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Ø Macro	view:	

•  Liquidity	=	money 	 		

Ø Micro	view:	

•  Liquidity	=	solvency	at	the	firm	level	

•  Liquidity	=	ease	of	trading	securi:es	

Ø Measuring	Trading	liquidity	

•  Liquidity,	like	pornography,	is	easily	recognized	but	not	so	easily	defined.	
	 	 	 	 	 	O‘Hara	(1995),	p.	215	

	

What	is	Liquidity?	
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Spread	is	the	cost	dimension:	how	much	does	a	
trade	cost?	
• Extensively	researched	

Liquidity	is	Mul:-dimensional	

First dimension:
Spread

Second dimension:
Depth

Third dimension:
Resiliency

Market Liquidity

Depth	is	the	quan*ty	dimension:	how	much	can	
be	traded	at	the	current	price?	
• Reasonably	well	researched.	
	

				
Resiliency	is	the	*me	dimension:	Characterizes	
the	recovery	of	a	market	a\er	a	liquidity	shock.	
• Researched	only	to	a	very	limited	extent.	
• We	inves^gate	resiliency	in	liquidity.	

Garbade	(1982),	Kyle	(1985),	and	Harris	(2002)	
decompose	liquidity	into	three	dimensions.		
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Resiliency	in	the	limit	order	book	I	
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Resiliency	in	the	limit	order	book	II	
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Resiliency	in	the	limit	order	book	III	
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What	is	Resiliency?	

 We	define	and	empirically	inves>gate	
measures	of	resiliency	that	represent	the	
extent	to	which	scarce	liquidity	gets	
replenished,	or	excess	liquidity	gets	
consumed,	within	a	pre-specified	>me	as	a	
result	of	the	compe>>ve	ac>ons	of	value	
traders,	dealers	and	other	market	
par>cipants. 
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Why	is	Resiliency	Important?	
Ø  Exchanges	around	the	world	are	increasingly	organised	as	electronic	

order-driven	markets.		

Ø  Electronic	limit	order	markets	are	crucially	dependent	on	the	
existence	of	adequate	resiliency.		
•  In	dealer	markets,	market-makers	can	be	contractually	obliged	
to	stand	ready	to	buy	and	sell.	

•  Limit	order	book	markets	depends	only	on	limit	orders	for	new	
liquidity.	This	raises	the	empirical	issue	of	whether	enough	new	
liquidity	is	submiced	to	the	book	as	liquidity	gets	consumed.		

•  Resiliency	is	cri^cal	since	it	reflects	the	stability,	or	the	fragility,	
associated	with	the	ability	of	liquidity	demanders	to	always	
reliably	get	immediate	execu^on	of	their	orders.	

-  Par^cularly	important	in	the	algorithmic	trading	world.	
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Why	is	Resiliency	Important?	
Ø Arbitrageurs	(large	volume/small	margin	strategies)	are	
essen^al	for	fair	pricing	and	market	integrity.	
•  Resiliency	determines	vola^lity	of	trading	costs	and	
tradeable	quan^^es.	

• High	resiliency	decreases	risks	and	margins	at	which	
arbitrageurs	trade.	

Ø Ins^tu^onal	investors	break	up	large	trades	into	smaller	
blocks.	
• High	resiliency	speeds	up	execu^on	of	successive	
blocks.	
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Resiliency:	Theore:cal	Models	
Ø  Foucault,	Kadan	and	Kandel	(2005):	A	model	of	a	limit	order	book	

market	with	traders	of	different	degrees	of	“impa^ence”.	
Equilibrium	dynamics	determined	by	propor^on	of	pa^ent	traders	
and	order	arrival	rate.		

•  Conclude	that	spread	resiliency	increases	as:	

-  Propor^on	of	pa^ent	traders	increases.		
-  Order	arrival	rate	decreases.		
-  Tick	size	increases.	
-  And	at	the	end	of	the	trading	day.		

•  Model	does	not	consider	depth	resiliency.	

•  Model	does	not	include	any	informa^on-related	considera^ons.		
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Ø Exis^ng	literature	on	‘resiliency‘	focuses	on	extreme	
events.	
•  Bhacacharya	et	al.	(1998):		

-  How	large	can	shocks	get	before	exchanges	close	
down?	

•  Coppejans	et	al.	(2004),	Degryse	et	al.	(2005);	Gomber	
et	al.	(2014):		
-  How	does	liquidity	react	to	very	large	trades?	

Ø There	is	no	general	analysis	of	resiliency	as	the	
recovery	a\er	a	liquidity	shock.	

12	

Resiliency:	Extant	Empirical	Work	
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This	Paper....	
Ø Framework	for	measuring	resiliency.	

Ø Descrip^ve	analyses	of	resiliency:	how	resilient	are	
electronic	limit	order	books?	

Ø Is	resiliency	a	priced	risk	factor?	

Ø What	are	the	determinants	of	resiliency?	

•  Test	the	Foucault,	et	al.	(2005)	hypotheses.	
•  Test	for	the	causal	relevance	of	the	compe^^on	across	different	
trading	venues,	informa^on-related	risks,	and	algorithmic	
trading.			
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Ø High	frequency	order-book	snapshots	of	FTSE-100	stocks	
•  Number	of	transac^ons,	volumes	and	prices	
•  Quoted	depth	and	prices	at	best	quotes	and	various	levels	
•  New	orders	(limit/market)	and	cancella^ons	

Ø Why	FTSE-100?	
•  Electronic	limit	order	book,	99.5%	of	all	orders	
•  Large	cross-sec^on	(120	stocks)	

Ø Observa^on	interval	July	2007	–	September	2009	
•  Long	^me	series	(514	trading	days)	
•  Calm	and	highly	vola^le	market	phases	

Data	
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Measuring	Resiliency	
 Mean	reversion	model	for	the	spread,	or	the	depth	
of	the	order	book	at	different	^cks: 

ΔLt =κ θ − Lt−1( )+εt
κ ,  the mean reversion parameter, is resiliency

, , , 1 , ,
1
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How	resilient	is	the	limit	order	book?	
Ø  Es^ma^on	of	model	parameters	for	each	stock	i	and	trading	day	T	

Ø  								is	a	daily	measure	of	the	stock-specific	resiliency		,Tˆiκ

,Tˆiκ
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How	resilient	is	the	limit	order	book?	
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Average resiliency (per stock) 

•  Mean:										0.60	
•  Minimum:			0.39	
•  Maximum:		0.80	
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Ø Liquidity	devia^ons	have	a	half-life	of	6	minutes	

0.40 0.45 0.50 0.55 0.60 0.65 0.70 0.75 0.80 
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How	resilient	is	the	LOB?	
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How	resilient	is	the	limit	order	book?		
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•  Mean:									0.60	
•  Minimum:		0.41	
•  Maximum:		0.78	
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Ø Market	resiliency	is	fairly	stable	over	^me	

1.0 

0.8 

0.6 

0.4 

0.2 

0.0 



Pradeep	Yadav	

0.00 

0.10 

0.20 

0.30 

0.40 

Jul-07 Nov-07 Mar-08 Jul-08 Nov-08 Mar-09 Jul-09 
Market spread 

How	stable	is	resiliency	over	:me?	

20	

S
pr

ea
d 

[%
] 



Pradeep	Yadav	

Brennan/Subrahmanyam	(1996)	:me-series	approach	

•  Sort	stocks	into	6	porrolios	based	on	three	resiliency	
classifica^ons	and	two	size	classifica^ons.	

•  Compute	equally-weighted	monthly	excess	return	

•  Regress	porrolio	return	on	porrolio	resiliency	and	
control	variables	size,	book-to-market,	momentum	
(Gregory/Chris^dis	2013),	market	spread	and	depth	

Is	resiliency	a	priced	risk	factor?	

21	
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Brennan/Subrahmanyam	(1996)	:me-series	approach	

	

Is	resiliency	a	priced	risk	factor?	
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Brennan/Subrahmanyam	(1996)	:me-series	approach	
Is	resiliency	a	priced	risk	factor?	
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Commonality	in	Resiliency	
Chordia,	et	al.	(2000)	approach	
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Strong evidence of commonality in resiliency 
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Cross-sec:onal	approach	
Is	resiliency	a	priced	risk	factor?	
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•  Estimate the exposure of a stock’s resiliency to market 
resiliency. 

•  Also estimate the exposure of a stock’s spread (depth) to the 
market spread (depth), and the exposure of a stock’s return to 
the Fama-French factors. 

•   Run a cross-sectional regression of average stock returns on 
these factor exposures, including systematic resiliency.  
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Ø Hypotheses:	propor^on	of	pa^ent	traders,	order	arrival	
rate,	and	^ck	size	affect	resiliency	(Foucault	et	al.)	

	

Determinants	of	resiliency	

,T ,T ,T,T 0 1 2 3 4 ,T ,Tˆ i ii i i iPPT OAR T CVSκ β β β β β ζ= + ⋅ + ⋅ + ⋅ + ⋅ +
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Ø Clear	support	for	the	Foucault	et	al.	(2005)	model	
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Ø Hypothesis:	Informa^on	risk	makes	supplying	liquidity	
more	risky,	leading	to	lower	resiliency	

Determinants	of	resiliency	
Informa:on	Risk	

27	
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Determinants	of	resiliency	
Informa:on	risk	reduces	resiliency	
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Ø Hypothesis:	Algorithmic	traders	(AT)	act	as	liquidity	
suppliers,	leading	to	higher	resiliency	when	more	AT	are	
present	

Determinants	of	resiliency	
Algorithmic	trading	

,T 0 1 ,T 2 ,T 3 ,T 4 ,T 5 ,T

6 7 ,,T T ,T

ˆ

             
i i i i i i

ii i

PPT OAR TS Vola OI
AT CV

κ β β β β β β

β β ζ

= + ⋅ + ⋅ + ⋅ + ⋅ + ⋅

+ ⋅ + ⋅ +
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Determinants	of	resiliency	
Algorithmic	trading	

30	

Algorithmic trading increases resiliency, but not in 
volatile periods, and particularly for large stocks. 
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Ø Compe^^on	for	order	execu^on,	informa^on	risks	and	
algo	trading	may	arguably	depend	on	liquidity	–	e.g.,	
resiliency.	

Ø Our	regressions	thus	far	are	tests	of	associa^on,	not	
tests	of	causality		

Ø First	pass:	Granger	causality	test	

Ø Second	pass:	Instrumental	variables‘	tests	

Establishing	causality	
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Establishing	causality	
Granger	Causality	tests	
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Ø PPT	(propor^on	of	pa^ent	traders)	and	for	OAR	(order	
arrival	rate)	are	both	related	to	the	compe^^on	for	order	
execu^on	at	LSE.	

Ø Chi-X	started	full	coverage,	of	FTSE-100	stocks	on	July	13,	
2007,	Turquoise	on	September	8,	and	BATS	on	November	7,	
2008.		

Ø We	therefore	use	a	count	variable	indica^ng	the	number	of	
venues	with	full	coverage	as	an	instrument	for	PPT	and	OAR.		

Establishing	causality	–	Instrumental	Variables	
Compe::on	for	order	execu:on:	PPT	&	OAR	
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Ø Recent	empirical	studies	have	shown	that	Google	Search	
Intensity	can	help	to	predict	investor	demand	for	
informa^on	(Da,	Engelberg,	and	Gao,	2011)	and	stock	
vola^lity	(Dimpfl	and	Jank,	2015).		

Ø We	therefore	use	the	volume	of	the	firm	searched	for	a	
given	week	as	an	instrument	for	Vola	and	OI.	

Establishing	causality	–	Instrumental	Variables	
Informa:on	risks:	Vola:lity	and	Order	Imbalances	
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Ø During	our	observa^on	interval,	we	observe	four	
decreases	in	latency:	to	11	milliseconds	on	October	10,	
2007,	to	6	milliseconds	on	September	1,	2008,	to	5	
milliseconds	on	May	2,	2009,	and	to	3.7	milliseconds	on	
July	20,	2009.		

Ø We	define	a	count	variable	indica^ng	the	number	of	
latency	changes	and	use	this	as	an	instrument	for	Algo.		

Establishing	causality	–	Instrumental	Variables	
Algo	trading	
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Establishing	causality	–	Instrumental	Variables	

36	

All coefficient estimates have the hypothesized coefficient sign and remain 
statistically significant.  
We therefore conclude that our results are not due to endogeneity or to an omitted 
variables issue.  
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Ø Es^ma^on	of	resiliency	parameters	

•  Time-of-day	dummies	

•  Asymmetric	model	

•  Resiliency	deeper	in	the	order	book	

Ø Addi^onal	controls	
•  Short-selling	ban	for	financial	stocks	
•  Stock	prices	/	returns	

Ø Specific	^me	periods	

•  Financial	crisis	period	

Robustness	
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Ø Up	to	now:	symmetric	model	for	mean	reversion	

Ø  Liquidity	replenishment	could,	however,	differ	from	liquidity	
consump^on	

Robustness	I	–	Consump:on	vs.	replenishment	
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( ) ( )
, 1, , , 1 up, , 1 ,1
i t ii t down i i i t L i i i t i tL L Lθκ θ κ θ ε
−− < −Δ = − + − +

consκ replenκ

Mean	 Median	 Min	 Max	

0.6833	 0.6671	 0.0530	 0.9583	

0.6328	 0.6274	 0.2358	 0.8634	

consκ

replenκ

Ø  Consump^on	resiliency	is	larger,	but	differences	are	not	significant	

Ø  Determinants	remain	unaffected	
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Robustness	II	–	Financial	crisis	hypotheses	
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Robustness	II	–	Financial	crisis	results	
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Bid depth resiliency: cons. large, repl. small Ask depth resiliency: cons. small, repl. large 

Consumption Replenishment Consumption Replenishment 

Crisis Non-crisis Crisis Non-crisis Crisis Non-crisis Crisis Non-crisis 

0.72 0.60 0.66 0.68 0.60 0.65 0.72 0.69 

Ø  Mean	es^mates	

Ø  Loadings	on	market	resiliency	(mean	es^mate)	

Bid depth resiliency Ask depth resiliency 

Consumption Replenishment Consumption Replenishment 

Crisis Non-crisis Crisis Non-crisis Crisis Non-crisis Crisis Non-crisis 

0.69 0.77 0.92 0.04 0.76 0.73 0.91 0.07 
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Ø Resiliency	is	measured	at	best	quotes	

Ø These	are	subject	to	frequent	cancella^ons	

Ø Es^mate	resiliency	at	^ck	3	and	^ck	5	

Robustness	III	–	Resiliency	at	higher	levels	
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Ø Resiliency	is	higher	at	best	quotes	
Ø Determinants	remain	unaffected	

Mean	 Median	 Min	 Max	

Tick	1	 0.6033	 0.5951	 0.3874	 0.7980	

Tick	3	 0.5231	 0.5141	 0.2943	 0.6776	

Tick	5	 0.4613	 0.4626	 0.2671	 0.5853	
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Summary	and	Conclusions	
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Ø Electronic	limit	order	books	offer	high	and	stable	resiliency.	

Ø (Lack	of)	resiliency	is	a	priced	risk	factor.	

Ø Resiliency	is	high	when:	
•  compe^^on	for	execu^on	is	high,	
•  informa^on	risks	are	small,	
•  algorithmic	trading	is	high,	but	not	when	vola^lity	is	
high.	

Ø Results	are	robust	for	both	consump^on	and	
replenishment	resiliency,	across	different	^me-periods,	
and	when	measured	at	different	^cks.	


