regulated
and unregulated exchangea.2 N3 2 SNE AYRAGARdZ £t aQ Oz2aid 2F 61 aKk
charged and bidask spreads (which they have to pay if others cross their orders before they do). But
we do not finda systematic correlation between the extent of wash trading and these varialles.
contrast, evidence aboundghat exchangeghemselveswash tiade either directly or indirectly.
Aloosh and Li (22 document wash trading byMt. Gox accounts;top executives at crypto
exchanges are known to trade on their own exchanges while operating cryptocurrency hedge funds
(e.g.,. A G F Ay S EmuSierechangesthavalsopleaded guilty oflirect wash trading (Sinclair,
2020).Indirect wash trading by the exchanges could be through fee rebates that some exchanges
use to incentivize their customers to wash trade. For example, Fcoin rewards platform tokens

trade mining: those individuals who tradeore get more rewards iRT tokes.
6.1 Wash Trathg and Exchange Rairig

Brand awareness and website traffic are two critical factors for customer acquisiti@storsthus
rely on thirdparty rating or rankingvebsites to decide which crypto exchange to use.such, dta
providers or rankingagencies,especially those attracting large amount of web traffig play an

important role in exchangé€sustomeracquisition
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We use the proprietary, higirequency daa on exchange ranks and reported trading volumes from
CoinMarketCagom, whichmost exchangesely on forreferral traffic.3” To study the incentive for
wash tradingoy crypto exchangeswe first verify the ranking rule @oirMarketCap using the daily
rankings and reported volumes of more than 260 crypto exchanges. Spearmarordak
correlation coefficient is estimated to measure the rank correlation between trade volume and
ranking in the CoiarkCap. The coefficient is0.995, approachingl, indicatirg that ranks and
volume are perfectlynegatively related (see Figure6). The rankings ofCoirMarketCap are
determined bythe trade volume of crypto exchanges. Exchangé larger volume would rank

higher andgain morevisibility and visits
[InsertFigue §

9 E OK | pfofit8ractally depends on brand awareness and website traffic for customer acquisition,
both of which heavily rely on public rankings in broadly recognized data tracking/ranking services or
third-party websitessuch asCoinMarketCapOur findingssupport the intuition that to survive the
fierce competition, many crypto exchanges naturallgsh trade to gain prominence and market
share so that the exchange can generate higher préffithdeed, from Figure 7 we observe that a
70% wash traithg can move the rank of an exchange up by more than 25 positions relative to its
rank in a world without wash trading.

[InsertFigure T

6.2 Price Impacts of Wash Trading

In Table9, we examine the effect of wastrading on cryptocurencyprices. Panel A illustrates the
relationship between wash traihg volumes and weekly returs. Panel B further reportsvhether
wash tradingmakesthe price listed on unregulated exchangdsviate from & T 4§ pri¢é3 on
regulated exchangesk-or each unrgulated exchange, price deviation is measured as |t
difference betweenits weekly close price anthe average price fromegulated exchange@vhose

prices are very similar)n both panels, w regress these pricadicators on logaritms of estimated

37 For instance, according to SimilarWeb reports, one regulated exchange in our sample has around 65% of web traffic
referred from CaiMarketCap. On 20 unregulated exchanges, CoinMarketCap is their top 1 referral website and
contributes most of web traffics. On 17 unregulated exchanges, web traffic redirection from CoinMarketCap accounts for
more than 30% of total web traffic.
3BBecauseONE LJG2 SEOKI y3asSa IINB yz2i fAaGSRE 6S R2 y2i 20aSNBS S
SEOKIFYy38S4aQ LINBTFAG FT2N) G6KS 2ySa (KFG A&dadsS GKSANI 26y (21Sya
use a portion of their opeting profit to buyback and destroy tokens from the secondary market (monthly or quarter). We
Yiydzfte O2tftS8S0G Ftt | @LrAtlofS o6d2@ol Ol NBLRNIA FyR G218y ¢
the tokens bought back or burned. Then withetbuyback/profit ratio the exchanges promise (typically described) in the
SEOKIFY3S (121SyaQ 6KAGS LI LISNEZ 6S OLFfOdAGS (KS SEOKIy3aS&aQ
U7, U11, and U12 issue exchange tokens and have dath @vdilS ® 2 S FAYR |y SEOKI y3SQa LINRBTFAI
both the reported volumeand our estimated real volumdn an unreported pooled regression controlling for week fixed
effect, the coefficient of log profit on logeal volume is 0.85 and sigfitant at the 1% level. We also find that reported
CoinMarketCa@2 t dzYS LR aAGA @St & | yR aAi3ayATA Qhaghirddiag volivg,Randsteat (G KS & d:
with the intuitionand empirical findings iAmiram, Lyandres, and Rabg2i021).
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wash trade volumeand controlfor features of exchangeboth in contemporaneous and predictive
regressionspecifications The andomeffect model with robust error terns is adopted in all
regressions based on the Hausman t&¥e also include currency éd effectasrobustnessn both

panels.
[InsertTable9]

As shownn Panel A oTable9, wash trade volume is positively and significaaggociatedvith the
weekly return while lagged veh trade volume has strong negatiymedictability. The reverse
relation with return suggests that higher wash trade volume driveshepcontemporaneousrice,

but the washtrade effect on price does not last long and price reveisghe following weekWhat

we observe is intuitiveFakingtransactions at higher prices can attract more investors who like to

chase returnsbut arbitrageurs close the pricing gap across exchangeslweextweek

To confirm thisintuition, we treat prices on regulated &changes ast T 4 pkiddbenchmarls and
examine the price deviation of unregulated exchanggainst the benchmarkPanel Bhows strong
and positiverelations between wash trade volume and peicdeviatiors while controlling for
exchange characteristicdn addition, wash trade volume negativebnd significantlypredicts
changesn price deviatios in the following weekThisis consistent witlthe notionthat speculators
arbitrage awaythe price differences among various exchangesin the subsequent weekand

therefore reduce the price deviation.

6.3 Determinants ofWashTrading

We first investigate which typgof exchange are more likely to engage in wash trading. e a
crosssectional regression ofhe overall fraction of wash trade on an exchangeagains its
characteristicsas shown in Table 10. We include the age othe exchange andill three traffic

indicators derived frona series oSimilarWeb repod. Note that rumber of unique visitors refers to

the number of distinct indiiduals visiting a webpage, which is a close indicator of user nurber.

smaller number also implies thatore visitors may have accessed the exchanges thrahigt-party

aggregators or referrals of the ranking websit@her two indicators are based ¢ghl OK SEBOKIl y3 S
top 5 traffic geographical origin. We rank all traffic countries in our sample based on GDP and
FinancialAccess® The number of countriesranked at the bottom 15 is counted tiiese countries

appear inthe Top 5 traffic countries for cryp exchange.

[InsertTablelQ]

39We extract 20162018 GDP and financial access data ftbeiWorld BankDatabank The measurement of finance access
includesthe number of commercial bank branches (per 100000 adults), account ownership at a financial institution, and
the number of ATM (pefl00000 adults). The average value of GDP and financial access measurement is used to rank all
traffic countries in our sample.
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FromTablel0, we observe a negative relatiship betweenthe age of exchange and the fraction of
wash trades, statistically significant ahe 1% level. Mreover, the adjusted Rs 28.4% in Model 1,
implying thatthe age of exchange sne leadingfactor correlated withthe decisionto wash trade

Newly established exchanges are more eager to wash trade since it is a shortcut to increase brand
awareness ath acquire clientsin addition the number of unigue visitors is negatively associated
with wash trading, indicating that exchargeith less unique visitors e higher fractiors of wash

trade.

In fact, unregulated exchanges more than five years old wrame wash trade 48.12% of the

reported volume as compared with 82.89% for unregulated exchanges no more than five years old;

those with more than ten thousand unique usess averagewash trade 61.32% of the reported

volume as compared with 83.86% foro#e with no more than ten thousand useihese findings

are consistent witithe economicincentives of wash trathgE | YR A G K LINI OGAGA 2y S|
large exchanges have a reputational consideration to keep things above board and to get it right
(Rodgers, 2019).

The insignificant relatioship with traffic country indicators impies that the extet 2 ¥ SEOKI y 3§ a
wash trading may not vary across countriédge expect exchanges that rely more on referral traffic

to have more incentives for wash tradinBut this does not show up in odata, either due to the

short samphg period or due to the fact that many exchanges may not actively monitor the sources

for their web traffic.

Next, we investigate howmarketdynamicsaffectwash trading Table 11lpresntsa panelregression
of wash trade volumgon f I 33 S R cryptochitha&yweekly return and volatility, which are

obtained fromthe third-party composite price index on CoinMarketC4&p
[Insert Table 11]

In Table 11 lagged cryptocurrencyreturns postively predict wash trade volumewhile lagged
volatility showsa strong negativeprediction In other words misbehavingrypto exchanges tend to
increasewash tradingvolumes whenthe market experienceecentpositivereturns or decreass in
volatility in the past one or two weeksPrice increasecould draw retail investor€attention and
encouragespeculation Therefore, crypto exchangeareincentivized to pump upvolumesto vie for
better ranking and more clients. In addition, decredselatility reducesthe potential costsof wash
trading (wash trading risks of capital lossimolatile market) Therefore Jower volatility canlead to

higher wash trading activities

40 Note that the weekly volatility is calculatagingdaily returns in the weekAll regressionemployrandom effects with
robust errors.
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6.4 wS 3dz IEffect@agdMiplicationsfor Policyand Irdustry Practice

Concerning egulation, vhat should we take away from the extensive evidence of crypto wash
trading? Evidently, the supposedly decentralized crypto ecosystems do have centralized players such

as the exchanges which are prone not only to hacking but also to maniputegihaesior. This casts

AKlI R2ga 2@0SNJ GKS AyRdzaGNEQAa RS@GSt2LIVSYidz I RRAY
limitation of the technology and the fraudulent nature of the industry (Roubini, 2618)ich an

issue could affect the current development afaintralized exchanges. However, we would like to

emphasize a different takavay concerning the role of regulation.

Importantly, we show that regulated and unregulated exchanges exhibit vastly divergpait
trading patterns Regulated exchanges paabstests, and the trading history matchetheories and
patterns intraditional financial markets that are relatively free from wash tradingn contrast
unregulated Tier 1 exchanges on average failed 26% of the tests, which showfsigglé
regulationand reputationmaintenance More glaringly unregulated Tier 2 exchanges failed 65% of

all tests on average, whighdicatesa highly suspicioutrading history #2

We offer three potential interpretations of the results. Firas we describe in Sectionsald 3,
regulated exchanges are directly required to folldiae regulation and violations are severely
punished(BitLicense, 20105 This would create a direatcentive not towash tradingNote that the
centralized nature of these exchanges, while ironiewwe consider the origins of blockchains and
decentralized finance, does make direct inspections and the enforcement of regutati@nypto
exchanges much more feasible than on other (often anonymous) ageéetend, it is possible that
compliance witlregulation is costly but does not affect wash tradingentivesdirectly. Some firms
simply geta license to signal their quality (e.gSpence 197). Thisis inconsistent with the
observation thatafter acquiring the license, regulated exchanges stilhdt wash trade. Third, it is
possible that some unobserved exchange characteristics cause the exchange to refraimashm
trading and acquire liceses at the same time. Such a screening function is plausible and would imply
that by observing which exalnges are regulated, traders can tell whether wash tradiakgs place

on a particular exchange

Our findings imply that regulatioeither makes adirect impact on wash tradingor reveals key

characteristics of exchangesith ramifications on investor ptection, price discovery, and financial

41Roubini(2018) focuses on fraudulent activities ldbckchains and cryptocurrencies in his senate testimdre author
does not discusdow cryptocurrencies differ from money and how decentralized consensus protocols differ from
traditional ledger systems.

42Why do investors trade on unregulated exchanges? Most exchanges started as unregulated and regulation was only
introduced gradually. Many investovgere unaware of wash trading until 2019, and do not treat regulatory status as their
primary decision variable, especially if they have already been trading on an exchange. Customer acquisitions by
unregulated and regulated exchges are also thus far centered around various promotions, fee cut, reputation within the
industry, perceived liquidy, etc.
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stability. Perhaps contrary to common beliefs, the five regulated spot market exchanges only

constitute 0.8% of the total transaction volume in the crypto market based on CoinMarketCap data.
Thisimplies thatwash tiading on unregulated exchanges is a foster problem and much more has

to be done in terms of regulation. Towards this ema offer an initial set of toolsto convincingly

unveil washtradingto combatnon-compliant and unethicabehaviors Regulatorytools and policy

have to be adaptive and our statistical tests could become outdated once sophisticated wash traders
incorporate them into their strategies. Nevertheless, we believe that the benefits of greater

transparency, proper regulation, and closebfia monitoring that wetouch uponare enduring.

7 Conclusion

The nascencyof the cryptocurreny industry provides a unigue setting in whichwe observe both
regulated and unregulated exchanges tlaae influential We show thatmany unregulated crypto
exchanges areengagedin excessivevash trading.Specificallyfirst-digit distributions of trade size
follow . Sy T 2 NRQegulatetl éxchangesvhereasnearly 30% of unregulated exchanges show
violations Furthermore,regulated exchanges show apparent teadlustering at round sizes and a
high level of transaction roundnedsr unregulated exchangethe levels of roundness are generally
low and the trade-size clustering phenomenon is less prominent. Finally, regulated exchanges
display poweilaw decay wih tail exponentsn the Pareta;Lévyrange, consistent with regularity in
financial marketsin contrast 20% of Tierl and75 %of Tier2 exchanges fail to folloRareta;Lévy

law in tradesize distributiorof any cryptocurrency

We estimatethe averagewash tradngto be 53.4% of tradng on unregulated Tietl exchangesnd
81.8% on Tier2 exchangs and provideseveralrobustness and validation testsVe further show
suggestive evidencéhat wash tradinginflates exchange rankings and cryptocurrency prices,
addition to beingsignificantlypredicted by market signalssuch as past cryptocurrency prices and
volatility and exchange characteristics such agchange age anduserbase As the first
comprehensivestudy of thepervasivecrypto wash tradingour paper not only provides cautionary
tale to regulators around the globkut alsoreminds the readers ofthe disciplining or screening
effects of regulationin emergng industries the importance ouusingwashtrading-adjusted volume

in certain empirical stués,andthe utility of statisticatools and behavioral benchmarKer forensic

financeandfraud detection.
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Tablel. Exchangdnformation

Table 1 summarizes informah on crypto exchanges ithe dataset Regulated exchanges atese that are certified anc
regulated bythe New York State Department dfinandal Services Unregulated exchanges are categorized i
unregulated Tietl and unregulated Tie2 exchangesdsed on website traffic raskExchange ages the duration froman
exchang@establishment date tduly2019 Exchanges amategorized into three groupgsased on their length of surviva
more thanSyears 8 6 S 6SSY H £ WRFRp a& SliME&NKDIyMe is caicBated as the suof all
transactiors involving the four selected cryptocurrency pairs, |.8TC, ETH, LTénd XRPall against U.S. dollar:
SimilaWeb mnking are based on the SimilaWWeb report over the period from Aug 2019 to Oct 20:
https://www.similarweb.coni. Alex® a Mglisydecassed throughhttps://www.alexa.com/siteinfoin Nov/15/2019
CoinMarketCap anking is based on daily trade volume, reporteul https:// www.coinmarketcap.cov/ daily averaged
during the sample period.

Ranking by Web Traffic Ranking by Trade Volume
SimilarWeb SimiarWeb
Exchange Trade Avera A AlexaA
ExchangeAge  Volume rage verage exaAverage _
Code ($mil) Rankin the Number o.f Rankamgng CoinMarketCap
Investment  Monthly Visits  all Websites
Section (millions)
PanelA Regulated exchanges
R1 O5 year 1466 473 1.872 14297 63.7
R2 O5 year 15212 17 20.678 2254 50.3
R3 O5 year 1568 1418.5 0.487 23950 99.2
PanelB Unregulated Tierl exchanges
uTl 2yearOA<5year 41936 21 18.770 1630 10.5
uT2 O5 year 434 276 2.983 5960 89.9
uT3 O5 year 11175 345 257 9683 59.5
UT4 O5 year 34157 498.5 1.363 9815 27.9
uT5 O5 year 38789 285.5 1.673 8379 22.7
uT6 < 2year 4005 2555 1.879 8663 55.2
uT? O5 year 545 699 0.394 13357 53.3
uTs O5 year 24646 633 1.224 3636 14.5
uT9 O5 year 975 38 2.146 768 95.6
UTLO O5 year 18452 517.5 1.449 5231 30.0
PanelCUnregulated Tiet2 exchanges
Ul < 2year 7805 17322 0.032 81142 29.9
u2 < 2year 30997 N/A 0.260 3684 19.0
us3 2yearOA<Syear 3464 4926.5 0.096 19860 16.1
u4 < 2year 50944 2594 0.234 30210 10.2
U5 < 2year 14534 5928.5 0.031 363745 46.6
U6 2yearOA<Syear 52741 6735 0.092 6422 16.0
u7 < 2year 34624 2770 0.265 6306 11.9
us < 2year 21848 1818.5 0.092 100223 15.0
U9 2yearOA<5year 52 961.5 0.919 37634 90.0
ulo0 < 2year 2756 11567 0.007 1684659 6.6
ull < 2year 32305 3403.5 0.190 1714 16.8
ul2 < 2year 16035 3243 0.313 22780 30.8
ul3 < 2year 2612 2316.5 0.342 28739 30.4
ui4 2yearOA<Syear 16668 10350.5 0.032 53000 21.3
uls < 2year 23525 3061.5 0.188 1858 160
U16 O5 year 2013 1096.5 1.065 2808 73.7
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Table2. ChisquaredTest for Conformity with Benford® Law

Table 2 ppa Sy G a ( K 8hi-squiredsthtidtigslae results showwhether tradesize distributions of
exchanges are consistent withe distribution of . Sy T 2 NRR@sultsof fowr ®wading pairs are reported,
including BTC/USD, ETH/USD, LTC/@8® XRP/US[CRegulated exchanges athose that are certified and
regulated bythe New York State Department of Financial Services. Unregulated exchangesteggerized into
unregulated Tiefl and unregulated Tie2 exchanges based on website traffic ranj? statistics andp-value are

reported in the table***, ** and * denote the statistical significance levels at 1%, 5% and 10%, respectively

Exchange BTC/USD ETH/USD LTC/USD XRP/USD
Code x° p-value x° p-value x° p-value x° p-value
PanelA Regulated exchanges
R1 1.647 0.990 1.639 0.990 4.905 0.768 11.487 0.176
R2 2.736 0.950 2.767 0.948 3.218 0.920 2.189 0.975
R3 3.304 0.914 0.698 1.000 1.969 0.982 NA NA
PanelB Unregulated Tierl exchanges
uTl 2.495 0.962 4.113 0.847 4.645 0.795 7.205 0.515
uT2 1.464 0.993 2.620 0.956 6.117 0.634 0.748 0.999
uT3 29.501*** 0.000 5.349 0.720 7.157 0.520  47.1271*** 0.000
uT4 6.329 0.610 3.833 0.872 7.641 0.469 1.482 0.993
uUTs 6.832 0.555 3.104 0.928 1.094 0.998 0.468 1.000
uTeé 5.969 0.651 4.100 0.848 7.386 0.496 7.790 0.454
uT7 17.223** 0.028 4.823 0.776 NA NA 3.644 0.888
uT8 2.601 0.957 1.956 0.982 3.724 0.881 4.230 0.836
uT9 3.228 0.919 7.886 0.445 2.454 0.964 14.219* 0.076
UT10 2.815 0.945 0.069 1.000 0.813 0.999 0.541 1.000
PanelCUnregulated Tier2 exchanges
U1 0.548 1.000 0.949 0.999 NA NA NA NA
U2 24.261%** 0.002 16.677** 0.034 6.505 0.591 4.371 0.822
U3 4.660 0.793 19.569* 0.012 3.396 0.907 4.490 0.810
u4 1.360 0.995 2.468 0.963 0.673 1.000 0.723 0.999
us 50.614*** 0.000 8.254 0.409 124.881**  (0.000 39.69*** 0.000
U6 0.399 1.000 0.064 1.000 NA NA NA NA
u7 5.088 0.748  23.086*** 0.003  60.516*** 0.000 15.300* 0.054
us 114.788**  0.000 141.768**  0.000 31.068*** 0.000  57.021** 0.000
U9 63.022*** 0.000 122.298**  (0.000 NA NA 71.949%** 0.000
u10 10.771 0.215 4.662 0.793 12.325 0.137  26.135*** 0.001
U1l 2.430 0.965 7.140 0.522 4.115 0.847 7.602 0.473
u12 0.544 1.000 0.12 1.000 1.042 0.998 14.676* 0.066
uU13 1.157 0.997 2.583 0.958 11.614 0.169 4.815 0.777
ui4 0.678 1.000 23.351*** 0.003 109.944**  0.000  26.835*** 0.001
u15 2.240 0.973 0.536 1.000 0.703 1.000 2.249 0.972
U16 1.695 0.989 0.924 0.999 1.317 0.995 0.577 1.000
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Table3.{ i dzR $tgsis foIrade-sizeQustering

Table3 reportsthe results oft-test analysis fothe trade sizeclustering effecon sampling exchangeRegulated
exchanges ar¢hose that are certified and regulatedylthe New York State Department of Financial Servi
Unregulated exchanges are categorized into unregulated-ITiand unregulated Tie2 exchanges based ¢
website traffic rank. Trading history data of four cryptocurrenciese tested for every exchamgsegrately,

including BTC/USD, ETH/USD, LTC/d&DXRP/USDThe test aims teexamine whether trade frequencies
round size are higherthan the restof the observation windowTwo sets of tests are carried out with differe
testing points and obseation windowsmultiples of 100 units with a&vindow radius 50 (10050, 100X+50), ant
multiples of 500 units with avindow radius 100 (508100, 500¢+100). A positive difference indicates the
frequency at round size is highéman the rest within the obarvation window therefore suggests tradeize
clustering Differences and-statistics are reported in the tablé** ** and * denote positive difference anthe

statistical significance levels at 1%,,%%d 10%, respectively.

Observation ange: Multiples of 100 units (100X0, 100+50)
BTC/USD ETH/USD LTC/USD XRP/USD
Difference t statistics Difference t statistics Difference t statistics Difference t statistics
PanelA Regulated exchanges
R1 0.091*** 14.490 0.112%*= 12.280 0.160%*** 10.767 0.063*** 6.726
R2 0.089*** 14.875 0.135%** 15.647 0.109*** 8.945 0.032*** 2.955

Code

R3 0.125%** 13.655 0.119 9.713 0.203*** 8.284 NA NA
PanelB Unregulated Tierl exchanges
UTl 0.188*** 16.993  0.226*** 20.740  0.179%** 9.310 0.005 0.540

uT2 0.026* 1.926 0.039** 2.327 0.065*** 2.943 0.076*** 3.952
uT3 0.100*** 12.654 0.078*** 8.655 0.110%** 6.696 0.076*** 5.681

uT4 0.005 1.073 -0.002 -0.568 0.004 0.644 -0.005 -0.556
uTs 0.128*** 16.895  0.083*** 14.442  0.104** 8.003 0.010 1.116
uTé -0.015 -2.668 -0.001 -0.081 -0.003 -0.089 -0.014 -1.379
uT7 0.088*** 6.854 0.057**=* 3.685 NA NA 0.132%*=* 6.498
uT8 0.082%** 12.620  0.067*** 10.614  0.047** 5.289 0.009 0.903
uT9 0.084*** 10.192 0.060*** 5.782 0.101*** 4.018 0.054** 2.570
UT10 -0.013 -4.119 -0.016 -18.635 -0.030 -9.173 -0.020 -16.206
PanelCUnregulated Tief2 exchanges

Ul -0.016 -86.208 -0.022 -7.374 NA NA NA NA
u2 -0.015 -24.733 -0.014 -12.297 -0.017 -27.701 -0.017 -34.675
u3 0.030*** 7.110 0.029**=* 3.687 -0.002 -0.131 -0.083 -2.264
U4 -0.008 -5.629 -0.015 -5.415 -0.012 -2.601 -0.008 -1.019
U5 0.073*** 6.573 -0.027 -7.279 -0.015 -13.844 -0.014 -11.199
U6 -0.020 -33.174 -0.022 -52.875 NA NA NA NA
u7 0.019* 1.952 0.096*** 9.019 0.058*** 9.982 -0.017 -15.221
us -0.001 -0.341 0.035*** 6.552 -0.005 -0.804 -0.008 -1.207
U9 0.106** 2.313 0.032 1.038 NA NA -0.022 -0.450
u10 -0.004 -5.622 -0.015 -11.549 -0.016 -12.730 -0.015 -22.775
U1l 0.259%** 20.279  0.123** 31.466  0.111*** 15.258 -0.017 -16.156
Uiz -0.015 -13.164 -0.014 -15.846 -0.021 -15.304 -0.035 -3.158
ui3 0.034**=* 3.411 0.061**=* 8.316 0.094**=* 5.662 0.083*** 6.503
ul4 -0.032 -22.436 -0.021 -33.123 -0.036 -16.175 -0.033 -2.149
ui5 -0.015 -8.266 -0.015 -8.765 -0.018 -35.684 -0.017 -30.582
uie6 0.243*** 20.575 0.019** 2.354 0.018* 1.753 0.004 0.333
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Observation range: Multiples of 500 units (5000, 500X +100)

BTC/USD ETH/USD LTC/USD
Difference t statistics Difference t statistics Difference t statistics

XRP/USD

Code ) .
Difference t statistics

PanelA Regulated exchanges

R1 0.203*** 15.193  0.271*** 15533  0.248*** 7.904 0.166*** 7.849
R2 0.195*** 16.758  0.290*** 18.503  0.206*** 9.965 0.137*** 5.893
R3 0.266*** 13.145  0.310*** 13.376  0.331*** 7.750 NA NA
PanelB Unregulated Tierl exchanges

UT1 0.354*** 25.223  0.391*** 35.160  0.393** 16.171 0.083*** 3.529
uT2 0.096*** 3.000 0.102*** 2.898 0.114 1.691 0.137*** 3.544
uT3 0.221*** 13.626  0.193*** 12.202  0.236*** 7.838 0.197*** 6.004
uT4 0.039*** 2.978 0.033*** 3.572 0.039** 2.086 0.035 1.602
uTs 0.257*** 24,010  0.147*** 19.769  0.198*** 10.850  0.059*** 3.018
uTeé -0.018 -2.342 0.024 0.889 0.069 0.960 -0.030 -1.427
uT7 0.185*** 5.603 0.171%** 4.938 NA NA 0.247%*= 5.746
uTs8 0.139*** 16.418  0.105*** 13.011  0.077*** 5.647 0.035** 2.012
uT9 0.163*** 6.312 0.159*** 7.099 0.239*** 4.518 0.096*** 2.768
UT10 -0.010 -2.025 -0.009 -6.041 -0.029 -3.679 -0.013 -7.457
PanelCUnregulated Tier2 exchanges

Ul -0.008 -45.062 -0.014 -2.571 NA NA NA NA
u2 -0.007 -18.615 -0.002 -0.596 -0.009 -10.838 -0.009 -12.036
u3 0.007 1.122 0.041** 2.366 -0.055 -1.133 -0.070 -0.843
U4 -0.005 -3.509 -0.001 -0.142 0.006 0.451 -0.001 -0.096
us -0.009 -3.261 -0.014 -4.028 -0.006 -3.890 -0.006 -8.531
u6 -0.014 -11.815 -0.012 -17.525 NA NA NA NA
u7 0.079** 2.078 0.246*** 15.485 0.018* 2.008 -0.009 -7.708
us 0.006 1.333 0.030*** 3.498 0.000 -0.022 0.003 0.415
U9 0.182** 2.880 0.070 1.154 NA NA 0.059 0.602
u10 -0.002 -6.491 -0.007 -16.342 NA NA NA NA
U1l 0.369*** 11.156  0.061*** 9.883 0.062*** 5.522 -0.008 -13.686
ui12 -0.001 -0.743 -0.008 -12.134 -0.012 -8.184 NA NA
uU13 0.150*** 5.935 0.098*** 6.720 0.054*** 2.845 0.155%** 6.923
ui4 -0.020 -11.980 -0.012 -13.575 -0.022 -9.611 0.001 0.120
u15 -0.004 -0.622 -0.001 -0.185 -0.009 -10.539 -0.008 -15.631
U16 0.219*** 8.589 0.080*** 4.489 0.051** 2.499 0.036 1.442
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Table4. Powerlaw Fitting

Table 4 presents theesults of powerlaw fitting on sampleexchangesRegulated exchanges atbose that are
certified and regulated bythe New York State Department of Financial Services. Urategulexchanges ar
categorized into unregulated Tidrand unregulated Tie2 exchanges based on website traffic rankrading history
data of four cryptocurrencieare tested for every exchange saqately, including BTC/USD, ETH/USD, LTCG/al®D
XRP/USDOrdinary Least Square (OLS) and Maximum Likelihood Estimation évi Bjpplied forthe estimation of
scaling parameter&g;s and@y;; , respectively’*We also check whether the estimated parameters waithin the

Pareta;Lévyrange (<| <2) and markadYe if both exponents liavithin the Pareta;Lévyrange

BTC/USD ETH/USD LTC/USD XRP/USD
Exchange Pareta; Pareta; Pareta; Pareta;
Code a@pis  @um Lévy dors @mn Lévy dors Gru Lévy @ors  @mm Lévy
(1s1<2) (1s1<2) (1s1<2) (19<2)

Panel A Regulated exchanges

R1 1.806 1.279 Y 1.696 1.374 Y 1.510 1.849 Y 1.748 1.338 Y
R2 1.763 1.191 Y 1.745 1.308 Y 1.857 1.309 Y 1.809 1.257 Y
R3 1.668 1.297 Y 1.762 1.425 Y 1.673 1.835 Y NA NA NA
Panel B Unregulated Tiet exchanges
uTl 1.669 1.209 Y 1.795 1.436 Y 1.836 1.411 Y 1.950 1.430 Y
uT2 1.911 1.671 Y 1.582 1.880 Y 1.807 1.497 Y 1.798 1.722 Y
uT3 1.680 1.277 Y 1.719 1.425 Y 1.815 1.397 Y 1.948 1.430 Y
UT4  0.620 0.663 N 0.785 0.790 N 0.692 0.879 N 0.552 0.803 N
uTs 1.750 1.089 Y 1.842 1.505 Y 1.871 1.447 Y 1.966 1.651 Y
UT6  3.325 1.656 N 3.014 1.609 N 4.563 5.865 N 5.976 5.579 N
uT7 1.406 0.905 N 1.494 1.358 Y NA NA NA 1.282 1.231 Y
uTs 1.680 0.949 N 1.675 1.020 Y 1.863 1.320 Y 1.812 1.212 Y
uT9 1.629 1.008 Y 1.615 1.816 Y 1.662 1.428 Y 1.804 1.470 Y
UT10 1.479 1.095 Y 1.841 1.417 Y 1.546 0.932 N 1.634 1.194 Y
Pand C Unregulated TieR exchanges
Ul 1.333 2.760 N 3.345 3.941 N NA NA NA NA NA NA
U2 5.197 7.155 N 10.428 7.076 N 1.739 2.046 N 2.194 1.469 N
u3 2.374 2.702 N 2.035 1.546 N 2.014 4.005 N 2.202 4.452 N
u4 4.546 2.724 N 4716 3.573 N 7.165 4.137 N 6.356 4.157 N
us 2.269 1.701 N 4.367 1.773 N 0.641 1.299 N 8.689 4.863 N
U6 1.760 1.638 Y 1.998 1.622 Y NA NA NA NA NA NA
u7 7.660 7.063 N 3.598 11.444 N 14.815 11.706 N 12.439 6.862 N
us 1.020 0.952 N 1.157 0.874 N 1.241 0.765 N 0.656 0.650 N
U9 1.370 3.770 N 1.520 3.087 N NA NA NA 1.486 6.373 N
u10 4.292 7.578 N 7.384 7.966 N 5.049 8.802 N 10.697 13.863 N
U1l 5.829 6.384 N 3.639 5.961 N 3.676 4.877 N 7.116 5.027 N
k) 2.854 1.728 N 1.926 1.880 Y 1572 1.26 Y 1.831 2.691 N
ui3 1.509 1.022 Y 1.669 1.191 Y 1.479 1.193 Y 1.434 1.180 Y
ul14 0.718 1.261 N 2.031 1.237 N 1.077 1.056 Y 6.551 10.524 N
uis 1.537 1.038 Y 1.618 1.117 Y 1.679 1.129 Y 1.548 1.001 Y
ui6 2.048 1.631 N 1.925 1.954 Y 2.173 2.430 N 2.175 2.074 N

43We apply the probability density function to estimate the scaling exponents 1+
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Table 5Spresents the multiple hypothesis analysis using F@hewmbired probability test forregulated and
unregulated exchanges. For each crypto exchargptocurrencypair, p-values ofthree sets of tests are used to
F-2dJor.trédgstze MLBIEiEg

Table5. Multiple Hypothesis Testing

compute combinedstatistic ., includingthe Chia |j dzZt NS R G Sad

and linear fit for power law In the global hypothesis testing, the null hypothesis, is that trade patterns of
crypto exchanges are consistent witiversal lavg or patterns in traditional financial market3.he null
hypothesisis rejected if. 2 is larger thanthe critical value12.592 In the table below, ldenotesthe null
hypothesisrejected and 0 otherwise.Panel A, PanelB, and PanelC show summative results in regulated
exchanges, Tiet unregulated and Tie2 unregulated exchanges, respectively. Regulated exchangeh@se

[} 63

that are certified and regulated bthe New York State Depaent of Financial Services. Unregulated exchanges

are categorized into unregulated Tigérand unregulated Tie2 exchanges based on website traffic rarfkor each

test, we report four cryptocurrency pairs, BTC, ETH, &TCCXRP.

Exchange BTC ETH LTC XRP
Code Combined 2 RejectHy Combined 2 RejectHy Combined 2 RejectH, Combined 2 RejectHo
Panel A Regulated exchanges
R1 0.009 0 0.009 0 0.229 0 1.509 0
R2 0.045 0 0.046 0 0.072 0 0.023 0
R3 0.078 0 0.000 0 0.016 0 NA NA
PanelB Unregulated Tiefl exchanges
uTl 0.034 0 0.144 0 0.199 0 0.880 0
uT2 0.031 0 0.048 0 0.398 0 0.001 0
uT3 16.000 1 0.285 0 0.568 0 16.000 1
uT4 16.562 1 17.209 1 16.919 1 17.083 1
UT5 0.511 0 0.065 0 0.002 0 0.124 0
UT6 21.047 1 16.803 1 17.274 1 18.803 1
uT7 3.106 0 0.220 0 NA NA 0.103 0
uT8 0.038 0 0.016 0 0.110 0 0.332 0
uT9 0.073 0 0.703 0 0.032 0 2.244 0
uUT10 16.651 1 16.602 1 16.603 1 16.602 1
Panel C Unregulated Ti& exchanges
Ul 16.602 1 32.603 1 NA NA NA NA
u2 38.000 1 35.539 1 17.059 1 32.772 1
U3 16.201 1 19.842 1 3.499 0 19.482 1
u4 32.606 1 32.635 1 20.420 1 17.610 1
U5 32.000 1 33.379 1 48.602 1 48.602 1
U6 16.602 1 16.677 1 NA NA NA NA
u7 16.275 1 21.046 1 32.000 1 35.137 1
us 16.871 1 16.000 1 17.349 1 33.881 1
U9 16.014 1 16.145 1 NA NA 16.961 1
ulo0 33.937 1 32.804 1 25.646 1 25.710 1
uUll 16.031 1 16.565 1 16.144 1 33.252 1
ul2 32.602 1 16.602 1 16.604 1 5.894 0
ul3 0.003 0 0.037 0 1.544 0 0.219 0
ul4 32.602 1 30.933 1 32.602 1 25.126 1
uls 16.626 1 16.602 1 16.602 1 16.627 1
ule6 16.010 1 0.009 0 16.041 1 16.401 1
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Table6. ChisquaredTest for TradesizeRoundnessof Unregulated Exchanges

Table6 LINS &Sy i a (KS NEhisgabrédéest anthe touhdindkh &f yir@glilated exchanges wit|
respect to the regulated exchang@s a benchmark Regulated exchanges are thotbet are certified and
regulated by the New York State Department of Financial Services. Unregulated exchanges are categol
unregulated Tiefl and unregulated Tie2 exchanges based on website traffic rgnkhown in Panel and
PanelB, respectively Trading history data of four cryptocurrencies are tested for every exchange sepal
including BTC/USD, ETH/USD, LTC/dfd XRP/USO.he leel of roundness is a parameter describing t
decimal or integer places tifie last nonzero digit.Testresults,y? statistics andp-values, revealthe difference
of distributions between regulated and unregulated exchangggs.**, and * denote the statistical significanct
levels at 1%, 5%and 10%, respectively.

BTC/USD ETH/USD LTC/USD XRP/USD
Exchange Cod 2 5 5 2
X p-value X p-value X p-value X p-value
PanelA Unregulated Tierl exchanges
UT1 9.545 0.145  15.013** 0.020 12.18**  0.032 11.993**  0.007
uT2 3.100 0.796 11.455* 0.075 9.222 0.101 13.387*** 0.004
uT3 92.104*** 0.000 8.086 0.232 5.616 0.345 51.094***  0.000
uT4 17.224%** 0.008 13.387**  0.037 7.547 0.183 11.393*** 0.010
uUTsS 115.48*** 0.000 11.01* 0.088 14.311* 0.014 9.5%* 0.023
uTeé 7.909 0.245 17.469***  0.008 24.886*** 0.000 16.603*** 0.001
uT7 182.435***  0.000 16.518**  0.011 NA NA  49.766***  0.000
uT8 4.384 0.625 15.649*  0.016 19.46**  0.002 12.18**  0.007
uT9 3.247 0.777 5.427 0.490 11.906** 0.036 14.268*** 0.003
UT10 1461.8*** 0.000 692.292** 0.000 21.797** 0.001 18.032*** 0.000
PanelB Unregulated Tiet2 exchanges
U1 18.774%** 0.005 32.402***  0.000 NA NA NA NA
U2 60.923*** 0.000 62.726** 0.000 28.101*** 0.000 19.651** 0.000
U3 828.828**  0.000  85.86*** 0.000 22.242*** (0.000 19.593***  0.000
U4 1670.819** 0.000 31.158**  (0.000 32.097*** 0.000 19.747** 0.000
us 1668.236*** 0.000 20.761**  0.002 27.753*** 0.000 19.109***  0.000
U6 1639.493** 0.000 24.944**  (0.000 NA NA NA NA
u7 9.569 0.144  15.481*  0.017 18.705*** 0.002 19.688** 0.000
us 740.835***  0.000 157.443** (0.000 86.741*** 0.000 18.59***  0.000
U9 15.455** 0.017 26.838***  0.000 NA NA  19.182**  0.000
u10 1719.65***  0.000 23.694**  0.001 32.242** (0.000 19.796** 0.000
U1l 439.322**  0.000 101.26***  0.000 14.106** 0.015 19.458***  0.000
u12 18.605*** 0.005 28.754***  0.000 22.785** (0.000 19.768** 0.000
uU13 26.08*** 0.000 130.687** 0.000 41.623*** 0.000 34.596*** 0.000
ui4 1310.242** 0.000 34.176***  0.000 30.144** 0.000 19.728***  0.000
uis 1546.727** 0.000 23.247**  (0.001 29.609*** 0.000 19.592***  0.000
U16 535.379*** 0.000 55.367*** 0.000 13.247** 0.021 15.288*** (.002
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Table7. Determining theFraction ofWash Traes

Table7 reportsthe pooled regression results die fraction of wash trading for unregulated exchang
The regression equation below specifies the relationship between round and unrounded/triaees.

III(VUHTOHHde-[I) =a+ B * ln(VRoundfg} + Y* Xi't + €t

whereln(Veouna;, ) andIn(Vy,roungea;,) are the logarithms ofround trade volume ancunrounded

trade volume, respectivelyor exchange at weekt. X;; is a vector oexchange characteristi@nde;;

is an error term.We categorize trading volume into round and unrounded ones by checking i
mantissa of aparticulartransaction volume is less than 100 base units or. Bachangecharacteristics
such as age, rank, CoinMarketCap web traffic percentage, and unique visitorsedeas control
variables ExchangéJ2 and U7 do not haveata ofcontrol variablesThe regression coefficientire used
as a benchmark to calculate the expected unrounded trading volume, then the fraction of wash t
for each unregulated exchangéractions of wash trading are estimated for each cryptocurrency of «
exchange (Panel B and C for unregulatdder 1 and 2exchangesrespectively and thenaggregated
amount (Panel Alsingequal and volumeweighted average A thousand bootstraped samplesare

used tocalculate the standard deviation of wash trading estinsatehich wereport in brackets

Panel A:Aggregated Wash Trading Percentage

Wash TraddPercentage
Without Control Variables

Equalweighted Volumeweighted

Wash TraddPercentage
With ControlVariables

Equalweighted Volumeweighted

Average Average Average Average
Unregulated 70.85 77.50 60.96 71.43
Unregulated Tied 53.41 61.86 46.95 63.62
Unregulated Tief 81.76 86.26 70.96 76.96

PanelB: Wash Trading Percentage for Unregulated FleExchanges

Exchange Coc  WashTradePercentage Wasdh TradePercentag
No Control With Control
uTl 51.76(1.28 46.4711.34)
uT2 51.73(1.69 18.91(2.34)
uT3 1.87(0.52 31.342.06)
uT4 92.60(0.66) 89.81(1.93)
uTS 44.87(2.08 57.771.69)
uUT6 74.36(1.30 52.966.67)
uT7 19.02(1.59 3.021.41)
uTs 66.12(1.52 72.752.02)
uT9 37.49(2.49 14.942.19)
uT10 94.31(0.59 81.494.20)
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PanelC Wash Trading Percentage for Unregulated T2EXchanges

Exchange Coc

Ul
u2
U3
u4
us
U6
u7
us
uo
u10
Uil
Uiz
ui3
ui4
uis
ui16

WashTradePercentage

No Control
99.99(0.00
99.36(0.13
72.72(2.4))
95.50(0.52
89.71(0.39
98.13(0.2))
82.00(3.68
77.09(2.17)
81.12(4.2])
98.45(0.09
34.32(6.57)
98.10(1.07)
65.42(2.12
96.80(1.10
94.36(0.48
25.04(4.49

WashTradePercentag:

With Control
99.930.01)
NA
72.622.18)
91.641.51)
72.482.55)
98.650.11)
NA
48.625.32)
64.993.85)
86.122.27)
33.635.75)
94.792.04)
61.71(2.21)
81.243.18)
68.645.38)
18.424.47)

Table8. Failure Rates of the Statistical Testadthe Fraction of Wash Trades

Table 8 presentsthe regression analysis dhe fraction of the estimatedwash tradeon the failure
percentage of statistical testhe gercentage of failed tests is calculated as the numbefadéd tests

over the total number ofésts across cryptocurreies, includingthe Chi-a lj dzt NB R
t-test for tradesize clustering, and tail exponents for the power I@Refer toOnline Appendix). t-

dSaid

T2 N

statisticsare reported in the brackets. ***, ** and * denote the statical significance levels at 1%, 5%

and 10%, respectively.

Fraction of wash tradeinunregulated exchange

Percentage of Failed Tes

Constant

Observations
Adjusted R

0.597*
(4.99)
0.412%
(4.54)

35.2%
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Table9. Price Impacts ofVash Traihg

Table9 presents the regression analysia the price impacts othe wash trading In Panel A, the dependent variab$gthe weekly returrs for every cryptocurrency on every exchange
Panel Bthe price deviationis calculated as th€log) differencebetweenthe close price of each unregulated exchange and averaged close prices of regulated exah#imgeame timeln
both panelsExchangeige is thetime spanfrom its establishmentto week tfor an exchangeCoirMarketCafrank is the rankdirectly obtained fromCoinMarketCap. Tiet Exchangés a
dummy variable which equals 1 if the exchange is unregulated1Téxchange, 0 otherwisdhe rumber of unique visitors refers to theumber of distinctvisitorsrecorded duringthe
sampk period, derived from SimilarWeb August to OctoBé1 9reports. All models are estimatedwith random effects based orthe Hausman testCurrency fixed effects are included in the
Model 2, 4, 6, 8, 10 and 12 of Panel A, and Model 24ofiPanel B t-statisticsare reported in the bracket$**, **, and * denote the statistical significance levels at 1%,,%d 10%,
respectively.

Panel A: Returns and Wash Trading

Weekly return

@) (@) 3) (4) (5) (6) () (8) (9) (10) (11) (12)
(log) wash trade volume 0.001***  0.001 0.003*** 0.002*** 0.024** (0.023*** 0.024*** 0.023***
(2.61) (1.33) (3.24) (3.12) (4.75) (4.68) (4.66) (4.61)
(log) wash trade volume -0.001*** -0.002*** -0.002*** -0.003*** -0.024*** -0.024*** -0.024*** -0.024***
(-2.95) (-4.80) (-3.33) (4.42) (4.83) (-4.83) (-4.69) (-4.70)
Exchange Age 0.000  0.000* 0.000 0.000 0.000 0.000
(1.18) (1.80) (0.34) (0.78) (0.65) (1.60)
CMC rank -0.002 -0.004 0.004 0.003 0.000 -0.002
(-0.33) (-0.91) (2.10) (1.12) (0.01) (-0.87)
Tier1 Exchange -0.000  0.000 -0.001 -0.001 -0.000  0.000
(-0.28)  (0.22) (-1.14) (-1.26) (-0.25)  (0.68)
(log) Number of Unique Visitors 0.000*** 0.000*** -0.000 -0.000** 0.000 0.000
(2.96) (3.43) (-1.33) (-2.19) (1.12) (1.19)
Constant -0.049** -0.027*** -0.083*** -0.073*** 0.010 0.030*** 0.036** 0.065*** -0.008 0.010 -0.017 -0.004

(-5.15) (-3.11) (-3.40) (-3.69) (1.28) (3.49) (2.16) (3.42) (-1.14) (1.46) (-0.99) (-0.31)

Currency Fixed Effects N Y N Y N Y N Y N Y N Y
Observation 1416 1416 1328 1328 1326 1326 1246 1246 1305 1305 1225 1225
Overall R 0.1% 1.0% 0.4% 1.3% 0.1% 1.1% 0.2% 1.2% 3.1% 4.0% 3.3% 4.1%
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Panel B: Price Deviations and Wash Trading

PriceDeviatiof -
PriceDeilation; PriceDeviation
(1) 2 (3) 4)
(log) wash trade volume 0.047**  0.041***  -0.049**  -0.052***
(3.46) (2.75) (-4.18) (-3.51)
Exchange Age 0.000 0.000* -0.000 -0.000
(1.52) (1.81) (-0.41) (-0.46)
CMC rank 0.005*** 0.013 -0.003*** -0.092
(4.26) (0.16) (-3.28) (-0.82)
Tier1l Exchange 0.029 -0.018 -0.097 0.020
(0.33) (-1.04) (-0.89) (0.97)
(log) Number of Unique Visitors -0.021 0.005*** 0.021 -0.003***
(-1.08) (3.92) (1.04) (-2.99)
Constant -1.172%  -1.032**  1.137%%* 1.208***
(-3.14) (-2.53) (-3.15) (2.65)
Currency fixed effect N Y N Y
Observation 1328 1328 1246 1246
Overall R2 0.7% 1.1% 0.4% 0.4%
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Tablel0. Wash Traihg and Exchange Characteristics

Table 10 reports the crosssectionalregression analysifor the relationshipbetween the fraction of overall wash tradng volume for an
exchangeand its characteristicExchangeageis the spanbetweenthe establishmentdate and July 2019, the start of our sample period. The
remainingindicators are derived from SimilarWeb August to OctoP@t9 reports. The rumber of unique visitors refers to th@aumber of
distinctvisitorsrecorded duringhe sampling period. Top 5 traffics from lower GE@Runtries refes tothe number of trdfic countriesranked

at the bottom 15countriesbased on GDP. Top 5 traffics from worst finance access coudémeges he number of traffic countries ranked at
the bottom 15 countriesbased on financial access. GDP and financial accessaudatdtained from the World Bank DataBank. The rank of
countries is based on the average value of GDP and financial accesthreeeyearsfrom 2016 to 2018t-statisticsare reported in the
brackets***, ** and * denote the statistical significance levels at 184 and 10%, respectively.

Unregulated exchange

Fraction of wash trade
raction of wash tra Model 1 Model 2 Model 3

Exchangé\ge -0.659*** -0.678***
(-2.99) (-3.09)

Number of Unique Visitors -0.099** -0.091***
(-2.12) (-3.70)
Top 5 Traffics from Lower3® Countries 3.158
(0.65)
Top 5 Traffics from Wet Financial Access Countries 4.984
(0.92)

Constant 94.420**  72.995%*  87.160***
(11.55) (11.69) (8.12)

Observations 26 26 26

Adjusted R 28.4% 1.0% 30.1%

Tabk 11. Influence ofReturns and Volatility on Wash Trading/olumes

Table1l presents thepanelregressionresultsfor the impactof weekly cryptocurrency retusiand volatilityon wash trading
volumesof unregulatedexchangesThe weekly returrs and volatilityare calculatedbased onthe third-party composite price
indexes from CoinMarketCagCMC) CMCVolatility-1 is the standard deviation afaily returrs during weekt-1. Randomeffect
modek with robust erros are usedin all regessions.t-statisticsare reported in the brackets. ***, ** and * denote the
statistical significance levels at 1%,,%%d 10%, respectively.

(log)WashTrade Volume Q) (2) 3) (4) (5) (6) (7)
WeeklyCMCReturn.1 1.258*** 1.444*** 1.415%**
(7.14) (7.68) (7.16)
WeeklyCMCReturn.» 0.318** 0.627*** 0.350**
(2.09) (3.95) (2.22)
CMCVolatilityt1 -5.717%** -5.636%** -4,116***
(-6.06) (-6.03) (-4.35)
CMCVolatility:.» -2.297* -2.070%* -3.547***

(2.18) (-2.00) (-3.15)

(log) WashTrade Volume; 0.887+* 0.882% 0.886*** 0.885** 0.882% 0.884*** 0.885%
(48.67) (47.61) (47.93) (50.07) (47.86) (49.38) (48.56)

Constant 2.304%% 2 386+ 2 352%%% D 5AZkHK D ABQRRK D G3D%kk D G] gk
(6.62) (6.71) (6.64) (7.21) (6.80) (7.19) (7.10)

Observation 1305 1305 1305 1305 1305 1305 1305
OverallR 92.9% 92.7% 93.0% 92.9% 92.8% 93.0% 93.2%
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Figurel. Firstsignificantdigit Distribution and Benford®@ Law

Figure 1 diplays thefirst-significantdigit distributions and comparisonwith Benford? law. R2 UT6; U8, U9 and Ul4are five exchanges selected from regulated exchanges,-Ti
unregulated and TieR unregulated exchanges, respectively. Regulated exchanges ase tthat are certified and regulated by the New York State Department of Financial Ser
Unregulated exchanges are categorized into unregulatedITard unregulated Tie2 exchanges based on website traffic rarfBistributions of four trading pairare reportedin bar charts
including BTC/USD, ETH/USD, LTC/&/8DXRP/USBlack dotsrepresent distributions derived from Benfdadlaw.
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Panel U: Unregulated Tie2 Exchanges
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Figure2. TradesizeQustering

Figure2 depicts the clustering effect in tradgze distributionshistogramson exchanges R2, UT63,U)9, and U14Pané R, Panel UT
and Panel Uefer toregulated exchanges, Ti#runregulatedand Tier2 unregulated exchanges, respectively. Regulated exchange
thosethat are certified and regulated by the New York State Department of Financial Services. Unregutdiadges are categorize
into unregulated Tied and unregulated Tie2 exchanges based on website traffic rankour trading pairs, including BTC/US
ETH/USD, LTC/USind XRP/USDare reported for each exchange septely. Two sets of observation rapg are applied for eact
trading pair 0-1BTC, @0BTC 0-10 ETH,0-100ETH, @.00LTC 0-1000LTC, A0000KRP and 3100000XPR In eachhistogram we

highlight every 5th and 10th bin to illustrate the clustering effect around round trade.sizes
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