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Abstract

The impact of arbitrage on market liquidity

I study deviations from the law of one price in Depositary Receipts using tick-by-tick

data from the United States and 22 different home markets from 2001 to 2016. Devi-

ations persist, on average, 12 minutes, and mainly arise because of demand pressure.

Exploiting institutional details that create exogenous variation in the impediments to

arbitrage within and across days, I show that absolute price deviations predict illiquid-

ity, contemporaneously and in the future. Price deviations mainly predict the inventory

costs component of the bid-ask spread. Thus, consistent with recent theory, these find-

ings suggest that arbitrageurs tend to trade against demand pressure and thus enhance

market integration and liquidity. (JEL G14, G15)



Arbitrage enforces the law of one price and thereby improves the informational efficiency

of the market. But how arbitrage affects other measures of market quality, in particular

market liquidity, is less well understood.

Foucault, Kozhan, and Tham (2017) model arbitrage opportunities to arise exoge-

nously either due to demand or information shocks. If price deviations arise due to

information, liquidity providers face higher adverse selection risk. In this case arbitrage

can be “toxic”. Traders picking up stale quotes in the Nasdaq Small Order Execution

System (SOES)—the so-called “SOES bandits” (Harris and Schultz, 1998)—are exam-

ple of such toxic arbitrage. Foucault et al. (2017) provide theoretical and empirical

evidence that liquidity is lower if toxic arbitrage is likely.

But if arbitrage opportunities arise as a result of demand pressure—such as fire

sales by mutual funds or country-specific sentiment (Chan, Hameed, and Lau, 2003)—

arbitrageurs trade against market demand and thereby decrease inventory holding costs

for liquidity providers. This observation is made succinctly in a survey of the the-

oretical limits-of-arbitrage literature by Gromb and Vayanos (2010), who state that

“arbitrageurs provide liquidity” (p. 258).

In other words, whether arbitrage improves or worsens liquidity depends on the

reason why arbitrage opportunities arise. If opportunities arise as a result of demand

shocks, arbitrage improves liquidity (Holden, 1995; Gromb and Vayanos, 2010), but if

as a result of differences in information, arbitrage worsens liquidity (Domowitz et al.,

1998; Foucault et al., 2017; Kumar and Seppi, 1994).

Inspired by this observation, I investigate why price deviations arise and estimate

the impact that impediments to arbitrage have on market liquidity. As price deviations

arise sometimes as a result of demand shocks and other times as a result of information

differences, so arbitrage sometimes improve and other times worsen liquidity. In the

extreme case, if both effects are equally strong and cancel each other out, arbitrage will

not have a visible effect on liquidity. This is my null hypothesis. Alternatively, if the

effect of increased adverse selection dominates, arbitrage worsens liquidity, and if the

effect of lower inventory holding costs dominates, arbitrage improves liquidity.

To date the empirical literature finds evidence mainly of illiquidity as an impediment

to arbitrage; meanwhile, the evidence of how impediments to arbitrage affect liquidity
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is scarce.1 This is not surprising: the natural reverse causality between impediments

to arbitrage and liquidity—higher liquidity decreases impediments to arbitrage, and

lower impediments to arbitrage encourage arbitrageurs to trade, affecting liquidity—is

challenging to address.

I address the challenge by exploiting institutional details of the American Depositary

Receipt (ADR) market that create exogenous variation in the impediments to arbitrage

within and across days. As Gagnon and Karolyi (2010) lay out, the ADR market is

particularly suitable to studying arbitrage because the ADR and the home market share

offer identical cash-flows. In addition, in the ADR market arbitrage is almost risk-free

because institutions exist that make it possible to convert the ADR into the home

market share, and vice versa.

In other markets the arbitrage risk might be even lower. For example, arbitrage

between the same stock trading at different exchanges in the U.S. or in Europe would

be even less risky. But smart order routing—enforced by Regulation NMS in the U.S.

and MiFID in Europe—already ensures that price deviations can not persist. Because

no such regulation exists across ADRs and their home market share, these markets

are partially segmented and price deviations can persist creating potentially lasting

arbitrage opportunities.2

Impediments to arbitrage vary exogenously within each day for many ADRs because

the ADR and the home market share are trading simultaneously (allowing arbitrage)

for only a few hours each day. For many ADRs impediments to arbitrage also vary

exogenously across days because corporate actions, such as dividend payments or stock

splits, on ADRs and their home market share often do not occur on the same day.

During these days when one stock is ex- and the other is cum-dividend, institutions

that normally facilitate arbitrage shut down, and it is no longer possible to convert the

ADR into a home market share or vice versa (cf. Citibank (2007); Galligan et al. (2014),

p. 51).3 For this and for other reasons that I explain later, on these days impediments

1 Foucault et al. (2017) only cite Kumar and Seppi (1994), Roll, Schwartz, and Subrahmanyam
(2007), and the current paper when discussing papers studying the effect of arbitrage on liquidity (see
p. 1058 and footnote 11).

2 Bodurtha et al. (1995) and Chan et al. (2003) provide evidence that international markets are
partially segmented.

3 I use the terms ex-dividend and cum-dividend to refer to any corporate action which has a direct
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to arbitrage are greater.

In my main analysis I examine tick-by-tick bid and ask quotes and trade prices for

194 ADRs and currency-adjusted prices for the associated home market share over the

period from February 2001—after decimalization in the U.S.—to December 2016.4

With these data I construct two intraday price deviation measures. The first mea-

sure is the tick-by-tick difference between the highest bid and the lowest ask price across

the ADR and the currency adjusted home market share, denoted price deviations from

quotes. If the difference is negative I set price deviations to zero. The second measure

is the absolute difference in trade prices of simultaneous trades on both the ADR and

the home market share.

From these two intraday price deviations, I construct several daily proxies for the

impediments to arbitrage. I assume that the market is reasonably efficient so that

“prices reflect information to the point where the marginal benefits of acting ... do

not exceed the marginal costs” [Fama (1991), p. 1575]. In other words, the price

deviations I observe reflect underlying frictions that impede arbitrage, such as short-

selling restrictions, risk, or capital constraints. Such an interpretation is common in

the literature, and several studies provide empirical justification for it. For example,

Gagnon and Karolyi (2010) show that price deviations in the ADR market positively

correlate with holding costs and Hu et al. (2013) interpret large price deviations as “a

symptom of a market in severe shortage of arbitrage capital” (p. 2342).

To proxy for the impediments to arbitrage I use the daily maximum and average

price deviations from quote prices. I also use the average duration price deviations

persist and the average absolute price deviations from simultaneous trade prices.5 It

is common to assume that price deviations follow a mean-reverting process and to

interpret high mean-reversion as a sign of high arbitrage activity (as, for example,

in Roll et al. (2007)). As elaborated in the main text, above proxies are, in general,

negatively related to the speed of mean reversion, justifying the interpretation as inverse

effect on the stock price, not only dividend payments.
4 The earliest data available in the database is from 1996, but the valid observations in the early

years are sparse, so I drop all data before February 2001.
5 On days when one stock is cum-dividend but the other is not, I adjust prices by the corporate

action. As a robustness check, I also consider unadjusted prices.
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proxies of arbitrage activity.

Using the intraday data, I first investigate why price deviations arise and whether

they do so as a result of nonfundamental demand shocks or of differences in information.

Inspired by Schultz and Shive (2010), I identify nonfundamental demand shocks as

situations in which price deviations arise as a result of transitory price movements—

that is, when one share moves to create the price deviation and later moves back to

eliminate it. This identification is based on the understanding that demand shocks are

associated with price reversals while new information is associated with a permanent

price effect (e.g., Gagnon and Karolyi (2009)). Following Foucault et al. (2017), I

consider a price deviation as toxic for one market if the share price of this market

moved to eliminate a price deviation that was created with a price movement in the

other market. My analysis reveals that in the ADR market most arbitrage opportunities

arise due to a nonfundamental demand shock and less than 10% are toxic (compared

to around 50% in the foreign exchange market studied by Foucault et al. (2017)).

Next, I use daily measures—as in Foucault et al. (2017) and Roll et al. (2007)—to

investigate the impact impediments to arbitrage have on market liquidity. I find that

price deviations persist, on average, 12 minutes. Average price deviations computed

from quote prices are around 0.80% (as a percentage of the home market share price),

similar to the cost-adjusted, absolute end-of-day price deviations reported by Gagnon

and Karolyi (2010) of 1.12%.

Inspired by Foucault et al. (2017) I investigate how the arbitrage mix (the percent-

age of toxic price deviations), the speed of arbitrageurs (the percentage of toxic price

deviations ending with a trade), and price deviations affect illiquidity. I extend their

analysis by also investigating how nontoxic price deviations are related to illiquidity.

In contrast to Foucault et al. (2017), I find that the fraction of price deviations

ending with a trade is negatively related to illiquidity, regardless of whether the price

deviation is toxic. This relation potentially occurs because price deviations last much

longer and because toxic arbitrage is less common in the ADR market than in the

foreign exchange market that Foucault et al. (2017) focus on.

One concern the previous analysis presents is that variables are endogenously de-

termined. The main identification in Foucault et al. (2017) comes from the insight that
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liquidity providers face higher adverse selection risk only if arbitrageurs can trade faster

than local liquidity providers can update their quotes. They address endogeneity con-

cerns using an exogenous shock to the relative speed of arbitrageurs. However, speed

seems of secondary importance in the ADR market. Therefore, I focus on exogenous

variation in arbitrage activity within (during and outside overlapping trading times)

and across days (days between corporate actions).

Using a panel regression, I first investigate liquidity during days when the ADR or

the home market share is ex-dividend but the other is still cum-dividend. I find that on

these days quoted spreads and effective spreads are around 2 to 3 basis points higher

than on other days. These differences are statistically and economically significant. Of

course, corporate actions alone might affect liquidity provisions, but they do not seem

to explain the above findings. First, on days when both the ADR and the home market

go ex-dividend together, spreads are about the same as on other days. Second, on days

between corporate actions, quoted spreads are especially high during times when both

the ADR and the home market stock are trading compared to when only one is trading.

If the corporate action affected liquidity, one would expect the corporate action to affect

liquidity throughout the day, not just when the other stock is trading. Therefore, the

increase in illiquidity during these days is best explained by cross-market effects and

arbitrage activity.

To estimate the effect that impediments to arbitrage have on market liquidity, I

start with an instrumental variable panel regression. In the first-stage, I regress price

deviations on a dummy set to one if on the specific stock-day the ADR or the home

market stock is ex-dividend and the other is cum-dividend. All price-deviation measures

are elevated during these days whether or not I adjust prices for the corporate action.

In the second-stage, I regress market liquidity on the fitted value of the first-stage

regression and all control variables. In all cases I find that higher price deviations

are associated with higher illiquidity, measured by quoted spreads (in particular, the

inventory holding costs component of the bid-ask spread), effective spreads, and the

difference in quoted spreads during and outside overlapping trading times. These results

are always statistically significant at least at the 10% level.

There are several reasons to believe that impediments to arbitrage affect market

liquidity not only contemporaneously, but also in the future. First, arbitrageurs might
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trade against market demand and thereby decrease overnight inventories, thereby im-

proving future liquidity (Comerton-Forde et al., 2010; O’Hara and Oldfield, 1986). Sec-

ond, large price deviations decrease how informative prices can be and thus lower future

liquidity (Cespa and Foucault, 2014). Therefore, I estimate impulse response functions

from a panel vector autoregression model (with time and stock fixed effects) using as

endogenous variables price deviations, the volatility computed from 5-minute returns,

absolute order imbalances, and illiquidity

Price deviations Granger-cause illiquidity, and impulse-response functions indicate

that a one-standard-deviation shock to price deviations predicts a contemporaneous

increase in illiquidity of three to ten basis points after 15 days.

All in all, I find that higher impediments to arbitrage are associated with higher

market illiquidity and predict future illiquidity.

These results are consistent with theory and the findings in the first part of my paper.

If price deviations arise as a result of demand shocks (and the first part of my paper

indicates that most price deviations do), arbitrage improves liquidity. These results are

also consistent with the idea that less informative prices lead to lower liquidity provision

(Cespa and Foucault, 2014).

These findings shed light on how policy changes that increase impediments to arbi-

trage (such as short-sell bans or transaction taxes) could negatively impact the liquidity

of financial markets and ultimately increase firms’ cost of capital (Amihud and Mendel-

son, 1986).

Broadly, my paper is related to the literature that investigates how changes to

the trading environment affect market quality (e.g. Brogaard et al. (2014); Chaboud

et al. (2014a); Chordia et al. (2005, 2008); Hendershott et al. (2011); Menkveld (2013)).

More specifically, my paper relates to the empirical limits-of-arbitrage literature (among

many significant contributions: Mitchell et al. (2002); Lamont and Thaler (2003); De

Jong et al. (2009); Gagnon and Karolyi (2010)). But instead of investigating why price

deviations persist and how illiquidity impacts price deviations, I focus on (i) why price

deviations arise (Foucault et al., 2017; Schultz and Shive, 2010) and (ii) how price

deviations impact liquidity (Ben-David et al., 2014; Choi et al., 2009; Foucault et al.,

2017; Lou and Polk, 2013; Roll et al., 2007; Tomio, 2017).
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I add to these important contributions in two ways. First, in contrast to prior

research (e.g., Foucault et al. (2017) or Roll et al. (2007)) I find evidence that arbi-

trageurs improve market liquidity. Foucault et al. (2017) test whether toxic arbitrage

deteriorates liquidity and how arbitrageurs’ trading speed affects the duration price de-

viations persist. They do not test for the overall effect of arbitrage activity on market

liquidity. Roll et al. (2007) show that an increase in the absolute futures-cash basis

predicts future illiquidity. In particular, they construct the futures-cash basis from

end-of-day prices and suggest a large basis today might attract arbitrageurs the next

day, causing abnormally large order imbalances, which lower liquidity. But Roll et al.

(2007) do not consider the possibility that price deviations might arise because of order

imbalances, and therefore that arbitrageurs might provide liquidity by trading against

market demand.

Second, I build upon previous work in the ADR literature, especially Gagnon and

Karolyi (2010), who study price deviations in the ADR market, and Moulton and Wei

(2009) and Werner and Kleidon (1996), who investigate differences in liquidity during

and outside overlapping trading times. To this work I add the following contributions.

In contrast to most previous studies I have access to tick-by-tick data for the home

market, which allows me to study the impact of price deviations on the difference in

liquidity during and outside overlapping trading times. To the best of my knowledge,

this paper is the first such application of these data. I provide empirical evidence that

a decrease in the impediments to arbitrage decreases the gap between liquidity during

and outside overlapping trading times. These results can also provide an explanation

for time-variation in liquidity differences during and outside overlapping trading times.

Where Werner and Kleidon (1996) find that quoted spreads of ADRs in 1991 are higher

during overlapping trading times than they are outside these times, Moulton and Wei

(2009), using data from 2003, find the opposite. The decrease in the impediments to

arbitrage provides one explanation for the difference in these findings.

This paper is organized as follows. In section 1 I discuss data and variable construc-

tion and provide summary statistics. Section 2 investigates why arbitrage opportunities

arise. Section 3 estimates how impediments to arbitrage affect contemporaneous liquid-

ity using instrumental variable regressions, and Section 4 investigates dynamic relations

using impulse response functions. Section 5 concludes.
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1. Data and variable construction

1.1. Data and sample

To investigate the impact of arbitrage on market liquidity, I focus on the American

Depositary Receipts market (ADR). I refer to, among others, Baruch et al. (2007),

Gagnon and Karolyi (2009, 2010, 2013), and Karolyi (1998) for a detailed explanation

and a comprehensive introduction to the ADR market. An ADR represents a tradeable

certificate backed by the home market share. The ADR market has many endemic

features. For example, the feature of convertibility—both ADR and home market share

can be converted to each other—allows the interpretation of price deviations between

bid and ask prices at the time an arbitrageur opens the arbitrage position as (almost)

risk-free profits.

If the currency-adjusted bid price of the home market share is higher than the ask

price of the ADR in the host-market (similarly, if the bid price of the host-market

ADR is higher than the ask price of the home market share), an arbitrage opportunity

exists to simultaneously short sell the home market share at the bid price, convert the

proceeds from the short-sale into USD, and buy the ADR in the host-market at the

ask price.6 Afterward, the ADR can be converted (within one business day and for

less than five cents a share (Gagnon and Karolyi, 2010)) into the home market share

either through a broker (e.g. Interactive Brokers), a crossing platform (e.g. ADR Max,

or ADR Navigator), or the actual depositary bank.7 After the conversion, the home

market share can be delivered to close down the short position, resulting in a risk-free

USD profit equal to the difference between the bid of the home market and the ask of

the host-market ADR at the time the arbitrage position was opened.

Most importantly, I focus on the ADR market because it provides an ideal setting to

address endogeneity concerns: Arbitrage activity in the ADR market varies exogenously

within the day (whether both or only one of the ADR and the home market stock is

6 This example is for illustrative purposes only. In real markets short-selling is capital intensive,
and an initial margin requirement of the initial value of the share plus 50% is required (in the US,
Regulation T), which then also creates exchange rate risk.

7 This conversion is not available during days when one stock is cum-dividend and the other is
ex-dividend, which increases the impediments to arbitrage (cf. Citibank (2007) or Galligan et al.
(2014)).
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trading) and across days (whether both or only one is ex-dividend).

To construct my sample of ADRs and their respective home market shares, I use

standard sources in the DR literature: Datastream, Bank of New York Complete De-

positary Receipt Directory (www.adrbnymellon.com), and Deutsche Bank Depositary

Receipts Services (adr.db.com). Details about the sample construction can be found in

Appendix A.

Initially, I identify 325 ADR/home market pairs for which the ADR is trading at

the NYSE or Nasdaq. But because the analysis requires comparing contemporaneous

prices across ADRs and home market shares, I drop all countries without an overlap in

trading times with the U.S. For all matched pairs, I obtain tick-by-tick data on quotes

and trades (time-stamped with at least millisecond precision) as well as their respective

sizes from the Thomson Reuters Tick History (TRTH) database from January 1996 (the

earliest date available in TRTH) through December 2016. Similarly, I obtain tick-by-

tick quotes for all currency pairs required to convert local prices into USD, the currency

in which the ADR is quoted in, from TRTH.8

Quote and trade data is filtered as described in Appendix B. After filtering, the data

contains almost 6 billion updates to the best bid and ask quotes and approximately 4

billion trades, with nearly half on ADRs. I ignore stock-days on which prices of the ADR

and the home market share could not be aligned, as described in Appendix B. Because

of data availability and because of the above filters I have only sparse observations in

the early years of the sample. Therefore, I drop all data before February 2001 (the

month the U.S. adopted decimalization). My final sample consists of 194 pairs across

22 exchanges.

8 The TRTH database is managed by the Securities Industry Research Center of Asia-Pacific
(SIRCA) and is used in several recent studies (e.g. Fong et al. (2017); Kahraman and Tookes (2017);
Lau et al. (2012); Lai et al. (2014); Marshall et al. (2011)). TRTH is a record of Thomson Reuter’s
worldwide real-time Integrated Data Network (IDN), and prices are time-stamped as observed by
traders relying on feeds from IDN, mitigating concerns that price deviations might reflect inconsistent
time stamps across exchanges.

9



1.2. Measures of price deviations

I construct two price-deviation measures. The first is based on trade prices and the

second on quote prices.

From trade prices I calculate the absolute difference between the trade prices of the

ADR and the home market stock relative to the midquote price of the home market.

In other words, ∆TRD is calculated as:

∆TRDi,t =

∣∣∣∣trade.homei,t − trade.adri,t1mid.homei,t

∣∣∣∣ (1)

where trade.homei,t is the currency adjusted trade price for trade t of the home market

stock, and trade.adri,t1 is the bundling adjusted trade price for trade t1 of the ADR,

such that t1 minimizes the distance to t and both trades occur within one second—that

is, |t− t1| < 1seconds.

From quote prices I calculate the difference between the highest bid and the lowest

ask price across the home- and host-market relative to the midquote price of the home

market, denoted ∆QTE. If this difference is not positive, I set ∆QTE to zero. ∆QTE

is calculated as:

∆QTEi,t = max

(
bid.homei,t − ask.adri,t

mid.homei,t
,
bid.adri,t − ask.homei,t

mid.homei,t
, 0

)
(2)

wheremid.homei,t is the mid-quote price of stock i at time t, and bid.homei,t (ask.homei,t)

is the bid (ask) of stock i at time t converted to USD using the prevailing bid (ask) of

the respective currency pair (for example, DEM and EUR for Germany before and after

January 1, 1999, respectively). Further, bid.adri,t (ask.adri,t) is the bid (ask) at time

t of the ADR trading in the U.S. associated with stock i, adjusted for the respective

bundling ratio as described in Appendix B. To avoid using stale quotes, I only consider

quotes that are at maximum 300 seconds old.9

9 This measure accounts for transaction costs due to bid and ask spreads. As a robustness test,
I only consider price deviations above one basis point or above one dollar cent to cover additional
transaction costs. In both cases the results are robust. See the Online Appendix Tables A9 and A10.
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1.3. Daily price deviations, market illiquidity, and order imbalance

From the two intraday price-deviation measures introduced in the previous section,

I construct the following stock-day measures: I calculate the average duration price

deviations persist; the average price deviation from simultaneous trade prices (from

Eq. 1), denoted avg(∆TRD); and the average and maximum price deviation from

quote prices (from Eq. 2), denoted avg(∆QTE) and max(∆QTE), respectively.

As the main illiquidity measures I use the proportional quoted spread (PQSPR) and

effective spread (PESPR). PQSPR is defined as the daily time-weighted average of the

difference in the ask and the bid price, scaled by the midquote price. PESPR is defined

as the daily average of the absolute difference between the logarithm of the trade price

and the logarithm of the midquote price of the prevailing quote. Both measures have

been widely used as illiquidity measures (e.g., Roll et al. (2007); Boehmer and Kelley

(2009); Moulton and Wei (2009); Schultz and Shive (2010)).10 While other measures

of illiquidity are available (e.g., Amihud (2002) or Pastor and Stambaugh (2003)) these

are often too noisy to be used at the stock-day level. To ensure that results are not

driven by outliers, I cross-sectionally winsorize price deviation and illiquidity measures

at the 99% level on each day.

I further construct a measure of buying or selling pressure. First, I sign every trade

in both the home market and the ADR using the Lee and Ready (1991) algorithm.11

Second, I calculate order imbalance for each stock-day as the absolute difference between

the number of buyer- and seller-initiated trades (OIB), as in, Chordia et al. (2008).

1.4. Summary statistics

Table 1 presents cross-sectional summary statistics of time-series averages. In Panel

A I compute price deviations across all days for which both the ADR and the home mar-

ket stock are either cum- or ex-dividend. Price deviations across simultaneous trades

10 In later tests I also decompose the quoted spread into its adverse selection and its transitory
component following Glosten and Harris (1988).

11 A trade is classified as buyer- (seller-)initiated if it is closer to the ask (bid) of the prevailing quote.
A trade at the midpoint of the quote is classified as buyer- (seller-)initiated if the previous price change
is positive (negative). Ellis et al. (2000), Lee and Radhakrishna (2000), Odders-White (2000), and
Theissen (2001) provide evidence that this algorithm signs around 80% of all trades correctly for
Nasdaq, NYSE, and German stocks.
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are around 2.74% for the average stock, the time-weighted average price deviations from

quotes is around 0.80%, and the average daily maximum price deviation within each

day is around 2.12%. For comparison, Gagnon and Karolyi (2010) use end-of-day data

from 1993 to 2004 and find (cost-adjusted) average price deviations of 1.12%.

Panel A also reports the average duration of price deviations. After excluding the

93,963 stock-days in which the day started with a price deviation that did not revert

over the course of the day, the average duration is 12.41 minutes. In the ADR market,

price deviations are thus more persistent than in the Forex market (Chaboud et al.,

2014b; Foucault et al., 2017).

In Panel B of Table 1, I compute price deviations on days between corporate

actions—that is, when either the host or the home market is cum-dividend but the

other is ex-dividend. These days are frequent and common across exchanges, stocks,

and time. For the average stock, I observe 21 days between corporate actions, and of

the 194 stock-pairs, 137 have at least one day between corporate actions. It is striking

that price deviations during these days are much higher than on other days, even when

adjusting prices by the corporate action. For example, on days between corporate ac-

tions, the average daily maximum price deviation adjusted by the corporate action is

about 4.79%; on other days, it is 2.12%. To the best of my knowledge, this is the first

time that this important detail when estimating price deviations between home- and

host-market stocks has been documented.

In Panel C of Table 1, I report summary statistics for illiquidity and control vari-

ables and differences in quoted spreads during and outside overlapping trading times,

denoted δPQSPR. As in Werner and Kleidon (1996) and Moulton and Wei (2009),

the overlapping trading time is defined as the time in which both the ADR and the

home market are in their continuous trading session. For the home market I examine

differences in proportional quoted spread during the overlapping trading time and from

11 UTC (to avoid the general effects of the opening period) until the ADR starts trad-

ing. For the ADR, I look at differences in proportional quoted spread during and after

the overlapping time (until 17 UTC, to avoid the general effects of the closing period).

Therefore, I do not estimate δPQSPR for American countries because their trading

sessions are practically the same as the trading sessions for their ADRs.

The average home market stock and ADR has a δPQSPR of−9 and−4 basis points,
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respectively. A negative δPQSPR indicates that quoted spreads during the overlap are

on average lower than outside . Moulton and Wei (2009) similarly document that

spreads during the overlap are lower for ADRs.

2. Do price deviations arise as a result of demand shocks or differences in

information?

Theory predicts that the impact impediments to arbitrage have on liquidity depends

on why arbitrage opportunities arise. If arbitrage opportunities arise as a result of

non-fundamental demand shocks, arbitrageurs should act as “cross-sectional market

makers” (Holden, 1995) and improve liquidity. But if arbitrage opportunities arise as a

result of differences in information, arbitrageurs should increase adverse selection and

deteriorate liquidity (Foucault et al., 2017).

I follow Foucault et al. (2017) and Schultz and Shive (2010) to investigate why price

deviations arise. If for one particular stock i at time t − 1 price deviations are zero,

but at time t price deviations are positive, at least one bid or ask quote of at least one

asset changed from time t− 1 to time t (this asset—either the ADR, the home market

share, or the respective currency pair—is denoted the First mover). Similarly, if price

deviations are positive until time τ − 1 > t, but zero at time τ , then at least one bid or

ask quote of at least one asset changed (this asset is denoted the Last mover). In this

case I say that the First mover creates a price deviation for stock i at time t, and the

Last mover eliminates the price deviation at time τ .12

Table 2 reports the number of price deviations by the First and Last mover.13 For

each First mover I separately report the percentage of all price deviations that are toxic.

Following Foucault et al. (2017) I consider a price deviation as “toxic” for market m if

m was the Last mover and the other market was the First mover.

Table 2 reports 13,913,834 price deviations in my sample. Price movements in

12 In cases when the day opens with a price deviation, I consider the asset whose market opened
last as the First mover. On the other hand, if a price deviation exists and either of the markets closes,
I drop this price deviation from the analysis, as I do not know which asset closes down the price
deviation. Both cases are infrequent and do not affect the main results in this section.

13 In the case that the currency pair moves simultaneously with the ADR or home market share,
the First mover is considered to be the ADR or home market share.
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the home market create 4,092,945 of these price deviations, of which 45% are later

eliminated because the price of the home market moves back. In only 24% does a

price movement of the ADR eliminate the price deviation. The percentage of all toxic

price deviations for the home market is 6.50%. Similarly, the percentage of all toxic

price deviations for the ADR is 7.03%. In the Online Appendix I show that the results

reported in Table 2 are robust to only using the largest price deviation from each

stock-day (Table A2).

Table 2 indicates that toxic arbitrage should be rare in the ADR market. This

provides initial evidence that arbitrageurs in the ADR market trade against net market

demand and act as “cross-sectional market makers” (Holden, 1995) most of the time.

Of course, the overall impact of arbitrage on liquidity might still be negative.

To study the overall effect, I now turn to investigate the joint dynamics between

the impediments to arbitrage and market liquidity.

3. The impact of impediments to arbitrage on market liquidity: contempo-

raneous analysis

3.1. Correlations between daily impediments to arbitrage and illiquidity

To understand the joint dynamics between price deviations and illiquidity, a natural

first step is to study pairwise correlations.

Table 3 reports pairwise pooled Spearman rank correlations between price-deviation

measures and quoted and effective spreads.14 All correlations are positive and statisti-

cally significant at the 1% level. All four price-deviation measures are highly correlated

with each other, with the lowest correlation of 61% falling between the maximum price

deviation from quotes and the average duration that price deviations persist. Both

quoted spread and effective spread are highly correlated with each other across both

home and host markets. Correlations are also strong between price deviations and

spreads, with correlations ranging from 29% (between average price deviations from

quotes and quoted spreads, both for the ADR and the home market share) to 71%

14 Results are robust (but weaker in magnitude) to using Pearson correlations; see Online Appendix
Table A3.
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(between average price deviations from trades and effective spreads of the home market

share).

The strong positive correlation between price deviations in quotes and quoted spreads

is surprising. Mechanically, an increase in quoted spreads in either the home market

share or the ADR would lower price deviations. But the finding supports the argu-

ment that these price deviations measure impediments to arbitrage: higher illiquidity

should be associated with higher impediments to arbitrage. Previous research shows

that price deviations correlate with impediments to arbitrage such as imperfect infor-

mation, short-selling constrains, or funding illiquidity (De Jong et al., 2009; Gagnon

and Karolyi, 2010; Lamont and Thaler, 2003; Mitchell et al., 2002; Roll et al., 2007).

3.2. Arbitrageurs’ relative speed, arbitrage mix and liquidity in the ADR market

To better understand the relation between illiquidity and impediments to arbitrage,

I first adopt the analysis of Foucault et al. (2017) for the ADR market.

The idea of Foucault et al.’s model and empirical analysis is that if toxic arbi-

trage opportunities are common and arbitrageurs have a speed advantage to liquidity

providers, arbitrageurs create adverse selection and lower liquidity. As defined in Sec-

tion 2, a price deviation is toxic for one market if the share price of this market moved

to eliminate a price deviation that was created by a price movement in the other mar-

ket. Foucault et al. (2017) explain illiquidity of asset i—in Foucault, either one of three

currency pairs; in this paper, either the ADR or a home market stock—on day d using

the following regression model:

Illiqi,d = ωi × χm + a0t+ a1πi,d + a2φi,d + a3αi,d + a4σi,d

+ a5V olai,d + a6Trsizei,d + a7Quotesi,d + a8Tedi,d + εi,d

where on day d and for asset i, πi,d is the number of toxic price deviations that end

with a trade divided by the number of toxic price deviations; φi,d is the number of toxic

price deviations divided by the number of all price deviations; αi,d is the number of

price deviations divided by the number of trades; σi,d is the average deviation in mid-

quote prices; V olai,d is the five-minute midreturn volatility; Quotes is the number of

updates to the quote; Trsize is the average trade size; and Ted is the Ted spread, or the
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difference between three-month USD LIBOR and Treasury Bills. Further, t represents

a time trend, and ωi × χm are two-dimensional stock-month fixed effects.15

Table 4 shows the results. Setting endogeneity issues aside for now, I find that πToxic

is negative and statistically significant. If the percentage of toxic price deviations end-

ing with a trade increases by 1%, quoted spreads decrease an economically insignificant

amount of 0.00008%, or 0.008 basis points. Similarly, the same ratio calculated using

nontoxic price deviations (πnotToxic) is also negatively related to illiquidity, and statis-

tically but not economically significant. Because these tests reject the hypothesis that

πToxic is positively related to illiquidity (the finding in Foucault et al. (2017)) arbitrage

might have a different effect on liquidity in the ADR market than it has in the foreign

exchange market.

Foucault et al. (2017) focus on the importance of the relative speed of arbitrageurs

and market-makers, proxied by πToxic, the percentage of toxic price deviations ending

with a trade. After all, arbitrageurs only increase adverse selection risk for local market-

makers if they can trade faster than market-makers can change their quotes. Speed

seems to be particularly important in the foreign exchange market where, on average,

price deviations only last for 1.5 seconds.

But in a market where arbitrage positions are more complex, speed might be of

secondary importance. Indeed, the ability to determine the optimal time to trade after

observing prices deviate might be more important: arbitrageurs neither want to trade

too early, because of noise trader risk and margin requirements, nor too late, because

of competition with other arbitrageurs bringing prices back inline (cf. Jarrow (2010)

or Liu and Longstaff (2004)). The secondary importance of speed in the ADR market

can be seen in the average duration of a price deviation of around 12 minutes.

In a market where the relative speed of arbitrageurs is of secondary importance and

toxic price deviations are rare, the percentage of toxic price deviations ending with a

trade might proxy for overall arbitrage activity. That is, the emphasis is on trading

against price deviations rather than on that the price deviation happen to be identified

as toxic. Supporting this interpretation is the finding that both πToxic and πnotToxic are

15 Results are robust to estimating panel regressions separately for home market stocks and their
respective ADRs, see Table A4 in the Online Appendix.
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negatively related to illiquidity.

The second important observation is that price deviations (σ) are positively related

to illiquidity, and this relation is statistically and economically significant. In the three-

period model of Foucault et al. (2017) σ is exogenously given, and the market-maker

reacts by increasing the spread given σ. In multiperiod models, though, it seems nec-

essary to endogenize σ because arbitrageurs are not just price takers (Jarrow, 2010).

Previous research shows that price deviations can range from nearly half the share price

over weeks for dual listed stocks (De Jong et al., 2009) to a few basis points over just a

few seconds in the foreign exchange market (Foucault et al., 2017). Clearly, arbitrage

(or the lack thereof) partly explains these huge variations in observable price deviations.

In continuous time it is common to model price deviations as a zero-mean, mean-

reverting process such as a Brownian Bridge (Brennan and Schwartz, 1990; Roll et al.,

2007). In such models it is common to interpret the speed of mean reversion as a

measure of arbitrage activity.

As shown in Appendix C, σ is in general negatively correlated to the speed of mean

reversion and hence an inverse measure of arbitrage activity. This is important, because

following this interpretation, Table 4 indicates that arbitrage activity and illiquidity are

negatively correlated.

But results in Table 4 need to be interpreted with caution. As previously mentioned,

arbitrage activity and illiquidity are jointly determined, meaning that estimates are

biased. The rest of this paper attempts to address these endogeneity concerns.16

3.3. Liquidity on days between corporate actions

In the previous two sections, correlations and regression results indicate a strong

positive relation between illiquidity and price deviations. The goal of this paper is

to study the effect impediments to arbitrage have on market liquidity. Empirically, it

16 Foucault et al. (2017) are aware of endogeneity concerns and use AutoQuote on Reuters D-3000—
that allowed traders to automate order submission—as an instrument related to the relative speed
of arbitrageurs. In the current ADR content a similar structural break occurred in the NYSE with
the introduction of the “Hybrid Market” (Hendershott et al., 2011). The main results in Table 4 are
robust to using the introduction of the “Hybrid Market” as an instrument, except that the percentage
of toxic price deviations ending with a trade is not statistical significantly related to illiquidity (see
the Online Appendix, Table A5).
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is challenging to study the effects of variables that are jointly determined, for exam-

ple, because of reverse causality. This is likely the case between the impediments to

arbitrage and liquidity: higher liquidity lowers impediments to arbitrage, and lower

impediments to arbitrage encourage arbitrageurs to trade, which might improve liq-

uidity either because prices become more informative (Cespa and Foucault, 2014) or,

if arbitrage opportunities arise because of demand shocks, because arbitrageurs trade

against market demand.

One way to address this challenge is to find a variable that is correlated with imped-

iments to arbitrage but not directly correlated with illiquidity—that is, an instrument.

While it is challenging to motivate and statistically impossible to verify that both as-

sumptions hold, as a suitable candidate I propose a dummy variable that is one on

days between corporate actions, that is, when either the host or the home market is

cum-dividend but the other is ex-dividend.

For example, the Royal Bank of Scotland (RBS) proposed a distribution of rights

that was approved during the annual shareholder meeting on May 14, 2008. This

resulted in a stock dividend for the RBS stock in London with ex-date of May 15,

2008. But because the rights were not registered under the United States Securities

Act of 1933, the Depository Bank sold these rights (from owning the home market

stock underlying the ADR) in the home market and passed on the proceeds to the

ADR holders as a special dividend. ADR holders received a special cash-dividend of

USD 0.674089 with ex-date of May 29, 2008.

Accordingly, price deviations between May 15 and May 28 spiked with an average

of USD 0.92 of the daily maximum difference between the bid of the ADR and the

currency-adjusted ask of the home market. While these large price deviations (of almost

20%) do not reflect possible arbitrage profits, these days are likely characterized by

higher impediments to arbitrage because of additional risk. Consider the simplest case

in which holders of the home market share receive a cash dividend. Even in this case the

final dividend payment for the ADR holder is unknown. After receiving the dividend,

in general weeks after the ex-date, the Depository Bank needs to exchange the home

market currency into U.S. dollars and then pay the ADR holders. The holding period of

the arbitrage position also increases significantly as prices will not converge until both

stocks are ex-dividend and the Depository bank does not convert the home market
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share to its ADR (or vice versa) during these days (cf. Citibank (2007)).

In summary, arbitrageurs introduce uncertainty when adjusting prices for the cor-

porate action to compute their profits and the expected holding period of the arbitrage

position is much longer than on other days, making arbitrage more risky (or costly if

this additional risk would be hedged away).

As such, it is not surprising that during these days price deviations are especially

high even after adjusting prices by corporate actions (with the exact adjustment factor

only known ex-post). As reported in Table 1, price deviations adjusted by the corporate

action are more than twice as high on days between corporate actions as they are on

other days. After adjusting the quotes by the dividend payment in the example before

(i.e. subtracting USD 0.674089 from all bid and ask quotes of the ADR), price deviations

are USD 0.24, almost 5% of the share price and more than three standard deviations

higher than the average price deviation for RBS in the first quarter of 2008.

To motivate using days between corporate actions as an instrument, I first investi-

gate whether liquidity of a stock is affected on these days. To have a valid instrument,

liquidity should only be affected on these days because of changes in the impediments

to arbitrage. So far relatively little evidence of how liquidity is affected by dividend and

stock-split decisions exists. This is not surprising; theoretically, it is not always easy to

argue why these decisions should matter at all (e.g., compare Merton H. Miller (1961)).

Recently, both theoretical and empirical evidence indicates that these decisions might

matter. For example, Muscarella and Vetsuypens (1996) show that liquidity improves

after stock splits, and Banerjee et al. (2007) show that illiquid firms pay higher divi-

dends. But it is even more difficult to argue why liquidity should be affected on days

when either the host or the home market stock is cum-dividend but the other is ex-

dividend. I believe liquidity is affected because the increased price deviation segments

both markets and increases the impediments to arbitrage.

Table 5 shows the results of panel regressions explaining illiquidity by a dummy

variable that is set to one on days between corporate actions. To avoid endogeneity

issues, I estimate regressions without any control variables. To control for unobserved

heterogeneity, I use two dimensional stock-months fixed effects (following the advice

of Gormley and Matsa (2014)). In additional tests, I control for other, probably en-

dogenously determined, variables as in Table 4. To rule out that corporate actions by
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themselves affect liquidity, I also control for days in which both the ADR and home

market stock go ex-dividend together. Finally, I control for the number of trades and

order imbalance, defined as the absolute difference in the number of buyer versus seller

initiated trades.

In Panel A of Table 5 I investigate how days between corporate actions affect quoted

spreads. The results indicate that on days between corporate actions quoted spreads

are statistically significantly higher by around two basis points.

Similarly, in Panel B of Table 5 I proxy illiquidity by effective spread, and find that

on days between corporate actions effective spreads are higher by almost three basis

points.

To further rule out that corporate actions by itself affect liquidity, I investigate

how days between corporate actions affect the difference in liquidity during and outside

overlapping trading times.

Panel C of Table 5 reports the results where illquidity is proxied by the difference

in quoted spread during and outside overlapping trading times (i.e., the difference in

spreads when both the home- and the host-market stock are trading and when only one

stock is trading) (δPQSPR).17 Because of the different dependent variables in Panel C

compared to Panel A and B, I use different control variables. Moulton and Wei (2009)

examine two explanations for differences in liquidity during and outside overlapping

trading times: (i) concentrated trading, and (ii) increased competition. Like Moulton

and Wei (2009) I proxy the former by the difference between the number of trades

during and outside the overlapping trading times (δTrades). I proxy the competition

from the other exchange by the percentage of trades (during the overlapping trading

times) that occur on the home market versus in the U.S. (∆Trades). I also control for

the difference during and outside overlapping trading times of all other variables used

in Panels A and B.

Using only fixed effects, the coefficient for the dummy variable in Panel C is esti-

mated at 0.018 and is statistically significantly different from zero. With additional

17 Because of the focus on the difference in variables during and outside overlapping trading times,
I exclude countries with similar trading hours as the U.S. In particular, I drop all stock-pairs if the
home market stock is from Argentina, Brazil, Chile, Mexico, and Peru.
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controls the coefficient is 0.014 and is also statistically significant. These results indi-

cate that on days between corporate actions quoted spreads are one to two basis points

higher during overlapping trading periods than they are outside these periods. This

is consistent with the idea that it is not the corporate action itself that affects liquid-

ity, because this should affect liquidity throughout the whole trading day, but rather

spillover effects from the other market. For example, the increased price deviation that

resulted from the corporate action could lower traders’ ability to learn from the other

market, which lowers liquidity (Cespa and Foucault, 2014). Alternatively, the increase

in the impediments to arbitrage during these days could stop arbitrageurs from trading

on these days. Assuming arbitrageurs provide liquidity this would lead to a decrease in

liquidity during these days.

3.4. Days between corporate actions as an instrument

In this section I estimate a two-stage panel regression with two-dimensional stock-

month fixed effects as given below:

∆Pricei,d = FE + β0 ×DEX
i,d + ζ0ζ0ζ0 ×ControlsControlsControlsi,d + ηi,d (3a)

Illiqi,d = FE + β1 × ̂∆Pricei,d + ζ1ζ1ζ1 ×ControlsControlsControlsi,d + εi,d (3b)

where ∆Pricei,d is a price deviation measure for stock i on day d, and DEX
i,d is a dummy

variable set to one on days between corporate actions (the instrument, and motivated

in the previous section). In the second equation Illiqi,d is a measure for illiquidity,

̂∆Pricei,d is the fitted value from the first equation (the first stage), Controlsi,d are

control variables as in Table 5, and FE are two-dimensional stock-month fixed effects.

The advantage of a panel regression, compared to individual stock time-series re-

gressions, is that a panel regression can address omitted variables. For example, if

time-varying funding liquidity influences the impediments to arbitrage and simultane-

ously market liquidity (as in Brunnermeier and Pedersen (2008)) this could cause an

omitted variable bias.18 If, however, funding liquidity affects stocks equally, adding

time-fixed effects will control for the stock-invariant differences in time. Similarly, I can

18 I control for the Ted spread, a measure for funding illiquidity, but the Ted spread is based on U.S.
interest rates and might not fully capture changes in funding illiquidity of the home market.
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control for time-invariant heterogeneity by using individual-fixed effects.

Table 6 shows the results of the first stage from estimating Eq. 3. I proxy impedi-

ments to arbitrage by the average duration price deviations persist, the average price

deviation from simultaneous trade prices, and the average and maximum price devia-

tion from quote prices (adjusted and not adjusted by corporate actions). I find that

the dummy variable DEX
i,d is positively and statistically significantly related to all five

proxies. For example, keeping all other variables constant, on days between corporate

actions maximum price deviation from quotes adjusted by corporate actions are higher

by 1.775%, which is statistically significant at the 1% level (computed from standard

errors clustered by stock).

Table 7 shows the results of the second stage from estimating Eq. 3. Again I use all

five proxies for the impediments to arbitrage, as in Table 6. Panel A of Table 7 report

results where illiquidity is proxied by quoted spread (PQSPR). Results indicate that

all five proxies are positively associated with illiquidity and the relation is statistically

significant at least at the 10% level. For example, results indicate that a 1% increase

in the maximum price deviation from quotes adjusted by corporate actions increases

quoted spreads by 1.3 basis points.

Overall, control variables have the expected sign consistent with previous literature.

Spreads decrease by the share price and by the number of trades. Spreads increase with

volatility and the TED spread.

Panel B of Table 7 report results where illquidity is proxied by effective spreads

(PESPR). Again all five different price-deviation measures are positively and statisti-

cally significant associated with illiquidity.

To further address the concern that the corporate action by itself affects liquidity,

I exploit exogenous variation in the impediments to arbitrage within the day. Panel C

of Table 7 report results where illiquidity is proxied by the difference in quoted spread

during and outside overlapping trading times (δPQSPR).

In all ten regressions the estimated slope coefficient of all five price-deviation mea-

sures is positive and statistically significant at least at the 10% level. For example,

the results indicate that a 1% increase in the maximum price deviation from quotes

adjusted by corporate actions increases quoted spreads during the overlapping trading
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times compared to outside by 0.9 basis points. These results indicate that if the im-

pediments to arbitrage increase, illiquidity increases during the time arbitrageurs are

active (during overlapping trading times quoted spreads increase) relative to when they

are not active.

Throughout the paper I estimate panel regressions with both home market and

ADR stocks simultaneously. A valid concern might be that the results so far are driven

by one subsection of the data. Similarly, it is of interest to find out whether the results

are opposite in any particular subsection. After all, the sample contains a long time-

series of 16 years and a large cross-section in ADRs and home market stocks from 22

different countries. Therefore, in the Online Appendix Table A6, I estimate regressions

separately for home market stocks and their respective ADRs and also across three

different regions and time-periods. In total I estimate 18 panel regressions for each

of the illiquidity and price deviation proxies. While results are more often statistical

significant for ADRs than for home market stocks, there is no indication that results are

driven by any particular subset or that results might be of opposite sign in any particular

subset. In only one case I estimate a statistically negative coefficient between illiquidity

and price deviation, compared to 31 estimates that are statistically positive. Therefore,

to maximize the power of the statistical tests it seems suitable to pool all data into one

regression.

Another concern might be that results are spurious as both the dependent (illiquid-

ity) and dependent variable (price deviations) are scaled by the same variable, home

market price. Therefore, in the Online Appendix Table A8, I estimate regressions using

the maximum price deviation within each stock-day measured in USD. In the Online

Appendix I also estimate contemporaneous effects of impediments to arbitrage on liq-

uidity excluding price deviations below one basis point and below one dollar cent per

share to cover additional transaction costs (see Tables A9 and A10). Results are robust

to these different specifications.

3.5. Spread decomposition

So far the results are consistent with two explanations. First, arbitrageurs might

improve market liquidity by trading against market demand thereby lowering inventory

holding costs as envisioned by, for example, Holden (1995). Second, arbitrageurs might
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make prices more informative, which improves liquidity (Cespa and Foucault, 2014).

One way to distinguish between both effects is to investigate which component of

the bid-ask spread is affected by arbitrage. Since at least Stoll (1978) and Glosten and

Milgrom (1985) research shows that illiquidity arises because of both inventory holding

and adverse selection risk. If arbitrageurs trade against market demand, one would

expect that they affect the component due to inventory holding risk. On the other

hand, if arbitrageurs make prices more informative, one would expect that they affect

the component due to adverse selection risk.

To test which component is affected, in the following, I decompose the bid-ask

spread following Glosten and Harris (1988). The main idea is similar to the idea behind

classifying price deviations as toxic or due to price pressure in Section 2: price effects

due to inventory holding risk should be transitory and incorporating new information

(which creates adverse selection risk) should have a permanent price effect.

As Glosten and Harris (1988) I focus on estimating a restricted version of their

general model, given as Eq. (5) of their paper and as Eq. (4) below. Eq. (4) is estimated

by stock-day (with at least ten trades) using ordinary least square (OLS).19

Pi,d,t − Pi,d,t−1 = c0,i,d(Qi,d,t −Qi,d,t−1) + z1,i,dQi,d,tVi,d,t + εi,d,t (4)

where Pi,d,t is the t-th traded price (converted to USD) of stock i on day d, Qi,d,t is the

sign of the trade (estimated using Lee and Ready (1991)) and Vi,d,t is its dollar volume.

To increase the power of the regression, I estimate Eq. (4) over the whole trading period

and not just during overlapping trading times.

Table 8 shows the results of the second stage from estimating Eq. 3. In particular,

Table 8 shows the results from panel regressions with two-dimensional month-ADR

fixed effects. But now illiquidity is measured as the transitory component (Panel A:

c0,i,d in Eq. 4) or the adverse selection component (Panel B: z1,i,d in Eq. 4) of the bid-ask

spread. Both components are scaled to reflect the cost of a round trip in dollar cents,

19 As mentioned in footnote 1 of Glosten and Harris (1988) estimation using OLS would be inefficient
because of the round-off errors but considering that in my sample (at least ADR) prices are quoted in
cents rounding errors are likely not that problematic.
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i.e., both c0,i,d and z1,i,d are multiplied by 200.20 Note, that regressions are estimated

using ADRs only. Compared to before, results are sensitive to whether I pool both

ADR and home market stocks in one panel or estimate the effect separately.

Panel A of Table 8 shows that all five price deviation measures are positively and

statistically significantly related to the transitory component of the bid-ask spread.

Results in Panel A of Table 8 show that, for example, if the duration price deviations

persist increases by one hour (i.e., INARBi,d increases by 60) the transitory component

of the bid-ask spread increases by 2.4 dollar cents. An economically large effect con-

sidering that the average transitory component of the bid-ask spread is just 1.2 cents

with a standard deviation of 3.1 cents.

Panel B shows that four out of five price deviation measures are negatively related

to the adverse selection component of the bid-ask spread, but none of the estimates are

statistically significant.

Panel C and D of Table 8 report above analysis using home market stocks only.

Results indicate that for home market stocks price deviations have a positive effect

on the transitory component of the bid-ask spread, which is economically very large,

but statistically insignificant. This can have several explanations, first, of course, it

might indicate that in the home market arbitrage activity does not affect the transitory

component (nor the adverse selection component) of the bid-ask spread. But results for

the home market might also be less reliable. Compared to previous variables, such as

quoted or effective spreads, estimating Eq. 4 is more challenging, for example, differences

in reporting standards or wider tick-sizes in the home market would lead to inefficient

estimates.

In short, results from Table 8 suggest that arbitrageurs mainly affect the transitory

component of the bid-ask spread. These results support the idea that arbitrageurs lower

inventory holding costs by trading against order imbalances.

Instrumental variable regressions allow to address endogeneity between two vari-

ables and estimate the contemporaneous effect of one variable on the other. But the

impact of impediments to arbitrage on liquidity does not need to be contemporaneous

20 As explained by Glosten and Harris (1988) the average dollar spread for a round-trip of V dollars
is given by 2(c0 + z1V ).
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alone. O’Hara and Oldfield (1986) and Comerton-Forde et al. (2010) provide theoretical

and empirical evidence that overnight inventories affect future liquidity. If, for exam-

ple, arbitrageurs trade against net market demand, an increase in the impediments to

arbitrage might lead to larger order imbalances, which could predict a decrease in liq-

uidity. To understand the longer term relation between price deviations and liquidity,

I estimate vector autoregressions in the following section.

4. The impact of impediments to arbitrage on market liquidity: predictive

analysis

Vector autoregressions (VARs) regress each variable on lagged versions of itself and

on lagged versions of all other variables in the system. Especially, impulse response

functions (IRF) constructed from a VAR are commonly used to yield important in-

formation about the dynamics of jointly determined variables (cf. Roll et al. (2007)).

An IRF estimated from a VAR tracks the response on one variable from an impulse to

another variable and hence allows investigating longer term effects. Using the Cholesky

decomposition to calculate orthogonalized impulse responses an IRF also allows es-

timating contemporaneous effects. Because in the Cholesky decomposition a variable

only has a contemporaneous effect on other variables if it enters the system of equations

before the other variables, theory needs to guide the ordering of the variables (Doan,

2010).

In the following I fix the order to price deviation, market order imbalance, volatility,

and illiquidity. The order is motivated by: First, Table 2 indicates that most price

deviations arise because of a demand shock, and hence arbitrageurs would trade against

market demand, contemporaneously affecting order imbalance. This motivates using

price deviations as the first variable. Second, previous literature indicates that order

imbalance contemporaneously affects volatility and liquidity (Chordia et al., 2002). This

motivates the order between measures of order imbalance and measures of volatility and

liquidity.

To avoid spurious results, I detrend all variables using a linear time-trend. For

all detrended variables the Im–Pesaran–Shin test for unbalanced panels rejects the

existence of a unit root with p-values less than 0.01.
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In the following I estimate a panel VAR with day and stock fixed effects and 15

lags (chosen by the Schwarz information criteria) of the following vector of endogenous

variables (VVV ): maximum price deviations from quotes adjusted by corporate actions,

order imbalance, volatility, and quoted spreads.

Vi,dVi,dVi,d = FEFEFE + ρρρ×BetweenCorpActi,dBetweenCorpActi,dBetweenCorpActi,d +
5∑
l=1

βββ × Vi,d−lVi,d−lVi,d−l + εi,dεi,dεi,d (5)

Equation 5 is estimated using generalized method of moments (GMM) as recommended

by Arellano and Bond (1991) using all stocks with at least one year of data and days

with at least ten stocks.

Table 9 reports Granger causality tests: the sum of all lagged coefficients for each

variable and the associated p-values whether this sum is statistically significantly dif-

ferent from zero and whether the lagged coefficients are jointly different from zero. As

before Panel A, Panel B, and Panel C differ in the way illiquidity is measured.

The results in Panel A indicate Granger causality between price deviations and

illiquidity and vice versa. The results in Panel B and Panel C are largely consistent with

results in Panel A. Because Granger causality tests are based on only one equation of

the VAR they cannot provide a complete picture of the joined dynamics of all variables.

A much better approach is constructing impulse response functions.

Figure 1, Figure 2, and Figure 3 show cumulative impulse response functions con-

structed from the panel VAR in Table 9 Panel A, B, and C, respectively. Figure 1

shows how shocks to price deviations, order imbalance, volatility, and quoted spreads

affect each other contemporaneously and up to 15 days in the future. The first row

presents the effect of a one standard deviation shock to price deviations on itself in

the first column, and on order imbalance, volatility, and quoted spreads in the second,

third, and fourth columns,respectively.

The focus of this paper is how price deviations effect illiquidity (shown in the upper,

right corner of Figure 1). A shock to price deviations predicts a strong increase in

quoted spreads. A one standard deviation shock to price deviations predicts an increase

in quoted spread of around three basis points in the next 15 days. Of these three

basis points around one-third of a basis point is contemporaneous, which is lower than
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previous results from the instrumental variable regression in Table 7. A shock to price

deviations also predicts an increase in order imbalance contemporaneously and in the

future.

Figure 2 provide impulse response functions estimated with effective spreads, instead

of quoted spreads as in Figure 1. Results are much stronger, indicating that a shock

to price deviations predict an increase in effective spreads of almost 5 basis points

contemporaneously and over 10 basis points after 15 days.

So far, results indicate that if price deviations increase, illiquidity increases both

contemporaneously and over the next days. One explanation for this finding is that

if price deviations increase, traders can learn less from prices in the other market,

which should lower liquidity (Cespa and Foucault, 2014). Another explanation is that

arbitrageurs normally trade against market demand and thereby improve liquidity.

But while Figure 1 indicates that price deviations predict illiquidity, it does not

need to be causal. For example, arbitrageurs might be able to predict general changes

in liquidity and in anticipation of increasing market or funding illiquidity step out of

the market (Shleifer and Vishny, 1997; Bernardo and Welch, 2004), potentially causing

higher price deviations. In this case liquidity would deteriorate, regardless of whether

arbitrageurs step out of the market or decide to continue to be active. In other words,

one concern might be that an omitted variable (that has a stock-specific effect) could

drive the predictive power of price deviations on market liquidity. To investigate this

question, I again exploit exogenous variation in the impediments to arbitrage within

the day.

Figure 3 provide impulse response functions estimated with the intraday difference

in quoted spreads during and outside overlapping trading times. Consistent with previ-

ous results a one standard deviation increase in price deviations predicts a statistically

significant contemporaneous and future increase in quoted spreads during the overlap

compared to outside. In other words, the results in Figure 3 indicate that price devia-

tions do not predict a general increase in illiquidity, but rather an increase in illiquidity

during the overlapping trading times compared to outside.

In the Online Appendix I report several robustness tests. I estimate IRFs from a

VAR using the other three proxies for arbitrage activity (Figures A1, A2, and A3).
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And I estimate IRFs from a VAR using price deviations calculated from mid-quote

prices (A4) and from U.S. dollars (A5). To rule out that results are driven by the

ordering of the variables, I estimate IRFs using the reverse order of the input variables

(Figure A6). I estimate IRFs separately for home market stocks and ADRs (Figure A7

and Figure A8). I estimate IRFs from a VAR using weekly data by taking averages

across all variables within the week (Figures A9, A10, and A11).

The main results reported in this paper are robust to these changes, except when

using average price deviations from quotes (Figure A3). Further, results are only robust

in the long-run when using the average time a price deviation persists as an alternative

proxy for the impediments to arbitrage (Figure A1).

5. Conclusion

Arbitrageurs enforce the law of one price by trading against mispricings, but whether

by doing so arbitrageurs provide liquidity depends on the reason for the arbitrage

opportunity to arise. In this paper I study price deviations in the American Depositary

Receipts market, because here arbitrage is almost risk-free and institutional details

provide exogenous variation in arbitrage activity within and across days.

Results show that large price deviations are associated with contemporaneous and

future illiquidity, an increase in quoted spreads, effective spreads, and the transitory

component of the bid-ask spreads. Illiquidity is particularly affected during overlapping

trading times, i.e., when arbitrageurs are active. These results are consistent with the

idea that arbitrageurs provide liquidity by trading against net market demand, or as

Foucault et al. (2013) put it, arbitrageurs are “leaning against the wind” (p. 336).

Arbitrageurs in the ADR market are indeed “cross-sectional market-makers” (Holden,

1995).

One way to encourage arbitrage activity is to introduce portfolio margins, where

the offsetting position between the home market stock and the associated ADR are

incorporated in the margin requirements. Within the U.S., a similar concept is already

approved by the SEC for example for index options.
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Appendix A: Sample construction

This appendix describes details of the sample construction. I first retrieve all dead and

alive American Depositary Receipts (ADRs) from Datastream which are traded at the

New York Stock Exchange (NYSE) or Nasdaq. I focus on the NYSE and Nasdaq as

host-markets because together they capture almost 90% of the worldwide total trading

in the DR market of USD 3.5 trillion in 2010 (Cole-Fontayn, 2011).

I identify the home market share, associated to any of the ADRs, using Datastream

and verify the match using data from adrbnymellon.com and adr.db.com. Both websites

offer a list of DRs and an ISIN code for the home market share.

As the analysis requires intraday data for which I use the Thomson Reuters Tick

History (TRTH) database, I filter out any DR for which I could not establish the RIC

(the primary identifier in TRTH) for either the DR or the home market stock. Upon

request Datastream provides a RIC field, however this field is empty for around 50% of

all DRs. In the case of a missing RIC field for the ADR or for the home market shares

I use the TRTH API to search for a RIC code by ISIN.

For every ISIN the RIC from the major exchange of the home market country is

chosen. This way I identify 351 ADRs and their respective home market share. A similar

setup (i.e. using intraday data from TRTH, albeit for an event study) is considered by

Berkman and Nguyen (2010), who identify 277 ADR and home market pairs. Further

Gagnon and Karolyi (2010) identifies 506 U.S. cross-listed stocks, but they include other

forms of cross-listing than ADRs, such as Canadian ordinaries (in total, 127 pairs) and

New York registered shares.

To avoid non-synchronous prices, I only focus on countries with overlapping trading

times to the U.S. This excludes all Asian countries (China, Hong Kong, India, Indonesia,

Japan, Philippines, South Korea, and Taiwan) as well as Australia and New Zealand. I

am left with 238 pairs from the following 27 countries: Argentina (12 pairs), Austria (1),

Belgium (2), Brazil (27), Chile (13), Colombia (1), Denmark (1), Finland (1), France

(13), Germany (12), Greece (2), Ireland (3), Israel (9), Italy (4), Luxembourg (2),

Mexico (23), Netherlands (12), Norway (3), Peru (3), Portugal (1), Spain (8), Sweden

(6), Switzerland (5), Turkey (1), United Kingdom (58), Russian Federation (3), and

South Africa (12).
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Of these 238 stocks I filter out 30 (and with it five countries drop), because I could

not align prices of the home market with prices of the ADR, as described in more detail

on page 32.

Of the remaining 208 stocks, I have 194 stocks with at least one year of data from

2001 to 2016 (the sample period for the main analysis). In the internet appendix I

report summary statistics for the main variables used in this paper separately for each

of the 22 countries (Table A1).

Appendix B: Data filters

This appendix describes the quote and trade data filters, based on all available data

from 1996 to 2016. I discard non-positive bid and ask quotes (in total 196,061 quotes),

quotes where the ask is lower or equal to the bid quote (193,936,018 quotes), and

quotes outside the continuous trading session (814,278,837 quotes).21 Further, I remove

outliers (144,258 quotes). An outlier is defined as a bid (ask) quote that differs by more

than 10% of the average of the ten surrounding bid (ask) quotes. In a similar way

trade prices are filtered. Of the in total 4.45 billion trades, I discard trades that fall

outside the continuous trading session in the U.S. (in total 13,631,796 trades) and on

the respective home market (50,938,498). I also discard trades with a non-positive price

(3,190,264 trades) or a price that is more than 10% different from the trade price of the

ten surrounding trades for ADRs (1,529 trades) and home market shares (13,542,154 ).

Further, I discard trades of more than 100,000 shares for ADRs (170,142 trades) and

in the home market (7,060,211), because large trades are often negotiated before they

get reported.

To make prices comparable between the home market stock and the ADR, bid and

ask quotes of the ADR are converted according to the bundling ratio which I got from

either Datastream, adrbnymellon.com, or adr.db.com. Bundling ratios can be time-

varying but all sources only report the latest bundling ratio. To adjust the bundling

ratio over time, I get all corporate actions from TRTH for all ADRs and home market

21 Most quotes outside continuous trading times are from the ADR. ADR prices seem to update
when the home market share is traded, regardless of whether the ADR is in its continuous trading
session.
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shares. Changes in the bundling ratio can occur, for example because of solo stock-

splits. To verify the accuracy of the bundling ratio I plot the daily average, currency

adjusted mid-quote ratios for each stock in the sample (unreported). If the ratio does

not vary around one and does not resemble a step function, the stock is dropped from

the sample. As such 30 stocks are dropped from the sample because prices of the home

market could not be aligned to prices of the ADR.

For 82 ADRs the bundling ratio changed over the sample, with a maximum of three

changes for four ADRs. For 59 ADRs the bundling ratio changed once over the sample.

To further ensure that stocks are mapped properly and prices are adjusted correctly,

I drop any stock-day if (adjusted) price deviations ∆QTE are higher than 100% (of the

mid-quote of the home market, in total 273 stock-days) or higher than USD 5 (1,285

stock-days). These very large price deviations are driven by two stocks from Argentina

with 718 and 536 days with price deviations above USD 5.22

Appendix C: Large price deviations indicate less arbitrage activity

In this appendix I provide motivation for interpreting large price deviations as an in-

dication of low arbitrage activity. If price deviations follow a mean-reverting Orn-

stein–Uhlenbeck process, then the duration price deviations persist and the magnitude

of a price deviation are, in general, negatively correlated to the speed of mean reversion.

Assume that price deviations X follow an Ornstein–Uhlenbeck process:

dX(t) = −θX(t)dt+ σdW (t) (6)

with X(0) = 0 and where θ > 0 is the speed of mean-reversion, σ > 0 is the instan-

taneous volatility, and W (t) is a standard Brownian motion. Ignoring the stochastic

fluctuations of X(t), X(t) reverts to its mean exponentially at the rate of θ.

The (unrealized) profits of an arbitrage at time t and entered at time T0,p = inf{t ≥
0 | X(t) = p} are given by Yt = XT0,p −Xt, where the assumption is that transaction

costs are zero and arbitrageurs only trade on positive deviations, i.e., p > 0 (the case of

22 The main results of this paper are robust when dropping these filters, see the Internet Appendix
Table A11.
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p < 0 is equivalent). For simplicity, I ignore that arbitrageurs could convert one asset

to the other and thereby close down the position, instead I assume that arbitrageurs

close down the position once the price deviation reverts back to zero at time T0,p,0 =

inf{t ≥ T0,p | X(t) = 0} with a profit of XT0,p −XT0,p,0 = XT0,p = p

The interpretation is that T0,p,0 is one trading cycle (also called one excursion, the

first passage time of 0 after hitting p), where the arbitrageur sets up the position if

price deviations are reasonably large (given by p) and closes down the position when

price deviations disappear (i.e., X(t) = 0).

The following Lemma provides insights how trading cycles are related to mean-

reversion.

Lemma 1. The expected duration of one trading cycle is given by:

d(p, θ, σ) = E[T0,p] + E[Tp,0] =
2
√
π

θ

∞∑
k=0

(p
√
θ/σ)2k+1

k!(2k + 1)
(7)

Proof. See Hollstein (2010), Corollary 4.1.2. Ricciardi and Sato (1988) and Finch (2004)

provide the solution for the special case of θ = 1 and σ2 = 2, from which the general

case also follows (see p. 46 of Ricciardi and Sato (1988)).

Theorem 1. The hypothesis is that the following empirically observable variables are

negatively correlated to the speed of mean reversion:

1. the maximum and average price deviations computed from quote or simultaneous

trade prices [see Eq. (2) and Eq. (1)].

2. the average time price deviations persist, i.e., the duration of one trading cycle

E[T0,p,0].

Proof. The first hypothesis follows directly from the variance of X(t), which is σ2

2θ
.

Observing large price deviations indicate a high variance for X, hence indicating a high

instantaneous variance σ2 or low mean-reversion θ. In other words, keeping σ constant,

observing large price deviations hence indicates low mean-reversion.

The second hypothesis follows from above Lemma. The first derivative of d(p, θ, σ)

in Equation 7 with respect to θ is given by:
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∂d(p, θ, σ)

∂θ
= 2
√
π
p

σ

(
− 1

θ
√
θ

+
∞∑
k=1

(2k − 1)θk−1/2
(p/σ)2k

k!(2k + 1)

)
(8)

This derivative is negative if

1

θ
√
θ
>

∞∑
k=1

(2k − 1)θk−1/2
(p/σ)2k

k!(2k + 1)
(9)

It follows that for reasonable parameter choices (p/σ < 1 and θ < 0.8) the first

derivative of d(p, θ, σ) in Equation 7 with respect to θ is negative, because:

∞∑
k=1

(2k − 1)θk+1 (p/σ)2k

k!(2k + 1)

<
∞∑
k=1

θk+1

k!
if p/σ < 1

=− θ + θ × exp(θ)

<1 if θ < 0.8

And in this case the second hypothesis follows.
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Table 1 – Cross-sectional summary statistics of time-series averages, 2001 - 2016

This table reports the cross-sectional average, standard deviation, and 5, 50, and 95 percentile of the
time-series average by stock of price deviation and liquidity measures. Panel A reports summary statistics
computed as averages over all days on which both the host (the ADR) and the home market stock are
either cum- or ex-dividend. Panel A reports the average number of minutes for a price deviation to persist,
conditional on price deviations that arise and vanish within the same day (INARB); The daily average in
trade prices, computed from simultaneous trades, i.e. trades within one second on both the host and the
home-market share (avg(∆TRD)) (as in Eq. 1); and the daily time-weighted average and maximum price
deviation computed from quotes (avg(∆QTE) and max(∆QTE)), computed for every stock and in every
second as the difference in the highest bid and the lowest ask price across the home- and host-market relative
to the mid price of the home market (as in Eq. 2). Panel B provide summary statistics of price deviations
on days between corporate actions, i.e., when either the host or the home-market is cum-dividend but the
other is ex-dividend. # days, provides cross-sectional summary statistics of the total number of days between
corporate actions. During these days I also compute price deviations from quotes, which are not adjusted
for the corporate action (UQTE). Panel C reports cross-sectional summary statistics of liquidity and control
variables, the daily time-weighted average proportional quoted spread for the home- and host-market share
(PQSPR), the daily proportional effective spread for the home- and host-market share (PESPR), the difference
in quoted spread for the home-market share between the overlapping trading times and from 11 UTC until
the host-market opens (δPQSPR Home), the difference in quoted spread for the host-market share between
the overlapping trading times and from the time the home-market closes until 17 UTC (δPQSPR Host),
volatility for the home- and host-market stock, defined as the annualized volatility calculated from 5-minute
mid-quote returns (Volatility), average trade size in the number of shares for the home- and host-market stock
(Trsize), number of trades for the home- and host-market stock (Trades), number of quote updates to the
best bid and ask for the home- and host-market stock (Quotes), the absolute order imbalance (the number of
buyer minus seller initiated trades) for the home- and host-market (OIB), size calculated as the market cap
for each stock at the beginning of each year, and price calculated as the end-of-day price from Datastream.
Both size and price are in USD. All variables (except, δPQSPR, price, and size) are measured during the
overlapping trading times only, i.e. when both the home- and host-market share are trading. All variables
are scaled as denoted in the table, in particular all illiquidity and price deviations are in percent. All price
deviation and spread measures are cross-sectionally winsorized each day at the 99% level. Data to compute
size and price is from Datastream all other data underlying the computations is from TRTH.

avg stddev p5 median (p50) p95

Panel A: Price deviations outside days between corporate actions:

INARB [minutes] 12.41 18.54 0.51 6.41 39.27

avg(∆TRD) [%] 2.74 5.54 0.12 0.77 10.10

avg(∆QTE) [%] 0.80 2.13 0.00 0.21 5.76

max(∆QTE) [%] 2.12 4.50 0.14 0.77 10.33

Panel B: Price deviations during days between corporate actions:

# days 21 28 1 11 74

INARB [minutes] 12.70 17.43 0.29 5.81 47.22

avg(∆TRD) [%] 4.65 8.97 0.15 0.99 23.47

avg(∆QTE) [%] 2.47 4.87 0.02 0.54 13.80

max(∆QTE) [%] 4.79 8.15 0.36 1.38 25.25

max(∆UQTE) [%] 10.75 22.47 0.72 2.33 80.14

41



Table 1 continued

avg stddev p5 median (p50) p95

Panel C: Liquidity and control variables

PQSPR [%] Home 0.64 1.20 0.06 0.21 2.78
Host 0.72 1.11 0.06 0.27 2.76

PESPR [%] Home 0.64 1.05 0.05 0.30 2.14
Host 0.53 0.85 0.05 0.20 2.10

δPQSPR [%] Home -0.04 0.22 -0.70 -0.00 0.03
Host -0.09 0.34 -0.78 -0.01 0.23

Volatility Home 0.23 0.08 0.13 0.19 0.38
Host 0.22 0.08 0.12 0.19 0.35

Trsize (∗10, 000) Home 0.32 0.49 0.02 0.17 1.12
Host 0.04 0.02 0.02 0.04 0.08

Trades (∗10, 000) Home 0.16 0.21 0.002 0.09 0.51
Host 0.23 0.58 0.001 0.06 0.82

Quotes (∗10, 000) Home 0.18 0.18 0.004 0.15 0.48
Host 0.28 0.31 0.01 0.19 0.88

|OIB| (∗1, 000) Home 0.20 0.29 0.01 0.12 0.83
Host 0.17 0.29 0.003 0.08 0.65

Size [billion USD] 41.30 234.96 0.29 7.91 101.05

Price [USD] 42.34 258.63 0.55 8.81 67.63
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Table 2 – Average number of daily price deviations and reasons for why they arise, 2001 - 2016
This table presents the total number of price deviations (# Price deviations) by the asset that moves to create
the deviation (First mover) and by the asset that moves to eliminate it (Last mover). The first column indicates
the asset that moves to create the price deviation: either the home-market share (Home), the host-market share
(Host), both the home- and the host-market share (Both), or the respective currency pair (Forex ). The second
column (#Price deviations) indicates the total number of price deviations across all stocks and days in this
category. The third column (%Toxic) indicates the percentage of all price deviations that are toxic, when
one share moves to create the price deviation and later the other moves back to eliminate it (for example, if
the Home-market share is the first mover %Toxic is defined as the number of price deviations starting in the
Host-market and ending in the Home market as a percentage of all price deviations). The rest of the columns
Home, Host, Both, and Forex indicate the percentage of all price deviations that get eliminated because of a
movement in the respective asset. All data underlying the computations are from TRTH.

Last mover:

First
mover

#Price
deviations

%Toxic %Home %Host %Both %Forex

Home 4,092,945 6.50 44.65 23.90 16.39 15.06
Host 4,235,914 7.03 21.33 47.09 16.12 15.47
Both 2,484,622 27.36 29.35 29.74 13.55
Forex 3,100,353 20.62 22.54 13.03 43.81
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Table 3 – Pooled Spearman rank correlations of daily price deviation and illiquidity measures,
2001 - 2016
This table reports pooled Spearman rank correlations between the following daily measures: the average dura-
tion price deviations persist (INARB), the average price deviation from simultaneous trades (avg(∆TRD)),
the average and maximum price deviations from quotes (avg(∆QTE) and max(∆QTE), respectively), home-
and host-market proportional quoted (PQSPR) and effective spread (PESPR). For a description of these vari-
ables I refer to Table 1. All measures are computed during the overlapping trading time, i.e. when both the
home- and host-market are in their continuous trading session. All correlations are significant at the 1% level.
All data underlying the computations are from TRTH.

PQSPR PESPR

INARB avg(∆TRD) avg(∆QTE) max(∆QTE) Home Host Home Host

INARB 100%

avg(∆TRD) 67% 100%

avg(∆QTE) 79% 72% 100%

max(∆QTE) 61% 71% 78% 100%

PQSPRHome 35% 52% 29% 60% 100%

PQSPRHost 37% 54% 29% 55% 69% 100%

PESPRHome 44% 71% 41% 65% 79% 61% 100%

PESPRHost 40% 59% 34% 59% 69% 96% 65% 100%
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Table 4 – Arbitrageurs’ relative speed, arbitrage mix and liquidity in the ADR market, 2001 -
2016
This table presents results of regressions explaining illiquidity by arbitrageurs’ relative speed (π), arbitrage
mix (φ), and price deviations (σ). Each column presents the results of the following panel regression with two
dimensional stock-month fixed effects:

Illiqi,d = FE + a1πi,d + a2φi,d + a3αi,d + a4σi,d + ζζζ ×ControlsControlsControlsi,d + εi,d

where illiquidity (Illiqi,d) of home- or host-market stock i on day d is measured by the proportional quoted
spread (Panel A: PQSPR) and proportional effective spread (Panel B: PESPR). πi,d is the number of toxic
price deviations that end with a trade divided by the number of toxic price deviations; φi,d is the number of toxic
price deviations divided by the number of all price deviations; αi,d is the number of price deviations divided
by the number of trades; σi,d is the average deviation in mid-quote prices. And where ControlsControlsControls is a vector of
control variables: V ola is the 5-minute mid-return volatility; Trsize is the average trade size (in 10,000 shares);
Quotes is the number of quote updates (in 10,000); Ted is the Ted spread, the difference between 3-Month
USD LIBOR and Treasury Bills. All regressions are estimated with a linear time-trend (unreported). All stock
specific variables are measured during the overlapping trading time, i.e. when both the home- and host-market
are in their continuous trading session. Standard errors are clustered by stock and statistical significance at
the 1%, 5%, and 10% level is indicated by ***, **, and *, respectively. p−values are in parentheses below the
coefficients. Ted is from the Federal Reserve Bank of St. Louis and all other data underlying the computations
are from TRTH.

Panel A: PQSPRi,d Panel B: PESPRi,d

πi,d,Toxic -0.008*** -0.007*** -0.003* -0.003*

(0.00) (0.00) (0.08) (0.09)

πi,d,notToxic -0.006*** 0.006

(0.01) (0.14)

φi,d 0.021 0.025 -0.010 -0.001

(0.17) (0.15) (0.53) (0.96)

αi,d 0.006*** 0.006*** 0.002 0.002

(0.00) (0.00) (0.18) (0.17)

σi,d,Toxic 0.104*** 0.082*** 0.103*** 0.075***

(0.00) (0.01) (0.00) (0.00)

σi,d 0.048** 0.056***

(0.01) (0.00)

V olai,d 0.141** 0.140** 0.036 0.034

(0.02) (0.02) (0.18) (0.18)

Trsizei,d -0.005 0.000 -0.054 -0.049

(0.77) (0.99) (0.14) (0.18)

Quotesi,d -0.006 -0.005 -0.001 -0.001

(0.11) (0.11) (0.68) (0.67)

Tedd 0.024*** 0.025*** 0.030*** 0.030***

(0.00) (0.00) (0.00) (0.00)

Adj. R2 [%] 75.49 74.69 41.21 40.41

Obs. 513,837 511,777 512,611 510,615
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Table 5 – Illiquidity during days between corporate actions, 2001 - 2016
This table presents results of how liquidity varies on days between corporate actions, i.e., when either the host
or the home-market is cum-dividend but the other is ex-dividend (Betweeni,d). Each column presents the
results of the following panel regression with two dimensional stock-month fixed effects:

Illiqi,d = FE + β ×Betweeni,d + ζζζ ×ControlsControlsControlsi,d + εi,d

where illiquidity (Illiqi,d) of home- or host-market stock i on day d is measured by the proportional quoted
spread (Panel A: PQSPR), proportional effective spread (Panel B: PESPR), and the difference in PQSPR
during and outside overlapping trading times (Panel C: δPQSPR), as defined in Table 1. And where ControlsControlsControls
is a vector of control variables: CorpAct is a dummy variable set to one on days on which both the home and the
host-market go ex-dividend; and the other variables are as defined in Table 4 and OIB is the order imbalance,
measured as the difference between the number of buyer and seller initiated trades; and Trades is the number
of trades (in 10,000). All stock specific variables (except price) are measured during the overlapping trading
time, i.e. when both the home- and host-market are in their continuous trading session. In Panel C, a δ before
any variable indicates that this variable is constructed as the difference during and overlapping trading times.
In Panel C, I drop all stock-pairs if the home-market stock is from Argentina, Brazil, Chile, Mexico, and Peru.
Standard errors are clustered by stock and statistical significance at the 1%, 5%, and 10% level is indicated
by ***, **, and *, respectively. p−values are in parentheses below the coefficients. Data to compute price
are from Datastream, Ted is from the Federal Reserve Bank of St. Louis, and all other data underlying the
computations are from TRTH.

Panel A: PQSPRi,d Panel B: PESPRi,d Panel C: δPQSPRi,d

Betweeni,d 0.023*** 0.022*** 0.026** 0.027*** 0.018** 0.014***
(0.00) (0.01) (0.01) (0.01) (0.02) (0.00)

CorpActi,d 0.004 0.001 0.001
(0.49) (0.89) (0.69)

log(price)i,d -0.364*** -0.316***
(0.00) (0.00)

V olai,d 0.190*** 0.046*
(0.00) (0.09)

OIBi,d -0.000 -0.000
(0.79) (0.86)

Tradesi,d -0.021*** 0.003
(0.00) (0.49)

Quotesi,d -0.006 -0.004
(0.11) (0.12)

Trsizei,d 0.034 -0.009
(0.37) (0.79)

Tedd 0.039*** 0.038***
(0.00) (0.00)

δV olai,d 0.193***
(0.00)

δOIBi,d 0.000
(0.22)

δTradesi,d -0.005***
(0.00)

δQuotesi,d -0.001*
(0.08)

δTrsizei,d -0.001
(0.83)

∆Tradesi,d 0.033
(0.24)

Adj. R2 [%] 64.72 68.13 34.95 35.41 28.71 30.08
Obs. 825,228 798,243 813,584 792,003 527,912 525,087
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Table 6 – Price deviations during days between corporate actions, 2001 - 2016
This table presents the first stage regressions of instrumenting price deviations when explaining illiquidity by a
dummy variable which is one on days between corporate actions (Betweeni,d), i.e., when either the host or the
home-market is cum-dividend but the other is ex-dividend. Each column presents the results of the following
panel regression with two dimensional stock-month fixed effects:

∆Pricei,d = FE + β0 ×BetweenCorpActi,d + ζ0ζ0ζ0 ×ControlsControlsControlsi,d + εi,d

where price deviations (∆Pricei,d) between home- and host-market stock i on day d are measured by the average
duration price deviations persist (INARBi,d), the average price deviation from simultaneous trade prices across
the host and the home-market ( avg(∆TRDi,d)) the average (avg(∆QTEd)) and maximum (max(∆QTEi,d))
price deviation between simultaneous bid and ask price across the home- and host-market relative to the mid
price of the home market, and the average price deviation from quotes unadjusted by the corporate action
(avg(∆UQTEi,d)). And where ControlsControlsControls is a vector of control variables. For a description of these variables I
refer to Table 1 and Table 5. Standard errors are clustered by stock and statistical significance at the 1%, 5%,
and 10% level is indicated by ***, **, and *, respectively. p−values are in parentheses below the coefficients.
Data to compute price are from Datastream, Ted is from the Federal Reserve Bank of St. Louis, and all other
data underlying the computations are from TRTH.

INARBi,d avg(∆TRDi,d) avg(∆QTEi,d) max(∆QTEi,d) max(∆UQTEi,d)

Betweeni,d 4.100*** 4.279*** 1.867*** 1.921*** 1.089*** 1.103*** 1.775*** 1.800*** 5.500*** 5.445***

(0.00) (0.00) (0.00) (0.00) (0.00) (0.00) (0.00) (0.00) (0.00) (0.00)

log(price)i,d -1.465 -1.048*** -0.443** -1.496*** -1.078

(0.13) (0.00) (0.02) (0.00) (0.38)

V olai,d -0.764* 0.477** 0.054* 0.167* 0.171*

(0.07) (0.01) (0.09) (0.07) (0.08)

OIBi,d 0.000 0.000 0.000 0.000 0.000**

(0.31) (0.73) (0.13) (0.18) (0.01)

Tradesi,d -1.693*** 0.005 0.038** 0.149*** 0.104**

(0.01) (0.79) (0.01) (0.00) (0.01)

Quotesi,d -0.858* -0.018 0.010 0.037* 0.054**

(0.06) (0.20) (0.25) (0.07) (0.05)

Trsizei,d -1.056*** -0.023 0.084*** 0.097*** 0.132***

(0.01) (0.64) (0.00) (0.00) (0.00)

Tedd -1.188*** -0.113*** -0.032 0.079** 0.030

(0.00) (0.00) (0.20) (0.05) (0.51)

Adj. R2 [%] 36.80 37.24 75.95 76.16 88.69 89.26 87.24 88.09 80.90 81.14

F 31.73 10.32 10.47 7.32 36.54 8.52 46.88 14.43 37.40 20.21

Obs. 637,268 617,477 720,436 703,073 826,224 798,235 826,224 798,235 826,224 798,235
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Table 7 – Instrumental variable regressions to address contemporaneous effects of impediments
to arbitrage on illiquidity, 2001 - 2016

This table presents the second stage regressions of instrumenting price deviations when explaining
illiquidity by a dummy variable which is one on days between corporate actions, i.e., when either the host
or the home-market is cum-dividend but the other is ex-dividend. Each column presents the results of the
following panel regression with two dimensional stock-month fixed effects:

Illiqi,d = FE + β1 × ̂∆Pricei,d + ζ1ζ1ζ1 ×ControlsControlsControlsi,d + εi,d

where illiquidity (Illiqi,d) of home- or host-market stock i on day d is measured by the proportional quoted
spread (Panel A: PQSPR), proportional effective spread (Panel B: PESPR), and the difference in PQSPR

during and outside overlapping trading times (Panel C: δPQSPR), as defined in Table 1. ∆Pricei,d
∧

is the
fitted value from first stage regressions reported in Table 6. And ControlsControlsControls is a vector of control variables.
For a description of these variables I refer to Table 1 and Table 5. In Panel C, I drop all stock-pairs if the
home-market stock is from Argentina, Brazil, Chile, Mexico, and Peru. Standard errors are clustered by stock
and statistical significance at the 1%, 5%, and 10% level is indicated by ***, **, and *, respectively. R2

statistics are not reported, because they cannot be properly interpreted in two stage regressions. p−values are
in parentheses below the coefficients. Data to compute price are from Datastream, Ted is from the Federal
Reserve Bank of St. Louis, and all other data underlying the computations are from TRTH.

Panel A: PQSPRi,d

INARBi,d

∧
0.006** 0.006**

(0.03) (0.03)

avg(∆TRDi,d)
∧

0.008** 0.005*

(0.04) (0.09)

avg(∆QTEi,d)
∧

0.021** 0.021**

(0.01) (0.02)

max(∆QTEi,d)
∧

0.013** 0.013**

(0.01) (0.02)

max(∆UQTEi,d)
∧

0.004** 0.004**

(0.01) (0.01)

log(price)i,d -0.351*** -0.136*** -0.355*** -0.345*** -0.359***

(0.00) (0.00) (0.00) (0.00) (0.00)

V olai,d 0.178*** 1.502*** 0.188*** 0.187*** 0.189***

(0.00) (0.00) (0.00) (0.00) (0.00)

OIBi,d -0.000 0.000 -0.000 -0.000 -0.000

(0.49) (0.15) (0.69) (0.70) (0.73)

Tradesi,d -0.012* -0.068*** -0.022*** -0.023*** -0.022***

(0.08) (0.00) (0.00) (0.00) (0.00)

Quotesi,d 0.000 -0.042** -0.006 -0.006* -0.006

(0.94) (0.02) (0.10) (0.10) (0.10)

Trsizei,d 0.083 0.018 0.032 0.033 0.033

(0.16) (0.53) (0.40) (0.39) (0.38)

Tedd 0.040*** 0.004 0.039*** 0.038*** 0.039***

(0.00) (0.46) (0.00) (0.00) (0.00)
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Table 7 continued

Obs. 636,806 617,451 719,962 703,069 825,148 798,163 825,148 798,163 825,148 798,163

Panel B: PESPRi,d

INARBi,d

∧
0.007** 0.007**

(0.04) (0.04)

avg(∆TRDi,d)
∧

0.015* 0.014*

(0.05) (0.06)

avg(∆QTEi,d)
∧

0.024** 0.025**

(0.02) (0.02)

max(∆QTEi,d)
∧

0.015** 0.015**

(0.02) (0.01)

max(∆UQTEi,d)
∧

0.005** 0.005**

(0.01) (0.01)

log(price)i,d -0.293*** -0.154*** -0.306*** -0.293*** -0.311***

(0.00) (0.00) (0.00) (0.00) (0.00)

V olai,d 0.042* 0.808*** 0.044* 0.043* 0.045*

(0.08) (0.00) (0.09) (0.09) (0.09)

OIBi,d -0.000 0.000 -0.000 -0.000 -0.000

(0.44) (0.99) (0.84) (0.84) (0.85)

Tradesi,d 0.015* -0.025*** 0.002 0.000 0.002

(0.07) (0.00) (0.66) (0.93) (0.58)

Quotesi,d 0.004 -0.024** -0.004 -0.004* -0.004

(0.33) (0.03) (0.11) (0.09) (0.10)

Trsizei,d 0.030 -0.009 -0.014 -0.014 -0.013

(0.59) (0.89) (0.68) (0.69) (0.71)

Tedd 0.043*** 0.012** 0.039*** 0.037*** 0.038***

(0.00) (0.02) (0.00) (0.00) (0.00)

Obs. 631,068 614,268 719,894 702,970 813,504 791,923 813,504 791,923 813,504 791,923

Panel C: δPQSPRi,d

INARBi,d

∧
0.014* 0.010**

(0.06) (0.03)

avg(∆TRDi,d)
∧

0.008* 0.005**

(0.10) (0.05)

avg(∆QTEi,d)
∧

0.012** 0.009**

(0.04) (0.01)

max(∆QTEi,d)
∧

0.009** 0.007**

(0.04) (0.01)

max(∆UQTEi,d)
∧

0.005** 0.004***

(0.02) (0.00)

δV olai,d 0.168*** 0.185*** 0.195*** 0.192*** 0.193***

(0.00) (0.00) (0.00) (0.00) (0.00)

49



Table 7 continued

δOIBi,d -0.000 0.000 0.000 0.000 0.000

(0.87) (0.15) (0.19) (0.20) (0.23)

δTradesi,d -0.004** -0.005*** -0.005*** -0.005*** -0.005***

(0.03) (0.00) (0.00) (0.00) (0.00)

δQuotesi,d -0.001 -0.001* -0.001* -0.001* -0.001*

(0.26) (0.07) (0.07) (0.07) (0.07)

δTrsizei,d -0.012 0.002 -0.001 -0.001 -0.001

(0.21) (0.68) (0.82) (0.80) (0.81)

∆Tradesi,d 0.033 0.037 0.033 0.033 0.033

(0.28) (0.12) (0.24) (0.24) (0.24)

Obs. 406,864 404,829 497,964 497,459 527,844 525,018 527,844 525,018 527,844 525,018
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Table 8 – Instrumental variable regressions to address contemporaneous effects of impediments
to arbitrage on the components of the bid-ask spread, 2001 - 2016

This table presents the second stage regressions of instrumenting price deviations when explaining the
components of the bid-ask spread by a dummy variable which is one on days between corporate actions, i.e.,
when either the host or the home-market is cum-dividend but the other is ex-dividend. Following Glosten and
Harris (1988), the bid-ask spread is decomposed into its component due to adverse selection and its transitory
component, due to, for example, inventory holding costs (Equation 4). Each column presents the results of
the following panel regression with two dimensional stock-month fixed effects:

Illiqi,d = FE + β1 × ̂∆Pricei,d + ζ1ζ1ζ1 ×ControlsControlsControlsi,d + εi,d

where illiquidity (Illiqi,d) is the transitory component (Panels A and C) or the component due to adverse
selection risk (Panels B and D) of the bid-ask spread of ADR (Panels A and B) or home-market stock (Panels

C and D) i on day d. ∆Pricei,d
∧

is the fitted value from (unreported) first stage regressions. And ControlsControlsControls
is a vector of control variables. For a description of these variables I refer to Table 1 and Table 5. Standard
errors are clustered by stock and statistical significance at the 1%, 5%, and 10% level is indicated by ***, **,
and *, respectively. R2 statistics are not reported, because they cannot be properly interpreted in two stage
regressions. p−values are in parentheses below the coefficients. Data to compute price are from Datastream,
Ted is from the Federal Reserve Bank of St. Louis, and all other data underlying the computations are from
TRTH.

Panel A: Transitory component of the bid-ask spread for ADRs

INARBi,d

∧
0.044*** 0.045***

(0.00) (0.01)

avg(∆TRDi,d)
∧

0.062* 0.061*

(0.07) (0.07)

avg(∆QTEi,d)
∧

0.125** 0.132**

(0.02) (0.03)

max(∆QTEi,d)
∧

0.078** 0.083**

(0.02) (0.02)

max(∆UQTEi,d)
∧

0.027** 0.028**

(0.01) (0.02)

log(price)i,d 0.004*** 0.004*** 0.004*** 0.004*** 0.003***

(0.00) (0.00) (0.00) (0.00) (0.00)

V olai,d 0.000* 0.005*** 0.000 0.000 0.000

(0.09) (0.00) (0.19) (0.20) (0.19)

OIBi,d -0.000 0.000* 0.000 0.000 0.000

(0.54) (0.10) (0.51) (0.52) (0.42)

Tradesi,d 0.000** -0.000* 0.000 -0.000 0.000

(0.03) (0.08) (0.80) (0.45) (0.58)

Quotesi,d 0.000* 0.000 0.000* 0.000* 0.000*

(0.10) (0.16) (0.08) (0.08) (0.08)

Trsizei,d -0.000 -0.000 -0.000 -0.000 -0.000

(0.86) (0.56) (0.67) (0.63) (0.75)

Tedd 0.002*** 0.002*** 0.002*** 0.002*** 0.002***

51



Table 8 continued

(0.00) (0.00) (0.00) (0.00) (0.00)

Obs. 269,418 261,853 312,761 305,687 348,018 337,519 348,018 337,519 348,018 337,519

Panel B: Adverse selection component of the bid-ask spread for ADRs

INARBi,d

∧
-0.000 -0.000

(0.56) (0.65)

avg(∆TRDi,d)
∧

0.000 0.000

(0.87) (0.83)

avg(∆QTEi,d)
∧

-0.000 -0.000

(0.54) (0.69)

max(∆QTEi,d)
∧

-0.000 -0.000

(0.54) (0.69)

max(∆UQTEi,d)
∧

-0.000 -0.000

(0.55) (0.69)

log(price)i,d -0.000** -0.000** -0.000** -0.000** -0.000**

(0.01) (0.04) (0.01) (0.01) (0.02)

V olai,d -0.000 0.000*** -0.000 -0.000 -0.000

(0.79) (0.00) (0.97) (0.99) (0.97)

OIBi,d -0.000 -0.000*** -0.000*** -0.000*** -0.000***

(0.28) (0.00) (0.00) (0.00) (0.00)

Tradesi,d -0.000 -0.000*** -0.000 -0.000 -0.000*

(0.49) (0.01) (0.12) (0.46) (0.09)

Quotesi,d -0.000 -0.000 0.000 0.000 0.000

(0.81) (0.13) (0.65) (0.61) (0.63)

Trsizei,d -0.000*** -0.000*** -0.000*** -0.000*** -0.000***

(0.00) (0.00) (0.00) (0.00) (0.00)

Tedd 0.000** 0.000** 0.000** 0.000** 0.000**

(0.03) (0.04) (0.02) (0.02) (0.02)

Obs. 266,682 259,213 311,673 304,621 344,794 334,428 344,794 334,428 344,794 334,428

Panel C: Transitory component of the bid-ask spread for home-market stocks

INARBi,d

∧
1.180 1.156

(0.24) (0.25)

avg(∆TRDi,d)
∧

-0.178 -0.236

(0.85) (0.80)

avg(∆QTEi,d)
∧

1.874 1.858

(0.48) (0.49)

max(∆QTEi,d)
∧

1.217 1.208

(0.47) (0.49)

max(∆UQTEi,d)
∧

0.391 0.403

(0.47) (0.49)

log(price)i,d 6.964* 3.009 3.478** 4.356* 4.676
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Table 8 continued

(0.07) (0.11) (0.02) (0.08) (0.11)

V olai,d 27.268 2.489 -2.274 -5.980 -1.519

(0.21) (0.23) (0.70) (0.59) (0.75)

OIBi,d 0.000 0.000 0.000 0.000 0.000

(0.79) (0.22) (0.22) (0.24) (0.22)

Tradesi,d 6.335* 3.692** 3.817** 3.775** 3.803**

(0.06) (0.03) (0.02) (0.02) (0.02)

Quotesi,d -7.974* -8.112** -7.861** -7.093* -7.807**

(0.09) (0.03) (0.04) (0.08) (0.04)

Trsizei,d 0.338 -0.171 -0.078 -0.017 0.024

(0.68) (0.69) (0.73) (0.95) (0.93)

Tedd 1.664** 0.859** 0.960** 0.847** 0.869**

(0.05) (0.03) (0.02) (0.01) (0.01)

Obs. 309,225 300,590 358,809 349,318 395,910 385,349 395,910 385,349 395,910 385,349

Panel D: Adverse selection component of the bid-ask spread for home-market stocks

INARBi,d

∧
0.000 0.000

(0.85) (0.76)

avg(∆TRDi,d)
∧

-0.000 -0.000

(0.41) (0.51)

avg(∆QTEi,d)
∧

-0.000 -0.000

(0.38) (0.51)

max(∆QTEi,d)
∧

-0.000 -0.000

(0.38) (0.51)

max(∆UQTEi,d)
∧

-0.000 -0.000

(0.39) (0.52)

log(price)i,d -0.000 -0.000 -0.000 -0.000 -0.000

(0.35) (0.39) (0.32) (0.28) (0.27)

V olai,d 0.000 0.000* 0.000** 0.000* 0.000**

(0.42) (0.06) (0.02) (0.08) (0.02)

OIBi,d 0.000 0.000 0.000 0.000 0.000

(0.34) (0.29) (0.29) (0.28) (0.29)

Tradesi,d 0.000 0.000 0.000 0.000 0.000

(0.45) (0.44) (0.38) (0.38) (0.38)

Quotesi,d -0.000 -0.000 -0.000 -0.000 -0.000

(0.21) (0.13) (0.14) (0.14) (0.14)

Trsizei,d -0.000*** -0.000*** -0.000*** -0.000*** -0.000***

(0.00) (0.00) (0.01) (0.00) (0.00)

Tedd -0.000 -0.000 -0.000 -0.000 -0.000

(0.86) (0.31) (0.37) (0.49) (0.45)

Obs. 308,824 300,205 358,656 349,173 395,417 384,878 395,417 384,878 395,417 384,878
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Table 9 – Vector autoregressions and Granger causality to investigate long term relation between
impediments to arbitrage and illiquidity, 2001 - 2016

This table reports results from three panel vector autoregressions. Panel vector autoregressions are es-
timated using day and stock fixed effects and price deviations, order imbalance (OIB), 5-minute mid-return
volatility (V ola), and illiquidity (Illiq) as endogeneous variables with a lag-length of 15-lags (based on the
Schwarz information criterion).

LHSi,d = FE +

x∑
l=1

βl∆Pricei,d−l +

x∑
l=1

γlOIBi,d−l +

x∑
l=1

δlIlliqi,d−l + εi,d

where illiquidity (Illiqi,d) is measured by the proportional quoted spread (Panel A: PQSPR), proportional
effective spread (Panel B: PESPR), and the difference in PQSPR during and outside overlapping trading
times (Panel C: δPQSPR). All variables are measured during the overlapping trading time, i.e. when both
the home market and the cross-listed market are in their continuous trading session. For a detailed description
of these variables I refer to Table 1. In Panel C, I drop all stock-pairs if the home-market stock is from
Argentina, Brazil, Chile, Mexico, and Peru. In all cases the table reports the sum of all lagged variables for
each endogeneous variable. p−values are in parentheses below the coefficients, based on a χ2 test for testing
the null hypothesis that the sum of the lagged coefficients (in each row) is equal to zero when explaining the
column variable. Standard errors are clustered by stock and statistical significance at the 1%, 5%, and 10%
level is indicated by ***, **, and *, respectively. The next row reports the p-value of testing joined significance
of the lagged values. All data underlying the computations are from TRTH.

Panel A: PQSPR

max(∆QTE)i,d OIBi,d V olai,d Illiqi,d∑15
l=1max(∆QTE)i,d−l 0.958*** 0.518* 0.001*** 0.002***

(0.00) (0.08) (0.00) (0.00)

(0.00) (0.06) (0.00) (0.00)∑15
l=1OIBi,d−l 0.000 0.555*** 0.000*** 0.000

(0.13) (0.00) (0.00) (0.72)

(0.01) (0.00) (0.00) (0.60)∑15
l=1 V olai,d−l 0.002 229.308*** 0.592*** -0.153***

(0.99) (0.00) (0.00) (0.00)

(0.00) (0.00) (0.00) (0.00)∑15
l=1 PQSPRi,d−l 0.054** -16.886*** 0.001 0.881***

(0.02) (0.00) (0.76) (0.00)

(0.00) (0.10) (0.00) (0.00)

StockFE Yes Yes Yes Yes

DayFE Yes Yes Yes Yes

Observations 476,908 476,908 476,908 476,908

Panel B: PESPR∑15
l=1max(∆QTE)i,d−l 0.959*** -0.206 0.001*** 0.006***

(0.00) (0.56) (0.00) (0.00)

(0.00) (0.18) (0.00) (0.00)∑15
l=1OIBi,d−l 0.000 0.556*** 0.000** 0.000
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Table 9 continued

max(∆QTE)i,d OIBi,d V olai,d Illiqi,d

(0.17) (0.00) (0.01) (0.49)

(0.00) (0.00) (0.00) (0.08)∑15
l=1 V olai,d−l -0.125 269.584*** 0.733*** 0.111

(0.39) (0.00) (0.00) (0.23)

(0.00) (0.01) (0.00) (0.00)∑15
l=1 PESPRi,d−l 0.044** 16.598 0.000 0.706***

(0.02) (0.27) (0.62) (0.00)

(0.46) (0.09) (0.02) (0.00)

StockFE Yes Yes Yes Yes

DayFE Yes Yes Yes Yes

Observations 461,986 461,986 461,986 461,986

Panel C: δPQSPR∑15
l=1max(∆QTE)i,w−l 0.901*** 1.736 0.000** 0.001**

(0.00) (0.10) (0.03) (0.03)

(0.00) (0.02) (0.00) (0.28)∑15
l=1 δOIBi,w−l 0.000 0.479*** 0.000 0.000

(0.70) (0.00) (0.32) (0.29)

(0.01) (0.00) (0.56) (0.46)∑15
l=1 δV olai,w−l -0.424* 30.481 0.771*** -0.087***

(0.07) (0.72) (0.00) (0.00)

(0.00) (0.37) (0.00) (0.00)∑15
l=1 δPQSPRi,w−l -0.006 -13.751 -0.008*** 0.694***

(0.85) (0.23) (0.00) (0.00)

(0.00) (0.69) (0.00) (0.00)

StockFE Yes Yes Yes Yes

DayFE Yes Yes Yes Yes

Observations 379,213 379,213 379,213 379,213
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Figure 1 – Impulse response functions from price deviations and quoted spreads, 2001- 2016
This figure shows impulse response functions (IRF) from panel vector autoregression (VAR) estimated as in
Panel A of Table 9. For a description of the VAR and these variables I refer to Table 1 and Table 9. All IRF
in the first row show responses to a Cholesky one standard-deviation shock to price deviations on day 0 (the
contemporaneous effect) to day 15, with the first column showing responses on itself (price deviations), the
second on order imbalance, the third on volatility, and the last column on quoted spreads. Each figure shows
bootstrapped 95% confidence bands based on 1000 runs (lower, upper). All data underlying the computations
are from TRTH.
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Figure 2 – Impulse response functions from price deviations and effective spreads, 2001- 2016
This figure shows impulse response functions (IRF) from panel vector autoregression (VAR) estimated as in
Panel B of Table 9. For a description of the VAR and these variables I refer to Table 1 and Table 9. All IRF
in the first row show responses to a Cholesky one standard-deviation shock to price deviations on day 0 (the
contemporaneous effect) to day 15, with the first column showing responses on itself (price deviations), the
second on order imbalance, the third on volatility, and the last column on effective spreads. Each figure shows
bootstrapped 95% confidence bands based on 1000 runs (lower, upper). All data underlying the computations
are from TRTH.
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Figure 3 – Impulse response functions from price deviations and differences in quoted spread
during and outside overlapping trading times, 2001- 2016
This figure shows impulse response functions (IRF) from panel vector autoregression (VAR) estimated as in
Panel C of Table 9. For a description of the VAR and these variables I refer to Table 1 and Table 9. All IRF
in the first row show responses to a Cholesky one standard-deviation shock to price deviations on day 0 (the
contemporaneous effect) to day 15, with the first column showing responses on itself (price deviations), the
second, third, and fourth on differences in order imbalance, volatility, and quoted spread during and outside
overlapping trading times, respectively. Each figure shows bootstrapped 95% confidence bands based on 1000
runs (lower, upper). All data underlying the computations are from TRTH.
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