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The Friction-Free Weighted Price Contribution

Abstract

We introduce a methodology to obtain friction-frestimates of Barclay
and Warner’s (1993) Weighted Price Contribution @YPWith this new

approach, we verify recent simulation results ssgjgg that trading

frictions may severely bias the WPC approach. Weehigh frequency
data from a European electronic order-driven marketshow that

frictions generate a sizable downward bias in tHeGNf non-aggressive
small-size trades. The bias increases in periodsigrtificant price

discovery, and is due to both bid-ask bounce andlsmrrelation in the

quote-midpoint changes. Our results are not magetific: we provide

evidence of biased WPC estimates in US markets.

Keywords. Weighted price contribution, trading frictions, aité
trading, trade size, aggressiveness, bid-ask boumgee formation,
electronic markets, market microstructure.



1. Introduction

It is widely accepted that private information imancial markets is revealed through
trading and that information-motivated tradersam attempt to delay the full revelation of
their information, look for ways to conceal theiading intentions. Barclay and Warner
(1993) (hereafter, BW93) study the trade-size a@wiof strategic informed traders. They
introduce the Weighted Price Contribution (WPC) rapph to test the so-called stealth
trading hypothesis (STH).The WPC measures how much of a stock’s cumulativee
change over a given time period is attributabldéraoles in particular trade-size categories.
The WPC has become the standard tool to studyegtcafragmentation of orders, and is
frequently used as an alternative to parametrichotst to measure price leadership (e.g.,

Hasbrouck, 1995).

The WPC assumes that price changes are primafdyniation-driven. The existence of a
noisy component in price changes, one of the noifest of market microstructure research
(e.g., Hasbrouck, 2007), therefore challenges tR&CVapproach. BW93 (p. 300) state that the
WPC allows for trading frictions, so long as thenp®rary components of the price change
are not systematic. Some recent studies, howewast, some doubt on their claim. van
Bommel (2011) studies the statistical propertiethefWPC using simulated daily series. He
finds that the WPC is an inconsistent and biaséidhator of price discovery when prices
deviate from a martingale process due to seriaktadron. Likewise, Wang and Yang (2010)

uses low-frequency data to show that the WPC apprdaviates from the information share

! For example, strategic informed traders may olestheir positions by breaking up large trades amdasling
them through time (Kyle, 1985); trading when ligtyemotivated volume is high (Admati and Pfleider&®88);
acting as passive liquidity providers (Harris, 1988d Kaniel and Liu, 2006) or using undisclosexitliorders
(e.g., Bessembinder, Panayides, and VenkatararGaf).2

2 The STH reads: “[...] if informed traders concerergiteir trades in medium sizes, and stock-priceam@nts
are mainly due to private information revealed tigio these investors’ trades, then most of the stock
cumulative price change will take place on mediize srades” (BW93, p. 282).

% A few examples include Cao, Ghysels, and Hathe@890), Huang (2002), Barclay and Hendershott (2003
2008), and Ellul, Shin, and Tonks (2005).



approach of Hasbrouck (1995) in the presence afrmeserial correlation. At best, these

studies stress the need to control for tradingiéms when implementing the WPC approach.

In this paper, we propose a simple procedure taibtiction-free WPC estimates using
high (trade-by-trade) frequency data. The procedarsists of three steps: firstly, we replace
trade prices by quote midpoints to control for thie-ask bounce; secondly, we apply
standard time series techniques to extract thednigelated dynamics in the quote-midpoint

changes; finally, we use the estimated frictionelated component of quote-midpoint

changes to obtain the friction-free WPC estimatPC).* By means of theVPC estimates,
we provide empirical evidence of the friction-relatbias in the standard WPC when applied

to high-frequency-data studies.

We begin by reporting a significant friction-drivelownward bias in the standard WPC of
small-size trades for the most liquid and activaeks of the electronic order-driven platform
of the Spanish Stock Exchange (SSE) between Jul) 2t0d December 2006. Ignoring

trading frictions, the daily WPC of medium-sizedea is 83%, while the daily WPC of small-

size trades is -1.6%. In contrast, théPC of medium (small) size trades is 55.4% (37.1%).
Next, we test if this friction-related downward $itor small-size trades increases with the
likelihood of information-motivated trading. Con®stly, as we restrict ourselves to days
with open-to-close returns above 1%, the downwaad bf the small-size trades increases,
from -38.7% to -72.71%. Negative WPCs for smallesizades are frequently taken as
evidence of underperformance by retail traders {8arand Odean, 2000). Instead, our
findings show that negative WPCs are due to tradlimgjons. We also document that the

friction-related bias in WPC can significantly digtformal tests of the STH.

We provide some insights on the sources of the Biastly, we estimate that 85.6% of the

daily WPC downward bias is driven by the bid-askime, but serial correlation significantly

4 Here and in the rest of the text we use an ovegsooindicate that a measure is friction-free.



adds to the bias. So, the friction-related biathefstandard WPC cannot be fully corrected by
simply replacing the trade price by the quote midpd&econdly, trade aggressiveness helps
to explain the bias. The downward bias of smakkdiades only affects to non-aggressive

trades (-49.1%y)- the WPC of aggressive small-size trades is agtughvard biased (11%).

We conduct a number of robustness tests. We sgashbdwing that the magnitude of the
WPC friction-related bias depends on the time rggm of the analysis. In particular, the

downward bias in the WPC of small size trades e®es when computed over monthly rather

than daily intervals. Quite the oppositﬁs computed at different frequencies and/or
minimum daily return cutoffs converge. We also stibat our results are not market-specific.
For two representative samples of 1995 and 2005 ENKs$ed US common stocks, we
corroborate the downward bias in the WPC of sma#-srades. Yet, the estimated bias for
US markets is of smaller magnitude than for the .S8ays with positive returns and with
consolidated (NYSE-NASDAQ-Pacific/Arca) trades anubtes, we document a -12.35% bias
in 1995 and a -16.78% bias in 2005. The frictiolatexl bias decreases when we use NYSE

trades and quotes only (-4.8% in 1995 and -12.882005).

Overall, we conclude that the WPC approach carebeusly biased by the presence of the
friction-related component in the time series @& thade price change. In contrast, e
approach provides accurate and reliable estimates.

The rest of the paper proceeds as follows. In 8@ we summarize the stealth trading
literature. In Section 3, we review the WPC apphoda Section 4, we describe the SSE

database. In Section 5, we pres@WPC approach. In Section 6, we report our main finding

In Section 7, we provide robustness tests. In 8e&j we conclude.

2. Strategic fragmentation of orders



Studies about US markets during the 1980s and 1%@@sarheaded by BW93 seminal
work, support the STH. With a sample of tender+oféeget firms, BW93 find that 99% of
the cumulative price change during the pre-annauecd period occurs on medium sizes.
Chakravarty (2001) uses TORQ data to show thatyn8886 of the cumulative price change
is due to medium-size trades by institutional inwes Chakravarty, Chiyachantana, and Jiang
(2008) report a disproportionately large WPC fordsize trades in the 2-day interval
immediately after (before) positive (negative) @ags surprises in the 1990s. Furthermore,

institutional trading increases in the exact samervals dominated by stealth traders.

More recently, price discovery in US markets hagaaently shifted away from medium
sizes and into small sizes. Using NASDAQ data, Graek Hansch (2005) find support to the
STH from 1993 to 1998, but from 1999 to 2003 ab#iB5% of the cumulative price change
is due to small trades. They attribute this revetsanicrostructure changésChakravarty,
Van Ness, and Van Ness (2005) show that, after Nd&&malization in 2001, the dollar
adverse selection costs for medium-size tradesdsed, which is compatible with informed
traders shifting to smaller sizes. Using 2005 deien NASDAQ, Blau, Van Ness, and Van
Ness (2009b) show that small short sales drivestiogt sales’ predictability of negative next-
day returns. Finally, O’Hara, Yao, and Ye (20148 @908-2009 NASDAQ data to show that
more than 80% of the cumulative price change i®@atied for trades of 100-shares or less.
They point to the raise of high frequency tradirgythe most likely explanation. In our
opinion, the 2000s evidence for US markets suggaststhe lower bound of trade size for

stealth trading has decreased over time and, threref is consistent with the STH.

All the studies above use BW93's WPC approach destmext.

® Higher transparence, lower tick sizes, and enltheoepetition have reduced transaction costs, matstbly
for small-size orders (e.g., Smith, 1998, ChungjW@nganant, and McCormick, 2004).

® There are a few studies about strategic fragmentéor non-US markets. Cai, Cai and Keasey (2G0%)
stealth trading in the Chinese stock market. Adaio@omerton-Forde, and Mclnish (2011) show thaalssize
trades in the Tokyo Stock Exchange rule price faimnaexcept in high volatility days. Kalev and Phéa009)
find that in the Australian Stock Exchange stesttidling happens when liquidity is low. Finally, Mdwff and
Schmeling (2010) provide evidence of stealth trgdin a foreign exchange electronic limit order neairk
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3. The WPC approach

Suppose we havK size categories of trades aBdstocks. For each stock={1,...,S}

there areN°® trades on a given time intervalThe price contribution of the size categkfpr

stocks on the intervat is given by

NS
S = Apndn
PC;, =—Z“-1Ns o [1]

Zn=1Apn
whereAp, = p, — p,, is the difference between the price of tradend the price of trade-

1, andd,, equals one of the-th trade belongs to the size categoand zero otherwise

Let Ap’ be the cumulative price change for st@cin intervalt, the denominator of eq.

[1]. The weighted cross-sectional average priceridmution for the size category on the

intervalt is computed ds
WPC,, =3 WPC;, [2]
and the weights in eq. [2] are given by

P
DNy

: [3]

In prior studies Ap, in eq. [1] is defined either as the differencepiites (e.g., BW93) or

as the log return (e.g., Chakravarty et al., 20@5)y the length of varies from several

months (e.g., Ascioglu et al., 2011) to a few ho{gg., Blau, Van Ness, and Van Ness,
2009a). Some studies choose stocks wiglif >0 (e.g., Chakravarty, 2001), while some
others ignore the sign ofp; (e.g., O’Hara et al., 2014). Finally, overnighturas can be

included (e.g., Chakravarty, 2001) or excluded.(edipoe and Hansch, 2005). All studies,

" The weighting mitigates potential biases resulfiogn large cumulative price changes of volatiten.



however, coincide in the way they define the pdoacession in eq. [1], the WPC in eq. [2],

and the weights in eq. [3].

BWO93 propose two alternatives to the STH. The mubiformation hypothesis (PIH)
claims that price changes are entirely due to puisiformation. Accordingly, the price
contribution in eq. [1] for each trade size catggmust be proportional to its share on total
trades. The trading volume hypothesis (TVH) clatiret large trades move prices more than
small trades. Accordingly, the price contributioneq. [1] for each trade-size category must
be proportional to its share on total volume. BW®8pose testing the STH against the PIH

using the following pooled weighted-least-squasgge@ssion
PC., =asDs, +ay, Dy +a Dy, + BPT +&;,, [4]

where Dg,, Dy, and D7, are dummies that equal 1 whd?C;, falls into the small-,
medium- or large-size category, respectivé®y,’, is the proportion of trades in size category
k for stocks on the intervat. To test the STH against the TVH, we repld®®’, in eq. [4] by
the proportion of volume in size categdeyor stocks on the intervat (PV,;,). Regression

weights are given by eq. [3]. Under the PIH or ThéH, the threea coefficients in eq. [4]

must be zero and must be one.

4. The dataset

We use trade and quote data from the $Skr database has several advantages over the
most accessible database for US markets, the MomtAR of the NYSE: all trades and
quotes are reported, while the TAQ does not repadt lots (O’Hara et al., 2014); trades and
quotes are already matched, while TAQ users facanamecise matching because of the

treatment of millisecond time stamps (e.g., Holded Jacobsen, 2014); we do not need of

®In 2010, the World Federation of Exchanges rarikedSSE as the 5th largest stock exchange in Eilmppe
market capitalization, and the 4th by total val@istare trading.



inaccurate trade classification algorithms to duiee the direction of trades (e.g., Easley,
Lépez de Prado, and O’Hara, 2013); we can accyratelasure trade aggressiveness, and,
finally, we avoid problems that arise with marketgmentation (e.g., Holden and Jacobsen,

2014) by using pre-MiFID (effective since Novemt&r 2007) data.

We start with all the common stocks handled byelleetronic order-driven platform of the
SSE. Its continuous session spans from 9:00 a.B13p.m., and is preceded by a 30-minute
opening call auction and followed by a 5-minutesaig call auction. There are no designated
market makers. Limit orders are stored in an opait brder book following the usual price-
time priority rule. Every trade consumes liquidéigher at the ask side or the bid side of the

book. Price improvements are not possifilEinally, the tick size is 0.01€.

Our sample period extends from July 2000 to Decer2B06. During this period there
were no remarkable microstructure changes in the. $8m the whole population of SSE-
listed stocks, we keep 55 that, during the 6% yeansidered, were IBEX-35 constituents for
1 year or more, never delisted from the electraniatinuous platform, and traded for at least

3 consecutive years.

The data consists of all the updates of the linndieo book (LOB). Trades are easily
located because they augment the accumulated vdlatdechange (at least) the best quotes
and/or the depth at the best quotes, and the pade field is non-zero. For each trade, we
know the price, size, and time stamp (in second4)ile many trades may occur within the
same second, the order of execution is known becatisan internal sequence indicator.

Quotes and depth prevailing right before each teadaused to classify trades as aggressive or

° Even nowadays, the fragmentation of the SSE iidimIn December 2013, the SSE accounts for 83.866%
the trading volume on SSE-listed stocks, whilst-BatX has a 14.35% share and Turquoise a 1.59%eshar
Source: LiquidMetrix (http://www.if5.com/LiquidMett/Battlemap).

19|ceberg orders are allowed, but not fully hiddetiens (see Pardo and Pascual, 2012).

! The IBEX-35 is the official index. Regularly regi$ every semester, extraordinary revisions arecsmmon.
Index constituents represent 90.2% of the tradoigme of the SSE within our sample period.
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non-aggressive. We exclude data from the openird) @dosing call auctions, and from

intraday rule-based 5-minute volatility auctidfs.

In Table I, we provide descriptive sample statsstM/e form four equally-sized portfolios
based on market capitalization, whose composigsaevised at the end of each year. Table |
shows that the stocks in the upper quartile (“C4&r§ much more active and liquid than the

other stocks in the sample.
[Table 1]
5. Methodological details: thefriction-free WPC

In our empirical application, we obtain daily WPfs our sample of SSE-listed stocKs.

We define p, in eq. [2]-[3] as thenarginal price of traden, that is, the price of the last share
transferred with the™ trade. We control for outliers iPC;, in eq. [1] by applying the rule

of thumb (e.g., Hawkins, 1980) of dropping obsdorat with a Z-score equal or larger than 3
in any trade-size categotyWe use the same trade-size cutoffs than in previtudies: 500
and 10,000 shares. In the SSE there are not raada$ in US markets. Trades below 100

shares represent 14.75% of all trades in our sahple

We obtain dailyWPCs as follows. Firstly, we use quote midpoints iadt@f prices to

control for bid-ask bounce effects. The midpoinarge isAq, =q, —q,_,, whereq, stands

for the average of the inside quotes right aftaden.*® Notice that a bid-ask-bounce-driven

price change Ap, #0) results in a zero midpoint chang&q =0). We assume thag, can

be decomposed into an efficient pricey,() and a transitory componens,§: ¢, =m, +s,

2 For details on the short-lived rule-based tradialis of the SSE, see Abad and Pascual (2010).

13|n the robustness section, we report results avittonthly resolution.

1 With a cutoff of 1.5, our results are the same.

!> We have also considered stock-specific trade-siteffs derived from the empirical distribution pfice
changes of each particular stock in our sample.d@nclusions do not vary.

'8 We also considered log prices and log quotes fiddings and conclusions are the same.



(e.g., Stoll, 2000). We definm, = E[DT |<Dn] as the expected true value of the asset at some

distant future conditional on the public informatiavailable right after trade. The

unexpected component &f, is Am, =Aq, —E[As, |®,_].

Secondly, we follow Hasbrouck (1991) in assuminaf the relevant information i, _;

is the history of mid-quote revisions and tradestoaptraden-1. The trading process is

summarized by the trade sigr §, which equals 1 for buyer-initiated trades andorlseller-
initiated trades; the signed trade sizg)(in shares, and the interaction of {v,} with the
prevailing bid-ask spreadsyg,) and the trade durationd() — time in seconds between

consecutive trades. The rational for including érddrations builds upon Easley and O'Hara’s
(1992) model, in which trades of any size execuatedhort durations, should have a higher
average price impact. Dufour and Engle (2000) mtewupporting evidence. The inclusion of
the spread is justified by the extensive advertessen costs literatur€. Empirically,

Hasbrouck (1991) finds that trades that occur wtherspread is wide have a relatively higher

price impact. We assume thE{As, |® ] is a stable-over-time linear function of the higto

of trades and quotes,

Aq, ZZ(aqun—i +Bi%, +/31VVn—i)+Z('8jx$xn—iSpn—j +/31V3Vn—j5pn—i)+
j=1 j=1

[5]

r

+Z('BJXan—idn—J + BV, 0, ) +Am,

j=1
For each stock-month, we estimate eq. [5] by OL® W¥hite-robust standard errors. We

discard the firstr trades each day, so that no lag reaches backet@rétvious day. We

consider different options far from 5 to 15 lags. Our conclusions are robush&choice of

r, but the average first order autocorrelation/ofi, decreases up to=10. So, we report

7 See Copeland and Galai (1983), Glosten and Milg(d@85), Glosten (1994), and Handa, Schwartz, and
Tiwari (2003), among others.
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findings exclusively for=10. The average Durbin Watson statistic fim across stock-

monthly estimates is 1.99 (std. 0.0217).

Finally, we compute th&VPC of a given trade-size category by means of equstjd] to

[3], but replacingAp, by the estimatedm, .

6. Empirical findings
6.1. Thefriction-related bias

In Table Il, we present the average WPC in eq.aid] its friction-free versionWPC),

computed using the time series &, in eq. [5]. We also report the weighted averagb/da

proportion of trades (%T) and volume (%V) using Wedghts in eq. [3].
[Table 1]

According to the WPC, medium-size trades accountnfiore than 83% of the price
discovery in the SSE between 2000 and 2006, ovengptheir %T (about 39%) and %V
(about 61%). Large-size trades’ contribution iswht8.5%, largely above their %T (2.2%)
but below its %V (23.4%). In contrast, the WPC wifadl-size trades is negative (-1.6%), far
below their %T (58.7%) and %V (15.7%). Overall, tB8E displays similar stealth trading

patterns than the US markets during the 1980s af@sl

The WPC approach shows a markedly different scenario. ¥/hiledium-size trades

account for a more modest 55.4% of the cumulativeepchange, theAVPC of small-size
trades achieves a remarkable 37.1%. In other wavdsyeport a 38.71% friction-related

downward bias in the daily WPC of SSE small-siaeléss between 2000 and 2006. While still

below their %T, theaWPC of small-size trades is more than twice their %V.
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Chakravarty (2001) argues that, because of shbirgeaestrictions, informed sales in
declining stocks are less likely than informed pases in rising stocks. Hence, the chances
of detecting stealth trading should increase ifpigk days that display a significant price
increase. In Table I, we provide separated redaitslays with open-to-close log returri®) (
>1%. With this subset of days, the friction-relatbmvnward bias in the WPC of small-size
trades increases to -72.7%. The friction-relatexs oh WPC is therefore more prominent in
periods of significant price discovery, preciseliem information-motivated trading is more

likely.

Table Il reports negative WPC for small-size tradefrequent finding in the literatut&.
Some studies (e.g., Choe and Hansch, 2005) assoegative WPCs with underperformance
by retail traders. Noticeably, our findings attiiunegative WPCs to noise in the time series

of price changes. By construction, only trades t&terate non-zerdp, contribute to the

WPC. A negative WPC therefore implies that tradespaushing prices systematically in the
“wrong” direction. We label a trade as being “wrdiifgit causes a positive (negative) price
change whilst the daily cumulative price change negative (positive). If the
underperformance explanation applies, we shoulé&x find that the initiators of small-
size trades are systematically wrong. In our samiplere are 11,337,755 wrong trades,
representing 21.5% of all trades. Nearly 46% ofrttege small-sized and 47% are medium-
sized. Moreover, 22.1% of the small-sized trades \@rong, rather close to the 21.2%
(19.8%) of medium- (large-) size trades. It seemiskely that these tiny differences could
explain neither the negative WPC of small-size ésadhor the huge gap in WPC found
between small- and medium-size trades. So, we @aciude that our results do not support a

performance-based explanation for negative WPCs.

'8 See Barclay and Warner (1993, Table 1), Chakray@@01, Table 1), Choe and Hansch (2005, Table 1),
Chakravarty et al. (2008, Table 3), Ascioglu e{2011, Table 1).
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We follow a pooled regression approach to providence on the statistical significance

of the friction-related bias in WPC. The magnituddhe bias for a particular stockat day

d, and trade-size categosyjis computed asBias,, = PC — PCiss, Where PC_ is the price

contribution in eq. [1], andCi is its friction-free version, obtained usidgn and eq. [5].

We study both the direction (signed) bias and tlagmitude (absolute) bias. Our stock-daily

pooled regression model is of the following form:
. 6 54 ‘
BIans =a+ 181M ids + ﬁZLids + ﬁSLcades + z HzYidZs + z %Sds + gids ' [6]
z=1 k=1

where Migs (Ligs) IS @ dummy variable that equals 1 if the trade-stategory is medium
(large). Thus, the intercept captures the effedhefomitted category: small-size trades. As

control variables, we include the following dummié€api4s equals 1 if stock’s market

capitalization at the beginning of yesis above the upper quartile across stodKsgequals 1

if the observation corresponds to yeawith z = {2000, ..., 2006}, andS*equals 1 if the
observation corresponds to stdGkwith k={1, ..., 54}. With Y* and S*, we control for time-

and stock-specific fixed effects. We estimate é§jbly weighted LS, with heteroskedasticity-
adjusted standard errors. Weights are given bj3¢dwWe consider days witR>1% only. We

report the estimated coefficients in Table IlI.
[Table 111]

The intercept of the (signed) bias regression, itaptures the average daily bias for
small-size trades, is significantly negative at 1§é level. Hence, we confirm the statistical
significance of the downward bias of small sizelésreported in Table Il. The coefficients
for Migs andLigs are positive and larger than the intercept, configrthe upward-bias in the
contributions of medium- and large-size trades.okding to the absolute bias regression, the

daily average magnitude of the bias is much lafgersmall-size trades than for the other

13



trade-size categories. Moreover, the magnitudaefiily bias tends to decrease with market

capitalization.

How much of the friction-related bias in WPC is doebid-ask bounce? We address this
question by estimating the cross-sectional avetd®€E, , in eq. [2] using quote midpoint
changes Qq,) instead of trade price changedp(). Computed in this manner, the WPC
accounts for bid-ask bounce, but ignores seriatetation in Aqg,. Table IV reports the

resulting decomposition.
[Table IV]

The bid-ask bounce effect explains 85.3% of tha lieross trade-size categories (89.6%

for days with open-to-close returns >1%). Hencplagng trade prices by quote midpoints in

any empirical analysis should correct most of tiees,bbut still, WPC will provide more

accurate estimates since transitory dynamiadscn markedly add to the bias.

Overall, theWPC approach provides empirical support to the sinnutabased conclusion
of van Bommel (2011) for low frequency data anadydmit using actual high frequency data:

trading frictions can severely bias the WPC apgnoac

6.2. Trade aggressiveness and the WPC friction-related bias

Size-based classifications of trades, like thospleyed in stealth trading analyses, ignore
order aggressiveness. In order-driven markets,eagiye buy (sell) orders walk up (down)
the book. In contrast, non-aggressive trades deomdume all the depth available at the best
opposite quote. Consequently, aggressive tradeg carhigher price concessions than non-
aggressive trades (e.g., Biais, Hillion, and SHE#05). In Table V - Panel A, we provide

sample statistics about trade aggressiveness ir58t& Non-aggressive trades outnumber

14



aggressive trades by more than 3.5 to 1. Theylsoenaore common among small-size trades

(82.8%) than among any other trade size category.
[Table V]

We use pooled regressions to get some insightedigtinct role that aggressive and non-
aggressive trades may play on the WPC statistic.elach stock, day d, and trade-size
categorys, we compute the proportion of both aggressive rammtaggressive trades that: (a)

contribute to the WPCAp, #0); (b) contribute with a noise-driven price char{@®, #0

and Ag, =0); (c) are wrong, and (d) are wrong and ndis@ur pooled regression model is

yidsa =a +ﬂlMidsa +182Lidsa +183ASdsa +ﬂ4AMidsa +ﬂ5ALidsa +

6 54 " [7]
+/86Lcap3dsa + Z 32 iésa + Z @Sd% + gidsa
z=1 k=1

where sub-indea represents the aggressiveness category (i.e.,sEjgFey. non-aggressive).
The dependent variabjeis one of the (a) to (d) proportions defined abhdielL, AS AM, and

AL are all dummy variablesv (L) equals 1 if trades are medium- (large-) sized aoi-
aggressiveAS, AM andAL equal 1 if trades are aggressive and small-sizediium-sized,
and large-sized, respectively. Thus, the omittddgmay is small-size non-aggressive trades.
We use the same control variables than in eqT@ble V - Panel B reports the coefficients of

eq. [7] estimated by weighted LS with robust staddarors.

We find that aggressive trades, no matter the setribute more often to the WPC than
non-aggressive trades and are less often assowvdtetid-ask bounce driven price changes.
Initiators of aggressive trades are more often grbat, even then, price changes are less
likely to be bid-ask bounce related. Besides, nggressive small-size trades have more
chances to cause friction-related contributionsWl®C than non-aggressive medium-size

trades.

9 Wrong trades are defined as in the prior subsestiNotice that all wrong trades have non-zeroeptitanges.
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Results in Table V suggest that non-aggressivesratay contribute relatively more often
to the WPC without enhancing price discovery. Ithsrefore possible that the downward
friction-related bias in the WPC of small-size gadnay be partially explained by the higher

proportion of non-aggressive trades for small-tiades. In Table VI, we report the WPC and

WPC of our three trade-size categories but this tireecantrol for aggressiveness. We report

results for all days and days wir1%.
[Table VI]

We find that the friction-related downward bias the WPC of small-size trades
concentrates on non-aggressive trades. The WPGgoéssive small-size trades is, in effect,
upward biased. In days witR>1%, the downward bias of small-size non-aggressages

rises to -70.4%, whilst non-aggressive medium-siades experience the highest upward
bias. In days witlR>1%, small- and medium-size aggressive tradesalisplPCs of 22.7%
and 50.55%, respectively, more than proportionagh&r %T and %V. Markedly, th&vVPC

of non-aggressive medium-size trades reveals tiesettrades do not use to conceal informed

traders.

We use the pooled regression model in eq. [7] $b tlee statistical significance of the
friction-related bias in WPC. In this case, the elggent variable is either the signed bias
(Biasy, = qug—ﬁida) or the absolute bias per trade-size/aggressigenategory. We

report the weighted LS estimates in Table VII.
[Table VI

The intercept of the (signed) bias regressiongsicantly negative at the 1% level, whilst
the coefficient for the other categories is positand larger than the intercept. Therefore, we
confirm a statistically significant downward bias the WPC of small-size non-aggressive
trades. Medium-size aggressive and non-aggressageg report the highest significant
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upward biases. The |bias| regression confirmsthigadverage magnitude of the bias is much
larger for small-size non-aggressive trades thanttie other categories. Moreover, it is

significantly lower among large caps (at the 5%elef statistical significance).

6.3. Trading frictions and formal tests of the STH

Next, we use theWPC approach to provide evidence on the robustnesthkeoBW93's

methodology to test the STH. In Table VIl - Pamel we report the estimated pooled
weighted LS regression in eq. [4] using eitiR&. . or PCiss as the explanatory variable. We

focus on stock-days witR>1% to increase the likelihood of detecting steatiling.
[Table VIII]

The public information (PIH) and the trading volui&/H) hypotheses are rejected across
the board. The nulls that the coefficientRdf or PV equals one and that all dummy variables
have zero coefficients are rejected at the 1% lelggloring trading frictions, our results

suggest that informed traders concentrate excllysoremedium-size tradesy(, >0), whilst
small-size trades play no role in price discovary € 0). Without trading frictions, however,
as becomes positive and significant in the TVH regias. In fact, the nulbrg = a,, cannot
be rejected at the 1% level.

In Panel B of Table VIII, we extend eq. [4] to canhtfor trade aggressiveness. If we ignore

trading frictions, the regressions do reveal tlgnificant role small-size aggressive trades

play in price discovery in the SSE. However, thel Rigression assigns a comparable role to

medium-size non-aggressive trades, which contrathetWPC results in Table VI. Once we
filter the price changes for trading frictions, owesults in all regressions reveal

disproportional contributions for only small- an@dum-size aggressive trades.
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Overall, our results cast some doubts on the roksstof the formal tests of the STH to

trading frictions.

7. Robustness
7.1. Monthly WPC

Do our results depend on the time resolution oMH&C analysis? In Table IX, we present

the averageVPC across stocks and months, together with the etgdhfaction-related bias
in WPC, and the weighted average daily proportibtrades (%T) and volume (%V). We
focus on monthly observations wiir2.5%to increase the likelihood of observing stealth

trading.We also control for trade aggressiveness.
[Table 1X]

We find that the magnitude of the friction-relateidhs depends on the time resolution.
Namely, the bias increases with time aggregatios. i\ the daily analysis, small-size

aggressive trades’ WPC is downward biased, whilstliom-size trades’ WPC experiences
the highest upward bias. Once we control for trgdiictions, however, the resultingdPCs

are close to those in Table VI. Hence, M#C approach provides not only more accurate

estimates than the WPC approach, but also morestaind reliable.

7.2. USmarkets

Is the friction-related bias of the WPC a marketesfic phenomenon? In this section, we

test if it extends to US markets, where the staaditing research has been more active.

Our US data analysis suffers from limitations irgmgrto the database we employ, the
Monthly TAQ of the NYSE: (i) The TAQ database doest report odd lots. O’'Hara et al.
(2014) show that small-size odd lots remarkablytiwonte to price discovery. (ii)) We cannot

measure trade aggressiveness because the TAQ dogwavide order-level data (e.g.,
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Bacidore, Ross and Sofianos, 2003). (iii) The TAGes not include a trade-initiator flag.
Thus, we need to align trades and quotes to agkesdirection of trades. This task is
particularly problematic in modern high frequencyrkets? For all these reasons, our

findings must be carefully interpreted.

We avoid dealing with high frequency markets usli®95 and 2005 data (whole years).
By choosing these particular periods, we are alde to test if the friction-related bias in
WPC is independent of the lower bound of trade $wrestealth trading (e.g., Choe and

Hansch, 2005).

We form a representative sample of common stockeasket capitalization as follows.
We start with the CRSP universe of common stockdRELS=. or A) and restrict it to
NYSE-listed stocks (PRIMEXCH=N). We eliminate steakith SIC code greater than 9000
(Government owned), between 8880 and 8888 (ADRs faneign Governments), and
between 4800 and 4999 (regulated utilities). We alop stocks from non-US companies,
with security status other than “regular” (SECS®RY), with dual shares, with trade prices

below $2 or above $200, or with no daily price ohwne records.

We rank and divide the remaining assets in fourugsoby daily average market
capitalization. We discard those in the bottom tliga(smallest stocks). For each of the top
three groups, we retain the 200 largest stocks tlsem by ticker symbol, and then pick every
4th stock. This procedure results in 150 randorelgced stocks (50 for each size group)

with a significant size difference between groups.

We use trades and quotes during regular markesh@\e clean the trade and quote files

with the filters in Hendershott and Moulton (201,578) and Chakrabarty and Moulton

% Holden and Jacobsen (2013) show that the prdiieraof fleeting orders and the TAQ treatment of
millisecond time stamps cause significant distoitiin methodologies that rely in the alignmentrafies and
quotes. Trade classification algorithms are a motsrexample (e.g., Odders-White, 2000). Recefiagley et

al. (2013) argue that the growing speed, volume fiagmentation of current US markets pose serious
challenges to traditional classification algorithms
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(2012, p. 14). To avoid problems of stale quotescanstruct two BBO series for each stock,
one from NYSE quotes only (NYSE BBO) and the otivth quotes from NYSE, Pacific

Exchange/Arca and NASDAQ (NBBG).

Regarding the alignment of trades and quotes, wieema allowance of trade reporting
lags®? NYSE BBO quotes are aligned with NYSE trades ofitye BBO constructed from the
N/P/T/Q quotes is aligned with trades originatimgni those exchanges. We use three
alternative trade classification algorithms: thektrule, Lee and Ready (1991), and Ellis,

Michaely, and O’Hara (2006}.Overall, our findings are robust to the classtfimarule.

In Table X, we provide the WPC for our sample oaqPanel A) and 2005 (Panel B)
NYSE-listed stocks. Using the NBBO, the 1995 WPGmiall-size trades is 11.54%, whilst
in 2005 raises to 60.238%.Using NYSE data only, the 1995 WPC of small-sizlés is
higher (19.18%) but only slightly lower in 2005 (63%). In days with strictly positive open-
to-close returns, the 2005 WPC of small-size trddéls to 48.53% with NBBO and 36%
with NYSE BBO. Overall, results in Table X illusteathe increasing role of small-size trades

in price discovery previously reported for US stesikchanges.
[Table X]
In Table X, we also report the estimated fricti@tated bias WPC- WPC) using Lee and

Ready (1991) as trade classification rule. As m 85E case, the overall WPC of small-size

trades is downward biased both in 1995 and 2005tHeumagnitude of the bias is smaller in

2L We discard data from other exchanges. They reprdsé% of all trades in 2005 and 22% in 1995.

2 \We obtain similar results with a 1-second tradeoréing lag. In the 1980s and early 1990s, the wds to
allow for a 5-second trade reporting lag (e.g., bed Ready, 1991). Using 1998 data, Bessembind#3j2
concludes the 5-second rule is no longer necesSarge then, the common practice is the one wevo(e.g.,
Hendershott and Moulton, 2011).

23 Odders-White (2000), Chakrabarty, Li, Nguyen arah\Ness (2007), Easley et al. (2013), and Chakigbar
Pascual and Shkilko (2012) offer reviews of traldessification algorithms.

4 For NASDAQ-listed stocks, O’'Hara et al. (2014) agpa 60.9% WPC for 2008-2010 trades with size [100
500) (Table 6, Panel B), whilst Choe and Hanscl®%20eport a 77.5% WPC for 2000-2003 trades antPa -
WPC for 1993-1996 trades with size [100, 500) (€ahl
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US markets. The WPC bias is larger with consoldigi/P/T/Q) trades and quotes (1995: -
12.35% to -18.51%; 2005: -11.08% to -16.78%) thath wust NYSE trades and quotes
(1995: -4.8% to -5.38%; 2005: -7.77% to -12.83%nrkédly, the friction-related bias has

not vanished with the fall in the trade size loweund for stealth trading during the 2000s.

We test the statistical significance of the biasdach trade-size category by means of the

following regression model,
. 150 ‘
Blaads =a+t ﬂlMids + ﬂZLids + :B3Nids + Z@Sds + gids ' [8]
k=1
where Bias,, = PC, — PCiss. The dummiesM andL equal 1 ifs is ‘medium’ and ‘large’,
respectively. As controls, we include the log numiifedaily tradesl) and 150 dummies for

stock fixed effects §°).2> We estimate eq. [8] by weighted LS with heterosistidity-

adjusted standard errors. We report the estimatghl, and/, coefficients in Table X.

We find positive and statistically significant tae 1% level)3; and £, coefficients across
the board, corroborating the upward bias WPC fodiora- and large-size trades, and 5
tend to be larger using the NBBO than the NYSE BBRe small-size trades’ coefficient)(
is negative and highly significant for the 1995 solidated trades and quotes. For the 2005
sample, the sign af is consistent with the downward bias in WPC buy aignificant with

NYSE BBO and on days with strictly positive returns

8. Summary and conclusions

Introduced by Barclay and Warner (1993), the WP@ragch has been extensively used to
evaluate strategic fragmentation of orders andedeadership. Recently, van Bommel (2011)

uses simulated data to question the unbiasednes®e diVPC approach in the presence of

% We exclude the large-cap dummy in eq. [7] becafsperfect multicollinearity with the stock-specifi
dummies. Separated models for the 50 largest stiockach subsample, 1995 and 2005, generate wbaker
similar results. These analyses are available upguest.
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serial correlation in the price changes. van Bomfoelises on the use of the WPC in low-
frequency analyses about price leadership. In phaiser, we extend this line of research.
Firstly, we introduce a simple methodology to obtfiction-free WPC estimates using high-
frequency data. Secondly, we generalize van Bonsm@lsult by showing that the WPC
approach generates biased estimates in the preseaageneral friction-related component in

price changes.

Our friction-free WPC approach{PC), builds on Hasbrouck (1991). In a first step, we
use quote midpoints instead of trade prices taigeif the bid-ask bounce effect. In a second
step, we use a time-series econometric model t@atxthe friction-related dynamics in the

time series of the quote midpoint change. The tiegutimes series of friction-free quote

midpoint changes is then used to computeNRE.

To illustrate the usefulness of our approach, weysstrategic fragmentation of orders in
the electronic trading platform of the SSE applybah the traditional WPC approach and
the newWPC approach. We use high-frequency data from Julyp20@ecember 2006. We
report a significant -38.7% friction-related biasthe WPC of small-size trades in the SSE.
The bias increases to -72.71% if we restrict owlyamis to days with open-to-close returns
above 1%. We therefore show that the WPC is naigbto trading frictions and the bias is

more notorious when stealth trading is more likelpccur.

Most of the friction-related bias (85.6%) is drivey the bid-ask bounce, but bid-ask-
bounce-unrelated serial correlation markedly addghé bias. Therefore, although replacing

price changes by quote midpoint changes may comest of the friction-related bias, the
WPC approach guarantees more precise estimates. Marethe magnitude of the bias

depends on the time resolution of the WPC analirsisontrast, theNVPC estimates obtained

for alternative time resolutions are alike.
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We show that negative WPCs for small-size tradesyngonly found in US and non-US
studies during the 80s and 90s, can be attributedtrading frictions rather than
underperformance by retail traders, as it is oftesumed. We also document that the friction-

related bias can distort formal tests of the dteaétding hypothesis.

We study the role that trade-aggressiveness ptagxplaining the downward bias in the
WPC of small-size trades in the SSE. We find that-aggressive trades, which are more
common among small size trades, frequently addenmishe WPC. In fact, the downward
bias only affects to small-size non-aggressiveesa@d49.1%). In days with strictly positive
returns, small- and medium-size aggressive tradsgraportionally contribute to price

discovery.

Finally, we show that the friction-related biasWwPC is not market-specific. Using 1995
and 2005 NYSE-listed US stocks, we find a downwaisssed WPC for small-size trades, but
of smaller magnitude than for the SSE. The bidarger if we use consolidated trades and
quotes rather than NYSE trades and quotes aloneauBe of inherent limitations of the

Monthly TAQ database, however, we must treat thdilkBngs with caution.
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TABLE |
Descriptive statistics

This table contains descriptive statistics on camgle of 55 stocks traded in the SSE from July 2600
December 2006. Stocks are split into 4 portfoliasddl on the market capitalization at the beginoingach
year. C1 are the largest stocks and C4 are theleshatocks. We report the daily median and intertje
range (in parenthesis) for each variable acroskstdTrades” is the number of trades completedylivhe” is
the total amount transacted in million Euros; “Teaslze” is the median trade size in shares; “prisethe
trading price (average between maximum and minimuidlatility” is the daily quote midpoint standard
deviation; “Relative spread” is the bid-ask sprdadded by the quote midpoint, and “Depth” is thamber of
shares displayed at the best ask and bid quotes.

Volume Trade Size Rel. spread Depth
Tradegmillions € (shares) Price Volatility (x100) (shares)

Sample  397.00 6.216 6529.2  14.86  0.057 0.200 51335
(150.25)  (4.892)  (4325.4) (3.92) (0.028)  (0.140) (3073.8)

C1 1060.00  40.967 13634.50  16.02  0.059 0.110 11080.5
(447.25) (26.942)  (4738.0)  (4.70) (0.036)  (0.060) (78%3.9

c2 395.50 7.583 6985.7  18.64  0.075 0.190  3596.3
(184.00) (5.316)  (6452.8)  (7.07) (0.048)  (0.130) (1788.8)

c3 350.00 4.717 5536.3  16.26  0.072 0.240  2091.8
(178.00)  (4.677) (3765.8) (6.75) (0.045)  (0.170) (3215.5)

c4 247.00 2.792 4572.6 1056  0.036 0.280 5321.3
(105.25)  (2.020)  (2985.1)  (2.47) (0.018)  (0.140) (3477.2)
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TABLE |1
WPC friction-related bias

This table reports the daily average weighted pematribution (WPC), the daily average frictiondreveighted

price contribution YWWPC), the proportion of trades (%T), and the propartaf volume in shares (%V) for
small-, medium-, and large-size trades in our samplPC is computed using trade price changgs, (while

WPC is computed using the unexpected quote midpoiahgbs Am), estimated by the residuals of the time
series model in eq. [5], with = 10. We consider BW93 trade-size classificati@:499] small-sized, [500
9,999) medium-size, [10,000) large-sizedR is the daily (open-to-close) log return.

Sample Size category WPC WPC %T %V

Alldays (0 499] -1.63 37.09 58.71 15.74
[500 9,999] 83.17 55.43 39.11 61.02
[10,0000) 18.46 7.48 2.19 23.24

R>1% (0 499] -39.79 32.92 57.29 14.20
[500 9,999] 113.88 57.10 40.32 60.85
[120,00000) 25.91 9.98 2.39 24.95
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TABLE I
Friction-related bias. Regression analysis

This table reports the estimated coefficients ajled weighted least square regressions. We usaltemative
dependent variables: (a) the friction-related lathe daily price contributionPC), and (b) the absolute value
of that bias. We use three trade-size catego@e499] small-sized, [500 9,999] medium-sized, ah@,§00x)
large-sized. For stock)( day @), and trade size categors),(we computePCys as the sum of the trade price
changes divided by the daily cumulative price clearithe friction-related bias is the difference begwPCigs
and the friction-freePCiys. The latter is obtained using the unexpected quutipoint changes given by the
residuals of the time series model in eq. [5¥(10). We only consider days with open-to-closeines larger
than 1%. Weights are given by eq. [3]. The regoessiariablesv andL are dummies for medium-sized and
large-sized trades, respectively. The omitted aates small-size trades. The dumin@aps equals 1 when the
observation corresponds to a large cap in our sarhpkge caps are defined as the stocks in ther upaetile in
terms of yearly average market capitalization. kacgps constituents are revised yearly. The modtldes
dummies for years 2001 to 2006 (2000 is the omifest), and stock-specific dummies (not reported).

Coeff. Bias |Bias|

M 0.093*+ -0.026**
L 0.066** -0.101*
LCaps -0.011 -0.013

Y1l -0.001 -0.01 2
Y2 0.003 0.002

Y3 0.001 -0.019+
Y4 -0.002 -0.032
Y5 -0.002 -0.036+
Y6 -0.001 -0.0177+
Intercept -0.048+* 0.148+
(Stock dummies ommited)

Obs. 85740

Adj. R? 0.046 0.128

* (**) means p-value < 0.05 (0.01)
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TABLE IV
Sources of bias: bid-ask bouncevs. serial correlation
This table decomposes the WPC friction-related bits two orthogonal components: a bid-ask bounied
component and a bid-ask-bounce-free serial comelatriven component. We use BW93's trade-size

classification: (0 499] small-sized, [500 9,999]dnan-size, [10,0000) large-sizedR is the daily (open-to-
close) log return.

Bias decomposition

Trade-size Bid-ask Serial
Days category Bias bounce  correlation
Al (0 499] -38.71 0.856 0.144
[500 9999] 27.73 0.862 0.138
[10000x) 10.98 0.842 0.158
mean 0.853 0.147
R>1% (0 499] -72.71 0.892 0.108
[500 9999] 56.78 0.888 0.112
[10000x) 15.93 0.908 0.092
mean 0.896 0.104
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TABLE YV
Trade aggressiveness and trading frictions

In Panel A, we provide some general statistics abfol distribution of aggressive and non-aggressiades
among trade-size categories. An aggressive tradksw@ or down the book. A non-aggressive trades dus
consume all the available depth at the opposite gidhe market. In Panel B, we report pooled regjom in eq.
[7] on the stock-daily-trade-size proportion of eggsive and non-aggressive trades that: [a] catérito the
WPC; [b] contribute to the WPC but with bid-ask hoa driven price change; [c] are wrong trades, [dhdre
wrong trades that contribute with a bid-ask boudideen price change. A trade is wrong if it cauagsositive
(negative) price change whilst the daily cumulatpéce change, the denominator in eq. [1], is negat
(positive). We use BW93's trade-size classificatifh499] small-sized, [500 9,999] medium-size,,(0D «)
large-sized. The regression variabMsand L are dummies for medium-size and large-size nomesggye
trades, respectivelAS, AM andAL are dummies for small-size, medium-size and |aige-aggressive trades,
respectively. The omitted category is small-size-aggressive trades. The dumin@aps equals 1 when the
observation corresponds to a large cap in our sarhpkge caps are defined as the stocks in ther upaetile in
terms of yearly average market capitalization. keacgps constituents are revised yearly. The modtlides
dummies for years 2001 to 2006 (2000 is the omifest), and stock-specific dummies (not reported).

Panel A: Statistics on aggressiveness

Small Medium Large Total
Aggr. 3,347,577 6,953,005 1,299,606 11,600,188
17.20% 35.03% 56.83%
Non-aggr. 20,289,541 18,234,297 2,581,269 41,105,107
82.80% 64.97% 43.17%
Panel B: Pooled regressions
[a] [b] [c] [d]
Bid-ask Wrong +
Contrib. bounce Wrong bid-ask
Coef. to WPC driven trades bounce driv.
M -0.031* -0.012* -0.013* -0.015*
L 0.018* 0.028* -0.020* -0.010*
AS 0.031* -0.258* 0.128* -0.137*
AM 0.123+ -0.239+ 0.154+ -0.127+
AL 0.293+ -0.127+ 0.161+ -0.070*
LCaps 0.017+ -0.007+ 0.012+ -0.004
Intercept 0.506* 0.329+ 0.098+ 0.175+
(Year dummies and stock dummies ommited) Obs. 385547
Adj. R 0.325 0.337 0.267 0.175

*means p-value < 0.01.
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TABLE VI
Trade aggressiveness and the WPC bias

This table reports the daily average weighted pemeatribution (WPC), the daily average frictiondreveighted

price contribution WPC), the friction related bias in WPC, the proportafrtrades (%T), and the proportion of
volume in shares (%V) for small-, medium-, and éasjgze aggressive and non-aggressive trades inamuiple.
A trade is aggressive if it consumes at least tfalable depth (both displayed and non-displaygdha best
quote on the opposite side of the market. We cenddiV93's trade-size classification: (0 499] snsifled,
[500 9,999] medium-sized, [10,0069 large-sizedR is the daily (open-to-close) log return.

Sample Size categol  Aggr. WPC  wpc Bias %T %V
All days (0 499] No -27.72 21.37  -49.09 44.95 10.57
Yes 26.92 15.86 11.05 11.07 3.69
[500 9,999] No 21.09 11.98 9.11 26.89 31.82
Yes 61.68 43.27 18.42 13.96 26.76
[10,0000) No 6.29 1.13 5.16 1.88 11.02
Yes 11.73 6.39 5.35 1.24 16.15
R>1% (0 499] No -57.85 12.58 -70.43 45.09 10.55
Yes 32.08 22.70 9.38 11.86 4.12
[500 9,999] No 36.48 5.70 30.77 25.55 31.06
Yes 69.03 50.55 18.48 14.38 27.52
[10,0000) No 7.19 0.64 6.55 1.81 10.41

Yes 13.08 7.82 5.26 1.32 16.33

32



TABLE VII
Friction-related bias. regression analysis

This table reports the estimated coefficients ajled weighted least square regressions. We usaltemative
dependent variables: (a) the friction related mathe daily price contribution (PC), and (b) thesalute value of
that bias. We use three trade-size categories99) gmall-sized, [500 9,999] medium-sized, and (00,)
large-sized. We also separate aggressive from ggresasive trades in each trade-size category. gneagive
trade consumes at least the available depth (hisgitagled and non-displayed) at the best quote erofiposite
side of the market. For each resulting trade sgggessivenesssd) category, for each stodkand each dag,

we computePCys, as the sum of the trade price changes dividedhbydiily cumulative price change. The
friction related bias is the difference betwd®Bgs, and the friction-fred°Ciys, The latter is obtained using the
unexpected quote midpoint changes given by theluals of the time series model in eq. [BF(10). We only
consider days with open-to-close returns largen tH. Weights are given by eq. [3]. The regressinables
AS M, AM, L, AL are dummies for the following categories of tradesall-sized and aggressive, medium-sized
and non-aggressive, medium-sized and aggressivge-tdzed and non-aggressive, and large-sized and
aggressive, respectively. The omitted categorynalissize non-aggressive tradétis the log number of daily
trades and the dumnkyCaps equals 1 when the observation corresponds to a g in our sample. Large caps
are defined as the stocks in the upper quartileeims of yearly average market capitalization. kacgps
constituents are revised yearly. The model inclutleamies for years 2001 to 2006 (2000 is the othiyiear),
and stock-specific dummies (not reported).

Coeft. Bias |Bias|
AS 0.132#* -0.120%*
M 0.153** -0.089*
AM 0.166** -0.083**
L 0.133#* -0.165*
AL 0.132% -0.157*
LCaps -0.011 -0.013
Y1 -0.001 -0.012+
Y2 0.003 0.002
Y3 0.001 -0.020+
Y4 -0.002 -0.031+
Y5 -0.002 -0.037+
Y6 -0.001 -0.017+
Intercept -0.115* 0.209*+
(Stock dummies ommited)

Obs. 85740

Adj. R? 0.089 0.173

* (**) means p-value < 0.05 (0.01)
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TABLE VIII
Thefriction-related bias and formal tests of the STH

In Panel A, we report the estimated pooled weighgadt square regression in eq. [4]. The dependeigble is

either the price contribution (PC) or the frictitree price contribution PC) of the trade size categoky for
stock s, and dayd. We consider three trade size categories: (0 4688lIssized, [500 9,999] medium-size,
[10,000x) large-sized. The weights are given by eq. [3H Blands for public information hypothesis and TVH
for trading volume hypothesis. Under the PIH (TVHe null hypothesis is that the three trade-sfficients
equal zero and the PT (PV) coefficient equals &Nald tests are provided is the daily cumulative price
change. In Panel B, we extend eq. [4] to considetrade-size categories: aggressive aad-aggressive small-,
medium-, and large-size trades. We focus on stagls-evith open-to-close retur(R)>1%

PC PC
Coeff. PIH TVH PIH TVH
Panel A: Ignoring trade aggressivness
S -1.287+  -0.522** -0.069* 0.273*
M 0.452 0.242* 0.286** 0.277*
L 0.178*  -0.118** 0.064*  -0.051*
PT 1.656t+ 0.7191t
PV 1.395+t 0.501 1t
Adj. R 0.189 0.189 0.237 0.232
Obs. 44059 44059 43623 43623
Panel B: Controlling for trade aggressivness
S non-aggr. -0.861*  -0.760* -0.169* 0.073
aggr. 0.243* 0.252** 0.147* 0.208**
M non-aggr. 0.250*  -0.028* -0.101*  -0.074*
agar. 0.639** 0.302** 0.417* 0.386**
L non-agar. 0.072*  -0.024* -0.005*  -0.037**
agar. 0.131*  -0.084** 0.072* 0.005
PT 0.539+1t 0.6391t
PV 1.353+t 0.438+t
Adj. R? 0.134 0.149 0.117 0.115
Obs. 88132 88132 87249 87249

* ** means statistically different from zero atet®% (1%) level.
T (1) means statistically different from one a 8% (1%) level (Wald test)
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Tablel X
Monthly WPC

For small-, medium-, and large-size aggressive raomdaggressive trades in our sample, this tablerteghe
monthly average weighted price contribution (WP@®@)e monthly average friction-free weighted price
contribution (WPC); the friction related bias in WPC, the proportiohtrades (%T), and the proportion of
volume in shares (%V). A trade is aggressive ¢bihisumes at least the available depth (both disglayd non-
displayed) at the best quote on the opposite dideeomarket. We consider BW93's trade-size classiion: (0
499] small-sized, [500 9,999] medium-sized, [10,090large-sizedR is the daily (open-to-close) log return.
We report trades for stock-months wiRi» 2.5% to increase the likelihood of observing btetaading

Trade size
Sample category Aggr. WPC Bias %T %V
R>2.5% (0 499] No 30.03 -358.55 43.69 7.84

Yes 12.27 79.67 10.16 2.87
[500 9,999] No 15.76 99.48 27.98 30.03
Yes 35.23 13731 13.98 24.38
[10,00000) No 1.71 20.96 2.59 14.71
Yes 5.00 21.13 1.61 20.17
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TABLE X
US markets

In this table, we provide the weighted price cdnttion (WPC) analysis for two samples of 150 US can
stocks listed in the NYSE in 1995 (Panel A) and®2(@Panel B), respectively. We use data from the BYS
Monthly TAQ. We consider BW93's trade-size clagsifion: (0 499] small-sized, [500 9,999] mediumesliz
[10,000) large-sized. For each category, we report thetidn-related bias in WPC, the proportion of trades
(%T), and the proportion of volume in shares (%We bias is computed as the difference betweeWRE
computed using trade-price changes and the fridtiea WPC, computed using friction-unrelated changehe
quote midpoint. We report results for two differesutbsets of trades and quotes: ‘N/P/T/Q NBBO’ means
consolidated data from the NYSE, Pacific Exchangedfand NASDAQ); ‘NYSE BBO’ means NYSE data only.
Finally, we report the estimated (small-size trades)B; (medium-size trades) an@, (large-size trades)
coefficients of the eq. [7].

Panel A: 1995 data

N/P/T/Q NBBO NYSE BBO
Sample Size category WPC BiasCoef. %T %V NYSE Bias Coef. %T %V
Alldays (0 499] 11.54 -18.51 -0.35% 43.43 7.16 19.18 -5.38 -0.089 38.10 6.21

[500 9,999] 70.16 13.71 0.29%5 51.81 5598 6340 511 O0.0#8 56.05 56.07
[10,000x) 18.30 4.81 0.308« 4.77 36.85 1742 0.27 0.108 5.84 37.73

R>1% (0 499] 14.63 -12.35 -0.245 4159 6.50 18.21 -4.80 -0.024 36.51 5.64
[500 9,999] 66.98 7.16 0.238 53.49 55.99 64.66 4.13 0.061 57.45 55.95
[10,0000) 1839 519 0.21%+ 493 3750 17.13 0.66 0.039 6.04 38.42

Panel B: 2005 data

N/P/T/Q NBBO NYSE BBO
Sample  Size category WPC  BiasCoef. %T %V NYSE Bias Coef. %T %V
Aldays (0 499] 60.23 -11.08 -0.166 77.98 38.96 57.65 ?7-0.094 7563 38.31

[500 9,999] 3550 946 0.195 21.63 49.16 37.42 9.36 0.088 23.84 51.20
[10,000x) 427 162 0.115+ 0.39 11.88 493 -1.59 0.032 0.53 10.49

R>1% (0 499] 48.53 -16.78 -0.153 76.32 3594 3222 -12.8%6@M+ 73.76 35.29
[500 9,999] 4466 1496 0.492 23.18 50.17 57.74 15.06 0.767 25.54 52.09
[10,0000) 6.81 182 0.310+ 0.50 13.89 10.04 -2.23 0.437 0.70 12.62

tUsing Lee and Ready (1991)
* (**) means p-value < 0.05 (0.01)
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