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1. Introduction

Trading costs for institutional investocan beeconomicallylarge' One approach to measuring
trading costs is taompare the returns afreal portfolio based on trades actually executed titke ofa
hypotheti@al, or paper, portfolipwhose returns are computeahderthe assumption thahe security
positionswere acquiredat midquoteprices observedt the time ofthe trading decisionPerold (1988)
namel this performancedifference which captureshe cumulative impact of trading costs such as
commissionsbid askspreadsandmarket impactasit he i mpl ement ati on shortf al
Perold observes thawnhile the paper portfolio based upon the Value Line ranking system outperformed
the market by 28 a yearthe real ValueLine fundhat make the same trades recommended in the
newsletteroutperformed the market by only 2.5% a yeanphasiing that the quality of implementation
is as important as thiavestmenidea itself. In this paper, exestablif the importance of trading cafor
managed portfolioperformance by documentingconomically substantiaheterogeneity and more
importantly, persistence itrading cost across institutional investars

Our study contributes to the literature on thefg@enance of financial intermediaries. Prior
academic research has focused on the performance of money managers, such as mutual funds, hedge
funds and institutional plan sponsors. However, there is little academic work examining the performance
of anothercategory of financial intermediaries, namelding desksresponsible for trillions of dollars in
executions each year. Since Jensen (1968), many of the tests in the performance measurement literature
examine performance persistence: whether past pexfarenis informative about future performance. In
the context of mutual fundsecentstudies(see, for exampleKacperczyk and Seru (2007), Bollen and
Busse (2005)and Busse and Irvine (2006)jind strong evidence that fundsan sustain relative
performame beyond expenses or momentum over adjacent peridds. evidence onpersistent

performance by furglraisesanimportant question regarding the sowoé persistence. Most prior work

! For example, using institutional data provided by the Plexus Group, Chiyachahtamaliang and Wood (2004)

reports average trading costs of 41 basis points for-289a@nd 31 basis points for 2001. Other related studies
include Chan and Lakonishok (1995), Keim and Madhavan (1997), Jones and Lipson (2001), Conrad, Johnson and
Wahal (D01) and Goldstein, Irvine, Kandel and Wiener (2008).
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attributes some part of persistence to fund manager skill. Howevdss B2@®) decomposes
outperformancento manager and fund categoresd reportghat manager skill accounts for less than
half of fund outperformance and that the fund is more important than the manager.
If managerial stock picking prowess is the primdriyer then why would the fund be a source of
relative performancglt is now recognized thatading costs havéhe ability to erode or eliminate the
value added by money managelPortfolio managers rely othe buy-side trading dds to implement
theirinvestmentideash tradi ng desk can add bysdppyngdxmertisem i nst i
transaction cosanalysis.It is thereforenaturalto ask whether the execution process be asource of
persistence in institutional performantifortunately, thenformationnecessary testimatanstitutional
trading costsis difficult to obtain from publity available sources.In particular, publicly available
databases such as NYSEOGs Tr adedonatidehtifyfQunathera trgddasfa@iyord at a b a
a sell or whether a trade represeraar part of annstitutional investad s | ar ger package of
In this study, weexaminea proprietary database afstitutional investor equity transactions
compiled byANcerno Ltd. (formerly theAbel/Noser Corporation The datacontain approximately 35
million order tickets that araitiated by 664institutional investors and facilitated y137 brokemlage
firms over a sevetyear period, 1992005, representing $22.9 trillion in trading volumeeTdatdase is
distinctive in that it containa completehistory of each order ticketeach typically resulting in more than
oneexecutionsent by an institutional investor to a broker. This history inclgtesk identifiers that help
obtain elevant da from other sources, amdore importantly for this study, codes that identify the
institution and thebroker associated with each tick@he detailed transaction level ANcerno dataset
seems particularly well suited for studying whether institutionalingpdlesks can sustain relative
performance over adjacent periods and contribute to fund performance persistence.
Our paper focuses on a literature that exasiheterogeneity in transactionss for specific
groups of intermediariesinnainmaa (2007) useFinnish data to argue for differences in execution costs
across retail and institutional broker typ&onrad, Wahal and Johnson (2001) document the relation

between softollar arrangements anthstitutional tradingcost. Keim and Madhavan (1997) and



Christoffersen, Keim and Musto (2006) show dispersion in trading costs of institutions and mutual funds.
Yet, dispersion does not imply persistence. Furthermimsijtutional execution is a joint production
process that incorporates the decisions of butitutions and their broker©ur paper complements this
body of literatureby usingmore extensive set of domestic trading data that allow us to integrate both
institutionalexecution andbrokerexecution into a single framewo®/e extend the literaturen trading
cosst by testing for persistent trading skilind by identifying trading attributes associated with
performance To our knowledge, this is the first study darectly examineperformance persistence of
buy-sideinstitutional desksand selisidebrokers

We find that institutional trading desks can sustain relative performance over adjacent periods.
Our measure dradingcost, the execution shortfall, compares the execution price with a benchmark price
when the institutionairading deslsent tte ticket to the broker. It reflects the bakk spread, the market
impact and thedrift in price while executing the ordérWe sortinstitutional trading deskbased on
execution shortfall duringhe portfolio formation month and create quintile portfgli?Ve find that
institutionaltrading deskswith the lowest (highest) execution shortfall ihe portfolio formation month
continue toexhibit the lowest (highest) execution shoittiiring the next four months. The results are
similar when we control fothe economic determinants afading cost, such as$icket attributes,stock
characteristics and market conditioR&markably, the best institutional trading desks exhibit a persistent
pattern ofnegativeexecution shortfall, suggesting that thesttraders help create positive (investment)
alpha through their trading strategies.

We investigate several possible explanations for trading desk performance persigtadicg.
desks are responsible for developing guidelines for broker selectiofoamstabishing controls to
monitor broker performancéVe therefore examine whether some brokers can deliver better execution
consistently over timéiVe find that brokers ranked as top performers during portfolio formation month

continue toexhibit the lowest exetion shortfallin subsequent month3hese findings suggest that

2We do not consider explicit costs such as commissions in our transaction cost measure. However, we later consider
commissions as one possible explanation for execution quality.



brokers exhibit significant heterogeneity in executiprality and that the top brokers can sustainrthe
advantage over adjacent perioflke best brokersanexecute trades withero exection shortfall which
is particularly striking since our dataset contains the trades initiated by large investors.

We examine whether the persistencerigtitutional and brokeperformance is independent, or
whether one effect subsumes the other efi#fe.find that there exist significant differences in execution
cost acrossradingdesks that are unique to the institution and not systematically related to the broker.
Further,the combined effectsf the institution andhe brokerare economically largd=or example, the
difference in execution cost betwete top quintile institutions trading through top quintile brokers [top
institution-broker paif] and the bottom quintile institutions trading through bottom quintile brokers
[bottom institutionbrokerpair] is approximatel\00 basis points, suggesting thratding cost persistence
is large enough tsignificantly contribute tanutualfund performanceersistencé Our decomposition
analysisindicatesthat almosthalf the differencen execution cost cabe attributedothet r adi ng des k
choice ofbrokess, emphasizing the importance of broker selection in the execution process.

We do not find support for the hypothesis that trading cost persistence is drivetineby
i nst i tinwestmentstgles Yet, we identify a set of trading decisions that are associated with
performance.lnstitutions receiving poor executios s peci fy | ow commi ssion (or
venues, suggestinpatthey tend to focus on explicit trading cedtiowever, this choice isuboptimal
and canultimately costthe institution consideralyf more in execution shortfalthan thesavings in
commissionsOur evidence suggests trsmple strategies such asncentratingorder flow with fewer
brokers help institutions receive bettexecution. Brokers who specialize by sectors or industries
generally boutique brokeragefirms rather than generalisteend to provide better executiongligher
explicit brokerage commissions is associated with better execution performance, whichicavitias

findings in the mutual fund literature that higher explicit compensation to money managers (in the form of

% Recentstudies estima that thespread in fund performance between top and bottom quisiEleound3 percento
6 percent per yedsee Busse and Irvine (2006), Kacperczyk et al. (208685uming araverageannualmutual fund
turnover rateof 100 percentdeeEdelen et al(2007)),trading coss cansignificantly contribute tgersistence in
fund performance



higher management fees) is associated with lower fund perform@uefindings also suggest that
trading costs decline when the broker exggemore effort in working the ordaNell-capitalized brokers
tend to provide significantly better executi@uggesting that their capital, and the ability to provide a
direct counterparty for difficult to execute trades, represents a difficult to neplicmpetitive advantage

Institutional investors account for a significant portion of equity ownership and an ingreas
percentageof daily trading volume in financial marketsAs a consequenceunderstanding the
determinants of institutional performands of special interesto investors money managersand
regulators We document economically substantial heterogeneitystitutional trading cost and also
persistence imelative performancacrosstrading desksWe present evidence dghe presencef skilled
traders as well as their ability toeate positive (investment) alpaadsustainoutperformancever time.
Since the investordés net realized returns depend
findings present new evidence dow thetrading processcan contributeo institutional performance.
Becausdransaction cossavingscan besubstantigl we recommendhat investment management firms
implement trade management processes that assess the costs and quality dfrordasegulatory
perspective, the study should inform regulatory initiatives such as SEC Concept Relé258Swhich
considers fAwhether mutual funds should be require
transactions costs they incur, inclulansaction costs in their expense ratios and fee tables, or provide
additional quantitative or narrative disclosure a
increased discl osur ecossoan pnavitieuwsdful ifcremes snformationéod i n g
i nvestorsdé6 decision making process.

This paper is organized as follows.Section 2 wedescribehe institutional trading processid
reviewthe literature ommeasuring trading castf mutual funds. Eecutioncost measuresnd thesample
selection are presented in Sectionr3Section 4, weeporttheresults on performana# institutional
trading desksIn Sectiois 5 and6, weconsiderpossible explanatiorfer performance persistence. Section
7 discusses the possible contributiof thetrading desk to fund performance. Secticsumarizeshe

findings and concludes



2. Background
2.1.  The Institutional Trading Process

A typical order originates from the desk of a portfolio manager at ssioigyinstitution. Portfolio
managerdand off the order with some instructions on trading horizon to ukeside trading desk. The
trading deskmakes a set of choices to meet the best execution obligatidnding which trading venues
to use, whether to split the order over the tradindzba, which broker(s) to select and how much to
allocate to each brokerhe allocation to the broker, defined in our analysis as a ticket, may in turn result
in several distinct trades, or executions, as the broker works the order.

The trading deskcan supply expertiseby implementing processes for measuring execution
quality, developng broker selection guidelineand monitoing broker performance pffering advanced
technological systents access alternative trading vensash as dark pogland seleting a strategy that
best suits the f uhletadknamange, dmrtfolilomanageewhd wishes to raise
cash by doing a progratnade or a value manager trading on longerm information can be better
served with passive tradingategies, such as limit orders (see Keim and Madhavan (1#®%pntrast
portfolio managers who trade on shiived information, or index fund managers who try to replicate a
benchmark indexnay be better served witlggressive trading strategies, sashmarket orders, to assure
quick executiorf. The trading problem is especiallglifficult for orders that are large relative to daily
security trading volume. Large traders nenpose taise the services of an upstdir®ker or purchase
liquidity from a dealer at a premiur(see Madhavan and Cheng (199Wjore influential institutions
could insist that their broker provide capital to facilitate their tradiesan increasing electronic
marketplacetrading desks specialize detectingpools of hidden ligidity (seeBessembinder, Panayides

and Venkataraman (200@®ndbuilding tradingalgorithmsthatrespond quickly tanarketconditions

* The evidence on the link between trader identity and order urgency is relatively weak. Keim and Madhavan (1995)

find that institutional investors in their sampledra pr i mar i ly using mar ket orders a
demand for immediacy, even in those institutions whose trades are based on relativéilyetbmgformation.
Consequentl vy, it is rare that a hantana etalr(20045reparoaveragerfit i r el vy

rates for their sample of institutional orders exceeding 95% for all sample years. The ANcerno dataset does not
provide information on fill rates for a tickdtollowing Keim and Madhavan (1997), we do not assigos to any
portion of the desired order that is not executed.



2.2. Measuring Execution Costs of Mutual Fund Trades

Prior research has recognized that trading cost can be a dragnaged portfolio performance
(see, for example, Carhart (1997)). Since transaction data for mutual funds are not publicly available, the
previous literature relating mutual fund performance and trading cost has relied predominantly on
quarterly ownershipata. A commonly used measure for trading cost is the mutual fund turnover, defined
as the minimum of security purchases and sales over the quarter, scaled by averagehadsetaver
measure makes the simplifying assumptibat funds trade similar stks and incursimilar costs in
executing their tradesnd is therefore a noisy proxy for trading cost

Another measure, proposed by Grinblatt and Titman (1989) and implemented recently by
Kacperczyk, Sialm and Zheng (Z)Qis based on the return gap betwethe reported quarterly fund
return and the return on a hypothetical portfolio that invests in the previously disclosed fund holdings. As
noted by Kacperczyk et al. (280 the return gap is affected by a number of unobservable fund actions
including searity lending, timing of interim trades, IPO allocations, agency costs such as window
dressing activities, trading costs and commissions, and investor externalities. While the return gap can
gauge the aggregate impact of the unobservable actions on fomiglerformance, the authors note that
it is impossible to clearly attribute its effect to any specific action.

Some studies, such as Wermers (2000), have estimated the execution cost of mutual funds using
the regression coefficients from Keim and MadmayE997), who examine trading cost for a sample of
institutions between 1991 and 1993. Edelen, Evans and Kadlec (2007) propose a new measure that
combines changes in quarterly ownership data on a-bigskock basis with trading costs estimated for
each tock from NYSE TAQ data. However, as acknowledged by these studigs, etanates
significantly understatehe heterogeneity in execution cost across mutual funds. This is because trading
cosk can vary significantly across institutigneflecting diffeences in the skills across trading desks

within a stock, reflecting timearying liquidity conditions ira particular stock.

® Consistent with previous studies, we observe in our sample that institutions exhibit significant difference in trading
cost for stocks with similar characteristics.



Our study isdistinguished from these studies and earlier work partly because we examine
persistence in trading caediut al® because we castimate with greater precision the total tradings;ost
including costs of timing, price impact and commissions, associateceadthinstitution By analyzing
detailedinstitutional tradeby-trade data, we are able to capture the hetgreity in trading efficiency or
skill across trading desl®ver time Further, since the dataset consdime complete trading history for
each institution, we can obsera# trading activity, includingall purchases and sales of the stock made
within a quarter, which cannot be observed from changes in quarterly snapshots of fund holdings.

Prior research using the Plexus databasentade important contributions tmr understanding
of institutional traéhg costs’ However,persistencén trading deskperformancehas not beeestablished
in the literature. This is because Plexus changes the anonymous institutional idesutdiiy month, thus
making it difficult to track the performance of an institution over time. In contrast, ANcerno retains the
uniqueidentifier for an institution over time. The ANcerno database alsosoffgnificant advantages
over the Plexus databaiseterms of its breadth and depth of institutionalerageas well as the length of
the time periodcovered. One disadvantage of alata relative to Plexus is that ANcerno does not
categorize institutions based on their investing stratégydiscussed later, we overcome this deficiency
in the data by categorizing institutions on style attributes based on the characteristics ahstotksle.
Moreover, it is important to note thathe focus of our investigation differs from related work in the
literature.For example, we&xamine separately the role played by institutiemadcution versus broker
execution in a single framework aadtablishseparately persistence in bsigle and selside trading desk

performance

3. Execution Shortfall Measure and Descriptive Statistics of the Sample
3.1.  Execution Shortfall Measure
Our measure of trading cost, the execution shortfall, compla@esxecution price of a ticket with

the stock price when theading desk sends the ticketthe brokerThe choice of a prsade benchmark

® Important studies usinthe Plexus data include Edwards and Wagner (1993), Chan and Lakonishok (1995), Keim
and Madhavan (1995, 1997), Jones and Lipson (2001), Conrad, Johnson and Wahal (2001), among others.



price follows prior literature and relies on the implementation shortfall approach described in Perold
(1988) We define execution shortfall for a ticket as follows:

Execution Shortfall(b,t) = [(R(b,t) T Py(b,t)) / Po(b,t)] * D(b,t) 1)
whereP4(b,t) measures the valugeighted execution pricef t i c 0 €4(b,t) & the price at the time

wh en t h bbdrebeiveskheiaket, andD(b,t) is a variable that equals 1 for a buy ticket and egdals

for a sell ticket.

3.2.  Sample Descriptive Statistics

We obtain data on institutional trades for the period from January 1, 1999 to December 31, 2005
from Ancerno lid. (formerly the Abel/Nose€orporation. ANcernois a widely recognized consulting
firm that works with institutional investors to monitexecutioncoss. ANcernoclients include pension
plan sponsors such as CALPERS, the Commonwealth of Virginia,h@end¥MCA retirement fund, as
well as money managers such as MFS (Massachusetts Financial Services), Putman Investments, Lazard
Asset Management, and Fidelity. Previous academic studiieg) ANcerno data include Goldstein,
Irvine, Kandel and Wiener (2008themmanurHeand Hu (200), and Lipson and Puckett (2007).

Summary statistics folANcernotrade data are presented in Table 1. $amplecontains a total
of 664 institutions, responsible for approximated®$ million tickets and leading to 87 million trad
execution$. For each execution, the databasportsidentity codes forthe institutionand the broker
involved in eachtrade, the CUSIP and ticker for the stock, the stock price at placement time, date of
execution, execution price, number of sharescated, whether the execution is a buy or sell, and the

commi ssions paid. The instituti onANsernoctleatsibutititey i s

" Some studies (see Berkowitz, Logue and Noser (1988), Hu (2005)atgued that the execution price should be
compared with the volumeeighted average price (VWAP), a popular benchmark among practitioners. Madhavan
(2002) and Sofianos (2005) present a detailed discussion of VWAP strategies and the limitations of the VWAP
benchmark. Among them, the VWAP can be influenced by the transaction that is being evaluated. Further, an
execution may outperform the VWAP but in fact may be a poor execution because the broker has delayed the trade
and the stock price has drifted awayce the time when the broker received the ticket.

8 As a point of comparison with studies using Plexus data, Edwards and Wagner (1993) examined 64,000 orders,
Chan and Lakonishok (1995) examined 115,000 orders, and Keim and Madhavan (1997) exami2enr@®&r3.3
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unique client code facilitaseidentification® Conversations withANcerno confirm that tle database
captures the complete history of all transactions of the portfolio mandg@ver the sample period,
ANcernoinstitutional clients traded more than 755 billion shares, representing more than $22.9 trillion
worth of stock trades. The institutidare responsible for 7.97% of total CRSP daily dollar volume during
the 1999 to 2005 sample periddThus, while our data represent thiading activities of a subset of
pension funds and money managehgy represena significant fraction of total ingtitional trading
volume.

We use stock and market data from the CRSP and TAQ databases to complement our analysis of
the ANcernotrade dataWe obtain the market capitalization, stock and market returns, daily volume and
listing exchange from CRSP, and lgladlollar order imbalance from TAQFor a stock, the allar order
imbalance is defined as the daily bwjmitiated minus sellemitiated dollar volume oftransactions
scaled by the total dollar volume. TAQ trades are signed as buyer orisidbeed wsing the Lee and
Ready (1993) algorithm.

There are several notable tirseries patterns in institutional trading observedable | Panel B.

The number of brokers and institutions in the database remains relatively cohiséganumber of stocks
has dedhed from 5,671 in 1999 to 4,23/ 2005, while volume has been steady, particularly since 2000
at over 5 million ticketsThe average tickedize hagleclinedfrom 24,088 in 1999 to 13,d@6n 2005 with

a significant decline in 2002 coinciding with deailization. In the recent sample periote ticket is
broken up more frequently, as evidencedtly increase inthe number of executions per ticket. The

execution shortfall has declined, particularly since 2001, while the commissions increased markedly in

° In addition, the database provides summary execution information for each ticket, including theesbiared

execution price and the total shares executed. ANcerno provides a separate reference file for brokers that permits
broker identificaibn.

1% ANcerno receives trading data directly from the Order Deli@ystem (ODS) of all money manager clients. The
method of data delivery for pension plan sponsors is more heteroge@eousain findings are similar when we
examine money managers arehpion plan sponsors separately.

1 We calculate the ratio @&Ncernotrading volume to CRSP trading volume during each day of the sample period.

We include only stocks with sharecode equal to 10 or 11 in our calculation. In addition, we divide all ANcerno
trading volume by two, since each individual ANcerno client constitutes only one side of a trade. We believe this
estimate represents a lower bound on the size of the ANcerno database.
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2001 before declining in 2005. Sofianos (2001) remarks that the reduction in spreads that accompanied
decimalization in 2001 made the NASDAQ zero commission business model untenable, and institutions
began paying commissions on NASDAQ tradé@his changeis coincident with the increase in
commission costs that we observe.

To minimize observations with errors, we impose the following screens: (1) Delete tickets with
execution shortfall greater thaan absolute value of 10 percent, (2) Delete tickets witket volume
greater than ths t o cCR$Psvolume on the execution d&t€3) Include common stocks listed on
NYSE and NASDAQ, (4) Delet@nstitutionswith less than 100 tickets in a month for timstitution
analysis and deleterokerswith less than 10@ckets in a month for thierokeranalysis, and (5) Delete all
observations where the commission per share ficketis $0.10 or greater.

From Panel C of Table |, we note that the execution shortfall for sell tick@tsagis points)
exceeds those fdouy tickets (13 basis points), consistent with Chiyachantana @0&i4). This partly
reflects the fact that the average sell order is larger than the average buy order. In Panel D, we report
summary statistics based on CRSP market capitalizatiorilgsifdtrmed in the month prior to the trading
month examined. Although the average ticket sizeSiorall quintile stocksis only 8,932shares, the
averageticket represents a remarkable.83ercentof the stocké daily trading volumeThe average
ticket gze in Large quintile stocksexceeds20,000 shares but represents onlyfdefcento f t he st ock
daily volume. Clearly, tickets irsmall quintile stocksare more difficult to execute, experiencing an
average execution shortfall of 1®&sis pointsIn corirast, the execution shortfall fdrarge quintile

stocksis only 26 basis points.

4, Performance of institutional trading desks
4.1 Preliminary examination of persistence in institutional trading cost
Table 1l presents our initial examination @erfomance of institutional deskd~or each

institution, we calculate the execution shortfall farticket and then the volume weighted execution

12 While this filter eliminates only 0.04% of all observations, we recs that some tickets may correspond to
executions in notJS markets. We have replicated the analysis without this filter and obtained similar results.
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shortfall acrossll tickets for the month. We pladastitutionsin quintile portfolios (kbest, 5worst)
based ormonthly execution shortfall durintpe formation month (montiM). Table Il presents the time
series average of equally weighteattfolio performancef institutionsin monthM.*?

There is a large and significant differenok 139 basis points between tihest and worst
institutionsin portfolio formation month. Theestperforminginstitutionsexecute trades with a negative
execution cost od1 basis points, while the worst performiimgtitutions execute trades with an execution
cost 0f98 basis pointddowever,given the idiosyncratic nature of trading performatiee are a myriad
of market conditions that can affect the execution quality of particular trades. Thus, ourttadingf
deskperformance merely uses the portfolio formation month as ehbgark for sortingrading desks
into performance quintiles.

The key test ofrading deskp er f or mance e x ami n eektivaypbriermineer a qu
persists into the future. In Table I, we report the average execution shortfall in future ribriths
throughM+4 for institutionssorted into executionostquintiles in montiM. In monthM+1, we note that
institutionsplaced in(best performing) quintile luring monthM report anegativeexecution cost of
basis points. In contrashstitutionsplacedin (worst performing) quintile 5 achieve an average execution
cost of62 basis points. We also note that the execution shortfall in mdrthincreases monotonically
from quintile 1 to quintile 5. The difference in moM+1 performance between quintileahd quintile 5
is 69 basis pointgt-statistic of difference = 57.07In further support operformancepersistence, we find
that trends discussed above continue to be observed in Meg@tthroughM+4, with the average QD5
difference in executiomost being 66, 65 and 63 basis points respectively (all statistically significant).
Importantly, the difference in executicostof approximately65 basis pointss also economically large.

As additional tests ofperformancepersistence, we examine two sttitis, the retention
percentage Retention % and the percentile ranPércentilg. The Retention %for quintile 1 is the
percentage ohstitutionsranked during montM in quintile 1thatcontinue to remain in quintile 1 when

ranked on execution shortfafl a future monthRetention %helps examiné¢he breadth of good argbor

13 value weighted construction produces similar results.
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persistergnce As a benchmark, we expect tRetention %40 be20 percent for any quintile in a future
month if performance rankings based on madvithave no predictive power. Hower, from Table I, the
Retention %in the extreme quintilesare as high as 46 percestggesting thathe ranking based on
monthM is informative about future performance

A secondbreadthmeasure Percentilerank reports the average percentile ranisdzh onthe
execution shortfalestimatedn future months foinstitutionsranked ina quintile during monthM. By
construction, thé’ercentilefor quintile 1 (quintile 5) in montiM is 10 (90). Under the null hypothesis
that monthM ranking have no predctive power, wewould expect thePercentilefor any institution
quintile in future months to be 5@lternatively, if the month M rankings have predictive power, we
expectthe Percentilefor the best institutiongn future months to be less than 50 (abawverage) and
Percentilefor the worst institutiondo be greater than 50 (below average). We observe that, consistent
with the alternative hypothesis @ierformance persistence, tRercentilefor the best and the worst

performing institutiongleviat from 50 in the predicted directign

4.2.  Multivariate analysis of persistence in institutional trading cost

The evidence of institutiongberformance persistencgdocumented in the pri@ulsection, could
arise ifsomeinstitutions initiateeasier to exeda ticketsthan otheinstitutionsas a result of their distinct
investmentmodels.Therefore, it is important to control for ticket size and direction, as well as stock
characteristics, such as market capitalization, stock price and trading volumer, Fusthetionaltrading
can be influenced by market conditions, such as stock volatilitysandterm price trends(Griffin,
Harris and Topaloglu (2003)and by the market on which the stock trades (Huang and Stoll (1996)).
Thus, ©st comparisons acrestitutionsor over timemust control for théradedifficulty.

We estimate monthlyinstitution fixed-effect, regressions of execution shortfall on the economic
determinants ofrading costThese variables include stock and market return volatititthe trading day;
a Buyindicator variable that equals one if the ticket is a buy order and equal$ izés@ sell orderthe

orderimbalance between buy and sedlumein the stockbased orthe prior trading day; a variable that
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interactspreviousday order imbalance and the buy indicator; stock momentum, nmeshss the prior
daydés watumbj]eathat interacts momentum with the b
over prior 30 trading days; stock market capitalization at the begimfi the month; the inverse of stock
price andticket sizenormalizelby t he st ockds average daily tradir
regressiormodel provides aestimateofthei c ket 6 s expect ed moxiesdomtradeon cos
difficulty andserves athe benchmarkor the performancemeasurement of trading desk$®
Our objective igo evaluatehe performance of trading deskwldingthe ticket, the stock,and
the marketcondition measureat a common, economically relevant levélollowing Bessembinder and
Kaufman (1997), we thereforeormalize every individual explanatory variable by deducting the sample
mean of the explanatory variable for the monfote that only thentercepts are affected by the
normalization. In this specificatin, eachinstitutiond $ixed-effect coefficient can be interpreted as the
average executiorcost for the institution in themonth, evaluated athe monthly average ofeach
explanatory variableWe term thenstitution coefficients adgnstitution trading aphas,since the cross
sectional variation in institution coefficients can be attribuggdeast in partto the skill of the trading
desk.
In Table lll, Panel A, we report the average coefficient across 84 monthly regressions, the Fama
Macbeth tstatisics and pvalues based orthe time-series standard deviation of estimated coefficients,
and the percentage of monthly regression coefficients with a positiveTsigrestimatedoefficients for
the control variables are of the expected sign and stafigtisggnificant; the exceptiorbeing the
imbalance variablesvhichare not significant at the five percent levekecution shortfall increases with

stock volatility, reflecting the higher cost of a delayed trade in volatile markets, but declines with the

4 To explore the possibility of a ndimear rdation between the ticket size and execution shortfall, we estimate an
alternative model using the log of normalized ticket size. The results are similar to those reported in the paper.

15 We replicate the analysis using an execution shortfall measureath@bls for the overall market movement on

the ticketbds execution day, and find similar results.
adjusted execution shortfall measure, which deducts the daily return on the S&P 500 indexefromtthc ket 6 s
execution shortfall. The adjusted measure is appropriate if trading desks can hedge their exposure to market
movements using a futures contract or an ETF. Al so, ou
shortfallbased onthet ocké6s opening price on the ticketds pl acemert
the broker receives the ticket. Detailed results are available from the authors.
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stocko6s t r'aTdriandgi nvgo laugneei.nst t he previous dayods mo

trading with the momentum trend increases execution atsth is consistent with Edwards and Wagner
(1993)) Sellerinitiatedticketsare more expensive tomplete than buyénitiatedticketsand consistent
with prior work, NYSElisted stocks areheaperto trade than NASDAQ stocks. Finally, execution
shortfall increasewith ticket size, suggesting that larger orders are more expensive to complete.

In Panel B of Table lll, we report ahetests of persistence in trading alpha. The tesethe
approach outlined fahe unadjusted data in Table Il. The most striking difference between the two tables
is the reduction in the spread during the portfédianation month between quintile 1 and quintilérhis
difference, which was 13®asis poits in Table I, is reduced to 9Basis pointsin the regression
framework Despite the reduction in spread across quintile portfolios, our conclusidhe perfamance
of trading deskareunchangedin future montiM+1, the difference imnstitutionalperformance between
quintile 1 and quintile 5 i62 basis points (statistic of difference £9.4), which is similar to th&9 basis
points reported in Table Il. Pastence is also of similar magnitude for future momk® throughM+4
(and also througM+12, see Figure 1, Panel A3uggesting that the conclusions from Table Il are robust
to controlling for differences trade difficultyacrosdnstitutions

Even more striking is the finding that the coefficients on quintile 1 institutions are robustly
negativein future monthdM+1 throughM+4, averaging betweerl2 and-15 basis points. A persistent
pattern of negative execution shortfall suggests that the traldisis of the best institutions can help
create positive (investment) alpha through their trading strategies. Recall that the mutual fund literature
identifies a small subset of fundsat exhibit persistent patterns in positive risk adjusted returns. Our
findings imply that the trading desk caontributeto positive abnormainstitutional performance As
discussed in Keim and Madhavan (199ifstitutional deskscan obtain negative trading costs by

supplyingliquidity or absorbingorder imbalances.

1% The positive coefficient in trading cost regressions on market capitatizaith control for trading volume is a
common finding in empirical microstructure research (see, Stoll, 2000, for example). Prior research has attributed
this relation to the high correlation between trading volume and market capitalization.
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Our ather measures ofrading deskpersistence are stronger the regression framewoitkan
thosereported inthe univariate frameworkThe Retention %in the extreme quintile are as high as 50
percent and th@ercentilefor the best and the worst performingsiitutionsdeviat from 50 percent in
the predicted directionOverall, the results in Table Il strolygsuggest that past trading desk

performance is informative about future trading desk performance

5. Possible explanations of persistence
5.1. Evidence from brokers

We investigate several possible explanationpéssistence in tradirgpha.As discussed earlier,
thetrading desks responsible for developing guidelines for broker selection and establishing controls to
monitor broker performanc@&rokersthemselves may possess above average or below average ability to
execute tradedVe therefore examine whether some brokers can deliver better execution consistently over
time. We repeat theegressionanalysis in Table Ill, Panel A withroker fixed effectsrather than
institution fixed effectsFollowing prior notation, we term tHaoker fixed effectas thebrokeb s t r adi ng
alpha.The control regression coefficients are presented in Table 1V, Panel Asamefore irTable llI,
Panel A the only nsignificant coefficients are associated with the imbalance variaBlésother
coefficients are of similar significance and sign

Using thebroker alpha estimates from Table IV, Panel A, we consthurctker quintiles in
portfolio formation monthM by ranking the brokerseach month by theitrading alpha The average
trading alphdor a brokerquintile over the sampl@eriodis presented in the portfolio formation month
column of Table IV, Panel B. In the portfolio formation month, the spread betwedoptized bottom
quintilesin the samplés 93 basis points.

More importantly, a significant part of this difference in execution cost is persiseanFigure 1,
Panel B) In future monthiM+1 the differencébetween the best and worst performing brokatr&8 basis
points is economically and statistically significarthe difference inbroker performance persists in

future monthaM+2 throughM+4, averaging betwee®8 and 25 basis pointsFurther, we find that the
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trading alphdor the best brokers (quingl 1) isinsignificantly different fromezero for future months+1
throughM+4. The result that the best brokers in our sample can execute tickets with no price impact is
particularly striking since we examine tickets initiated by large institutions. Tiez lkely reflects the

skill of the brokerage firms in working the order and detecting pools of hidden liquidity.

Other tests also support the hypothesis Ithalterperformance is persisteifforty-two percent of
the brokers placed in quintile 1 durimgonthM are also ranked independently in the same quintile in
future monthM+4. Similarly, almost 33 percent of brokers ranked as the worst performers in Month
continue to be ranked as the worst performers in mbhth. We find thatthe Percentilefor the best
brokers in future months is in the hi§bs and thdercentilefor worst brokers is in high 50s. These
findings supporthat past broker performance is informative about future broker performance

All of our persistence resultare robust to théength of theperiodsexamined Specifically, he
spread between the top and bottom performers is significant in future mdfrEhs M+12. In month
M+12, the spread for institutional desks is 47 basis poirtafistic=42.13) and for brokers is 20 basis
points (tstatistic=13.75)The resultup to monthM+12 are plotted in Figure 1 ancethiled results are

available from the authors.

5.2. Thejoint performance ofinstitutional desksand brokers

Both institutionaltrading desks andbrokers exhibit persience inrelative performance. The
difference betweetthe bestand worstperfornersis economically large enough to haaeonsiderable
influence on measures of portfolio performandé now examine whether the institutional and broker
performance is ingeendent, or converselyf one drives the other. For examplécertain brokers are
skilled at execution, then perhajmstitutional clients of these brokers will tend to exhibit performance
persistenceSimilarly, if certaininstitutionsare better trads, perhaps it is the case thastitutionsare
skilled and they just tend to concentrieir tradingwith particular brokers! Finally, it is possible that

both specific brokers and institutions have supéramingskills.

" Goldstein € al. (2008) report that institutions tend to concentrate order flow with a few brokers. This
concentration causes significant differences in the client lists of brokers and the broker lists of clients.
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5.2.1. Analysis of Tradingvolume Market Share
We examine theé n s t i torder routing @ecisions to see whether the best institutions trade
predominantly with the best brokers, and wiegsa.In Figure 2, Panel Awe plot thepercentageof
dollar trading volume routed kgn irstitutionquintile to each broker quintilén MonthM. Institution and
broker quintile rankings are based on independent trading alpha estimates described earlier in.Bables I
and IV.B. Brokers ranked as average (quintile 3) are the largest in thaekeeute about 33 percent of
the institutional volume. There is little variation in their market share across institution quintiles. The best
performing institutions execute 39 percent of volume with atawezage brokers (the top two quintiles)
and 28 pecent of volume with belovaverage brokers (the bottom two quintiles). In contrast, the worst
performing institutions execute 33 percent of volume with alawezage brokers and 37 percent of
volume with belowaverage brokers. While broker selection canesas a partial explanation for patterns
in institutional performance, there is no evidence of clustering of institutions with certain tyymser
Similarly, broker performance may be a function of treling skill of theinstitutional desk
Figure 2,Panel B presents the proportion of dollar trading voldoreeach broker quintile that is
attributable to eaclhinstitutional quintile. Institutions ranked as average (quintile 3) are the largest
accouning for about 31% to 40% of the order flow acrosskeroquintiles. The best performing brokers
receive 33% of their order flow from abeagerage institutions (the top two quintiles) and 30% of the
order flow from belowaverage institutions (the bottom two quintiles). In contithst,worstperforming
broke's receiveonly 14.5% of their order flow from aboeeverage institutions and 53.5% of their order
flow from belowaverage institutions. If certain institutions trade badly, then the brokers receiving order
flow from these institutions wiberform poorly.Clearly, the marked deviations in institutiomatier flow
across broker performance quintilgsserved in Figure 2, panel B suggests that broker performance can

be assessed only after controlling for institugg@nformance

5.2.2. Evaluating independenpatterns in institution and broker persistence

Trading performance is a joint production problesit takes both a broker and an institutional
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deskto execute a ticket. We attempt disentangle the relative contribution to trade performance by
exploiting dataon institution and broker codes at the individual ticket lefvet.each portfolio formation
month,we calculae the institution trading alphas and sort them into quintiles. For each month, we also
(independently) calculatbroker trading alphas rad sort them into quintilesThus, for each portfolio
formation montheach ticket is associated with an institution quintile rank and a broker quintile rank.

We then use thanstitution and brokeguintile designations to assign each ticket to one of 25
quintile intersection§x5) portfolios. With dummy variables representing each of the 25 portfolios, we
estimatethe trading alpha for each of the 25 portfolios in the portfolio formation month and in months
M+1 throughM+4 separatelyAs before, thesstimation in monthdM+1 throughM+4 uses portfolios
formed on the basis of broker aimgtitutionrankings in monttM, and the same control variables as those
in Tables Ill, A and IV, A.

We use our 25 formatiemonth portfolios to address the joint produntiproblem in two
complementary ways. First, in Table V, Panel A, note that each broker quintile is associated with five
performanceankedinstitution portfolios. To assess evidenceiostitutionalpersistence after controlling
for broker effects, we exadne institutional persistencewithin each broker quintileThat is, for each
broker quintile, wareport thetrading alpha of (a) the portfolio of the besperforming institutions, (b) the
portfolio of worstperforminginstitutions and (c) the differencebetween the two portfoliogand the
statistics of differencefluring portfolio formation montM and future monthM+1 throughM+4.

The general conclusion from Table V, Panel A is thatpersistence imstitutionaltrading costs
can be observed aftecontrolling for broker effectsAlthough the largest performance differential
between the best and worst institutional quintiles is observed among tipetieshing brokes (72 basis
points in monthM+1), note that institutionaperformancedifferentids do not monotonically deteriorate
with broker quality. The second largesstitutional performance difference occurs in broker quintile 5,
the worst performing brokers.

Conversely, it may be true thaertain institutions possess execution skills antew these

particularinstitutionsconcentrate their trading with certain brokers they producedkterns in broker
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performance as observedTiable IV, Panel BSo, canbroker persistencee driven by institutiorspecific
characteristics, such a&mdingstyle? To examine this hypothesis, we reverse the analysis in Panel A. For
each institutional quintile, we calculate theperformance differential betweethe best and worst
performing brokesin portfolio formation month and future months. Analysis okthessults allows us to
determine whether broker performance differences are systematically relastitutionalstyle

The results in Panel B indicate that broker performance differences are again the largest for
tickets received from the bgsérforming institutions,ranging from 3 to 35basis points irfiuture montts
M+1 to M+4. Similar to Panel A, the second largdstoker differences ar@bserved in orders received
from the worstperforminginstitutions Yet again, we cannot support the theory tiraker performance
differences are due solely wastitutional effects such agradingstyle Across institutionaljuintiles we
observepersistentdifference in broker performance of at least 20 basis points across all future Honths.
Thus past brokerperformance is informative about future performanseggesting that institutions
should consider past performance emhselecting brokers We provide some empirical evidence
consistent with this behavior in Section 6.4.

Figure 3presents a graphical repentation of the execution shortfall across the broisitution
portfolios in monthM+1. Several observations are noteworthyithin broker quitiles, there exist
significant differences itrading costacrosstrading deskghat are unique to the institions. Similarly,
within institutional quintiles, we observe a monotonic improvement in performance from the worst to the
best performing brokersn future monthM+1. From this evidence, we conclude thHaith specific
institutionsand brokersave superio(or inferior) trading skilland thisskill is predictable based on past

performance. Importantlthe combined effectsf theinstitution and brokerare economically large. For

18 As a robustness check, we examine whether oumfiysdare sensitive to the research design of the 25 formation

month portfolios. We test for broker persistence in an alternative fixed effects specification where an institution
specific indicator variabl e, whadgualhzere atheraibesis iocluded ihther an i
regression along with individual broker fixed effects.
examines broker performaneéthin an institution. The difference between the best and vimoters is 21 basis

point (tstatistics=16.33) in montM+1 and 18 basis points-gtatistic=14.06) in montiM+4. Similarly, we find

that institutional desk persistence results are robust in a bspkeific indicator variable specification. For the sake

of brevity, the results are not reported in the tables but are available from the authors.
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example, the difference in execution cost between theirsfitutionbroker pair and the bottom

institution-broker pairis 97basis points.

53.  Performance Attribution
We nextperform atrading alphaattribution analysighat is similar in spirito thedecompogion
of return alpha into stock selection and market timing comptn In this casethe 97 basis point
differencebetween the tomstitution-broker pairand the bottonnstitution-broker paireported in Figure
3 is split intotwo components broker selectionandinstitutional skill Our attribution analysis is based
on two simplifying assumptions(1) brokerg(institutions) placed in a quintile have similar trading skills
but trading skills can vary across quintjlesxd (2)a broker provides similar execution (or expends
similar effort) for allinstitutions thus aktracting from agency explanation for broker performance.
Table VI reports thdrading alphaand thebroker market share for institutions in monki+1.
Column (1) of Table Vpresenteah y pot het i ¢ a |Quirtilmbirstttution with perfectfapeght
that routes 100 percent dfs tradesto the best broker In contrast, the average Quintile 1 institution
routes onlyl3.8% of its trades to the best broke®&milarly, column (4)pr esent s aledstypot het
s k i IQuieti &institution with por foresighthatroutes 100 percent @b tradedo the worst brokes
In contrast, the average Quintile 5 institution routes ordly® of its trades to the worst brokerss
discussedibove thetrading alphad i f f er ence bet we erms ktiHd elehstp katntde &id 0 a |
institution is (0.55% - (-0.416%) =) 0.97%. Columns (2) and (3) of Table VI present thading alpha
and broker market share for the avergygintile 1 and Quintile Snstitutiors, respectively across all
broker quintilesbased on data during the sample periddte that theérading alphay broker quintiles in
columns (1) and (2) (and also, columns (3) and (4)) are identical, reflecting that institutions within a
quintile are equally skilled and receisinilar executiors from a broker.
The two assumptionallow for the following decompositionf observed trading costg/e note
t hat t he fAmost skilledodo instituti ontypi¢acQuihtierin 1) o]

institution (column 2) and this reduction irading cosiof (-0.136% - (-0.416) =) 0280% can besolely
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attributed to broker selection, i.e., the decision offthest skille@d institution to route 100% of its trades
to the best broker§i mi | arl'y, the difference lilnedtor adnisntg tcuatsito
4) and a typical Quintile 5 institution (column 3) is (0.5%4 i 0.427% =) 0.124%.° These two
differencesattribute0.404% of the 0.97% difference in trading alpha to broker selection.
The residual difference of 866% can be atibuted toinstitutional skill From columns (2) and
(3), we observe that Quintile 1 institutions obtain significantly loweading alphathan Quintile 5
institutions for each broker quintile. For example, for trades routed to best brokeradihg alhafor
Quintile 1 and Quintile 5 institutions ar®.416% and 0.30%, respectively. This difference imading
alphain columns (2) and (3)aggregated across broker quintitesed on the market share of brokers, is

estimated to b8.566% andrepresentsnstitutional skill*°

Thus, ve attributeslightly less than half of the
Figure 3out performance to the trading deskds decisior

outperformance to institutionakill.

54. Caninvestmentstyle explaininstitutio nal persistence?

Although certain institutions consistently obtain poor executions, the institutions may not violate
their fiduciary Best Execution obligations if their approach reflects a trading style that realizes the
maxi mum val ue o fentidéas Fdr éxamplé,sa fundomamaget who trades ontshart
momentum or informatiowould choose aggressive strategies that incur high execution cost but enhance
portfolio alpha. The5x5 portfolio approach detaileéh Section 5.3controls for the effdcof the
institutionods styl e on tradingodeskpersisierecels any tradimgcdesk b u t n
persistencelriven by thdnstitutionalstyle?

Information advantages are perishable and institutions wishing to exploit such advantages must

trade accordingly. Private information is unobservable, but will eventually be revealed to the market.

¥ The average trading alphas for Quintile-2.136%) and Quintile 5 (0.427) institutions differ slightly from those

reported in Table Ill, Panel B. These differenctem from the added restriction that both institutions and brokers

must trade at least 100 tickets to be in the sample for Table VI. In Table Il only the institutions need to meet the 100
tickets criteria.

2 Our objective is to present a simplified firawork for attributing performance to decisions made by a trading
desk. We note that the hypothetical fimost skilledo and
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Thus, to examine whether poorly performing institutions may possess informational advantages that could
lead to trading underperformanaee examine pricepater ns observed subsequent
(posttrade price drift)defined as:

Post Trade Pric@®rift (b,t) = [(Pgosdl) I P1(b,9) / P1(b,t)] * D(b,t), 2
wherePodt) isthes t 0 ¢ k 6 Priceoh thesdayrmafier the day of ticket eméon.

Keim and Madhavan (1997) ug¥exusdefinedinvestment stylesf institutionsto differentiate
between patient and impatient tradeBmilar information can be obtained by examining the price
movemers subsequent to a tickeas the price drift #imates the opportunity cost to the institution of
failing to execute in atimely fashiohn f t he i nst i t utdenmamdéurgendy mexecutingne n t
the ticket the posttrade pricedrift should be observed in the direction of the tick&herefae, if
persistencecan beexplainedby investmentstyle, we expectthe poorly performing institutionso be
impatient traderswith largeprice movements subsequent to the ticket

In Figure 4, we report the patterns in ptade price drift in Month M+1. Within thetop three
broker quintiles quintiles 1 to 3), the difference in peisade price drift between the best and worst
performing institutions is not significant. For broker quintile 4 and 5, the difference is statistically
significant but ionsigent with theinvestmentstyle hypothesisasthe poorly performinginstitutions
exhibit smallerposttrade pricedrift than thebestperforminginstitutions.Thus, ve fail to findempirical
support for the hypothesis thakecutionurgency arising from @i n s t i tinuestinemtatyies can
explain persistence in trading cost

As an alternative test for investment style effects, we categorize institutions into investment style
groups based on the stocks thhey have boght or sold during the sample peri. We measure
investment style usingtandard measures of fund styhearket capitalizationthe bookto-market (BM)
ratio (calculated similar to Fama and French (1993)) and thex@inth return momentum. We calculate
the style characteristics for eacbdt in each monthEach ticket in the ANcerno database is merged with

the style characteristicdor the stockestimatedin the month prior to théransactionmonth. For each
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institutionin each monthwe calculate the weighted average market capitalizaibhratio, andreturn
momentumbased on the institutidatickets, where the weights are based on ticket #izeach month,
institutions are classifiedas smallor large cap,growth or value investmenstyle, and lowor high
momentunmbased on whetheon averagethe institution rank above orbelowthe median valudor the
particular style criterion

If investment style can explapersistencewe expect that evidence on trading cost persistence
within an investment style should be weak. In contmaihin each investment styleye find thattrading
desks sustain relative performance overtime.r exampl e, within institutior
the best institutions ranked during the portfolio formation month outperform the worst institutions
monthM+1 (M+4) by 60 (54) basis points. Similarly, witt
best institutions ranked during the portfolio formation month outperform the worst institutions in month
M+1 (M+4) by 57 (50) basis point®ur results do not support the investment style explanation for

trading cost persistence, as persistence continues to exist after controlling for style.

6. Determinants of Performance

What could account for persistent differencestrading cost across instttanal desk8 One
possible explanation is that differeinstitutional deskdrade different stocks, some of which are more
difficult to execute than others. However, our control regressions provide reasonable constiskior
characteristicsticket attributesand marketonditionsthat affecttrading cost? We also show above that
our results are not driven by invesntstyle.

A second explanation is that soinstitutionspay higher commissions on their trades and receive

superior execution from thelirokers.The ANcerno data provides information on brokerage commission

2L We find similar results for the other style classifications. These remgtsiot reported in the tables and are
available from the authors.

22 As a robustness check, we run the persistence analysis separately for stocks classified as large cap (size quintile 4
and 5) and small cap and find similar results for both groups. Fall sap stocks in montW+1, the performance
difference for institutional desk quintiles is 66 basis points and for broker quintiles is 25 basis points. Our results are
similar when we construct decile (instead of quintile) portfolios. In mdhth (M+4), the difference between the

best and the worst institution deciles and the best and the worst broker deciles are 84 (74) basis points and 38 (32)
basis points, respectively. Results are also robust when we perform the persistence analysis before and after
decimalization in 2001 for NYSE and NASDAQ stocks.
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associated with each tickdn Figure 5, we plot brokeragecommissionsin basis points, byguintile
intersection %x5) portfolios, formed during portfolio formation month (similar able V). Several
importantpatterns are observed kigure5. Within any institutional quintile, we observe that the pattern
in commissions across broker quintiles has-shépe. If commission payments drive brokers to perform
better, we expect commiss®rto decline monotonically from the t@erforming to the bottom
performing broker. The commission patterns are not consistent with this explanation. Neither does the
evidence support the explanation that broker incentive is driven by soft dollar arratgdrmagveen
institutions and brokerage firms. Conrad, Johnson and Wahal (2001) show that soft dollar brokers provide
worse executions relative to other brokieus also charge mercommission than other brokers. But, from
Figureb, we see thafiuintile 5brokers receive the same (not highewinmissionasother groupsnd the
difference in commissions between top and bottom brokers is not significant for any institutional
quintile?® Moreover, we observe performance persistence for both good and bad.brokers

The patterns suggest that the commission paid by the institution depend on the service received
from the brokers. Within broker quintiles, the commissions decline monotonically from top to bottom
institution quintiles(t-statistic exceed two imall brck er qui nti | es) . I f commi ssi
effort, one explanation fahesei nst i t ut i onal patterns is the instit
high 6touchd executions. G @008) sepaet ithatin respong io ILEN Kand e
competition, fultservice brokersmiow provide a full range of services ranging from low commission (or
6touch6é) executions such as direct access, dar k |
such as a sales team working an ordeherdealer posting their own capital to facilitate the trade. From
Figure 5 it appears that bottoqmerforming institutions specify low touch execution venues, perhaps
reflecting a focus on explicit costs (commissio@)r evidence suggedtsesealternatves can ultimately

cost institutions considerabimore inexecution shortfafhan theexplicit savings in commissions.

2 A possible explanation is that soft dollars could be more directly associated with particular types of brokers during
themdl 9906s period examined by Conr ad, iaghashmore difficutam d Wah a
recent periods as the majority of brokers offer multiple commission contracts (Goldstein et al. (2008)).
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A third explanationfor differences in institutional performande focused more on economic
incentives and that skill in executionpartly determined by broker efforiThe largest institutions are
important clients generating large total revenues for the broker. Anecdotally, large institutions such as T.
Rowe Price and Fidelity are known to punish brokers by withholding businessy ifall the broker is
leaking information about their trading patterns to the market. Brokers could put up more of their own
capital to lower the execution costs of large clients, or brokers could expend greater effort in searching for

low-cost counterpaigs, actions that suggest laigstitutionswould receive better execution

6.1. Crosssectional regression ofnstitutional performance

To test these ideas, we regress the trading alpha observibe fiostitution during the portfolio
formation monthM (i.e., institutional effects from Table Ill) on a set of explanatory variatiias
representhe trading decisionsiade by thdérading desk. In contragtipte thathe majority ofexplanatory
variables in Table Ill, panel A, represdattors that are oside the control of the trading desk

In Table VII, we report the average coefficients across the 84 monthly regressions and the Fama
Macbeth tstatistics and walues. Consistent withigure 5 we find that theoefficientont he i nst i t ut i
commissionss negative suggesting that higher explititokeragecompensation is associated with better
execution. This is an interesting contrast to findings in the mutual fund literature that higher explicit
compensation to money managers (in the form of higleeragement fees) is assoeiwvith lower fund
performanceAs expectedthe coefficient on average tickeizeis positive suggesting thanstitutions
executing larger tickeisicur higher execution shortfaks average. fie variableHerfindaht, calcdated
asan institutios 6 m oHeitfirddhlyindex of tradingolumemarket share acrofsokers measures the
manner inwhich an institution routes orders tdorokers. The significantly negativecoefficient on
HerfindaH-I suggest that institutions that concentrate tradingwith fewer brokersreceive better
execution.Since thei n s t i tdentity i® unknewn, we proxy fonstitution size based on the dollar

volume oft h e i n smonthlyttansactiofsand form quintile portfoliasConsistent with asize

effect, we find that larganstitutioral deskshave lower trading costs
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6.2. Crosssectional regression of broker performance

In this section we examine trading decisionthat are systematically associated with broker
performance. The second coin in Table VII presents several variables that reliably predict performance
differences across brokers. The results for average commissions and the average ticket size are similar to
those observed in the institutional regressions. The number of exsgogioticket is negatively related to
broker trading alpha, implying that trading costs decline when the broker expends more effort in working
the ticket. To capture the extent of broker specialization by industry or sector, we estimate the variable
HerfindahtB, a brokes dHerfindahl index of the trading volume market share across {fraemch
industry groups. The negative coefficientldarfindahtB suggestshat brokersvho specialize in sectors
or industriesobtain betteexecution?* Specialization byridustry allovg brokers to observe order flow in
related stocks and this informatioanprovide a comparative advantage in execugion

Larger brokers have access to greater networks of counterparties than smaller brokers (Onaran
(2007)). They may also bdle to purchase the services of highKilled traders. Yet larger brokers have
more clients and it is not clear how these resources would be allocated to particular clients. Small brokers
may expend greater effort and secure superior execution for peartatients because these clients are
important to themThis argument confounds a simple relationship between broker size and performance.

We gathered annual data on broker Capital from the Financial Industry Regulatory Association
(FINRA) to identify bube bracket brokerulge brokey as those most likely to have capital available to
facilitate t heThesesevenibmkets aré camtadized with at least.twice as much available
capital as their nearest competitors with capital ranging fominimum of $18 billion for Bear Stearns

in 1999 to a maximum of $150 billion for Merrill Lynch in 2085The best capitalized brokers have

4 Brokers can differ in their degree of specialization. At one extreme, the generalist brokers offer execution services

in a wide variety of stocks and serve as a convenientsto@ shop for clients. At the other extreme, boutique

brokers such as Freeman, Billings and Ramsey, specialize in executing stocks in select indedtridahiB is a

proxy for broker specializationylindustry. We thank Tim McCormick for suggesting this line of investigation.

®Broker capital is defined as shareholderds equity plu
Lynch, Goldman Sachs, Morgan Stanley, Citigroup, Lehman BrgtiBear Stearns and, after their 2000 merger

with DLJ, Credit Suisse First Boston.
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significantly better performance suggesting that their capital, and the ability to provide a direct

counterpartyor difficult to execute trades, represents a difficult to replicate competitive advahtage.

6.3 Il s the institutionbés choice of broker sensitiv
If some brokers are persistently bad, then why do they sur¥iiefe is a similadebate in the
mutual fund literature on why poorly performing index funds or money market funds s(Etve,
Gruber and Busse (2004)n the context of our study, the worst performing brokers can survive because
some institutions are either perforncasinsensitive or face substantial information gathering costs.
Institutional barriers to order flow (for example, endowments mandated to trade through custody banks),
capacity limitations at good brokerage houses, or agency conflicts can also serviaratiorg’.’ Yet
another explanation is that institutions use order flow to purchase a package -@xeoution related
services, which would otherwise be p&adexplicitly.
We examine whether the worstrforming brokers get penalized ahe besperforming brokers
get rewardedn future periods For eachinstitution, we identify the ten brokerseceiving the highest
trading volumerom an institutionover a sixmonth ranking period (top 10 brokers). Werelate br ok er 6 s
execution shortfall withts ability to retain a top 10 status during the next six montie pbservation
period).The besperforming brokers during the ranking period have @@&@entchance of retaininthe
top 10 statugn the observation period. In contrate worstperforming brokers have a gfkercentchance
of retaining their top 10 statup-yalue of difference < 0.01We also examine the propensity fdoraker
to leverage execution performance irttip 10 status in the observation peridche best(wors)
performing lvokers exhibit a likelihood of 6.4percent(6 percentofbei ng el evated to an
top 10 in the observation perigot¢alue of difference < 0.01
Finally, we examine the change in market shafrérokeis from ranking to observation period.

We see an increase in market shdrem 12.95 to 13.3percentor top brokerquintile and from 22.86 to

% However, we note that the negative relation between broker capital and trading cost is not monotonic throughout
our broker sample as several lightly capitalized broksislzave superior execution performance.

2" For example, the Securities and Exchange Commission fined Fidelity investments $8 million in March 2008
because Fidelity had directed trading business to brokerages that enticed Fidelity traders with gifts but not
necessarily the best service. The case also led to an industry wide probgivimgifppractices.
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23.32percent forbrokerquintile 2 In contrastwe see alecrease in market shafeom 25.12 to 24.78
percent forbroker quintile 4 and from 14.8 to 13.97percent forbottom brokerquintile. Although we
examine arelatively short windowwe find that institutions are sensitive tahe past performanceof
brokes.”® We conclude thaexecution costs do provide a competitive advantage to brokers. Egwev

these forces are weak attné worst performing brokers lose market shratkerslowly.

7. Discussion

Our evidence on the lirdge between transaction cesand fund performance is indirett.
Nonethelessirade execution represent a necessary experassociated with the implementation of
investment ideas, and consequently, investment firms should be concerned about execution guality. W
show thatdifferences in institutional trading cost are substantialand persistentimplying that the
cumulative mpact oftrading coss can dramatically affect the returns to a lgagm investorin a fund.
Supposefor example the mutual fund can reduce transacsorost by 62 basis points (the average
difference between the best and the worst performing instialtiguintiles) andas anannual turnover
rate approaching 100 percent (which is the average mutual fund turnover rate as per Edelen et al. (2007)),
themutualfund canadd an incremental 62 basis pointshef unddés annual return.
mutual fund can sustain the relative (@uperformance over adjacent periods attention tatrade
execution cammovethe mutual fund several notches up the closgiystered mutual furedrankingsand
help maintén the relative ouperformance over time.

Further, we note that theumulative dollar impact ofrading deskdecisions such abroker
selection idargei an approximatesalculation suggesthat the annual trading cost reductions exceed $1

billion if institutions route order flow to the best fmming brokers instead of theoorly performing

% The results are consistent with those reporteBdghmer Jemings and Wei (2007)who examine the impaain

order flowof SEC Rule 11Ach (Dash5 repats), which mandates).S. market center® publish a broad set of
standardized executieguality metrics each month.

2 Because ANcerno restricts the institutions identity to protect the privacy of its clients, we are limited in our ability
to obtain fur returns from mutual fund databases.
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brokers® While this estimate is no doubt imprecise, the magnitude of the estimate empltzstizesker

selectionbased on past performanmapresents an important dimemsiof thefundd s f i ducionar y obl

8. Conclusion

We contribute to the literature on the performance of institutional trading desks, an important
category of financial intermediaries who are responsible for trillions of dollars in trade executions each
year. We examineinstitutional equity transactions using data provided by&erno Corporation, a
consulting firm that works with institutional investors to monitor their equity trading cOstis.main
finding is that institutional trading desks can sustain relative performance overnadjac®ds. The
results support the existence of skilled traders who can help create positive (investment) alpha through
their trading activities. We also find that some brokers can deliver better executions over time and that the
combined effects of thanstitutional desk and the broker are large. We identify a seadihg decisions
that arerelated taexecutionperformance.

This study isalso of interest tomoney managers, trading desks, regulatansl investorsOur
evidence on the presence ekilled tradersand their ability tosustainsuperior performancehelps
articulatethe contributiorof the tradingprocesgo investment performancBest execution has been the
subject of recent regulatory attention under U.S. Regulation National Market S§ReégnNMS) and
European Unionés Markets in Financi BdstExequt®rn, r ument
regulators in the U.S. hawnphasizedhe fiduciary duty obrokers and fund managers to obtdiabest
value for the investment decisiBhOur results suggest that broker selection basedpasttrading

performancds an important dimension df h e mo n ey ma n @bligationdHowefler, begausea r y

%9 A worst performing broker in our sample executes roughly $700 million each month, or $8.4 billion annually. In a

typical month, the worst broker quintile has approximately 50 brokers. Thus, brokers in the botttile epecute

roughly $420 billion each year. In Table IV, Panel B, we estimate trading cost difference between the best and the
worst broker quintiles of approximately 28 basis points. If institutions route orders to the best brokers instead of the

worst lrokers, the estimated trading cost reduction is $1.18 billion. A similar approach can be used to estimate dollar
amounts for other broker quintiles. Moreover, the dollar estimates understate the importance of broker selection

since our sample contains @)ly a subset of institutions, and (b) institutions that are sensitive to execution quality.

FI NRA 2320(a) states fAThe Best Execution Rule require
use reasonable diligence to ascertain the bestdetder market for a security and to buy or sell in such a market so

that the resultant price to the customer is as favorabl
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brokers provide a package of nerecution related services to institutions (such as primkelage

services, IPO allocations, and research) and we have no way of measuring these potentially offsetting
benefits, it is very difficult in reality to measure Best Execution. While our findings suggest that some
institutions consistently obtain poor exgions and can benefit from better rules for broker selection, we

cannot necessarily conclude that these decisions violate their fiduciary obligateorbelieve that
increasedlisclosureoft he i nstitutionés portf ol igementprecesseact i on

will provide meaningful information to fund investors.
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Figure 1: Institutional and Broker Trading Alphas

Figurel presents thenonthlytime series offrading Alpha (in percent), by quintiles formed in portfolio formation
month, for institutional trading desks (Panel A) and brokers (Paneltg) estimates are obtained from analyses
similar to those presented in Tables Il B and IV B.
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Figure 2: Trading Volume Market Share

Figure 2, Panel A presentse proportion of dollar trading volume routed by an institutoprintile to each broker
quintile. Panel B present$e proportion of dollar trading volume of each broker quintile teattiributable to each
institutional client quintile Institutional and Broker quintileankingsare based on independent trading alpha
estimates described in Tables 1l B and IV B. Rankings as well asdtiiar volume are measured
contemporaneously.

A. Trading Volume Market Share ofInstitutions, by Broker Quintiles

40.00%

35.00%

30.00%

25.00%

20.00%

15.00%

10.00% -

5.00% -

0.00%

1 (Highest Rank 2 3 4 5 (Lowest Rank
Institutions) Institutions)

OHighest Rank Broke DOQuintile 2 Brokers BEQuintile 3Brokers MQuintile 4 Broker: M LowestRank Broke

B. Trading Volume Market Share of Brokers, by Institution Quintiles

50.00%

45.00%

40.00%

35.00%

30.00%

25.00%

20.00%

15.00%

10.00% -

5.00% -

[ 18 E B

0.00% T T T T

1 (Highest Rank 2 3 4 5 (Lowest Rank
Brokers) Brokers)

OHighest Rank Institutio@ Quintile 2 InstitutiondQuintile 3 Institutiondll Quintile 4 Institution® Lowest Rank Institution

37



Figure 3

Trading Alpha, by Broker and Institution Quintiles, in Month M+1.

Figure 3 presents results for Trading Adgin percent)oy Broker and Institution Quintilézor each month we first

run monthly crossectional regressions separately (similar to Tables Il B and IV B) usstigution and broker
dummy variables. Next, we use the rankings associated with ealobr landinstitution in each month and assign

each brokeinstitution combination into one of 25 categories. Then for each month, we estimate regressions using
the execution shortfall as the dependent variable, and the control variables describedseselieisathe 25 broker
institution combination dummies as the independent variables (this specification exoiddedual broker and
institutiond u mmy vari abl es) . Weinstitdiencomi@nation ram&imit nobtlsM tdestionkte r
similar regression for the next mont®ur methodology produces 25 coefficient estimates (that represent all possible
institution-broker rank combinations) for the formatioronth (monthM) and the subsequent month (moik1).

We report the coefficients estinedlt for the subsequent month for all 25 fractile categories in Figure 3.
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Figure 4

Drift, by Broker and Institution Quintiles, in Month M+1.

Figure 4 presents results ftire posttrade drift(in percent)from the execution price until the closipgice of the
next day.For each month we first run monthly cressctional regressions separately (similar to Tables 11l B and IV
B) usinginstitution and broker dummy variables. Next, we use the rankirfigsxecution shortfalassociated with
each brokeandinstitutionin each month and assign each brekestitution combination into one of 25 categories.
Then for each month, we estimgiesttrade drift for all executions in th25 broker institution categories, and

compute an equalieighted averageof each categorye excludenstitutionsor brokers from a month if they have
fewer than 100 ticket orders.
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Figure 5

Commissions by Broker and Institution Quintiles
Figure 5presents results faverage Commissions, by broker and institutipimtiles, during portfolio formation
month M. We use theexecution shortfalfankings associated with each broker @mstitution in each month and
assign each brokénstitution combination into one of 25 categori€ommissions are calculated for edmoker

institution portfolio by taking the equally weighted average commissiopeficen} across all trades for the broker
institutioncombination in the month
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Table |

Descriptive Statistics
This table reports the descriptive statistics for our $ampinstitutional trades frorANcerno Ltd. for the period fromanuary 1, 1999 to December 31, 2005. We
use a ticket as our level of analysis. A ticket could be executed through multiple trades. We further restrict the Sekepdethat are executdry clientswith at
least 100 tickets during a particular month, as well as to tickets executed on NYSE/NASB®. We psent the results for the full sample, as well as by
disaggregating the sample based on year, order direction, and firm sizeegufitiin size quintiles are based on the stocks in our saByseution shortfall is
measured for buy tickets as the execution price minus the market price at the time of ticket placement divided by thecmatkétket placement (for sell
tickets we multiply by-1), and is reported as a percenta@emmissions are reported in dollars per sh@fe.report thevolume weighted averages for execution
shortfalland commissions

Ticket
Number Size/Average Number of
Number  Number of of Number  Ticket daily volume executions Execution Commissions
of Brokers Institutions  Stocks  of tickets Size (30 days) per ticket  Shortfall ($/share)
Panel A: Full sample
1137 664 7,589 34,885,972 17,366 2.4% 151 0.26 0.028
Panel B: By
year
1999 670 323 5,671 3,340,323 24,088 4.8% 1.31 0.35 0.017
2000 654 321 5442 4,449,647 23,290 3.6% 1.27 0.34 0.016
2001 686 335 4,673 5,173,781 22,583 2.7% 1.28 0.37 0.018
2002 711 358 4,365 5,725,588 15,901 2.1% 1.51 0.16 0.041
2003 681 319 4,286 5,375,277 13,666 1.8% 1.59 0.20 0.045
2004 623 307 4,358 5,548,414 12,889 1.6% 1.49 0.17 0.040
2005 633 286 4,237 5,272,942 13,067 1.7% 1.99 0.17 0.031
Panel C: Order direction
Sell 15,844,002 19,468 2.6% 1.55 0.39 0.028
Buy 19,041,970 15,618 2.3% 1.48 0.13 0.029
Panel D: Firm size
(quintiles)
Small 58,377 8,932 33.8% 1.21 1.03 0.016
2 401,147 9,213 23.3% 1.0 0.56 0.022
3 1,961,381 8,400 8.9% 1.37 0.40 0.026
4 6,352,644 9,129 3.8% 1.37 0.27 0.029
Large 26,112,423 20,188 1.2% 1.56 0.26 0.028
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Tablell
Performance of Institutional Trading Desks

This tableexamines th@erformance persistence of institutional trading de3ke trades in the sample are executed

by 664 institutiongduring the time period from January 1, 1999 to December 31, 2B0%.institutions with 100 or

more tickets ira monthare included in the angadis. Execution shortfall is measured for buy tickets as the execution
price minus the market price at the time of ticket placement divided by the market price at ticket placement (for sell
tickets we multiply by-1). We calculate the average executionrghlb acrossthe ticket for eachinstitution each

month. At the end of the each month, feem institutionsinto quintile portfoliosbased on executiocostfor the

month We report the average (eqwetighted) execution shortfall for these quintilesthe portfolio formation

month andhe next four month€Execution shortfall is presented as a percenfdfgealso include the percentage of
institutionsthat end up in the same quintile during subsequent moR#tsrftion % and the average percentile rank

of quintileinstitutions(Percentild. All numbersare in percent. Numbers in parentheseg-atatistics.

Months

Current Quarter Portfolio
Performance Quintiles Formation M+1 M+2 M+3 M+4

month
Q1 Exec. Shortfal(%) -0.408 -0.072 -0.061 -0.056 -0.043
Retention % 100.00 46.15 44.88 4450 43.25
Percentile 10.62 31.91 32.49 32.71 33.12
Q2 Exec. Shortfal(%) 0.033 0.146 0.149 0.153 0.155
Retention % 100.00 28.91 27.27 27.49 26.99
Percentile 30.55 42.52 43.22 43.53 43.60
Q3 Exec. Shortfal(%) 0.254 0.266 0.271 0.263 0.264
Retention % 100.00 25.96 28.64 27.34 26.83
Percentile 50.55 50.90 50.98 50.70 51.04
Q4 Exec. Shortfal(%) 0.486 0.383 0.376 0.373 0.365
Retention % 10000 28.43 28.01 28.34 26.11
Percentile 70.51 58.36 57.95 57.61 57.21
Q5 Exec. Shortfal(%) 0.979 0.615 0.599 0.590 0.583
Retention % 100.00 45.29 44.04 44,12 42.58
Percentile 90.43 68.89 67.88 67.73 67.27
Q57 Q1 (Exec. Shortfa)l 1.39 0.69 0.66 0.65 0.63
(169.09 (57.09 (53.43 (51.32 (49.7)
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Table Ill, Panel A
Institution Fixed Effect Regressions of Execution Shortfall on Economic Determinants of
Trading Cost

This table reportgoefficient estimates from mhly institution fixedeffects regression of execution shortfall on
economic determinants of execution shortfahe modeliis estimatedor eachof the 84montts in our sampleWe

present the average coefficients aci®smonthsand the Fam&lacbeth tstatistics and gvalues associated with the
coefficients. We alsoeportthe proportion of coefficientthat are positive. Daily return, daily S&P returdaily

volume and market values are obtained from the CRSP datdttesduy dummyequals 1 for buy omts and 0 for

sell orders. The order direction is given in the ANcerno datal@sker imbalancds the dollar imbalance on the

day prior to the day a ticket is executed. The dollar imbalance is calculated using TAQ data, and is defined as the
difference @ the dollar volume of buyer initiated trades and the dollar volume of seller initiated trades, divided by
the total dollar volume of buyer and seller initiated trades. Trades are assigned as buyer or seller initiated using the
Lee-Ready (1991) algorithnMomentumi s measured using the stockds return
date. The return is obtained from the daily CRSP database. All explanatory variables are demeaned each month so
that each institution coefficient measures the execustiontfall for an average order for the client.

P- Positive
Parameter T-statistics Value  coefficients
(average) (F-M) (F-M) (%)
Number of months 84
Stock Volatility (Absolute value of daily return) 0.03442 20.56 0.000 0.98
Market Volatility (Absolut value of daily S&P 500
return) -0.01885 -3.92 0.000 0.35
Buy dummy -0.00072 -2.72 0.008 0.37
Order imbalance (previous trading day, $) -0.00024 -1.62 0.108 0.48
Order imbalance (previous trading day, $) * Buy
dummy 0.00015 0.54 0.593 0.45
Momentum Rrevious day's return) -0.01835 -7.36 0.000 0.11
Momentum (Previous day's return) * Buy dummy 0.03367 7.69 0.000 0.87
Log (Average previous 30 day daily volume) -0.00023 -8.20 0.000 0.23
Log Market value (as of the beginning of month) 0.00009 3.28 0.002 0.68
NYSE stock dummy (only NYSE and NASDAQ
stocks included) -0.00042 -8.04 0.000 0.14
1/Price 0.00585 8.49 0.000 0.86
Ticket Size/Average previous 30 day daily volum 0.00033 3.85 0.000 0.69

Adjusted R Square 0.0299
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Table lll, Panel B
Persistence in Monthly Institution Trading Alpha

This tableexamines the persistence of monthigtitutional Trading AlphaThe trades in the sample aaced by

664 different institutions during the time period from January 1, 1999 to December 31, Z0@8ing Alpha is
estimated for each institution in each month using the @®estsonal regression presented in Panel A. All
independent variables are -deaned and our regression includes dummy variables for each institution. The

coefficient estimate on institt i o n

dummy

vari abl es

i s the

wedivide d@llut i onod s

institutionsinto five quintiles based otheir Trading Alpha estimate®Ve then report the average (equeighted)

Trading Alphafor these quintilesor the portfolio fornation months andhe next four monthsTrading Alpha is
presented as a percentayjée also include the percentageinstitutionsthat end up in the same quintile during
subsequent monthRétention % and the average percentile rank of quirtikgitutions (Percentilg. We excludean
institutionfrom a month if it has fewer than 100 ticket orders. All returns are in percent. Numbers in parentheses are

t-statistics.
Months
Current Quarter Portfolio
Performance Quintiles Formation M+1 M+2 M+3 M+4
month
Q1 Trading Alpha(%) -0.311 -0.146 -0.133 -0.130 -0.122
Retention % 100.00 55.97 54.23 53.10 52.08
Percentile 10.62 25.87 27.22 27.68 28.18
Q2 Trading Alpha(%) 0.022 0.084 0.078 0.080 0.085
Retention % 100.00 32.13 32.96 31.25 29.91
Percentile 30.54 41.32 41.32 41.95 42.34
Q3 Trading Alpha(%) 0.174 0.170 0.176 0.173 0.168
Retention % 100.00 32.63 32.69 31.65 29.59
Percentile 50.55 50.74 51.17 51.43 51.40
Q4 Trading Alpha(%) 0.321 0.271 0.261 0.253 0.246
Retention % 100.00 33.55 31.44 30.10 30.33
Percentile 70.52 60.78 60.10 59.33 58.81
Q5 Trading Alpha(%) 0.653 0.471 0.448 0.442 0.436
Retention % 100.00 53.97 51.61 50.75 50.90
Percentile 90.39 73.89 72.61 71.98 71.61
Q57 Q1 (Trading Alpha 0.96 0.62 0.58 0.57 0.56
(141.49 (69.39 (63.42 (61.29 (58.90

44



Table IV, Panel A
Broker Fixed Effect Regressions of Execution Shortfall on Economic Determinants of
Trading Cost

This tabbe reportscoefficient estimates from monthly broker fixeffects regression of execution shortfall on
economic determinants of execution shortfahe modeliis estimatedor eachof the 84montts in our sampleWe

present the average coefficients acr8ésnonths and the Fam#lacbeth istatistics and walues associated with

the coefficients. We alseeportthe proportion of coefficientthatare positive. Daily return, daily S&P retumaily

volume and market values are obtained from the CRSP datdttreseuy dummyequals 1 for buy orders and 0O for

sell orders. The order direction is given in the ANcerno datal@sker imbalancds the dollar imbalance on the

day prior to the day a ticket is executed. The dollar imbalance is calculated using TA@ndats defined as the
difference of the dollar volume of buyer initiated trades and the dollar volume of seller initiated trades, divided by
the total dollar volume of buyer and seller initiated trades. Trades are assigned as buyer or seller initjatieel us
Lee-Ready (1991) algorithnMomentumi s measured using the stockds return c
date. The return is obtained from the daily CRSP database. All explanatory variables are demeaned each month so
that each broker coietient measures the execution shortfall for an average order for the broker.

P- Positive
Parameter T-statistics Value coefficients
(average) (F-M) (F-M) (%)
Number of months 84
Stock Volatility (Absolute value of daily return) 0.03603 21.73 0.000 0.98
Market Volatility (Abs. value of daily S&P 500
ret) -0.01952 -4.01 0.000 0.33
Buy dummy -0.00076 -2.80 0.006 0.38
Order imbalance (previous trading day, $) -0.00025 -1.69 0.094 0.50
Order imb (previous trading day, $) * Buy dum 0.00026 0.92 0.358 0.46
Momentum (Previous day's return) -0.02010 -7.88 0.000 0.10
Momentum (Previous day's return) * Buy dumm 0.03714 8.21 0.000 0.88
Log (Average previous 30 day daily volume) -0.00027 -9.65 0.000 0.18
Log Market value (as of the beginning of month’ 0.00017 6.74 0.000 0.75
NYSE stock dummy (only NYSE and NASDAQ
stocks included) -0.00070 -10.09 0.000 0.06
1/Price 0.00527 8.05 0.000 0.83
Ticket Size/Average previous 30 day daily volur 0.00048 4.89 0.000 0.75

Adjusted R Square 0.0249
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Table IV, Panel B
Persistence of Monthly Broker Trading Alpha

Table4, Panel Bexamines the persistence of monthly brokeading Alpha The sampléncludes all trades b#31
different brokerage firmthat executed at least 100 trades in a mdating the time péod from Januaryl, 1999 to
December 31, 2005Irading Alpha is estimated for each brokerage firm in each month using the broker fixed
effects regression presented in Panel A. All independent variables -aneasthed and our regression includes
dummy variabes for each brokerage firm. The coefficient estimate on brokerage firm dummy variables is the
brokerage firmbs Trwedivide gl brakerage firms irodive lguinties basddiueir Trading
Alpha estimatesWe then report the averageg(atweighted)Trading Alphafor these quintiledor the portfolio
formation months andhe next four monthsTrading Alpha is presented as a percentdye. also include the
percentage of brokerage firms that end up in the same quintile during subseguéims Retention % and the
average percentile rank of quintile brokerage firsr¢entil§. All returns are in percent. Numbers in parentheses
aret-statistics.

Months

Current Quarter Portfolio

Performance Quintiles Formation M+1 M+2 M+3 M+4
month

Q1 Trading Alpha(%) -0.314 -0.007 0.004 0.007 0.003
Retention % 100.00 42.93 41.26 39.83 41.46
Percentile 10.76 37.26 37.86 38.91 38.20
Q2 Trading Alpha(%) 0.069 0.150 0.147 0.147 0.143
Retention % 100.00 27.98 26.93 26.27 26.97
Percentile 30.56 46.79 47.12 46.90 47.12
Q3 Trading Alpha(%) 0.193 0.208 0.184 0.195 0.188
Retention % 100.00 28.63 28.75 26.83 27.91
Percentile 50.56 53.01 51.12 52.25 52.47
Q4 Trading Alpha(%) 0.308 0.229 0.226 0.207 0.205
Retention % 100.00 27.59 27.77 26.94 26.69
Percentile 70.57 56.10 56.12 55.05 54.96
Q5 Trading Alpha(%) 0.620 0.277 0.279 0.257 0.255
Retention % 100.00 34.68 35.17 33.17 32.87
Percentile 90.33 59.42 60.16 58.99 59.08
Q571 Q1 (Trading Alpha 0.93 0.28 0.28 0.25 0.25
(8490 (2061 (19.53 (17.99 (1829
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Table V, Panel A
Persistence in Institutional Trading Alpha within Broker Groups

This table presents results for the persisgenrtinstitutional trading alpha, controlling for the execution quality of
brokerage firms. For each month we first run monthly esesgional regressions separately (similar to Tables Il B
and IV B) usingnstitutionand broker dummy variables. Next, wee the rankings associated with each broker and
institutionin each month and assign each brekstitution combination into one of 25 categories. Then for each
month, we estimate regressions using the execution shortfall as the dependent variahle,canttol variables
described earlier as well as the 25 breikstitution combination dummies as the independent variables (this
specification excludes broker and c | i-iestittitiondambimagon v ar i ab |
ranking to esimate similar regression for the next 4 months. Our methodology produces 25 coefficient estimates
(that represent all possiblastitutionrbroker rank combinations) for the formation monh) (@nd the subsequent

four months. For each period and brokeraige fquintile, we hold the broker ranking constant and report the
difference between the highdsstitutional quintile (quintile=1) and lowesnstitutional quintile (quintile=5). We
excludeinstitutionsor brokers from a month if they have fewer than fi€ket ordersTrading Alpha is presented as

a percentagdNumbers in parentheses argtatistics Quintile differences are presented in bold font.

Difference intrading alphadetweerhighestandlowest institutional quintile
Brokerquintile Portfolio Form.

rankings month M+1 M+2 M+3 M+4
gl (best) Q: -0.689 -0.416 -0.396 -0.370 -0.352
Q5 0.279 0.300 0.267 0.250 0.266
Q5Q1 0.967 0.715 0.663 0.619 0.618
(33.62) (24.11) (21.36) (17.86) (18.17)
g2 Q1 -0.350 -0.133 -0.107 -0.091 -0.103
Q5 0.446 0.369 0.365 0.358 0.353
Q5Q1 0.796 0.502 0.4471 0.449 0.456
(36.96) (20.59) (27.50) (19.05) (20.70)
g3 Q: -0.232 -0.073 -0.089 -0.048 -0.034
Q5 0.553 0.417 0.404 0.418 0.392
Q5Q1 0.784 0.489 0.492 0.466 0.426
(30.68) (21.80) (19.62) (19.36) (18.47)
g4 Q: -0.138 -0.066 -0.044 -0.044 -0.032
Q5 0.661 0.486 0.454 0.448 0.457
Q5Q1 0.799 0.551 0.498 0.492 0.489
(30.13) (22.26) (22.02) (18.45) (17.94)
g5 (worst) Q: 0.097 -0.067 -0.089 -0.044 -0.009
Q5 0.883 0.551 0.578 0.547 0.539
Q5Q1 0.785 0.618 0.667 0.591 0.547
(18.24) (17.32) (15.29) (17.38) (16.02)
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Table V, Panel B
Persistence in Broker Trading Alpha within Institutional Groups

This table presents results for the persistence in broker trading alpha, controlling for the execution quality of
institutions.For each month wert run monthly crossectional regressions separately (similar to Tables Il B and

IV B) using institution and broker dummy variables. Next, we use the rankings associated with each broker and
institutionin each month and assign each brekstitution combination into one of 25 categories. Then for each
month, we estimate regressions using the execution shortfall as the dependent variable, and the control variables
described earlier as well as the 25 breikstitution combination dummies as the indepent variables (this
specification excludes broker aimétitutiond u mmy v ar i abl es) . Weinstitioncomi@naton mont h 6
ranking to estimate similar regression for the next 4 months. Our methodology produces 25 coefficient estimates
(that repesent all possiblinstitutionrbroker rank combinations) for the formation monh) (@nd the subsequent

four months.For each period and institution quintile, we hold the institution ranking constant and report the
difference between the highest brokeiingile (quintile=1) and lowest broker quintile (quintile=5). We exclude
institutions or brokers from a month if they have fewer than 100 ticket orflexding Alpha is presented as a
percentageNumbers in parentheses argtatistics.

Difference intradingalphabetweerhighestandlowest broker quintile

Institutionquintile Portfolio Form.

rankings month M+1 M+2 M+3 M+4
gl (best) Q: -0.689 -0.416 -0.396 -0.370 -0.352
Q5 0.097 -0.067 -0.089 -0.044 -0.009
Q5Q1 0.785 0.348 0.306 0.326 0.343
(22.66) (11.64) (8.89) (9.80) (11.27)
g2 Q: -0.288 -0.090 -0.094 -0.067 -0.068
Q5 0.331 0.170 0.152 0.146 0.141
Q5Q1 0.619 0.261 0.246 0.212 0.209
(21.52) (11.32) (11.19) (8.84) (8.09)
g3 Q: -0.080 0.052 0.046 0.066 0.054
Q5 0.430 0.255 0.256 0.245 0.253
Q501 0.510 0.202 0.209 0.179 0.199
(19.42) (10.02) (9.97) (8.15) (9.39)
g4 Q: 0.029 0.139 0.119 0.115 0.098
Q5 0.585 0.347 0.365 0.340 0.318
Q5Q1 0.556 0.208 0.246 0.225 0.220
(20.16) (9.29) (9.59) (8.77) (9.28)
g5 (worst) Q: 0.279 0.300 0.267 0.250 0.266
Q5 0.882 0.551 0.578 0.547 0.539
Q5Q1 0.603 0.251 0.310 0.296 0.272
(16.82) (9.17) (8.49) (9.72) (8.06)
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Table VI

Performance Attribution
This tabledecomposes the tradinigskperformance difference between [top institution, top broker] and [bottom institution, botteer]dractiles (ambserved
in Figure IIl) into two component$ broker selection and institutional skilthe &ble reports thérading alphaand the broker market share for institutions in
month M+1. Column (1) present s a tilb ¢ pgitutiorewith medelct fofesightsthat rauties 100 perdeint ofQta frades to the best
brokers. Similarly, column (4) presents a hypot he tl0oGpartentifliteteades to heékviotst e d 0 C
brokers.Thetrading alphad i f f er ence bet ween the hypothetical i m¢-8.416% k) 0.97P6eCblamna @)cAndii | e a s t
(3) present thérading alphaand broker market share for the average Quintile 1 and Quintiifutions, respectively, across all broker quintiles based on data
during the sample period@he trading alphaby broker quintiles in columns (1) and (2) (and also, columns (3) and (4)) are identical, reflecting that institutions
within a quintile are gually skilled and receive similar executions from a broker.

(1) ) ©) (4)

Most Skilled Institution Quintile 1 Institution Quintile 5 Institution Least Skilled Institution

Broker Trading Broker Trading Broker Trading Broker Trading
Mkt share Alpha (%) Mkt share  Alpha (%) Mkt share  Alpha (%) Mkt share Alpha (%)

Q1 (Best Broker) 100% -0.416 13.6% -0.416 8.1% 0.300 0% 0.300
Quintile 2 0% -0.133 30.6% -0.133 25.4% 0.369 0% 0.369
Quintile 3 0% -0.073 32.3% -0.073 31.2% 0.417 0% 0.417
Quintile 4 0% -0.066 18.5% -0.066 23.7% 0.486 0% 0.486
Q5 (Worst Broker) 0% -0.067 5.0% -0.067 11.7% 0.551 100% 0.551
Trading Alpha (%) -0.416 -0.136 0.427 0.551

49



Table VI
Broker and Institution CrossSectional Regressions

This tablepresents crossectional regressions where the monthly estimated Institution (Broker) trading alpha is the
dependat variable .Herfindahtl, for institutions, captures institutional concentration of trading volume among the
brokers they usederfindahtBf or br okers captures the concentration
Commissiongs the average conission (in percent) of all ticket orders for the Institution (Broker) in the month.
Ticket Sizas the average dollar value of all ticket orders for the Institution (Broker) in the niexleutions per
ticketis the average number of executions for eadtet during the montiNumber of clientss the total number of
institutional clients that traded with a broker in a month, whilmber of brokergs the total number of brokers that
traded with an institution in a montBulge Brokelis a set of 7 higlyl capitalized brokers constructed from external
capital variables obtain from FINRA, whil€lient Size quintilesare based on the total dollar value of monthly
trading for a client. We present the average coefficients aBebs®onthsand the Famd/lacbetht-statistics and p
values associated with the coefficients.

Institution Trading Alpha Broker Trading Alpha
T- P- T-
Parameter statistics Value Parameter statistics P-Value
(average) (F-M) (F-M) (average) (F-M) (F-M)
Intercept 0.3286 14.11  0.000 0.1971 8.63 0.000
Herfindahtl -0.1522 -6.38  0.000
HerfindahtB -0.1055 -2.22 0.029
Commissions -1.0417  -11.88 0.000 -0.4053 -4.67 0.000
Ticket Size ($) 0.0255 6.76  0.000 0.0377 8.36 0.000
Executions per Ticket -0.0057 -2.21 0.030
Number of Clients 0.0003 6.77 0.000
Number of Brokers 0.0001 0.83  0.408
Bulge Broker -0.0298 -3.86 0.000
Largest Client Quintile -0.0583 -6.20  0.000
Quintile 2 -0.0524 -6.33  0.000
Quirtile 3 0.0085 0.97 0.334
Quintile 4 -0.0078 -0.95 0.342
Number of Observations 20,551 12,766
Adjusted R Square 0.0335 0.0274
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