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Crypto,	Demystified:		Valuation,	Restructuring,	Regulation	and	Corporate	Integrity
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Regulation	Failure	–How	Did	We	Get	Here?
Timothy	Massad,	Harvard	Kennedy	School		and		former	Chairman,		Commodities	Futures	Trading	Commission

• Crypto	Regulation	

• Howey	Test

• Post	FTX	and	SVB:	Enforcement	Step-up
• Increasing	Use	of	Stablecoins

Timothy	Massad	 Regulation	Failure	–How	Did	We	Get	Here?
Amin	Shams, Market	Manipulation,	Sources	&	Data
John	D’Amico	 Selected	Market	Observations
Cesare	Fracassi Markets	&	Valuation	Models
Douglas	Spelfogel Prominent	Cases	:	Risk	Management	Failures	–

Where	do	we	go	from	here?
Steve	Abramowitz Crypto	Valuation	Issues	in	Bankruptcy
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• Securities	and	Exchange	Commission	(SEC)
• Commodity	Futures	Trading	Commission	(CFTC)
• Financial	Crimes	Enforcement	Network	(FinCEN)
• Bank	Regulators	(OCC,	FDIC)
• Federal	Reserve	Board
• State	Regulation

Crypto regulation is divided among 
several authorities

A Map of U.S. Financial Regulation in 2022

Barr,	Jackson	&	Tahyar,	Financial	
Regulation:		Law	and	Policy
©2016	Foundation	Press
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What’s a Florida orange grove got to do with it?

• SEC	has	jurisdiction	only	over	crypto-assets	that	are	
securities

• The	most	widely	traded	crypto-assets	– like	bitcoin	–
are	not	securities

• But	what	about	the	rest?

The limits of SEC jurisdiction
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• Jurisdiction	over	derivatives using	
cryptocurrencies

• But	authority	over	the	spot	(or	cash)	market	is	
very	limited

• Fraud	and	manipulation	claims
• Retail	leveraged	transactions

The limits of CFTC jurisdiction

• Howey	test	four	elements:
• Investment	of	money
• In	a	common	enterprise
• Expectation	of	profits
• From	the	managerial	efforts	of	others

• So	which	crypto-assets	are	securities?

The limits of SEC jurisdiction
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Neither	the	SEC	nor	CFTC	regulate	the	distribution	of	a	
crypto-asset	that	is	not	a	security	or	the	trading	of	such	
assets	in	the	cash	market…

…which	is	most	of	the	trading	today	–
[i.e.,	Bitcoin,	Ethereum,	Litecoin]

Mind the gap!
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• Recent	failures	of	crypto	firms	reveal	disregard	for	laws	
and	basic	standards

• SEC	and	CFTC	have	brought	new	enforcement	actions
• Bank	regulators	are	limiting	crypto	connections	to	banks
• Crypto	enthusiasts	complain	about		"regulation	by	

enforcement"	and	"Operation	Chokepoint	2.0”
• Divided	Congress	reduces	likelihood	of	legislation

Post FTX and SVB: Enforcement Step-up

• Lack	of	protection	for	customer	assets
• Fraud	and	manipulation	risk
• Lack	of	investor	disclosure
• Conflicts	of	interest	– platforms	could	trade	against	you
• No	ban	on	wash	trading	– can	inflate	price	+	volume
• No	risk	management	requirements
• Weak	governance	standards

Crypto trading and lending platforms: 
mostly unregulated
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• A	digital	token	whose	value	is	tied	or	pegged	to	an	
underlying	asset,	like	the	US	dollar

• The	peg	is	maintained	in	various	ways:
• Is	there	collateral	equal	to	the	tokens?
• Algorithmic?

What is a Stablecoin?

Can state laws from the telegraph era fill the gap?
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• Achieves	instant	settlement	of	crypto	transactions	–
it’s	“on-chain	cash”

• Facilitates	arbitrage	and	moving	value	among	
exchanges	and	tokens

• Has	powered	DeFi
• Tax	or	regulatory	avoidance?	Illicit	activity?
• But	could	they	have	broader	use??

Why has use of stablecoins grown?

Source:	https://www.theblockcrypto.com/data/decentralized-finance/stablecoins/total-stablecoin-supply
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Market	Manipulation,	Sources	&	Data
Amin	Shams,	Ohio	State	University

• Prudential/Issuer	risks:
• Run	risks	due	to	insufficient	or	illiquid	reserves
• Contagion/interconnectedness	risks	from	a	run

• Blockchain	risks:
• No	identity	verification	except	at	on/off	ramps
• Cybersecurity	and	resilience	risks?
• Governance	risks?

• Default/failure
• No	dedicated	resolution	regime/normal	BK	applies

Stablecoin risks
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Total cryptocurrency value received by illicit addresses

Source: Chainalysis, “The 2022 Crypto Crime Report”

Crypto Exchanges

• Misappropriation of 
coins

• Fake volume

• Insolvency 
(insufficient reserves)

Token Manipulation

• Unbacked 
stablecoins

• Token pump & dump

• Wash trading

• Fake / illegal ICOs

Illegal Payments

• Money Laundering

• Terrorism funding

• Paying for 
ransomware, sex, 
drugs, child abuse, 
etc.

Potential Illicit Activities in the Crypto Market
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Types	of	Stablecoins	(cryptocurrencies	
pegged	to	fiat	currencies):

Stablecoins

• Tether, USDCFiat-backed

• DAICrypto-backed

• USTAlgorithmic

Crucial	differences	with	other	cryptocurrencies:
1. Tether	is	not	completely	“Decentralized”	and	can	

be	printed	at	will.
2. Tether	is	not	“Trustless.”
3. Most	crypto	transactions	are	denominated	in	

Tether.
Tether	volume	>>	BTC	and	ETH	volume

Role	of	Tether	Limited	is	similar	to	that	of	a	central	bank	
in	the	crypto	world.

Why	Do	We	Care	about	Stablecoins	/	Tether?

Blockchain:	

Recorded	Transactions:	

How do we observe these transactions?
Block 0

Data

Block 1
Pointer to Block 0

Data

Block 2
Pointer to Block 1

Data

Block 3
Pointer to Block 2

Data

Block 4
Pointer to Block 3

Data
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Tether Blockchain - Sample Transactions

1.	Does	Tether	affect	cryptocurrency	prices?

2.	Is	Tether	‘Pushed’	or	‘Pulled’?
• Pulled:	Tether	is	printed	in	response	to	investors	who	own	fiat	currency.
• Pushed:	Tether	is	printed	regardless	of	the	demand			->		Inflation

Two Main Questions
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10-Minute	Random	Sample	of	
Transactions	on	the	Bitcoin	

Blockchain

Bitcoin Blockchain Is Much More Complicated

Flow of Tether Between Major Players

Griffin and Shams (2020)
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Tether and Bitcoin Flows

We	use	algorithm	from	
computer	science	to	cluster	

related	wallets.

For	example,	the	node	Bitfinex	
represents	a	cluster	of	640	
thousand	wallet	addresses.

Flow of Bitcoin Between Major Players
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Bitcoin Prices Go Up Over the Next Hours

Tether Is Sent to Exchanges Right after Bitcoin Goes Down
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Top Accounts Associated with the Flows

Bitcoin Prices without the High-Flow Hours
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Selected	Market	Observations

John	D’Amico,	Miller	Buckfire

The	digital	asset	industry	is	facing	macro	headwinds	as	it	continues	to	consolidate	and	mature	

§ Bitcoin	pricing	has	

modestly	recovered	

as	industry	continues	

to	trade	off	from	

previous	levels

§ Fallout	from	recent	

Chapter	11s	and	

regulatory	

developments	

continue	to	have	

knock	on	effects	in	

the	industry

Industry	Uncertainty	
Given	Recent	Events		

Regulatory	Headwinds	
and	Increased	

Regulatory	Focus	

Industry	
Consolidation

Institutional	Adoption	
Continues

Investor	Interest	
Remains	Strong

§ Consolidation	

continues	to	

accelerate	

§ Industry	has	been	

fragmented	and	

synergies	will	

become	an	

opportunity	to	

scale	quickly	

§ Increased	regulatory	

scrutiny	as	various	

regulators	continue	to	

apply	pressure	on	the	

sector	and	its	

participants	

§ Given	the	lack	of	

regulatory	clarity	and	

increased	scrutiny	in	

the	U.S.,	companies	are	

evaluating	the	path	

forward	

§ Institutions	continue	

drive	adoption	despite	

industry	challenges	

— Nasdaq	announced	

plans	to	offer	crypto	

custody	solutions

— Fidelity	launched	its	

crypto	trading	

services

§ Total	capital	under	

management	from	

the	top	300	global	

crypto	VCs	is	

US$83.9B

§ Despite	the	bearish	

price	action	of	2022	

for	digital	assets,	

there	was	over	

US$26.2B	of	new	

capital	invested	into	

crypto	companies	

by	VCs

Bitcoin	returns
• 1%	of	time-series	are	associated	with	58.8%	of	Bitcoin	returns	over	the	sample	period
• 64.5%	of	other	leading	cryptocurrencies’	returns

Pushed	vs.	Pulled
• Incomplete	reserves
• Protecting	prices	around	round-number	thresholds
• Demand-based	proxies	provide	little	evidence	to	explain	flows

Cryptocurrencies	may	not	yet	be	the	transparent	and	decentralized	trading	vehicle	that	many	had	hoped	for.

Further Analysis
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Crypto	Volatility,	Correlation,	and	Beta	

Markets	&	Valuation	Models
Cesare	Fracassi	–University	of	Texas	at	Austin

• Crypto	Volatility,	Correlation,	and	Beta	
• The	Intrinsic	Value	of	Crypto	Tokens
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Crypto	Volatility,	Correlation,	and	Beta	

Crypto	Volatility,	Correlation,	and	Beta	
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Crypto	Volatility,	Correlation,	and	Beta	

Crypto	Volatility,	Correlation,	and	Beta	
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The	Intrinsic	Value	of	Crypto

Summary	of	Findings
• Crypto	is	volatile
• Cryptos	are	as	volatile	as	natural	gas	and	high	tech	stocks
• Large	cap	cryptos	are	less	colatile,	and	more	correlated	with	

the	S&P	500	than	small	cap	cryptos
• Crypto	has	been	highly	positively	correlated	with	the	market	

over	the	last	three	years
• Crypto	is	correlated	with	the	S&P	500	as	tech	stocks
• Crypto’s	overall	systemic	risk	(Beta)	is	similar	to	tech	stocks
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The	Intrinsic	Value	of	Crypto

The	Intrinsic	Value	of	Crypto
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Summary	of	Findings
• Crypto	tokens	have	cash	flow	rights
• Crypto	tokens	have	valuation	ratios	consistent	with	ones	
observed	in	the	stock	market

• Reasonable	assumptions	about	growth	rate	lead	to	DCF	
values	that	are	consistent	with	current	valuations

The	Intrinsic	Value	of	Crypto
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• Operated	largely	without	a	board	of	directors	(U.S.	entity	had	a	board	of	directors,	but	
this	was	only	announced	in	early	2022)

• Board	would	have	looked	out	for	shareholders’	interests	and	created	checks	&	balances	to	risky	
investments	and	improper	activity	(FTX	lent	out	customer	funds	to	Alameda	Research)

• Other	alleged	activity:	inaccurate	bookkeeping,	inaccurate	registering	of	assets,	luxury	purchases	
made	by	employees	with	corporate	funds

• FTX’s	VC	investors	often	rushed	due	diligence	process	due	to	fast-moving	pace	of	
crypto	deals

• Better	governance	structures	would	have	slowed	down	this	process	and	added	more	
transparency	for	investors	as	to	the	risks	of	crypto	investment

Failures in Corporate Oversight: FTX

Prominent	Cases
Douglas	Spelfogel	–Mayer	Brown

• FTX:	Multibillion-dollar	crypto	exchange	founded	by	Sam	Bankman-Fried	(SBF),	
filed	for	bankruptcy	on	November	11,	2022.

• BlockFi:	Crypto	lender	that	filed	for	bankruptcy	in	November	2022,	citing	substantial	exposure	to	
FTX.

• Voyager	Digital:	Crypto	lender	filed	bankruptcy	on	July	6,	2022	after	its	borrower,		
Three	Arrows	Capital,	defaulted	on	its	crypto	loan.	

• Three	Arrows	Capital:	Crypto	hedge	fund,	managing	approximately	$10	billion	in	
assets	as	of	March	2022	commenced	insolvency	proceedings	on	July	1,	2022.

• Celsius	Network:		On	June	12,	2022,	Celsius	froze	customer	withdrawals.	A	month	
later,	on	July	13,	2022,	Celsius	filed	for	bankruptcy,	revealing	that	its	liabilities	
exceeded	its	assets	by	more	than	one	billion	dollars.
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• Crypto	lender	filed	its	reorganization	plan	on	July	6	after	its	borrower,		Three	Arrows	
Capital,	defaulted	on	its	crypto	loan.	

• U.S.	Attorney’s	Office	of	SDNY	and	U.S.	Trustee	have	appealed	the	court’s	approval	for	
Voyager	to	sell	its	assets	and	transfer	its	customers	to	Binance.US.

• Sought	to	honor	withdrawals	from	“for	the	benefit	of,”	or	FBO,	accounts	that	the	
debtors	say	belong	to	customers,	resume	“staking”	cryptocurrencies	on	behalf	of	
customers	and	to	sweep	cryptocurrency	from	negative	cash	balance	accounts.

• Class	action	accused	Mark	Cuban,	Dallas	Mavericks	owner,	the	Dallas	Mavericks	and	
Stephen	Ehrlich,	former	CEO,	for	using	their	influence	to	misrepresent	the	brokerage	
and	making	dubious	claims	to	lure	in	investors	and	eventually	defrauding	them.

Voyager Digital

• Capital	structure:	approximately	$275	million	in	outstanding	loans	under	a	$400	million	
unsecured	loan	agreement	FTX	US

• Alleged	poor	oversight:	BlockFi’s	financial	advisor	claims	its	board	of	directors	“immediately	
took	action	to	protect	the	clients	and	the	Company”	following	FTX	collapse,	but	BlockFi	
allegedly	failed	to	investigate	borrowers’	assets,	and	employees	claim	they	were	discouraged	
from	describing	investment	risks

• Sanctions:	prior	to	BlockFi	bankruptcy,	California’s	Department	of	Financial	Protection	and	
Innovation	suspended	BlockFi’s	license	to	make	and	broker	loans	for	30	days

• BlockFi	had	already	settled	charges	with	the	SEC	for	$50	million	(plus	an	additional	$50	
million	fine	paid	to	state	regulators)	for	failing	to	register	its	crypto	lending	product	and	
making	"a	false	and	misleading	statement	for	more	than	two	years	on	its	website	concerning	
the	level	of	risk	in	its	portfolio	and	lending	activity."

BlockFi
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• There	was	an	estimate	of	7,000	unrecorded	transactions	between	Celsius	Network	
LLC	against	Celsius	Network	Limited	in	the	three	months	leading	up	to	the	
bankruptcy.

• The	bankruptcy	court	ruled	that	customer	digital	assets	are	property	of	the	estate.
• Alex	Mashinsky,	founder	and	former	CEO	sued	for	“engag[ing]	in	a	scheme	to	defraud	

hundreds	of	thousands	of	investors”	by	offering	minimal	risk	loan	products	with	
promising	yields	of	up	to	17%.

• Additional	charges	include	scheme	to	defraud	(through	misrepresentation	and	
omission),	repeated	fraudulent	or	illegal	acts	or	persistent	fraud	or	illegality	in	the	
carrying	on	a	business,	failing	to	register	as	a	securities	dealer	and	salesperson	and	
as	a	commodities	broker-dealer	and	commodities	salesperson.

Celsius Network

• On	June	27,	2022,	Voyager	announced	TAC	defaulted	on	its	loan	by	failing	to	make	

payments	on	its	previously	disclosed	loan	of	$15,250	BTC	and	$350	million	USDC.

• TAC	filed	for	bankruptcy	on	July	1,	2022,	in	the	British	Virgin	Islands	and	then	filed	a	

chapter	15	petition	in	New	York.

• Downfall	was	caused	by	the	collapse	of	cryptocurrencies	Luna	and	TerraUSD	in	May.

• The	CFTC	and	SEC	are	looking	into	whether	3AC	misled	investors	about	how	strong	

its	balance	sheet	was.

Three Arrows Capital (TAC)
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• Lack	of	regulation,	oversight,	and	capital	requirements	found	in	other	financial	sectors	significantly	
increases	the	threat	of	unchecked	mismanagement	and/or	fraud.		

• After	wave	of	crypto-related	company	failures,	expect	heightened	regulatory	scrutiny	and	oversight
• Crypto-related	entities	likely	to	take	steps	to	reassure	investor	and	creditor	confidence	

• Investors	will	appreciate	transparency,	especially	after	FTX
• Appearance	of	corporate	formalities	not	enough:	must	rigorously	follow	duties	of	care	and	loyalty
• Beware	of	complex	organizational	structure

• FTX	had	over	100	interlocking	companies	organized	in	multiple	countries,	many	of	
which	were	unaudited

• Integrate	digital	asset	strategy	into	existing	compliance	programs
• Firms	should	establish	an	ongoing	dialogue	with	regulators,	including	the	SEC’s	FinHub	and	the	

OCC’s	Office	of	Innovation,	to	discuss	evolving	digital	asset	services/offerings	prior	to	launch

Takeaways

• Appoint	independent	directors
• Revise	governance	documents	(corporate	governance	principles,	board	committee	

charters,	etc.)	to	clarify	oversight	responsibilities	of	each	corporate	body/committee	
• Some	companies	may	choose	to	form	a	standalone	environmental,	social,	and	governance	(ESG)	

committee
• Implement	systems	to	ensure	that	financial	reporting	requirements	are	met
• Sustainability	disclosures	also	important:	97%	of	investors	want	sustainability	

disclosures	audited

Corporate Oversight – Best Practices Generally
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• Although	crypto	is	valued	in	U.S.	dollars,	holders	have	an	interest	in	holding	and	recovering	
crypto—not	its	U.S.	dollar	equivalent.

• This	creates	an	issue	as	to	how	to	value	or	consider	crypto	claims	in	bankruptcy.	
• For	example:	a	creditor	with	a	1	BTC	claim	does	not	want	to	recover	the	value	of	the	BTC	on	any	given	day,	

but	rather	the	BTC	itself.
• In	bankruptcy,	the	general	rule	is	that	all	claims	are	valued	in	U.S.	dollars	as	of	the	date	of	the	

bankruptcy	filing.
• Given	the	volatility	of	crypto	and	the	amount	of	time	a	bankruptcy	case	takes	from	filing	to	

completion,	if	crypto	claims	are	valued	as	of	the	petition	date,	customers	could	recover	
considerably	less	crypto	than	they	are	owed	(or	can	receive	more)
• Ex:	a	creditor	with	a	1	BTC	claim.	On	the	petition	date,	1	BTC	is	valued	at	$20,000.	On	the	distribution	date,	

1	BTC	is	valued	at	$40,000.	If	distributions	are	paid	in	kind,	the	creditor	will	receive	.5	BTC.
• However,	if	on	the	distribution	date,	1	BTC	is	valued	at	$10,000,	the	creditor	will	receive	2	BTC.

Valuation of Creditor Crypto

Crypto	Valuation	Issues	in	Bankruptcy
Steven	Abramowitz	–Vinson	&	Elkins

• Valuing	Claims
• Valuing	Assets
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E. Group	asserted	that	based	on	various	factors,	the	Debtors	were	not	hopelessly	insolvent	and	appointment	
of	committee	was	warranted	to	protect	interest	holders.

• Noted	that	latest	public	filings	showed	excess	of	assets	over	liability.	Bitcoin	had	increased	in	value	from	
$16,000	at	time	of	filing	to	over	$23,000	five	weeks	later	and	were	likely	generating	$1	million	per	day	
in	mining	revenue.

• “it	is	clear	that,	except	for	the	short	period	between	mid-Nov.	2022	and	early	Jan.	2023,	pricing	between	
Dec.	2020	and	the	present	has	consistently	been	between	$19,000	and	$63,000.	The	RSA	.	.	.	was	
executed	at	the	lowest	point	in	nearly	three	years”

• Examined	comparables	for	enterprise	values	of	other	publicly	traded	digital	asset	mining	companies	
with	respect	to:	Hash	rate	(essentially,	measure	of	computational	power	expended	in	verifying	
blockchains),	revenue,	and	EBITDA.

• Based	on	comparables	for	HIVE	and	RIOT,	committee	asserted	possible	enterprise	values	of	between	
$1.4-$2.1	billion.

Case Study – Core Scientific

A. Core	Scientific	owned	or	leased	approximately	150,000	pieces	of	equipment	for	the	mining	of	
digital	assets	at	purpose-built	facilities.	
• Debt	consisted	of	$552	mm	of	secured	convertible	notes,	$273	million	of	miner	equipment	financing	

(secured	by	91,000	miners)	and	$42	mm	of	bridge	obligations.
B. Debtor	filed	for	chapter	11	on	December	21,	2021

• At	time	of	filing,	bitcoin,	the	primary	mining	product	traded	at	about	$16,800	per	coin.
C. Shortly	after	commencement,	Company	entered	into	restructuring	support	agreement	with	more	

than	70%	of	its	convertible	noteholders.
D. By	Mid-January,	Ad	Hoc	Committee	of	Equity	Holders	sought	appointment	of	Committee,	and	

when	US	Trustee	denied	request,	group	filed	motion	on	February	2	seeking	appointment	of	
official	committee	of	equity	holders.

Case Study – Core Scientific
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Valuation
• The overarching value in a crypto company is in its customers—including their loyalty, information

collected and personal information used to sign onto the platform, and the funds maintained in their
accounts.

• However, in a sale scenario, the quantum of economic benefit received from acquiring customers is
unknown at the time a deal is initiated or signed.
• For example, it is difficult to predict how many customers will stay on the platform (or migrate, in

sale scenario), how active the customers will be in future trading, etc.
Running a “Crypto Auction”
• Auctions for crypto companies present unique challenges

• Varying structure of bids, diversity among bidders, and execution risk can complicate bid
evaluation.

• Potential for several successive auctions due to varying interest in acquiring different pieces of the
business.

Valuing Crypto Exchanges

F. Group	acknowledged	that	valuation	was	complex,	but	that	preliminary	valuation	metrics,	
suggested	the	need	for	adequate	representation	of	shareholders.

G. Result:	Debtors	ultimately	agreed	to	the	formation	of	an	official	committee,	although	subject	to	
strict	fee	cap	of	$4.75	mm	and	their	scope	of	work	limited	to	valuation	and	plan	negotiation.
• Convertible	Noteholders	initially	objected	to	this	resolution,	challenging	issue	of	solvency,	

and	arguing	that	equity	only	argued	upside	potential	and	not	downside	risks	which	would,	
in	Noteholders’	view,	only	jeopardize	their	recovery.

H. Aside:		Within	six	weeks	of	Petition	Date,	the	price	of	bit	coin	increased	nearly	40%,	creating	a	
dynamic	that	allowed	for	competing	DIP	proposals	and	termination	of	original	RSA.

Case Study – Core Scientific
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ABSTRACT

This paper investigates whether Tether, a digital currency pegged to the U.S. dollar,
influenced Bitcoin and other cryptocurrency prices during the 2017 boom. Using al-
gorithms to analyze blockchain data, we find that purchases with Tether are timed
following market downturns and result in sizable increases in Bitcoin prices. The flow
is attributable to one entity, clusters below round prices, induces asymmetric auto-
correlations in Bitcoin, and suggests insufficient Tether reserves before month-ends.
Rather than demand from cash investors, these patterns are most consistent with the
supply-based hypothesis of unbacked digital money inflating cryptocurrency prices.

INNOVATION, EXCESSIVE SPECULATION, AND DUBIOUS behavior are often closely
linked. Periods of extreme price increases followed by implosion, commonly
known as “bubbles,” are often associated with legitimate inventions, technolo-
gies, or opportunities. However, they can be carried to excess. In particu-
lar, financial bubbles often coincide with the belief that a rapid gain can be
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obtained from simply selling an asset to another speculator.1 Perhaps because
of the focus on speculative activity rather than verifiable fundamentals, bub-
bles have historically been associated with various forms of misinformation and
fraud. For example, in the Mississippi Bubble of 1719 to 1720, promoters en-
gaged in false marketing about the potential of income-generating assets, price
support by the stock itself, and distribution of paper money that was not fully
backed by gold as claimed (Dale (2004), Kindleberger and Aliber (2011)). As
we briefly discuss in Section I, an abundance of evidence suggests that famous
bubbles such as the 1840s Railroad bubble, the roaring 1920s stock market
boom, the dot-com bubble, and the 2008 financial crisis all involved misin-
formation, false accounting, price manipulation, collusion, and fraud, often in
sophisticated forms.

Cryptocurrencies grew from nearly nothing to over $300 billion in market
capitalization in only a few years and fit the characterization of bubbles quite
well–extreme speculation surrounding an innovative technology. To many, Bit-
coin and other cryptocurrencies offer the promise of an anonymous, decen-
tralized financial system free from banks and government intervention. The
conception of Bitcoin corresponds to the 2008 to 2009 financial crisis, a time
of growing disdain for government intervention and distrust of major banks.
The promise of a decentralized ledger with independently verifiable transac-
tions has enormous appeal,2 especially in an age when centralized clearing is
subject to concerns about both external hacking and internal manipulation.3

Ironically, new large entities have gained centralized control over the vast ma-
jority of operations in the cryptocurrency world, such as centralized exchanges
that handle the majority of transactions and stable coin issuers that can con-
trol the supply of money like a central bank. These centralized entities operate
largely outside the purview of financial regulators and offer varying levels
of limited transparency. Additionally, operating based on digital stable coins
rather than fiat currency further relaxes the need for these entities to estab-
lish a legitimate fiat banking relationship.4 Trading on unregulated exchanges,
specifically on cross-digital-currency exchanges, could leave cryptocurrencies
vulnerable to gaming and manipulation.

In this study, we examine the role of the largest stable coin, Tether, on Bit-
coin and other cryptocurrency prices. Tether, which accounts for more Bitcoin
transaction volume than the U.S. dollar (USD), is purportedly backed by USD

1 For example, in the bubble model of Scheinkman and Xiong (2003), investors purchase assets
not because of their belief in the underlying cash flows, but because they can sell the asset to
another individual with a higher valuation.

2 The appeal, underlying value, and mechanics of cryptocurrencies and decentralized ledgers
have been described in recent descriptive and theoretical work (Yermack (2017), Sockin and Xiong
(2018), Cong, He, and Li (2019), Cong, Li, and Wang (2019)).

3 Recent examples of apparently manipulated markets include LIBOR (Mollenkamp and White-
house (2008)), FX manipulation (Vaughan and Finch (2013)), gold (Denina and Harvey (2004)),
and the VIX index (Griffin and Shams (2018)). Kumar and Seppi (1992) and Spatt (2014) discuss
conditions that may facilitate manipulation.

4 By May 20, 2018, over 1,600 cryptocurrencies and digital tokens were trading on various digital
exchanges.
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reserves and allows for dollar-like transactions without a banking connection,
which many cryptoexchanges have difficulty obtaining or keeping. Although
some in the blogosphere and press have expressed skepticism regarding the
USD reserves backing Tether,5 the cryptocurrency exchanges largely reject
such concerns and widely use Tether in transactions.

To shed light on the driving forces behind the 2017 boom of cryptocurrency
markets, we examine two main alternative hypotheses for Tether: whether
Tether is “pulled” (demand-driven), or “pushed” (supply-driven). Under the
pulled hypothesis, Tether is driven by legitimate demand from investors who
use Tether as a medium of exchange to enter their fiat capital into the cryp-
tospace because it is digital currency with the stability of the dollar “peg.” In
this case, the price impact of Tether reflects natural market demand.

Alternatively, under the “pushed” hypothesis, Bitfinex prints Tether regard-
less of the demand from cash investors, and additional supply of Tether can
create inflation in the price of Bitcoin that is not due to a genuine capital flow. In
this setting, Tether creators have several potential motives. First, if the Tether
creators, like most early cryptocurrency adopters and exchanges, have large
holdings of Bitcoin, they generally profit from the inflation of the cryptocur-
rency prices. Second, coordinated supply of Tether creates an opportunity to
manipulate cryptocurrencies—when prices are falling, the Tether creators can
convert their large Tether supply into Bitcoin in a way that pushes Bitcoin up
and then sell some Bitcoin back into dollars in a venue with less price impact to
replenish Tether reserves. Finally, if cryptocurrency prices crash, the founders
essentially have a put option to default on redeeming Tether, or to potentially
experience a “hack” or insufficient reserves where by Tether-related dollars
disappear. The “pushed” and “pulled” hypotheses have different testable im-
plications for capital flows and cryptocurrency returns that we can take to the
powerful blockchain data.

We begin our exercise by collecting and analyzing Tether and Bitcoin
blockchain data using a series of algorithms that reduce the complexity of
the blockchain. In particular, because of the semitransparent nature of the
transaction history recorded on the blockchain, we are able to use variations of
algorithms developed in computer science to cluster groups of related Bitcoin
wallets. Large clusters are then labeled by identifying certain member wal-
lets inside each group and tracking the flow of coins between major players in
the market.

Figure 1 plots the aggregate flow of Tether among major market participants
on the Tether blockchain from its conception in October 6, 2014 until March 31,
2018. The size of the nodes is proportional to the sum of coin inflow and outflow
to each node, the thickness of the lines is proportional to the size of flows, and
all flow movements are clockwise. Tether is authorized, moved to Bitfinex, and
then slowly distributed to other Tether-based exchanges, mainly Poloniex and
Bittrex. The graph shows that almost no Tether returns to the Tether issuer to

5 For example, see posts by Bitfinex’ed account at https://medium.com/@bitfinexed and Popper
(2017).
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Figure 1. Aggregate flow of Tether between major addresses. This figure shows the aggre-
gate flow of Tether between major exchanges and market participants from Tether genesis block
to March 31, 2018. Tether transactions are captured on Omni Layer as transactions with the coin
ID 31. The data include confirmed transactions with the following action types: Grant Property
Tokens, Simple Send, and Send All. Exchange identities on the Tether blockchain are obtained
from the Tether rich list. The thickness of the edges is proportional to the magnitude of the flow
between two nodes, and the node size is proportional to aggregate inflow and outflow for each
node. Intranode flows are excluded. The direction of the flow is shown by the curvature of the
edges, with Tether moving clockwise from a sender to a recipient. (Color figure can be viewed at
wileyonlinelibrary.com)

be redeemed, and the major exchange where Tether can be exchanged for USD,
Kraken, accounts for only a small proportion of transactions. Tether also flows
out to other exchanges and entities and becomes more common as a medium of
exchange over time.

A similar analysis of the flow of coins on the much larger Bitcoin blockchain
shows that the three main Tether exchanges for most of 2017 (Bitfinex,
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Poloniex, and Bittrex) also facilitate considerable cross-exchange Bitcoin flows
among themselves.6 Additionally, we find that the cross-exchange Bitcoin flows
on Bitcoin blockchain closely match the Tether flows on the Tether blockchain.
This result independently verifies our algorithm for categorizing exchange
identities and also captures the direct exchange of Tether for Bitcoin. Addi-
tionally, we find that one large player is associated with more than half of the
exchange of Tether for Bitcoin at Bitfinex, suggesting that the distribution of
Tether into the market is from a large player and not from many different
investors who bring cash to Bitfinex to purchase Tether.

We examine the flow of coins identified above to understand whether Tether
is pushed or pulled, and the effect of Tether, if any, on Bitcoin prices. First,
following periods of negative Bitcoin returns, Tether flows from Bitfinex to
Poloniex and Bittrex, and in exchange, Bitcoin is sent back to Bitfinex. Second,
when there are positive net hourly flows from Bitfinex to Poloniex and Bittrex,
Bitcoin prices move up over the next three hours, resulting in predictably high
Bitcoin returns. The price impact is present after periods of negative returns
and periods following the printing of Tether, that is, when there is likely an
oversupply of Tether in the system. This phenomenon strongly suggests that
the price effect is driven by Tether issuances. Additionally, the price impact is
strongly linked to trading of the one large player and not to other accounts on
Poloniex, Bittrex, or other Tether exchanges.

To gauge the aggregate magnitude of the observed price impact, we focus
on the top 1% of hours with the largest lagged combined Bitcoin and Tether
net flows on the two blockchains. These 95 hours have large negative returns
before the flows but are followed by large positive returns afterward. This 1%
of our time series (over the period from the beginning of March 2017 to the
end of March 2018) is associated with 58.8% of Bitcoin’s compounded return
and 64.5% of the returns on six other large cryptocurrencies (Dash, Ethereum
Classic, Ethereum, Litecoin, Monero, and Zcash).7 A bootstrap analysis with
10,000 simulations demonstrates that this behavior does not occur randomly,
and a similar placebo analysis for flows to other Tether exchanges shows very
little price impact.

Further analysis for the single largest player on Bitfinex shows that the
1%, 5%, and 10% of hours with the highest lagged flow of Tether by this one
player are associated with 55%, 67.2%, and 79.2% of Bitcoin’s price increase
over our March 1, 2017 to March 31, 2018 sample period. This pattern is not
present for the flows to any other Tether exchanges. Moreover, simulations
show that these patterns are highly unlikely to be due to chance—this one
large player or entity either exhibited clairvoyant market timing or exerted an

6 For the period between March 1, 2017 and March 31, 2018, we grouped over 640,000 wallet
addresses as Bitfinex, 720,000 addresses as Poloniex, and 1.22 million wallet addresses as Bittrex
using our clustering algorithm.

7 These findings are instructive but incomplete, and they may over- or understate the Tether
effect. Fully quantifying the effect of Tether on Bitcoin depends on knowing precise price impacts
and the various exchange, off-exchange, and cross-trading mechanisms on which these cryptocur-
rencies may trade.
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extremely large price impact on Bitcoin that is not observed in the aggregate
flows from other smaller traders. Such trading by this one player is also large
enough to induce a statistically and economically strong reversal in Bitcoin
prices following negative returns.

Investors hoping to stabilize and drive up the price of an asset might concen-
trate on certain price thresholds as an anchor or price floor, the idea being that
if investors can demonstrate a price floor, then they can induce other traders
to purchase.8 Interestingly, Bitcoin purchases from Bitfinex strongly increase
just below multiples of 500. This pattern is present only in periods following
printing of Tether, is being driven by the single large account holder, and is not
observed by other exchanges. To address causality, we use the discontinuity
in Tether flow at the round threshold cutoffs as an instrument and find that
Tether flows are causing the positive Bitcoin return.

The patterns observed above are consistent with either one large player
purchasing Tether with cash at Bitfinex and then exchanging it for Bitcoin, or
Tether being printed without cash backup and pushed out through Bitfinex in
exchange for Bitcoin. If Tether is pushed out to other cryptoexchanges rather
than demanded by cash investors, then it may not be always fully backed. To
show the full reserve, Bitfinex might therefore have to liquidate their Bitcoin
reserve to support their end-of-month (EOM) bank statements. Interestingly,
we find a significant negative EOM abnormal return of 6% in the months with
strong Tether issuance and no abnormal returns in months when Tether is not
issued. Since these patterns are driven primarily by only a few EOMs with
large Tether issuance, we test further and find that the EOM effect is stronger
in a value-weighted index of the largest cryptocurrencies and is also present
around a publicized mid-month balance statement. Moreover, Bitfinex’s reserve
wallets on the blockchain data exhibit large significant balance decreases in
days prior to EOMs with large Tether printing. This pattern is not present in
reserve wallets on any other exchanges.

Our results are generally consistent with Tether being printed unbacked
and pushed out onto the market, which can have an inflationary effect on asset
prices. While other tests do not speak to capital backing, the EOM patterns are
inconsistent with the “pulled” hypothesis since they indicate a lack of dollar
reserves. Nevertheless, we further examine a direct implication of the “pulled”
hypothesis by testing whether the flows of Tether bear a relation to a proxy for
its demand from investors, namely the premium for Tether relative to the USD.
We find little evidence to support this demand-based hypothesis, but note that
the demand-based proxies likely contain noise. In sum, while we expect that
there are some sources of legitimate demand for Tether, they do not appear to
dominate the Tether flow patterns observed in the data.

Overall, our paper demonstrates the usefulness of combining methodolog-
ical approaches from computer science and finance, in particular, clustering

8 Shiller (2000) and Bhattacharya, Holden, and Jacobsen (2012) describe trading signals that
anchor around price thresholds. These thresholds can be used as coordination mechanisms as well.
For instance, Christie and Schultz (1994) find collusion only around even numbers in spreads.
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algorithms and capital flow analysis, to understand the role of central mon-
etary entities in a cryptocurrency world. Previous studies show that none of
the exposures to macroeconomic factors, stocks markets, currencies, or com-
modities can explain cryptocurrency prices (Liu and Tsyvinski (2018)). We find
that Tether flows can largely explain Bitcoin prices. Our findings are gen-
erally consistent with evidence that sophisticated investors may profit from
bubbles (Brunnermeier and Nagel (2004)), but more specifically provide empir-
ical evidence on the intersection of potentially nefarious activity and bubbles.
Although cryptocurrencies are relatively new, the trading mechanisms within
and across exchanges are quite complex (Partnoy (2009)) and may obfuscate
the influence of large players. This complexity also implies that there are limits
to what we can learn from blockchain data, and additional research is certainly
necessary to further understand the cryptocurrency market. Since our findings
indicate that Bitcoin prices are subject to gaming by a small number of ac-
tors, they suggest that Bitcoin does not make a solid basis for more complex
financial vehicles such as exchange-traded funds (ETFs) or derivatives. Mar-
ket surveillance within a proper regulatory framework across many venues
may be necessary for cryptocurrency markets to be a reliable medium for fair
financial transactions.

The rest of the paper is organized as follows. Section I provides an overview of
historical bubbles, cryptocurrencies, Tether, and the main pushed and pulled
hypotheses to be tested. Section II describes our main data sources and ex-
plains the methodologies that we use to analyze the blockchain data and flows.
Section III analyzes the potential influence of Tether on Bitcoin, and Section IV
further tests whether the flows are consistent with pushed or pulled explana-
tions. Section V concludes.

I. Overview of Bubbles, Bitcoin, Tether, and Hypotheses

A. Speculative Bubbles and the Prevalence of Dubious Market Activity

Periods of excessive price speculation often share the themes of optimism
around a new technology, a focus on selling to others rather than economic
cash flows, and questionable activities. The famous South Sea Bubble of 1719
to 1720 is often described as a sophisticated Ponzi scheme where old investors
were paid high dividends not from operations but from new stock issuances with
the hope of higher prices at future issuances (Hutcheson (1720), Temin and Voth
(2013)). Scheinkman (2013) notes that many other companies around this time
also seem to have been fraudulent. The Railroad Bubble of the 1840s led to a
host of companies that merely sought to procure funds from investors and had
no intention of actually building railroads (Robb (2002)). In the Roaring Twen-
ties, investment pools would manipulate a stock price through “wash sales,”
collusion with stock-exchange specialists, and coordinated publicity from com-
mentators to pump a stock at an inflated price to the public (Malkiel (1981)).
The technology or “dot-com” bubble of 1997 to 2000 also contained strong el-
ements of stock promotion through inflated forecasts from affiliated analysts

 15406261, 2020, 4, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1111/jofi.12903 by R

eadcube (Labtiva Inc.), W
iley O

nline Library on [13/12/2022]. See the Term
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline Library for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons License



AMERICAN BANKRUPTCY INSTITUTE

341

1920 The Journal of Finance R©

(Lin and McNichols (1998)), pushing or “laddering” prices through implicit
agreements to purchase more IPO shares in the aftermarket (Griffin, Harris,
and Topaloglu (2007)), and accounting fraud (e.g., Enron and Worldcom). Hedge
funds and other institutional investors were the main net buyers of overpriced
technology stocks during this period (Brunnermeier and Nagel (2004), Griffin
et al. (2011)).

One line of thinking is that more fraud exists in economic booms because
individuals monitor their investments relatively less closely (Povel, Singh, and
Winton (2007)). Akerlof et al. (1993) argue that historical actors involved in
“looting” an organization (such as banks in the U.S. savings and loan crisis)
move capital into a space in a manner that systematically increases asset
prices. In our analysis of Bitcoin and Tether, we are able to examine whether
either of these two views fits the data.

B. Brief History of Bitcoin and Exchange “Hacks”

On October 31, 2008, the whitepaper “Bitcoin: A Peer-to-Peer Electronic
Cash System” was released by Satoshi Nakamoto (Nakamoto (2008)). The pa-
per outlines a digital currency system where transactions are recorded on a
chain of linked blocks, hence “blockchain,” and verified electronically through
a decentralized network of users. This decentralized feature avoids the tradi-
tional system of government-backed currencies controlled by centralized banks
and clearing houses. On January 3, 2009, the first block was established on the
Bitcoin blockchain by Nakamoto. On October 5, 2009, New Liberty Standard
established the first exchange rates of Bitcoin (BTC) at 1309.03 for 1 USD, or
$0.00076 per BTC.9 By April 23, 2011, Bitcoin exceeded parity with the USD,
euro, and British pound, with the market cap passing 10 million USD, and by
March 28, 2013, Bitcoin market cap passed 1 billion USD.

Mt. Gox, a leading exchange that by 2013 was handling approximately 70% of
Bitcoin volume, declared bankruptcy due to a mysterious “hack” of the exchange
which resulted in approximately $450 million worth of Bitcoin missing from
investors’ accounts. Good reasons have been put forward as to why the “hack”
may have been an inside job (Nilsson (2015)). Gandal et al. (2018) argues that
fraudulent trading on the Mt. Gox exchange led to a significant spike in Bitcoin
prices in late 2013.10 Foley, Karlsen, and Putniņš (2019) detail hubs of illicit
commerce in Bitcoin and estimate that 44% of transactions are associated with
illegal activity.

9 Most of these facts are available in multiple places, but an account of the first five years of
Bitcoin can be found at http://historyofbitcoin.org and in Lee (2014).

10 In the second-biggest hack in Bitcoin history, on August 2, 2016, the Bitfinex exchange an-
nounced that $72 million had been stolen from investor accounts, leading Bitcoin to plummet 20%
in value.
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C. Brief History of Tether

The objective of Tether is to facilitate transactions between cryptocurrency
exchanges with a rate pegged to the USD. While this could also occur with
fiat transactions, Tether is advantageous because many cryptoexchanges have
difficulty securing banking relationships. Tether Limited, the issuer of Tether,
historically claimed that “Tether Platform currencies are 100% backed by actual
fiat currency assets in our reserve account.”11 However, Tether itself created
ambiguity around this backing by later noting that they do not guarantee
redemption rights.12

The Bitfinex exchange started in 2012, but experienced rapid growth and
now claims to be “the world’s largest and most advanced cryptocurrency trading
platform.” The Paradise Papers leaks in November 2017 named the Bitfinex
exchange officials, Philip Potter and Giancarlo Devasini, responsible for setting
up Tether Holdings Limited in the British Virgin Islands in 2014.13

Figure 2, Panel A, shows the cumulative authorization of Tether denomi-
nated in both USD and Bitcoin as well as Bitcoin prices. The first Tether was
authorized on October 6, 2014, but the market cap was only $25 million as of
March 6, 2017. Between March 7, 2017 and January 2018, however, more than
$2.2 billion worth of Tether was issued.

Panel B of Figure 2 shows transactions of major cryptocurrencies in USD as
compared to Tether, aggregated across all cryptocurrency exchanges available
on CoinAPI. Although cryptocurrencies were historically denominated in dol-
lars or yuan, a large share of Bitcoin and many other cryptocurrencies transac-
tions are denominated in Tether as of 2017. Additionally, even after closely
examining Bitfinex public statements, it is unclear as to whether Bitfinex
transactions are denominated in dollar or Tether. Prices quoted on Bitfinex
are significantly closer to prices on Tether exchanges than USD exchanges.14

Hence, we term Bitfinex transactions as well as those explicitly denominated
in Tether as Tether-related.

Many in the blogosphere as well as the mainstream press began to raise
questions about Tether in the second half of 2017.15 In April 2017, Tether
lost its banking relationship with a Taiwanese bank linked to Wells Fargo.
Since then, Tether has issued over $2 billion Tether without fully disclosing
banking details. This could be due to not wanting to subject their bank to
public scrutiny and risk losing their new banking relationship, as many large
banks avoid the scrutiny associated with crypto-related deposits either because

11 See https://tether.to/faqs/.
12 “There is no contractual right or other right or legal claim against us to redeem or exchange

your Tethers for money. We do not guarantee any right of redemption or exchange of Tethers by us
for money” (Leising (2017)).

13 See Popper (2017).
14 The percentage deviation of hourly prices between Bitfinex and Poloniex and Bittrex are 19

and 42 basis points, while the deviation is 103, 56, and 111 basis points for Bitstamp, Gemini, and
Kraken, respectively.

15 See Leising (2017), Kaminska (2017), and Popper (2017).
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Figure 2. Tether authorization and Bitcoin price over time, and trade volume in both
dollars and Tether. Panel A plots the cumulative authorization of Tether and the price of Bitcoin
over time. The red dashed line shows cumulative authorization in millions of Tether tokens. The
black dashed line shows Tether cumulative authorization denominated in contemporaneous Bitcoin
price. The blue line shows the Bitcoin price. Authorizations are defined as transactions with
transaction type “Grant Property Tokens” on Tether blockchain. Panel B shows the percentage of
trade volume of USD and Tether for major cryptocurrencies between March 1, 2017 and March 31,
2018 aggregated over all exchanges. The major currencies include the 15 largest cryptocurrencies
and tokens by aggregate trade volume across exchanges reported in CoinAPI data over the same
period. The blue bars show the percentage of volume traded against USD, the red bars show the
percentage against Tether, and the gray bars show the percentage against USD/Tether on the
Bitfinex exchange. (Color figure can be viewed at wileyonlinelibrary.com)
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of perceived reputation tainting or because of the need to comply with anti-
money laundering (AML) or “know your customer” (KYC) banking regulations.
Tether hired a consultant that released an internal memo showing reserves on
September 15, 2017.

Immediately after the first draft of this paper, a law firm released a report on
the sufficiency of Tether reserves in June 2018.16 On February 25, 2019, Tether
changed their definition of Tether backing to read “traditional currency and
cash equivalents.” In response to legal motions, on April 30, 2019, Bitfinex’s
former General Counsel admitted that Tether does not have cash reserves equal
to 100% of the outstanding Tethers. In a May 15, 2019 court hearing, a Bitfinex
attorney also admitted that Tether invested in instruments beyond cash, in-
cluding Bitcoin, something clearly at odds with Tether’s longstanding claims.

Bloggers have also conjectured about whether Tether authorizations are fuel-
ing Bitcoin.17 One website, tetherreport.com, finds positive return effects after
incidences of Tether authorizations.18 Analysis by Wei (2018), however, finds
no price effect at the time of Tether authorizations.

D. Main Hypotheses

This section examines two main alternative “pulled” versus “pushed” hy-
potheses19 about Tether. Under the first hypothesis, Tether is “pulled” or driven
by legitimate demand from investors who use Tether as a medium of exchange
to enter their fiat capital into the cryptospace. In this case, the price impact of
Tether reflects natural market demand. Under the second hypothesis, Tether
is “pushed” through a supply-driven scheme whereby an unbacked digital dol-
lar is printed and used to purchase Bitcoin. In this case, additional supply of
Tether can create inflation in the price of Bitcoin and other cryptocurrencies
that is not due to a genuine capital flow.

Related to the “pulled” hypothesis, we first predict that Tether is driven by in-
vestor demand and is always fully backed by USD (as with a full-reserve bank).

16 Tether Limited has also released EOM snapshot bank statements showing reserves at the
EOM. Tether has not to our knowledge released a full audit, which is important since snapshot
reports showing cash in a bank balance on a certain date could reflect borrowed funds or funds from
related entities. Tether is closely related to Bitfinex, which has also not been audited, according to
public sources.

17 See Higgins (2018) and Leising (2017).
18 The website shows that after 91 hourly events of Tether being granted and moved to Bitfinex,

the Bitcoin return increases over the next two hours. They compound the return for those 182
hours (91 two-hour periods) and derive a compounded effect of 48.8%, then compare this effect to
6.5% average compounded returns for the same time period during normal times. The results are
incorrectly interpreted as “Tether could account for nearly half of Bitcoin’s price rise” or “a rough
estimate of 40% price growth attributed to Tether.” Indeed, Bitcoin prices increased by 1,422%
(from $893.19 to $13,592.93) over their period of study. Interestingly, we find that the hours
directly following Tether authorization are often not when the Bitcoin buying activity actually
occurs.

19 There is a literature in international finance examining whether capital flows are pushed or
pulled across markets (Froot, O’connell, and Seasholes (2001), Griffin, Nardari, and Stulz (2007)).
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A currency that can provide a stable store of value, support quick transactions,
and potentially allow cryptocurrency exchanges to skirt banking regulations
required for traditional deposits has an intuitive appeal. If an increase in de-
mand is driven by new investors who hold dollars and wish to convert their
dollars to Tether and then into cryptocurrencies, the increase in demand may
result in a higher market rate for Tether. A lower price for Tether would thus
be a consequence of weak demand for Tether, while a higher price (perhaps at
or above one dollar) would be a consequence of strong Tether demand.

H1A: Tether’s price relative to the USD may increase as a consequence of
strong investor demand. Tether flows should be strongly related to this
demand as proxied by changes in the Tether-USD exchange rate.

H1B: The printing of Tether may also be driven by its usefulness as a fa-
cilitator of cross-exchange arbitrage to eliminate pricing discrepancies
across cryptocurrency exchanges. For example, Tether outflows from
Bitfinex to another exchange should correspond to periods when Bit-
coin sells at a premium on Bitfinex relative to that exchange.20

The main alternative hypothesis is that Tether is printed independent of
demand and pushed onto the market. The issuers can print Tether and convert
it into more widely accepted cryptocurrencies such as Bitcoin. In addition to
issuance fees, transaction fees, and interest earned from trading in Tether,
other possible benefits of “pushing” Tether could be as follows.

First, like an inflationary effect of printing money, issuing Tether increases
the money supply in the cryptospace and can significantly push cryptocurrency
prices up by generating artificial demand. Since most cryptocurrency exchanges
and early movers are long in Bitcoin and other cryptocurrencies, they would
generally benefit. For instance, if Bitcoin prices increase, the founders can cash
out the acquired Bitcoins into dollars, likely at a slower pace and on an opaque
channel that has less price impact than their initial buying behavior. If the
Tether issuers wish to legitimize Tether and avoid scrutiny, they can slowly
convert some of their cryptocurrencies to USD and retroactively provide either
full or partial dollar reserves for Tether.

Second, since Tether issuances are large, if traded strategically, Tether could
have further price impact and lead to further manipulation of Bitcoin prices.
For instance, the issuers can stabilize and/or set regionalized price floors and
push the price of Bitcoin and other cryptocurrencies upward.

Third, the Tether issuers create a valuable put option in the case of a future
cryptomarket downturn or other losses. In particular, the founders of Tether
have an option to not redeem Tether to dollars, and possibly experience an in-
side “hack” (McLannahan (2015)) when Tethers and/or their associated dollars
suddenly disappear.

20 This hypothesis is also consistent with the supply-driven view as unbacked money printing of
Tether could cause Bitcoin to sell at a premium on Bitfinex relative to the other exchanges before
Tether moves to those exchanges.
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The key to the “pushed” hypothesis is that the Tether-USD price does not
collapse. This can be accomplished by creating a limited set of venues to redeem
Tether, sending signals to investors through periodic accounting reports, and
creating Tether price support.

To examine the “push” hypothesis, we test the following predictions:

H2A: If Tether issuers are trying to provide stability to the market during
downturns, outflows of Tether and purchases of Bitcoin by Bitfinex
may follow periods of negative Bitcoin returns.

H2B: If Tether supply is large enough to have a material price impact on
Bitcoin, Bitcoin prices should go up after Tether flows into the market,
especially after periods with large authorization of Tether.

H2C: Bitcoin returns may show a return reversal after negative returns,
especially during times when Tether flows into the market.

H2D: Since round-number thresholds can be price anchors to set a price floor
and are often used as buying signals by investors, flow of Tether might
increase if Bitcoin falls below these salient round-number thresholds.
This effect should be more pronounced in periods with large Tether
authorization.

H2E: If Tether is not fully backed by dollars at the outset, but the issuers
want to signal otherwise to investors by releasing EOM (or other in-
terval) accounting statements, then Tether creators may liquidate Bit-
coins into USD to demonstrate sufficient reserves. This could create
negative returns in Bitcoin at the EOM, particularly in periods with
large Tether issuances.

While the above hypotheses need not all follow from the pulled hypothesis,
H2A through H2D shed light on whether the flow of Tether into the market
is consistent with creating price support and inflating Bitcoin prices, and H2E
sheds light on whether the potential price impact is due to unbacked printing
of Tether, which can have an inflationary effect on Bitcoin. In the next section,
we discuss the data and empirical methods used to test these hypotheses.

II. Data, Algorithms, and Flows between Major Accounts

A. Data

The price and the blockchain data obtained for this study amount to
over 200 GB from more than 10 sources, with CoinAPI, Coinmarketcap.com,
Blockchain.info, Omniexplorer.info, and CoinDesk as our main sources. The in-
traday pricing data on major cryptocurrencies come from CoinAPI. The starting
date varies for different currencies. The sample covers 25 months from March
2016 to March 2018, but the main tests are implemented after March 2017,
when Tether experienced a large issuance.21

21 Daily prices are based on Coordinated Universal Time (UTC) time, and the close and open
prices are calculated based on a 24-hour daily cycle that ends at midnight UTC. Daily prices of
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Bitcoin blockchain data are obtained from Blockchain.info and cover the pe-
riod from Bitcoin initiation in January 2009 to March 2018. The blockchain
data contain the entire history of Bitcoin transactions between Bitcoin wallets
and include variables such as wallet IDs of senders and recipients as a string of
34 characters and numbers, amount of coins transferred, timestamp, transac-
tion ID, and previous transaction ID where the coin was received by the sender
of each new transaction. Over the October 2014 to March 2018 period, Tether
is issued via the Omni Layer Protocol based on the Bitcoin blockchain, and
Tether blockchain data are from Omniexplorer.info.

To assign identities of grouped wallets to Tether-related exchanges on the
Bitcoin blockchain, the addresses of a number of wallets belonging to Tether
exchanges are collected from public forums and individual investors who trans-
ferred Bitcoin to these exchanges.22 For the Tether blockchain, wallet identities
of major exchanges are manually collected from the Tether rich list on tether.to
at all snapshots available on Internet Archive.

Tether exchanges account for a large portion of cryptocurrencies’ trading
volume over our sample period. Table I, Panel A, shows the total trading volume
on major exchanges of major cryptocurrencies from March 1, 2017 to March
31, 2018. Tether-based exchanges are marked with a “*.” Some exchanges,
including Gemini and Coinbase, specialize in a limited number of major coins
such as Bitcoin and Ethereum. Others, especially the Tether-related exchanges,
feature a large number of coins. Bitfinex has the largest volume, both for Bitcoin
and across all major cryptocurrencies. Other Tether exchanges also play an
important role among the top 10 exchanges in terms of aggregate volume.
As shown in Panel B of Figure 2, a large share of major cryptocurrencies’
transactions are denominated in Tether.

Panel B of Table I shows the cross-sectional correlation of cryptocurren-
cies’ daily returns. Not surprisingly, the daily returns are positively correlated
across all of the coins, but there is variation across different cryptocurrencies.
For example, Bitcoin’s correlation with Ethereum, Ripple, and Litecoin are
0.44, 0.20, and 0.45, respectively.

Panel C of Table I reports the autocorrelation of cryptocurrencies at vari-
ous frequencies. The autocorrelations are generally negative. For example, a
1% change in lagged one-hour Bitcoin prices is followed by a 6 basis point
reversal in the next hour. The reversal is 6 and 5 basis points at three- and
five-hour intervals.

various coins are obtained from Coinmarketcap.com, which calculates the price of each coin by
taking the volume-weighted average of prices reported at different exchanges. We also use the
intraday CoinDesk price index, which aggregates prices across major markets. Hourly and five-
minute returns are calculated from the last trade within each minute. Missing prices are carried
forward for nontrading periods of up to five minutes. Prices are assumed to be missing if stale for
more than five minutes.

22 The Internet Appendix Section II includes the list of representative addresses that can be
used to assign identities of major exchanges. The Internet Appendix is available in the online
version of this article on The Journal of Finance website.
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B. Analyzing Bitcoin Blockchain

The Bitcoin blockchain up to March 31, 2018 is a 170 GB network database
of more than 360 million wallet addresses and billions of transactions. It is
common for each entity to have multiple wallet addresses, and transactions
with multiple senders and recipients are frequent.23 The complexity of the
data is illustrated in Internet Appendix Figure IA.1, which depicts a 10-minute
random sample of the blockchain in 2017. In the figure, each node represents
a wallet address, and each edge shows the flow of coins.

To reduce the complexity of the network, we adopt methods from the com-
puter science literature (Androulaki et al. (2013), Meiklejohn et al. (2013), Reid
and Harrigan (2013), Ron and Shamir (2013)) to cluster-related Bitcoin wal-
lets. The idea is that when multiple addresses are used as inputs to a single
transaction, the entity controlling each of the inputs must have the private
signing keys of all other inputs. It is therefore very likely that all such ad-
dresses are controlled by the same entity. For example, if wallets A and B
appear as inputs in a single transaction, and wallets B and C appear as inputs
in a different transaction, we group wallets A, B, and C together. We find con-
nected components of this “same-input” relation throughout the entire Bitcoin
blockchain and consider each component as a group of wallets controlled by the
same entity. We then take three more steps. First, if a transaction has multiple
recipients, the flow from the sender is allocated proportionally by the number
of coins received by each recipient. Second, for each transaction, we exclude
the portion of coins that have the same input and output wallets. Finally, we
exclude the transaction fees as reflected in the difference between total Bit-
coin sent and received in one transaction. The clustered group of wallets that
contain exchange addresses are assigned to the identified exchanges. Between
March 1, 2017 and March 31, 2018, a group of approximately 640,000 wallets
are labeled as Bitfinex, 720,000 wallets as Poloniex, and 1.22 million wallets
as Bittrex.

Figure 3 shows the flows on the Bitcoin blockchain. First, one can see that the
Bitcoin blockchain has many more major players than the Tether blockchain,
and we do not find identifying information for all nodes. Second, Bitfinex,
Poloniex, and Bittrex are considerable players on the Bitcoin blockchain in
terms of the aggregate flow of coins, and there is a reasonable flow volume be-
tween these exchanges. Third, there are substantial flows between Bitfinex and
transitory addresses,24 which we define as wallets with four or fewer transac-
tions on the blockchain and zero net balance, and with the Bitfinex cold wallet.

23 Internet Appendix Table IA.I shows an example of a Bitcoin transaction on the blockchain
with 313 senders and 218 recipients. Addresses on the left column are senders of the Bitcoins and
addresses on the right are the recipients.

24 Transitory addresses may be tumblers or mixer wallets used to further mask Bitcoin transfer
activities.
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Figure 3. Aggregate flow of Bitcoin between major addresses. This figure shows the ag-
gregate flow of Bitcoin between major exchanges and market participants from March 1, 2017 to
March 31, 2018. Groups of addresses are clustered by finding the connected component of the same
input relation on the Bitcoin blockchain, and each group is labeled with identities of members
obtained from publicly available information and individual investors. The thickness of the edges
is proportional to the magnitude of flow between two nodes, and the node size is proportional to
aggregate inflow and outflow of each node. Intranode flows are excluded. The direction of the flow
is shown by the curvature of the edges, with Bitcoin moving clockwise from a sender to a recipient.
(Color figure can be viewed at wileyonlinelibrary.com)

C. Analyzing Tether Blockchain

As previously described, Figure 1 provides insights into the structure of the
Tether network. First, almost all Tether printed by Tether Limited (the red
node in the bottom of the graph) is first moved to Bitfinex and then distributed
through the network. The transfer of Tether from Tether authorizer (account
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labeled as 3MbY) to Tether treasuries (1NTM and 3BbD), all colored in red,
is referred to as “authorization,” and the transfer out of Tether treasuries,
primarily to Bitfinex, is referred to as “issuance.” Note that barely any flows
move back to the initial Tether printing node, consistent with individuals stat-
ing that it is not feasible to move Tether back to Tether Limited to redeem
for USD. Second, Poloniex and Bittrex, the largest Tether exchanges for most
of 2017, are closely tied to Bitfinex through a large flow of Tether using an
intermediary address. Third, Kraken, the small yellow node at the top of the
graph, was the only official marketplace for trading the USD-Tether pair for
the majority of 2017. Fourth, most of the Tether flows to and from Bitfinex are
through Bittrex and Poloniex. Throughout the paper, we focus on the timing
and amount of Tether flow from Bitfinex to these two major exchanges because
as we will show, this is the primary channel through which Tether is converted
to Bitcoin; however, we also examine flows to other exchanges. To calculate the
flows between exchanges, we consider the intermediary wallets that receive
Tether from Bitfinex and transfer them all to the same exchange as addresses
belonging to that exchange.

Note that since the figure is proportional to the size of the flows, the graph
puts substantial emphasis on the end of 2017 and early 2018, when Tether
issuance increased rapidly. For this reason, in Internet Appendix Figure IA.2,
we display four snapshots of the Tether flows over time. For the majority of
2017, Bitfinex, Poloniex, and Bittrex were by far the largest players in the
market. Binance, Huobi, OKEx, and Kraken gained substantial market share
in December 2017.

The flow of Tether from Bitfinex to the other exchanges increases on the day
of Tether authorization, but it takes as many as three to four days to move the
capital out of Bitfinex to the other exchanges.25 It is the net flow of Tether out
of Bitfinex to Poloniex and Bittrex and the net flow of Bitcoin back that we use
in our tests.

D. Bitcoin and Tether Net Flows

Flows between two parties on the blockchain are more formally defined as the
signed net amount of capital transferred between those parties. Specifically, our
tests require the flow of coins between major Tether exchanges, Bitfinex (BFX),
Poloniex (PLX), and Bittrex (BTX), during our sample period. For Bitcoin, we
simply aggregate the net amount of coins transferred between these exchanges

25 We show this formally in a VAR model in Internet Appendix Figure IA.3. Examples are shown
in Internet Appendix Figure IA.4.
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in each period:

NetBTCFlowt =
(

t∑
t−1

BTCPLX→BFX −
t∑

t−1

BTCBFX→PLX

)

+
(

t∑
t−1

BTCBTX→BF X −
t∑

t−1

BT CBF X→BT X

)
, (1)

where BT Ci→ j is the amount of coins transferred from group of wallets i to
group of wallets j between hours t − 1 and t. For Tether, to measure the value
relative to Bitcoin prices, we accumulate the Bitcoin-denominated value of
Tether using Bitcoin prices at the time of the transaction. Similar to the flow
of Bitcoin, we define the net flow of Tether as

NetTetherFlowt =
(

t∑
t−1

TetherBF X→PLX −
t∑

t−1

TetherPLX→BF X

)

+
(

t∑
t−1

TetherBF X→BT X −
t∑

t−1

TetherBT X→BF X

)
, (2)

where Tetheri→ j is the amount of coins transferred from exchange i to exchange
j between hours t − 1 and t.

We also verify that flows identified on the Tether blockchain moving from
Bitfinex and to Poloniex and Bittrex correspond to opposite flows back on the
Bitcoin blockchain that come out of Poloniex and Bittrex and into Bitfinex.
Internet Appendix Figure IA.5 shows that the two series have a correlation of
0.72 for Poloniex and 0.71 for Bittrex at daily intervals, and that they also have
similar magnitudes. The Bitcoin flow between other exchanges, even between
other Tether-based exchanges and Bitfinex, have much lower correlations with
the Tether flow to Poloniex and Bittrex and a much larger difference in mag-
nitude. We also find a strong relation between inflow of Tether to Poloniex
and Bittrex in the blockchain data and reported exchange trading volume on
Poloniex and Bittrex that is not present in a placebo test for other Tether-
related exchanges.26

The magnitude of the flow of coins on the two blockchains matches closely,
and the correlation between the two flows is high, but the timing is not per-
fectly matched given different delays in moving coins to exchanges and clearing
transactions on the blockchain. Given that the timing of blockchain transac-
tions is a proxy for the actual capital flows, and to reduce noise in our measure
of net flows of Tether out of Bitfinex and net flows of Bitcoin coming back, we
average the two flows on the Bitcoin and Tether blockchains:

Tether/BitcoinFlow = (NetTetherFlowt + NetBTCFlowt)/2. (3)

26 Details on our verification method and the results are provided in the Internet Appendix
Section I.
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After printing, Tether is used to purchase Bitcoin primarily on Poloniex
and Bittrex. We examine if the sensitivity of flow of Tether to Bitcoin returns
is symmetric in response to positive and negative shocks. Tether is used to
purchase Bitcoin when returns are negative, but we do not find considerable
Tether flows following price increases (see Internet Appendix Figure IA.6 and
Table IA.II).

E. Detailed Deposit Accounts

We drill down on the nature of the Tether flows out of Bitfinex and the corre-
sponding Bitcoin flows back by focusing on the exact deposit addresses used to
move these coins. Typically, to electronically detect which user has deposited
funds and to credit these funds to their account, each exchange user receives
her own unique deposit wallet address. Interestingly, Panel A of Figure 4 shows
that 81% of the Tether flows from Bitfinex to Poloniex and Bittrex are through
one large deposit address for each exchange. This account is responsible for
47% of all Tether flows from Bitfinex to all Tether exchanges combined. The
first four digits of these addresses are shown as 1J1d for Poloniex and 1AA6
for Bittrex in the figure. Additionally, 52% of the Bitcoin flows back to Bitfinex
from all Tether exchanges goes to a single deposit address on Bitfinex, which
we label with its first four digits on the Bitcoin blockchain, 1LSg. The relation
is depicted in Internet Appendix Figure IA.7, which shows how Bitfinex sends
Tether out on the Tether blockchain through 1J1d and 1AA6 and receives flows
back from 1MZA. On the Bitcoin blockchain, a majority of the Bitcoin deposits
from Poloniex and Bittrex to Bitfinex go through 1LSg, and the flows back to
Poloniex and Bittrex go through 1DEc and 1PCw.

If the Tether flows to 1J1d and 1AA6 on the Tether blockchain correspond to
Bitcoin flows to 1LSg on the Bitcoin blockchain, this would suggest that all of
these wallets are likely controlled by the same entity, which sends the printed
Tether into the market in exchange for Bitcoin. To examine this, we compare
the Tether flows from Bitfinex to 1J1d and 1AA6 on Poloniex and Bittrex to the
Bitcoin flow from Poloniex and Bittrex to the top-100 largest Bitcoin addresses
on Bitfinex, including 1LSg. The correlation of Bitcoin flows from Bittrex to
1LSg with Tether flows from Bitfinex to 1AA6 on Bittrex is 0.69. The correlation
is 0.64 for 1J1d on Poloniex. Flows to other large deposit accounts on Bitfinex
do not come close in terms of the correlation or the magnitude of flows. Internet
Appendix Section I (and Figures IA.8 and IA.9) provides more details on the
procedure used to identify these wallet addresses that move Tether and Bitcoin
between Bitfinex, Poloniex, and Bittrex and verify their relation. Analogous
to our flow calculations in equations (1) to (3), we calculate the average net
Tether/Bitcoin flows to these large, closely tied wallets and label them as “1LSg
flows” throughout the paper. We also compare the effect of flows that are not
part of this group of wallets.
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Figure 4. Top accounts associated with the flow of Tether from and Bitcoin to Bitfinex.
Panel A shows the largest recipients of Tether from Bitfinex recorded on Tether blockchain between
March 1, 2017 to March 31, 2018. Exchange wallet identities are obtained from the Tether rich list.
Moreover, intermediary wallets that receive Tether from Bitfinex but send all Tether to wallets of
a particular exchange are labeled as that exchange. Exchanges are distinguished by colors, and
the partitions show unique wallets within each exchange. The two largest recipients of Tether
from Bitfinex on Bittrex and Poloniex are labeled by the first four characters of their wallet ID as
1AA6 and 1J1d. Panel B shows the top recipients of Bitcoin on the Bitfinex exchange from other
exchanges between March 1, 2017 to March 31, 2018. The largest recipient of Bitcoin on Bitfinex
is labeled by the first four characters of its wallet ID as 1LSg. (Color figure can be viewed at
wileyonlinelibrary.com)
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III. Are Bitcoin Prices Related to Tether?

In this section, we focus on the nature of the relationship between Bitcoin
prices and Tether, and we discuss how this relationship is connected to our
main hypotheses.

A. Examining Flows and Bitcoin Prices

Since demand curves for financial securities are typically not flat, demand
or supply shocks can have large effects on prices even in the absence of fun-
damental information (Harris and Gurel (1986), Shleifer (1986), Greenwood
(2005)), and may persist for surprisingly long periods of time (Duffie (2010)).
One should expect this effect to be stronger for cryptocurrencies because, first,
there are no fundamental cash flows from which prices are derived, and sec-
ond, the supply of coins is often fixed. In particular, if Tether issuances are
sizable, Bitcoin prices should be affected by movements of Tether into the mar-
ket. Moreover, as hypothesized in H2B, if Tether is being used to protect and
inflate the market, the effect of Tether transactions on Bitcoin prices should be
stronger following negative Bitcoin returns and on days after printing.

We estimate a regression of rolling three-hour average Bitcoin returns on
lagged average net hourly flow of Tether from Bitfinex to Poloniex and Bittrex
and of Bitcoin back to Bitfinex. We use the average three-hour Bitcoin returns
as our dependent variable, as the effect of flows might not be incorporated into
exchange prices immediately. The traceable flows on the blockchains indicate
when capital moves to the exchanges, not necessarily when the transactions
occur within the exchange. We expect the flow of Tether to an exchange to
precede the time when the Tether is used to purchase Bitcoin.27 For controls,
we include past returns to account for the effects of potential return reversals
(Lehmann (1990)), daily volatility of hourly returns in the previous 24 hours
to account for possible relations between returns and volatility, and lagged
returns interacted with volatility to account for the potential of larger return
reversals during periods of high volatility (Nagel (2012)).

Column (1) of Table II, Panel A, shows that on days right after Tether print-
ing, for a 100 Bitcoin increase in lagged flow, the three-hour average future
Bitcoin return goes up by 3.85 basis points, controlling for lagged returns,
volatility, and the interaction of lagged returns and volatility. Column (2) shows
that the effect exists only on days following Tether authorization, with no re-
lationship between the flow of Tether and Bitcoin prices on days apart from
printing Tether, consistent with the supply-driven price impact of hypothesis
H2B. Moreover, columns (3) and (4) show that the effect exists only after a
negative shock to Bitcoin prices. Finally, column (5) shows that the effect is
even stronger with a 8.13 basis point increase in returns when conditioning on
both Tether authorization and a lagged negative return.

27 The standard errors are adjusted for heteroskedasticity and autocorrelation using the Newey-
West procedure with up to three lags.
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Table II
The Effect of Flow of Bitcoin and Tether on Bitcoin Return

Panel A shows OLS estimates for which the dependent variable is the average three-hour Bitcoin
returns,

1
3

2∑
i=0

Rt+i = β0 + β1 Flowt−1 + Controls + �t,

where Rt is the hourly return of an equal-weighted price index that aggregates Bitcoin prices on
Tether exchanges Bitfinex, Poloniex, Bittrex, Binance, HitBTC, Huobi, and OKEx and Flowt is the
average net hourly flow of Tether from Bitfinex to Poloniex and Bittrex and of Bitcoin from Poloniex
and Bittrex to Bitfinex. The control variables include lagged returns, volatility calculated using
hourly returns over the previous 24 hours, and the interaction of lagged returns and volatility.
Column (1) shows the results for times when a Tether authorization occurred in the previous 72
hours and column (2) for other times. Columns (3) and (4) report results separately for observations
with lagged negative and positive returns. Column (5) reports results conditioning on both 72 hours
after Tether authorization and negative lagged returns. Panel B estimates the same regression
but decomposes flows into 1LSg flows and flows to other Poloniex and Bittrex accounts (described
in detail in Internet Appendix Section I). Panel B also controls for the net average flows of Tether
and Bitcoin to other Tether recipient exchanges (Binance, HitBTC, Huobi, Kraken, and OKEx).
Standard errors are adjusted for heteroskedasticity and autocorrelation. t-Statistics are reported
in parentheses. *p < 0.05, **p < 0.01, **p < 0.001.

Panel A: Regression of Returns on Lagged Flows

(1) (2) (3) (4) (5)
Auth NoAuth L.Ret < 0 L.Ret > 0 L.Ret < 0_Auth

Lag PLX BTX Flow 3.855* −0.354 2.694* −1.100 8.134**

(2.30) (−0.48) (2.18) (−1.20) (2.93)
LagRet −0.00600 −0.00985 0.0634* −0.0518 0.0897

(−0.18) (−0.57) (1.97) (−1.72) (1.46)
Volatility 103.9 97.00 −52.33 −70.32 −102.3

(1.17) (1.38) (−0.67) (−0.89) (−0.70)
Volatility*Lag Ret −0.343 −0.289 −1.443*** 0.609 −1.660**

(−0.94) (−1.14) (−3.40) (1.58) (−2.85)
Constant −8.071 −1.387 4.261 5.105 2.062

(−1.44) (−0.46) (1.26) (1.50) (0.24)
Observations 2,645 6,856 4,488 5,009 1,258
Adjusted R2 0.012 0.005 0.020 0.001 0.045

Panel B: Regression of Returns on Lagged Decomposed Flows

(1) (2) (3) (4) (5)
Auth NoAuth L.Ret < 0 L.Ret > 0 L.Ret < 0_Auth

Lag 1LSg Flow 4.240* −0.484 2.379* −1.300 8.206***

(2.37) (−0.57) (1.97) (−1.24) (3.61)
Lag Other PLX BTX Flow 5.531 −0.513 4.602 −0.372 12.22

(1.20) (−0.26) (1.23) (−0.16) (1.32)
Lag Other Flow −6.483* 1.599 −0.514 0.322 −8.328*

(−2.36) (1.43) (−0.34) (0.25) (−2.38)
LagRet −0.00562 −0.0108 0.0650* −0.0523 0.0958

(−0.17) (−0.63) (2.01) (−1.73) (1.57)

(Continued)
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Table II—Continued

Panel B: Regression of Returns on Lagged Decomposed Flows

(1) (2) (3) (4) (5)
Auth NoAuth L.Ret < 0 L.Ret > 0 L.Ret < 0_Auth

Volatility 121.7 94.23 −51.05 −71.01 −84.21
(1.36) (1.33) (−0.65) (−0.90) (−0.57)

Volatility*Lag Ret −0.346 −0.281 −1.457*** 0.613 −1.717**

(−0.95) (−1.10) (−3.42) (1.59) (−2.95)
Constant −8.621 −1.334 4.203 5.108 1.784

(−1.53) (−0.44) (1.24) (1.50) (0.21)
Observations 2,645 6,856 4,488 5,009 1,258
Adjusted R2 0.014 0.005 0.020 0.001 0.049

To more precisely examine the source of the flow effect, we analyze three
different flow components: (i) the net Tether flows out from Bitfinex (and the
Bitcoin back) to the closely tied 1LSg addresses discussed above, (ii) the net
Tether flow out from Bitfinex (and the Bitcoin back) to the rest of Poloniex
and Bittrex accounts not involving the 1LSg addresses, and (iii) the rest of
the net Tether flows out from Bitfinex (and the Bitcoin back) to other Tether
exchanges including Binance, HitBTC, Huobi, Kraken, and OKEx. Column
(1) of Table II, Panel B, shows that on days right after Tether printing, for
a 100 Bitcoin increase in 1LSg flow, the three-hour average future Bitcoin
return goes up by 4.24 basis points, controlling for lagged returns, volatility,
and their interaction. The results are significant at the 5% level. There is no
significant positive relationship for the rest of the Poloniex and Bittrex flows
(flow component 2). The same is true for flows into other Tether exchanges.

In Table III, we examine whether the effect related to Tether printing spills
over into the six leading cryptocurrencies listed on Tether-related exchanges.
The effects are generally larger across all coins when conditioning on both days
after Tether authorization and following a negative return. For the equivalent
of a 100 Bitcoin increase in flow, the average future return goes up by 7.89 to
10.19 basis points for different coins.28

B. Large Flows and Prices

We now specifically focus on the 1% of hours (95 of 9,504 hours) with the
largest Tether/Bitcoin flow. Figure 5, Panel A, plots an event study of Bitcoin
and other cryptocurrency prices around these high-flow events. The high-flow
hours occur between times −1 and 0 by construction. The results show that
returns are large and negative between times −3 and −1. However, after the
large flow, the pattern starts to change at time 0. The next hour’s returns
are large at 80 basis points per hour, and returns are positive at 1.23% over

28 Internet Appendix Table IA.III reports similar results for the relationship between 1LSg flows
and other major cryptocurrency prices.
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Table III
The Effect of Flow of Bitcoin and Tether on Other Cryptocurrency

Returns
This table shows OLS estimates for which the dependent variable is the average three-hour return
for major cryptocurrencies other than Bitcoin,

1
3

2∑
i=0

Rt+i = β0 + β1 Flowt−1 + Controls + �t,

where Rt is the hourly return using price data from the most liquid exchange for each cryptocur-
rency between March 1, 2017 and March 31, 2018 and Flowt is the average net hourly flow of
Tether from Bitfinex to Poloniex and Bittrex and of Bitcoin from Poloniex and Bittrex to Bitfinex.
The control variables include lagged returns, volatility calculated using hourly returns over the
previous 24 hours, and the interaction of lagged returns and volatility. Major cryptocurrencies are
selected based on the criteria in Table I, conditional on being listed on at least one of the major
Tether exchanges as of the beginning of March 2017. Panel A reports results for the 72 hours after
Tether authorization and Panel B reports results for other days. Panel C reports results when the
lagged return is negative and Panel D when the lagged return is positive. Panels E reports results
conditioning on both 72 hours after Tether authorization and negative lagged returns. Standard
errors are adjusted for heteroskedasticity and autocorrelation.

Panel A: Days Following Authorization

Coin Coefficient t-Stat N

DASH 6.16 3.26 2,645
ETC 7.54 3.00 2,645
ETH 6.29 3.10 2,645
LTC 6.17 1.83 2,645
XMR 4.80 2.19 2,645
ZEC 5.65 2.46 2,645

Panel B: Other Days

Coin Coefficient t-Stat N

DASH 0.59 0.61 6,833
ETC −0.57 −0.52 6,833
ETH 0.54 0.58 6,833
LTC 1.32 1.27 6,833
XMR 0.13 0.12 6,833
ZEC 0.50 0.38 6,833

Panel C: Following Negative Returns

Coin Coefficient t-Stat N

DASH 2.92 1.69 3,992
ETC 2.38 1.93 4,679
ETH 2.36 1.70 4,544
LTC 3.74 2.57 4,668
XMR 2.74 1.69 4,614
ZEC 3.12 2.00 4,785

(Continued)

 15406261, 2020, 4, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1111/jofi.12903 by R

eadcube (Labtiva Inc.), W
iley O

nline Library on [13/12/2022]. See the Term
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline Library for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons License



AMERICAN BANKRUPTCY INSTITUTE

361

1940 The Journal of Finance R�

Table III—Continued

Panel D: Following Positive Returns

Coin Coefficient t-Stat N

DASH 3.47 2.26 3,985
ETC 1.92 0.99 4,732
ETH 1.65 1.27 4,878
LTC 1.99 0.94 4,581
XMR 0.59 0.48 4,752
ZEC 1.26 0.73 4,577

Panel E: Negative Returns-Authorization

Coin Coefficient t-Stat N

DASH 10.19 3.26 1,063
ETC 8.84 3.00 1,271
ETH 8.86 3.10 1,246
LTC 8.54 1.83 1,293
XMR 7.44 2.19 1,244
ZEC 7.89 2.46 1,293

the next three hours after the flow. Panel B shows sharp positive returns in
the three-hour window after the flow events for all six of the other major
cryptocurrencies as well. We further examine the spillover in the cross-section
of cryptocurrencies by constructing an exchange-level value-weighted return
index of all coins other than Bitcoin using all other coin-BTC pairs for all
exchanges in the sample. The altcoins listed on Bitfinex, Poloniex, and Bittrex
have significantly larger Bitcoin-denominated returns than the coins listed on
other exchanges in the hours right after the flows (see Internet Appendix Table
IA.IV). Consistent with the effect being driven by Tether flows, the return is
not different before the high-flow periods.

We also examine the results for the largest player, 1LSg. In Internet Ap-
pendix Figure IA.10, we focus on the largest 1% of the 1LSg flows and finds
that returns are positive at 1.27% over the next three hours, while returns are
−1.50% over the three hours before. We test whether this behavior is linked
to a general increase in blockchain transactions by examining Bitcoin prices
around the times with high flows from Bitfinex to non-1LSg Poloniex and Bit-
trex wallets or to other Tether exchanges. We find no statistical or economic
effect around these times.

Note that the only conditioning variable for these hours is lagged flows, and
we do not condition on past returns, but the large negative returns preceding
the flows seem to be consistent with investors following a “buying-the-dips”
strategy. To see if a normally occurring reversal pattern rather than the im-
pact of flows is driving the returns, we find hours in the sample that are the
closest match to our 95 high-flow hours in terms of lagged returns in the pre-
vious three hours, but we do not condition on the high flow of Tether. Internet
Appendix Figure IA.11 shows that while the returns from times −3 to 0 are
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the same by construction, the returns in the three hours after are −0.06% and
indistinguishable from zero, indicating that the higher returns after time 0 are
not due to a general price reversal or a “buying-the-dips” pattern in the market.

C. Is the Price Effect Economically Important?

What is the cumulative economic magnitude of the effects of Tether on Bitcoin
and other cryptocurrencies? Such a question is difficult to address. We take a
simple approach to partial economic assessment of the effect, but we also note
its potential limitations. From March 1, 2017 to March 31, 2018, the actual
Bitcoin price rose from around $1,191 to $6,929 for a return of 481.8%. In
contrast, the price series without the 95 Tether-related hours ends at around
$3,555, for an increase of 198.5%. Hence, the 1% of hours with the strongest
lagged Tether flow are associated with 58.8% of the Bitcoin buy-and-hold return
over the period.

We compare an actual Bitcoin price series to a series that is extremely similar,
but that removes the 95 high-lagged-flow hours discussed above and replaces
them with a random sample of 95 returns from other hours.29 This process
is repeated, with replacement, for 10,000 draws. Panel A of Figure 6 shows
that the actual return including the Tether-related hours clearly falls to the
far right of the bootstrapped distribution, indicating that it does not happen
by chance.

Panel B of Figure 6 compares the actual buy-and-hold return and the return
excluding hours after high flows for other major coins. The percentage of the
buy-and-hold return that is attributable to the Tether-related hours ranges
from 53% for Dash to 79% for Zcash.30 Across the six other cryptocurrencies,
returns are 64.5% smaller on average when removing the 95 Tether-related
flow hours.

We now perform the same analysis by focusing only on hours following the top
1% of 1LSg flows. From March 1, 2017 to March 31, 2018, excluding the top 1%
of times with high lagged flow of Tether and Bitcoin though 1LSg accounts, the
Bitcoin price rises only 216%. Hence, only 1% of the hours (95 of 9504) with the
strongest 1LSg flows are associated with 55.0% of the rise of Bitcoin in the next
hour. As shown in Internet Appendix Table IA.V, when removing the top 5% and
10% of hours, returns are 67.2% and 79.2% lower, respectively. We also perform
a bootstrap analysis for this account by replacing these 1% of hours with other
randomly selected hours. Figure 7 shows that the simulated distribution of
Bitcoin returns averages 221% and in none of the 10,000 simulations is the
return close to the actual return. The return distributions when replacing the

29 For example, for a three-period buy-and-hold return compounded as (1 + r1) (1 + r2) (1 + r3),
if period 1 is a high-flow hour, we replace the next-period returns, r2, with r2�, where r2� is a
random draw from all other nonhigh-flow hours in our sample. The benchmark buy-and-hold
return is calculated as (1 + r1) (1 + r2�) (1 + r3). Note that this approach does not suffer from
look-ahead bias, as it depends only on past flows in replacing returns.

30 Ethereum, for example, experienced nearly a 2,400% return during this period, but if the
Tether-related hours were excluded it would have experienced around a 900% return.
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Figure 5. Prices of Bitcoin and other cryptocurrencies around high-flow events. Panel
A shows Bitcoin prices three hours before and after the top 1% of high-flow hours to Poloniex and
Bittrex. Prices are scaled to one at time −3 before the event and at time 0 at the end of the event
window. Scaled prices are averaged across events. High-flow events are defined as the top 1% of
hours with high net average flows of Tether from Bitfinex to Poloniex and Bittrex and Bitcoin back
from Poloniex and Bittrex to Bitfinex in the prior hour, which means that high flows occur between
time −1 and time 0. Panel B depicts similar results for other major cryptocurrencies. (Color figure
can be viewed at wileyonlinelibrary.com)
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Figure 6. Predictive effect of high-flow hours on cryptocurrencies returns. The red bar
in Panel A shows the buy-and-hold return of Bitcoin from March 1, 2017 to March 31, 2018. The
blue bars show the distribution of returns if the top 1% hours with high lagged flow of Tether
and Bitcoin are replaced with a random sample of returns in other hours, bootstrapped 10,000
times. High-flow hours are defined as in Figure 5. Panel B compares the actual buy-and-hold
return (red bars) with the return excluding the top 1% high-flow hours (blue bars) for other major
cryptocurrencies over the same time period. (Color figure can be viewed at wileyonlinelibrary.com)

hour following the top 5% and 10% of 1LSg flows are also considerably to the
left of the actual returns and indicate that the observed patterns are not likely
due to chance.

To determine whether the high-flow return relationship is a general result of
extreme market events reflected in the blockchain data, in Internet Appendix
Figure IA.12 we also perform simulations where we remove the top 1%, 5%,
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Figure 7. Predictive effect of 1LSg high-flow hours on Bitcoin returns. The red bars show
the buy-and-hold return of Bitcoin from March 1, 2017 to March 31, 2018. The blue bars show the
distribution of returns if the top hours with high lagged 1LSg flow are replaced with a random
sample of returns in other hours, bootstrapped 10,000 times. The high 1LSg flow hours are the
top 1% of hours with high 1LSg flows as defined in the Internet Appendix Section I. The return
distribution in the top panel replaces the top 1% of high lagged 1LSg flow hours with a random
sample of returns in other hours, and the middle and bottom panels replace the top 5% and 10%,
respectively. (Color figure can be viewed at wileyonlinelibrary.com)
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and 10% of net flows from Bitfinex to other Poloniex and Bittrex addresses.
There seems to be weak evidence that the extreme non-1LSg flows have some
effects on prices for the top 1% of hours, but not the top 5% and 10%. For
the net Tether/Bitcoin flows associated with the other five main Tether-based
exchanges (Binance, HitBTC, Huobi, Kraken, and OKEx), removing the top
1%, 5%, or 10% of the flows has no effect on simulated Bitcoin prices.

Overall, the findings indicate that a large player moves Tether out of Bitfinex
in exchange for Bitcoin in such a way that she/he would either have to exhibit
extreme market timing or, much more likely and consistent with the price
impact literature, have a large price impact on Bitcoin price.

We note that this finding is subject to some caveats. The effect only considers
the hourly periods with extreme flows. Measuring such findings over other
intervals would be less precise and more difficult, but the flow could push
prices up at other times as well. However, the effect does not consider the effect
of selling price pressure if the Tether issuers later sell the Bitcoin and move
the proceedings into dollars, though it seems feasible that the issuers could sell
Bitcoin through channels with considerably less price impact. If the purchased
Bitcoin is not permanently liquidated for dollars, then the inflationary effect
due to increasing the money supply can be persistent. Overall, although it
is difficult to fully assess the exact price impact of Tether, these back-of-the-
envelope calculations demonstrate that the effect is plausibly large.

D. Negative Serial Correlation in Bitcoin Prices

The flows of Tether and Bitcoin follow a specific pattern: accounts on Bitfinex
buy Bitcoins with Tether when Bitcoin prices drop. If the flow of Tether moves
Bitcoin prices, this may lead to a price reversal following a negative shock as
described in H2C.

To test this hypothesis, we examine whether future Bitcoin returns can be
explained by lagged returns, and in particular, whether the reversal effect
is related to Tether flows. We include controls for lagged volatility and the
interaction of lagged volatility and lagged returns similar to Table II. Table IV
shows that after controlling for volatility, we observe a return reversal, but only
for negative returns and only in periods with high net flows. Panel B shows
that the reversal pattern is driven by 1LSg flows and is not present in flows to
non-1LSg accounts on Poloniex and Bittrex, nor in flows to other Tether-based
exchanges.31 Panel C shows that the effect is strongest in periods right after
the hours with the top 1% and 5% of flows. In the extreme case, if accompanied
by top 1% net flows, each 1% drop in Bitcoin prices is followed by a large 61
basis point reversal in the next hour, whereas the reversal is on average only
6 basis points (and statistically insignificant) in other times.32 Controlling for

31 Internet Appendix Table IA.VI shows that if the specification controls for the interaction
between flows and volatility, the flow effect remains significant for the full sample but becomes
statistically insignificant when the sample is split into positive and negative lagged returns.

32 Internet Appendix Table IA.VII shows that the results are driven entirely by top hours of
1LSg flows and that top hours of other flows are not related to the reversal. For example, each 1%
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Table IV
Bitcoin Return Reversals and 1LSg Flow

This table shows OLS estimates for the autocorrelation of Bitcoin returns,

Rt = β0 + β1 Rt−1 + β2 Flowt−1 + β3 Rt−1 ∗ Flowt−1 + Controls + �t,

where Rt is the hourly return of an equal-weighted price index that aggregates Bitcoin prices on
Tether exchanges, Flowt is the average net hourly flow of Tether from Bitfinex to Poloniex and
Bittrex and of Bitcoin from Poloniex and Bittrex to Bitfinex, and the control variables include
lagged returns, volatility calculated using hourly returns over the previous 24 hours, and the
interaction of lagged returns and volatility. Panel A reports results for aggregate net flows to
Poloniex and Bittrex. Panel B decomposes flows into 1LSg flows and the rest of Poloniex and
Bittrex accounts and controls for flows into other Tether exchanges (Binance, HitBTC, Huobi,
Kraken, and OKEx). The flow variables are standardized by subtracting the mean and dividing by
the standard deviation. Panel C estimates a similar regression for dummy variables that take the
value of 1 for top 1%, 5%, and 10% of hours with high lagged flows and volatility. Standard errors
are adjusted for heteroskedasticity and autocorrelation. t-Statistics are reported in parentheses.
*p < 0.05, **p < 0.01.

Panel A: Using Aggregate Flows to PLX and BTX

Full Sample Neg Lagged Returns Pos Lagged Returns

Lag Ret −0.0198 0.0004 −0.0420
(−0.62) (0.01) (−0.69)

Lag Flow 0.0003 −0.0002 0.0001
(1.68) (−0.53) (0.34)

Lag Flow × Lag Ret −0.0326** −0.0669** −0.0073
(−2.73) (−2.67) (−0.36)

Lag Volatility 0.0093 0.0060 0.0100
(1.38) (0.49) (0.88)

Lag Volatility × Lag Ret −0.3961 −0.5918 −0.2719
(−0.98) (−0.85) (−0.37)

Constant −0.0002 −0.0000 −0.0001
(−0.67) (−0.07) (−0.29)

Observations 9,503 4,488 5,011
Adjusted R2 0.007 0.011 0.001

Panel B: Using Decomposed Flows

Full Sample Neg Lagged Returns Pos Lagged Returns

Lag Ret −0.0125 0.0166 −0.0320
(−0.38) (0.27) (−0.52)

Lag 1LSg Flow 0.0003 −0.0001 −0.0000
(1.71) (−0.19) (−0.02)

Lag 1LSg Flow × Lag Ret −0.0280* −0.0545* 0.0050
(−2.23) (−2.17) (0.22)

Lag Volatility 0.0094 0.0060 0.0110
(1.40) (0.49) (0.97)

Lag Volatility × Lag Ret −0.4986 −0.7798 −0.4123
(−1.20) (−1.11) (−0.55)

Lag PLX BTX Flow × Lag Ret −0.0200 −0.0272 −0.0153
(−1.61) (−1.41) (−0.95)

(Continued)
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Table IV—Continued

Panel B: Using Decomposed Flows

Full Sample Neg Lagged Returns Pos Lagged Returns

Lag Other Flow × Lag Ret 0.0255 0.0404 0.0094
(1.81) (1.63) (0.56)

Constant −0.0002 0.0000 −0.0002
(−0.71) (0.01) (−0.42)

Observations 9,503 4,488 5,011
Adjusted R2 0.008 0.012 0.001

Panel C: Using the Top Percentile Flow and Volatility (Lagged Neg Returns)

Top 1% Top 5% Top 10%

Lag Ret −0.0583 −0.0169 −0.0299
(−1.90) (−0.49) (−0.78)

Lag High Flows 0.0041 0.0003 −0.0011
(0.72) (0.19) (−0.85)

Lag High Flows=1 × Lag Ret −0.6091* −0.2720* −0.1756
(−2.56) (−2.53) (−1.93)

Lag High Vol 0.0167* −0.0018 0.0008
(2.53) (−0.73) (0.51)

Lag High Vol=1 × Lag Ret 0.2014 −0.1192 −0.0183
(1.09) (−1.42) (−0.26)

Constant −0.0000 0.0003 0.0002
(−0.04) (1.07) (0.70)

Observations 4,488 4,488 4,488
Adjusted R2 0.023 0.013 0.007

the interaction between lagged returns and volatility shows that the results
cannot be explained by the possibility of larger return reversals during periods
of high volatility (Nagel (2012)).

In conclusion, the results in this section provide considerable evidence that
Tether is used to purchase Bitcoin following Tether authorization and a drop
in Bitcoin price, and that this phenomenon has a sizable relation with fu-
ture prices of Bitcoin and other coins. This relation is driven by one ac-
count holder and induces an asymmetric negative autocorrelation in Bitcoin
returns.

IV. Is Tether Pushed or Pulled?

The results in the previous section are consistent with a sizable price impact
of Tether. In this section, we examine pushed H2D and H2E as well as variants
of the pulled hypothesis to shed light on the nature of this price impact.

drop in Bitcoin prices is followed by a 52 basis point reversal in the next hour if accompanied by
the top 1% of 1LSg flows.
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A. Currency Flows around Round Price Thresholds

Following Tversky and Kahneman (1974), a large literature demonstrates
the importance of price anchoring for a variety of assets. Shiller (2000) ex-
tensively discusses the importance of psychological anchors for stock market
prices, and indicates that one such anchor is the nearest round-number level.
Bhattacharya, Holden, and Jacobsen (2012) find support for liquidity deman-
ders buying just below round-number thresholds in stocks, consistent with in-
vestors anchoring prices to the round-number threshold. Such an anchor could
be of particular importance for cryptocurrency prices, for which the underlying
value cannot be gauged through fundamentals.

Additionally, cryptocurrency traders likely engage in technical trading
whereby past price movements generate buy and sell signals. If Tether is used
to stabilize market prices during a downturn, one might expect a spike in the
flow of Tether around round thresholds, as this might induce other traders,
upon observing technical support at the threshold, to purchase as well. Such a
pattern could also be consistent with recent theories that suggest that higher
participation of users and investors makes Bitcoin more appealing to other
users/investors due to network effects (Sockin and Xiong (2018), Cong, Li, and
Wang (2019)).

To test this prediction, we divide hourly CoinDesk prices by 500 and then
group the remainders into bins of $10 width to examine how the flow of Tether
for Bitcoin changes near the round thresholds. Figure 8 plots the net average
flow of Bitcoin and Tether between Bitfinex and other Tether exchanges as a
function of distance to the round thresholds. Panel A shows that on days after
Tether authorization, the flow increases significantly just below the round cut-
off but drops right above the cutoff. In contrast, there is no such effect on days
with no prior Tether authorization. Panel B plots the flows after authorization
for net 1LSg flows and flows to other accounts. We find evidence of strong flows
below the threshold for 1LSg accounts. There is some weaker evidence of larger
flows below the threshold for the rest of Bittrex and Poloniex (not coming from
1LSg) and no evidence of net Bitcoin buying around round number thresholds
for Binance, HitBTC, Huobi, Kraken, or OKEx.

Table V, Panel A, formally tests whether Tether/Bitcoin flow is different
below and above the round-price thresholds. The dependent variable is the
net Tether/Bitcoin flow, and the independent variable is a dummy that takes
the value of 1 if the Bitcoin price is in the $50 bandwidth below the round
multiples of $500 and 0 if in the $50 bandwidth above. The results show that
purchasing below the threshold is economically and statistically significant
only after authorization.

In Panel B of Table V, we further examine the disaggregated flows following
authorization and finds that the higher flow below round-number thresholds is
driven by the 1LSg accounts, with a t-statistic of 3.71. Other accounts at Bittrex
and Poloniex as well as other Tether exchanges do not have statistically or
economically significant flows below the threshold. In addition, Panel C shows
that no such pattern obtains in nonauthorization periods. Overall, the evidence
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Figure 8. Flows around round number thresholds. This figure shows the average net hourly
flows of Tether from Bitfinex to two major Tether exchanges, Poloniex and Bittrex, and of Bitcoin
from these exchanges to Bitfinex, around round-number thresholds of Bitcoin prices. The Bitcoin
prices are based on hourly prices reported by CoinDesk. The horizontal axis shows the distance
of the price from round thresholds in multiples of $500 at the end of the previous hour, and the
vertical axis shows the flow within the hour. The hollow blue circles show the average flow for $10-
wide price bins, and the black lines show the fitted values of the flow as a second-order polynomial
of the price distance to the round thresholds. The gray areas represent the 95% confidence interval
for the fitted values. Panel A, left, plots the results for times when a Tether authorization occurred
in the previous 72 hours, and Panel A, right, plots the results for other times. Panel B shows the
results after Tether authorization for the flows decomposed into 1LSg flows and other Poloniex and
Bittrex accounts, as well as flows to other Tether-based exchanges. The sample covers the period
from March 1, 2017 to March 31, 2018. (Color figure can be viewed at wileyonlinelibrary.com)
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Table V
Flow of Coins around Round Thresholds of Bitcoin Price

Panel A reports OLS estimates for which the dependent variable is hourly average net flow of
Tether from Bitfinex to Poloniex and Bittrex and of Bitcoin from Poloniex and Bittrex to Bitfinex.
BelowRoundCutof ft is a dummy variable that takes the value of 1 if the Bitcoin price, at the end of
the hour, falls into the $50 price bucket below a $500 price multiple and 0 if it is in the $50 bucket
above such a multiple,

Flowt = β0 + β1 BelowRoundCutof ft−1 + �t.

Panel B estimates the same regression for the net average flows into 1LSg accounts, the rest of
Poloniex and Bittrex accounts, and the other Tether exchanges (Binance, HitBTC, Huobi, Kraken,
and OKEx). Standard errors are adjusted for heteroskedasticity and autocorrelation. t-Statistics
are reported in parentheses. *p < 0.05.

Panel A: Flows around Round Thresholds

Full Auth NoAuth

Below Round Cutoff 14.75* 60.83*** 0.221
(2.02) (3.52) (0.03)

Constant 36.26*** 45.55*** 31.93***

(8.52) (5.19) (6.78)
Observations 1,603 464 1,139
Adjusted R2 0.002 0.028 −0.001

Panel B: Flows to Different Exchanges—Days Following Authorization

1LSg Oth BTX Oth PLX Binance HitBTC Huobi Kraken OKEx

Below Round Cutoff 52.60*** 2.059 6.172 7.497 3.810 6.289 5.252 0.971
(3.71) (0.60) (1.62) (1.27) (1.92) (1.90) (0.83) (0.46)

Constant 34.75*** 4.885*** 5.915** 13.66*** 0.564 3.766** −1.071 3.841***

(4.63) (3.93) (3.08) (4.42) (0.64) (3.01) (−0.38) (3.52)
Observations 464 464 464 305 464 464 464 260
Adjusted R2 0.030 −0.001 0.004 0.002 0.007 0.008 −0.000 −0.003

Panel C: Flows to Different Exchanges—Other Days

1LSg Oth BTX Oth PLX Binance HitBTC Huobi Kraken OKEx

Below Round Cutoff 5.815 −2.825 −2.768 −1.085 −0.835 −0.476 0.207 2.043
(0.89) (−1.33) (−1.47) (−0.47) (−1.23) (−0.12) (0.17) (0.71)

Constant 19.93*** 4.982*** 7.015*** 3.442* 0.761* 4.123 −0.00519 −0.542
(4.99) (3.43) (5.43) (2.01) (2.29) (1.32) (−0.01) (−0.22)

Observations 1,139 1,139 1,139 731 1,139 1,139 1,139 483
Adjusted R2 −0.000 0.001 0.001 −0.001 0.001 −0.001 −0.001 −0.001

indicates that the flow below thresholds is driven by the 1LSg account, and
only after authorization, that is, this flow pattern is not typically observed in
the market.

We next examine what effect, if any, the inflow of Tether below the threshold
might have on Bitcoin returns. In Panel A of Table VI, we report estimates of
a regression of average three-hour future returns on the lagged round-number
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Table VI
Effect of Flow on Returns around Round Thresholds of Bitcoin Price
Panel A estimates a regression of average three-hour Bitcoin returns on the BelowRoundCutof f
dummy. Panel B reports results for the second-stage estimates of a two-stage least squares regres-
sion of Bitcoin returns on flows,

1
3

2∑
i=0

Rt+i = β0 + β1 ˆFlowt−1 + �t,

where in the first stage, ˆFlowt is instrumented using a dummy variable that takes the value of
1 if the Bitcoin price, at the end of the previous hour, is within the $50 bucket below the round
threshold and the time is within the three-day window after Tether authorization and 0 if within
the $50 bucket above or in days outside the three-day window after Tether authorization. Panel
C reports the same results as in Panel B but where the flows are decomposed into 1LSg and the
rest of Poloniex and Bittrex, and it also controls for aggregate net flows to other Tether exchanges
(Binance, HitBTC, Huobi, Kraken, and OKEx). Standard errors are adjusted for heteroskedasticity
and autocorrelation. t-Statistics are reported in parentheses. *p < 0.05.

Panel A: Returns around Round Thresholds

Auth NoAuth Auth_L.Ret < 0 Auth_L.Ret > 0

Below Round Cutoff 20.61* −3.397 32.87* 11.91
(2.42) (−0.74) (2.58) (1.29)

Constant 1.765 5.466 11.75 −7.205
(0.33) (1.87) (1.39) (−1.15)

Observations 464 1,138 214 250
Adjusted R2 0.012 0.000 0.025 0.002

Panel B: Instrumenting the Flow using the Round Thresholds

All Auth Auth L.Ret < 0 Auth_L.Ret > 0

Flow 26.42* 33.88* 45.34* 22.92
(2.06) (2.05) (2.37) (0.97)

Constant −5.724 −13.67 −10.75 −16.81
(−1.05) (−1.27) (−0.72) (−1.23)

Observations 1,602 464 214 250
Wald F-statistic 19.44 12.03 8.217 5.264

Panel C: Instrumenting the 1LSg Flow using the Round Thresholds

All Auth Auth_L.Ret < 0 Auth_L.Ret > 0

1LSg Flow 38.52* 65.44* 89.35 47.27
(2.09) (2.03) (1.79) (1.11)

Oth PLX/BTX Flow −21.19 −52.65 −76.91 −47.82
(−1.78) (−1.45) (−1.08) (−1.26)

Oth Flow −10.18 −38.09* −35.38 −40.03
(−1.92) (−2.10) (−1.73) (−1.21)

Constant −3.364 −10.28 −8.653 −11.08
(−0.75) (−1.01) (−0.53) (−0.99)

Observations 1,602 464 214 250
Wald F-statistic 19.49 7.639 3.291 4.277
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threshold dummy. On days following Tether authorization, when prices are
below the round threshold, the future hourly return is 20.61 basis points higher
on average. However, this return effect is not present on days apart from
printing Tether or periods after authorization with positive lagged returns.

Note that it is possible that the Bitfinex-related wallets trade around round-
number thresholds simply because they are following behavioral biases. How-
ever, in this case their trading is not likely to be profitable as documented in
the behavioral finance literature (Bhattacharya, Holden, and Jacobsen (2012)).
Large purchasing by 1LSg accounts provides a coherent explanation as to how
prices can be pushed above the thresholds. In addition, if other traders see such
large purchasing, they might join the buying due to either technical trading
indicators being triggered or through the perception of stronger network effects
(Sockin and Xiong (2018), Cong, Li, and Wang (2019)).

We also use the discontinuity around round-number thresholds as an instru-
ment to identify the effect of Tether on Bitcoin prices by estimating a fuzzy
regression discontinuity design. As an instrument for Tether-related flows, we
set a dummy variable equal to 1 if Bitcoin price is within the $50 bucket below
the round threshold and the time is within the three-day window after Tether
authorization. Our identification assumption is that the only channel through
which the cutoff affects future Bitcoin returns is through Tether flows. The
exclusion restriction is supported by the fact that neither 1LSg flows nor the
future Bitcoin returns differ below and above the thresholds on days not around
Tether authorization, and flows associated with no other accounts differ below
and above the thresholds even for periods after authorization.

In Panel B of Table VI, we estimate a two-stage least squares regression
of three-hour future Bitcoin returns on the lagged net Bitcoin/Tether flow,
where the flow is instrumented using the cutoff dummy. The reported Wald F-
statistics show that the first-stage regressions are strong, suggesting a strong
instrument. The second-stage regression indicates that for 100 Bitcoin pur-
chased by Bitfinex, the average hourly Bitcoin return in the next three hours
goes up by 26.42 basis points. The effect is 33.88 basis points if the sample
is limited to days after authorization, and 45.34 basis points for periods after
authorization with lagged negative returns. The effect is insignificant for pe-
riods after authorization with positive lagged returns. In Panel C, we perform
the same analysis except we instrument for 1LSg flows rather than aggregate
Poloniex and Bittrex flows, and we also control for the flows associated with
other accounts on Poloniex and Bittrex as well as on other exchanges. The re-
sults are economically larger with a 100 Bitcoin flow by 1LSg associated with
an average hourly Bitcoin return in the next three hours of 65.44 basis points
after authorization. This result highlights a very strong effect of 1LSg flows on
Bitcoin prices, especially on days after Tether authorization.
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B. Demand from Investors with Fiat Currency?

B.1. End-of-Month Returns

The previous sections establish that the flow of Tether explains a sizable
increase and predictable trading patterns in Bitcoin prices. These patterns are
potentially consistent with fiat purchases of Tether through Bitfinex, but the
purchases and trading would need to be driven by one large player who moved
over 2 billion USD into Tether through the Bitfinex exchange. Alternatively,
if the printed Tether is not backed by dollars and does not reflect the inflow
of real capital into the cryptospace, such an increase in Bitcoin prices can re-
flect inflation caused by printing unbacked money. In this section we examine
the backing of Tether by borrowing from the intermediary asset pricing litera-
ture, specifically Du, Tepper, and Verdelhan (2018) and He and Krishnamurthy
(2018), who argue that banks’ compliance with period-end capital requirements
may have a sizable effect on asset prices. To assure traders of the existence of
dollar reserves, Tether has issued EOM bank statements from December 2016
to March 2017 that were audited by a Chinese accounting firm.33 If Tether does
not maintain full reserves daily but seeks to release audited EOM statements
that demonstrate full reserves to investors, there could be negative selling pres-
sure on Bitcoin to convert it to USD reserves before the EOM as hypothesized
in H2E. Such an EOM selling effect should be related to the Tether issuance.
Moreover, if cash needs to be raised by liquidating other major cryptocurrencies,
as they also show a large price increase around Tether flows, they should show
an EOM effect as well. We test for this effect by constructing value-weighted
returns of the top-five cryptocurrency returns.

Figure 9 depicts Bitcoin daily returns at EOM by dividing the sample months
into four quantiles based on their monthly Tether issuance.34 The blue bars
show the raw EOM returns, and the red bars benchmark the EOM returns by
subtracting the average return over the four days before and the four days after.
As can be seen, there is a clear relationship between monthly Tether issuance
and EOM negative price pressure. In months with no Tether issuance, there is
no EOM effect. However, in months with large Tether issuance, there is a 6%
negative benchmarked return.

We caveat this relation, however, by noting that there are only 25 months in
our sample, and the two months with the largest Tether issuance, December
2017 and January 2018, exhibit a strong EOM effect. Because of the relatively

33 As announced on https://tether.to/tether-update/, these audits were made publicly available
on Tether.to. Tether also stated its intention to be audited by a non-Chinese firm, but it eventually
canceled the audit due to “the excruciatingly detailed procedures.” In an interview about the lack
of an audit on Tether, Bitfinex’s chief technology officer noted that “[w]hat we want to do is not
[audit] the bank balances as of now, but we want to demonstrate to the community that we had
the money at the end of every single month, since a reasonable date like January 2017 and on.”

34 Cryptocurrencies officially trade on UTC timestamp and daily prices close at midnight UTC
time, when business hours have already ended in most countries and the next day has already
started in East Asia. The effect must therefore be observed in the second-to-last day of the month,
which we consider the EOM price.
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Figure 9. End-of-month returns and quantiles of Tether issuance. This figure shows end-
of-month (EOM) daily Bitcoin returns for different quantiles of monthly Tether issuance. Four
quantiles of Tether issuance are defined based on total Bitcoin-denominated Tether issuance each
month. Issuance is calculated as the aggregate monthly Bitcoin-denominated flow of Tether from
the Tether treasury to Bitfinex. All months with zero issuance are included in one group, and the
other months are divided into three quantiles. The EOM return is defined as the daily return
on the second-to-last day of the month closing at midnight UTC time. Daily prices are obtained
from CoinMarketCap. The blue bars show the raw EOM return, and the red bars show the raw
return minus the average return from the prior four days through the subsequent four days.
The sample covers the period from March 2016 to March 2018. (Color figure can be viewed at
wileyonlinelibrary.com)

small sample size, we check the sensitivity of the results by excluding the
two months with the largest Tether issuances. In a simple regression of EOM
Bitcoin returns on monthly Tether issuances, we obtain a t-statistic of −2.85
with all observations, but an insignificant t-statistic of −1.26 when excluding
the two largest months.35

In Table VII, we examine this result further. In Panel A, column (1) shows
that the EOM return is 2.3% less than returns in the four days before and
after the EOM. Columns (2) and (3) indicate that there is no effect in months
without Tether issuance, but the EOM return is 3.8% lower in months with
Tether issuance (t-statistic of 3.65). Column (4) interacts the EOM dummy
with the magnitude of the monthly Tether issuance and shows that for a one-
standard-deviation higher Tether issuance, the EOM return is 2.2% more neg-
ative. Column (5) tests the plot in Figure 9 statistically and shows that relative
to months with zero issuance, months with low, medium, and high issuance

35 When using the value-weighted returns of top-five currencies, the same regression yields a t-
statistic of −4.85 and −2.97 with and without the top two months, respectively (Internet Appendix
Table IA.VIII).
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have a negative EOM return of 1.9%, 3.1%, and 6.1%, respectively, all sta-
tistically significant. Finally, as a sensitivity check, in columns (6) to (8), we
exclude the top two months of flow. As expected, the results are weaker but
still statistically and economically significant.

Panel B examines the findings using the value-weighted return index. The
findings are considerably more statistically significant. The index shows a re-
turn of −7.7% in the months with the highest issuance with a t-statistic of
−4.00. If we remove December 2018 and January 2018, the magnitude is still
4.8% with a t-statistic of −3.64.

As a one-period example not at EOM, we also noticed that Tether released
a limited audit of a snapshot of their cash balance as of September 15, 2017.
Tether later fired the auditor. Prices dropped 25% from September 12, 2017 to
September 15, 2017, the day of the audit (see Internet Appendix Figure IA.13).

Finally, we examine if there are any patterns in Bitfinex’s Bitcoin wallets
used to hold the exchange Bitcoin reserves.36 If the founders attempt to sell
Bitcoin and raise a cash reserve, the balance in the reserve wallets of Bitfinex
might go down before the EOM. To examine this possibility, we compute the
net flows of Bitcoins from Bitfinex’s reserve wallets, including its main cold
wallets. Internet Appendix Table IA.IX shows that in months with large Tether
issuances, the Bitfinex balances experience a large net outflow in the last
five days of the month, and the relationship is statistically significant with
a t-statistic of 3.14. As a placebo test, we perform the same analysis on the
reserve wallets of any of the top-20 largest exchanges for which we could obtain
reserve wallet addresses, and we find no EOM net outflow from these wallet
balances. This result suggests that a plausible channel for the decrease in
Bitcoin prices is EOM liquidation of Bitfinex reserves. In summary, the strong
negative effect on Bitcoin prices in months of Tether issuance is consistent
with Tether not maintaining full dollar reserves at all times. Without a dollar
backup, the Tether peg could be held when cryptocurrency prices increase and
the liquidation of Tether is limited. But if market participants lose confidence
in Tether and a run occurs, there can be a substantial risk of default without
full cash reserves. Like most runs, this could also lead to substantial collateral
damage to cryptocurrency investors.

B.2. Flows and the Tether-USD Rate

Although the analysis above shows substantial support for a supply-based
explanation, we further examine the demand-based explanations for Tether. If
the demand for Tether comes mainly from investors who hold dollars and seek
to invest in Bitcoin, the greater demand could translate into a higher market
rate for the Tether-USD pair. Kraken was the most active market-based venue
for exchanging Tether for dollars in 2017, although the market volume of the

36 These wallets can include cold wallets or other wallets that hold a large balance of Bitcoin
reserves for a specific exchange. The table header to Internet Appendix Table IA.IX describes how
we identify these wallets on the blockchain.
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pair was less than 1% of the Bitcoin-Tether volume. The rate on Kraken often
stays close to one over our sample period from March 1, 2017 to March 31, 2018
but has a standard deviation of 2%. If part of the demand for Tether spills over
to Kraken, one would expect changes in the Tether-USD rate to be related to
the flow of Tether.

In Panel A of Table VIII, we regress Tether flow on different lags of Tether-
USD returns as well as BTC-USD returns. We standardize the variables so
that the magnitudes of the coefficients are comparable. The results show that
Tether flow is highly sensitive to the BTC-USD pair (as shown previously) but
bears little relation to the Tether-USD pair. Similarly, in Panel B, we examine
Bitcoin flow and find that the corresponding flow of Bitcoin back is highly
sensitive to BTC-USD rates but bears no relationship with the Tether-USD
pair. We further examine this relationship by constructing different proxies for
the Tether price using value-weighted and equal-weighted Tether-USD rates
across all available exchanges as well as constructing a synthetic rate using
Bitcoin prices on Bitfinex versus dollar exchanges. The results using these
proxies instead of the Kraken Tether-USD rate are similar (Internet Appendix
Tables IA.X, IA.XI, and IA.XII). We also examine results for the 1LSg account
and other accounts on Tether exchanges and find similar results (Internet
Appendix Table IA.XIII).

Another possibility is that the overall price difference between Tether and
USD exchanges is driving the flow. To examine this possibility, we construct two
lagged return measures: the three-hour lagged Bitcoin return averaged across
all major exchanges, and the three-hour lagged difference in return between
Tether exchanges and USD exchanges. The average return captures the effect
of Bitcoin price changes and the difference captures the spread leading to the
arbitrage opportunity between Tether and USD exchanges. We then estimate
a regression of Tether and Bitcoin flows on the spread and average returns.
Panel C of Table VIII shows that the flows are not sensitive to the spread.
Moreover, Panel C of Internet Appendix Table IA.XIII shows that the flows
to 1LSg and other Poloniex and Bittrex accounts have no relationships with
the spread, whereas the flows to Binance and Huobi are positively related to
the spread. These findings suggest that when the BTC-Tether pair trades at
a higher discount relative to BTC-USD, capital flow to Binance and Huobi
increases to buy Bitcoin at a lower price. This result indicates that Tether is
used in arbitrage activities, but the 1LSg activities are not driven by these
arbitrage proxies.

Overall, we do not find evidence to support the demand-based hypothesis
(H1A), but we also note that noise and illiquidity in the Tether return series
add noise to these tests. We believe that the various ways we construct for the
actual and implied Tether return series substantially mitigate this concern.

C. Flows and Bitcoin Prices across Exchanges

Tether may facilitate cross-exchange arbitrage among Tether exchanges. In
particular, imagine that Bitcoin prices increase on Bitfinex, but Bitcoin prices
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Table VIII
The Relationship between Tether and Bitcoin Flows and Tether-USD

versus BTC-USD Rates
This table reports OLS estimates for which the dependent variables are the net flow of Tether from
Bitfinex (Panel A) and the net flow of Bitcoin to Bitfinex (Panel B), and the independent variables
are multiple lags of Tether-USD and BTC-USD returns,

Flowt = α +
5∑

i=1

βi RT ether−U SD
t−i +

5∑
i=1

γi RBT C−U SD
t−i + �t,

where RBT C−U SD
t is the hourly return of Bitcoin prices in USD and RT ether−U SD

t is the hourly
return of the Tether-USD pair on the Kraken exchange. The sample period is from April 1, 2017
(when Kraken prices are first available) to March 1, 2018. Panel C estimates an OLS regression
of Tether and Bitcoin flows on the lagged arbitrage spread and average returns between USD and
Tether exchanges,

Flowt = β0 + β1
1
3

3∑
i=1

ArbitrageSpreadt−i + β2
1
3

3∑
i=1

AverageReturnt−i + �t,

where AverageReturnt = (RU SD
t +RT ether

t )
2 and ArbitrageSpreadt = RU SD

t − RT ether
t . All variables are

standardized by subtracting the mean and dividing by the standard deviation. Standard errors are
robust to heteroskedasticity. t-Statistics are reported in parentheses. *p < 0.05, **p < 0.01, ***p <

0.001.

Panel A: Tether Flow

L.Tether_USD_Ret −0.0082 −0.0016 0.0019 0.0018 0.0047
(−0.77) (−0.13) (0.16) (0.14) (0.36)

L2.Tether_USD_Ret 0.0080 0.0160 0.0180 0.0232
(0.59) (1.11) (1.21) (1.42)

L3.Tether_USD_Ret 0.0138 0.0176 0.0257
(1.23) (1.32) (1.71)

L4.Tether_USD_Ret 0.0024 0.0172
(0.20) (1.05)

L5.Tether_USD_Ret 0.0272
(1.50)

L.BTC_USD_Ret −0.0448** −0.0472*** −0.0482*** −0.0489*** −0.0490***

(−3.14) (−3.31) (−3.40) (−3.44) (−3.45)
L2.BTC_USD_Ret −0.0688*** −0.0698*** −0.0715*** −0.0719***

(−4.80) (−4.84) (−4.96) (−4.95)
L3.BTC_USD_Ret −0.0299* −0.0316** −0.0325**

(−2.56) (−2.70) (−2.73)
L4.BTC_USD_Ret −0.0419** −0.0426**

(−3.05) (−3.12)
L5.BTC_USD_Ret −0.0263

(−1.85)
Constant −0.0034 −0.0032 −0.0031 −0.0030 −0.0029

(−0.31) (−0.29) (−0.28) (−0.27) (−0.27)
Observations 8,750 8,749 8,748 8,747 8,746
Adjusted R2 0.002 0.006 0.007 0.008 0.009

(Continued)
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Table VIII—Continued

Panel B: Bitcoin Flow

L.Tether_USD_Ret −0.0047 0.0029 0.0033 0.0061 0.0075
(−0.34) (0.21) (0.23) (0.42) (0.51)

L2.Tether_USD_Ret 0.0098 0.0085 0.0150 0.0167
(0.74) (0.58) (1.02) (1.10)

L3.Tether_USD_Ret −0.0139 −0.0012 0.0021
(−1.04) (−0.08) (0.14)

L4.Tether_USD_Ret 0.0212 0.0271
(1.62) (1.93)

L5.Tether_USD_Ret 0.0084
(0.64)

L.BTC_USD_Ret −0.1066*** −0.1093*** −0.1126*** −0.1133*** −0.1134***

(−6.72) (−6.91) (−7.18) (−7.24) (−7.27)
L2.BTC_USD_Ret −0.0775*** −0.0808*** −0.0825*** −0.0829***

(−4.97) (−5.20) (−5.30) (−5.33)
L3.BTC_USD_Ret −0.0734*** −0.0750*** −0.0761***

(−4.76) (−4.85) (−4.92)
L4.BTC_USD_Ret −0.0450** −0.0460**

(−3.09) (−3.17)
L5.BTC_USD_Ret −0.0280

(−1.91)
Constant 0.0154 0.0158 0.0160 0.0162 0.0163

(1.43) (1.47) (1.49) (1.51) (1.52)
Observations 8,750 8,749 8,748 8,747 8,746
Adjusted R2 0.011 0.017 0.022 0.024 0.025

Panel C: Price Differences between USD and Tether Exchanges

(1) (2)
Tether BTC

Arbitrage Spread 0.0032 0.0163
(0.22) (1.08)

Average Return −0.0823*** −0.1372***

(−5.77) (−8.37)
Constant −0.0000 0.0001

(−0.00) (0.01)
Observations 9,501 9,501
Adjusted R2 0.007 0.020

on Poloniex adjust with a delay. Traders can respond to the spread by sending
Tether to Poloniex and buying undervalued Bitcoins. This cross-exchange ar-
bitrage also necessitates a flow of Tether back to Bitfinex when Bitfinex prices
are lower than Poloniex prices. However, as Figure 1 shows, this reverse flow
pattern is not commonly observed. On the other hand, the flow of printed Tether
through Bitfinex might also cause prices to inflate first on Bitfinex before the
Tether moves to other exchanges.

Internet Appendix Table IA.XIV shows that for a one-standard-deviation
increase in the return spread measure, the net Tether and Bitcoin flow goes
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up from 0.0336 to 0.419 standard deviations, with t-statistics of 2.39 to 3.13.
Consistent with the supply-based hypothesis of flows following returns, a one-
standard-deviation decrease in the average Bitcoin return increases the flow
by 0.043 to 0.12 standard deviations, with t-statistics of 3.15 to 6.68 even after
controlling for the return spread.37 The results show that Bitcoin is typically
at a small premium on Bitfinex before the Tether flows to Bittrex and Poloniex.
This finding could be due to the use of Tether to facilitate arbitrage or to the
supply of Tether inflating prices at Bitfinex first. In either case, the results
show that the pattern of flows following negative Bitcoin returns is the more
economically sizable driver of the flow.

V. Conclusion

Periods of rapid price appreciation are historically associated with innova-
tion and growth but also with nefarious activities that lead to misallocation
of capital. The semitransparent nature of the blockchain provides a unique
opportunity to examine the mechanics behind the growth of an asset class
during a period of massive speculation and understand the role of central mon-
etary entities in a cryptocurrency world. In this paper, we examine whether
the growth of the largest pegged cryptocurrency, Tether, is primarily driven
by investor demand or is supplied to investors as part of a scheme to inflate
cryptocurrency prices.

By mapping the blockchains of Bitcoin and Tether, we are able to establish
that one large player on Bitfinex uses Tether to purchase large amounts of
Bitcoin when prices are falling and following the printing of Tether. Such price
supporting activities are successful as Bitcoin prices rise following the periods
of intervention. Indeed, even 1% of the times with extreme exchange of Tether
for Bitcoin have substantial aggregate price effects. The buying of Bitcoin with
Tether also occurs more aggressively right below salient round-number price
thresholds where the price support might be most effective. Negative EOM
price pressure on Bitcoin in months with large Tether issuance points to a
month-end need for dollar reserves for Tether, consistent with partial reserve
backing. Our results are most consistent with the supply-driven hypothesis.

Overall, our findings provide support for the view that price manipula-
tion can have substantial distortive effects in cryptocurrencies. Prices in this
market reflect much more than standard supply/demand and fundamental
news. These distortive effects, when unwound, could have a considerable nega-
tive impact on cryptocurrency prices. More broadly, these findings also suggest
that innovative technologies designed to bypass traditional banking systems
have not eliminated the need for external surveillance, monitoring, and a reg-
ulatory framework as many in the cryptocurrency space had believed. Our
findings support the historical view that dubious activities are associated with
bubbles and can contribute to further price distortions.

37 We find similar results when decomposing the flows into those to 1LSg, other Poloniex and
Bittrex, and other Tether-based exchange (Internet Appendix Table IA.XIV).
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