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Abstract Although prior studies offer various conjectures on the causes and conse-
quences of order preferencing, there is only limited empirical evidence. In this study,
we show that the extent of order preferencing is significantly and negatively related to
both the adverse-selection component of the spread and the probability of information-
based trading. This result is consistent with the prediction of the clientele-pricing
hypothesis that dealers (brokers) selectively purchase (internalize) orders based on
information content. Our results suggest that order preferencing may not be as harm-
ful as some researchers have suggested and offer some rationale for its prevalence in
securities markets with heterogeneously informed traders.
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1 Introduction

One of the central features of the NASDAQ Stock Market is that a large portion of
order flow from brokers to dealers is preferenced. Brokers route customer orders to
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specific dealers according to ‘pre-arranged’ preferencing agreements, irrespective of
whether dealers are posting competitive quotes at the time of order submission.1 As a
result, many NASDAQ dealers receive a significant portion of order flow when they
are not at the inside market.

Order preferencing makes it difficult for dealers to control their inventories as they
are obligated to accept preferenced orders. It also changes the nature of competition
from posting more aggressive quotes to treating and servicing customers in other ways,
such as charging low commissions, offering size improvements, or providing other
in-kind goods and services. Clearly, any dealer firm wants to get more order flow.
Getting more order flow not only means more business, but it also helps dealers’ price
discovery. More importantly, dealers want to get more uninformed order flow as it
generates greater revenues than informed order flow. In the present study, we examine
whether brokers and dealers use order preferencing as a mechanism to differentiate
between informed and uninformed order flows.

Because order preferencing reduces the incentive to post aggressive quotes, prior
studies examine whether order preferencing exerts a negative impact on market qual-
ity.2 Chung, Chuwonganant, and McCormick (2004) provide the first empirical ev-
idence on the extent of order preferencing on NASDAQ and its impact on market
quality for a large sample of stocks. They also show that although decimal pricing
lowered order preferencing, the extent of order preferencing after decimalization is
much higher than what prior studies have suggested.

Barclay, Hendershott, and McCormick (2003) show that trades executed on Elec-
tronic Communications Networks (ECNs) have greater information content than those
executed by dealers. Order preferencing arrangements allow NASDAQ dealers to
attract and retain less-informed retail orders. Because ECNs typically preserve the
anonymity of the trading parties, trades are more likely to occur on ECNs when
information asymmetry is higher. Barclay, Hendershott, and McCormick show that
ECN trades exhibit greater permanent price impacts and more private information
is revealed through ECN trades than though dealer trades. The authors also show
that ECN trades incur greater execution costs than dealer trades because dealers can
preference less-informed trades and offer them better executions.3

Despite its prevalence, possible causes of order preferencing and its ramification
for market quality and investor welfare are not well understood. Although prior studies
offer conjectures on why and how market participants use order preferencing, there is
only limited empirical evidence on this issue, largely due to the lack of available data
on order preferencing. Battalio, Greene, and Jennings (1997) and Peterson and Sirri
(2003) analyze the effect of order preferencing on market quality for NYSE-listed

1Order preferencing generally entails either payments for order flow or internalization. Dealers offer direct
monetary payments or in-kind goods or services to brokers in return for preferenced orders. Internalization
is the direction of order flow by a broker-dealer to an affiliated dealer or order flow executed by that
broker-dealer as market maker.
2See Kandel and Marx (1997, 1999), Bloomfield and O’Hara (1998), Battalio and Holden (2001), and
Kluger and Wyatt (2002).
3There have been no studies to date that have examined the impact of ECNs on order preferencing and
internalization on NASDAQ. However, the rapid growth of ECN trading in NASDAQ stocks likely led to a
reduction in overall preferencing and internalization. Our research finds a large degree of preferencing and
internalization continued to persist four years after the introduction of ECN quotations on NASDAQ.
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stocks. The results found on the NYSE may not be directly relevant for NASDAQ
securities because market fragmentation and dealer competition on NASDAQ are quite
different from those on the NYSE. Hansch, Naik, and Viswanathan (1999) analyze the
effect of order preferencing on spreads and dealer profits for a sample of London Stock
Exchange (LSE) stocks. However, they do not examine the order routing practice of
brokers.

Our study provides further empirical evidence on order preferencing using propri-
etary data from NASDAQ. In particular, we examine how the extent of order prefer-
encing at the level of individual securities is related to adverse-selection costs and the
probability of information-based trading using a large cross-sectional dataset. This
study helps us understand why order preferencing may not be as harmful as some
researchers have suggested and thereby offers some rationale for its existence.

Benveniste, Marcus, and Wilhelm (1992) hold that long-term relationships between
brokers and dealers can mitigate the effects of asymmetric information. They suggest
that dealers that actively identify and sanction informed traders can provide low cost
services to uninformed traders. Easley, Kiefer, and O’Hara (1996) find a significant
difference in the information content of orders executed in New York and Cincinnati
and interpret the result as that the preferencing arrangements are used to cream-skim
uninformed liquidity traders.

Battalio, Jennings, and Selway (2001a) conjecture that dealers utilize broker identity
to distinguish between profitable and unprofitable order flow and show that NASDAQ
dealers’ trading gross revenues vary substantially among routing brokers. Battalio,
Jennings, and Selway (2001b) examine order preferencing on NASDAQ using propri-
etary data from Knight Securities. The authors find that payment for order flow does
not unambiguously harm traders. Chung, Chuwonganant, and McCormick (2004)
compare the price impact of trades between preferenced and unpreferenced orders.
However, they do not analyze the order routing behavior of brokers in reference to the
information content of orders. In addition, their empirical analyses do not control for
factors that may be related to both order preferencing and the price impact of trades.
To the extent that both order preferencing and the price impact of trades are related
to a common set of variables, it is imperative to control them to minimize spurious
correlations between the two variables.

In our study, we perform an alternative test of the clientele-pricing hypothesis
by analyzing the order routing behavior of brokers.4 Trades that convey less private
information have smaller adverse-selection costs/risk and thus are more profitable
to execute. If brokers route only those orders with low adverse-selection costs/risks
to affiliated dealers (i.e., internalization) or dealers with payment for order flow ar-
rangements, the extent of order preferencing for a given stock would be lower when
adverse-selection costs/risk are higher.5 Based on these considerations, we predict a
negative cross-sectional relation between the extent of order preferencing and both
adverse-selection costs and the probability of information-based trading (PIN).

4See Parlour and Rajan (2003) for a dynamic model of price competition in broker and dealer markets.
5In contrast, brokers are likely to send informed orders to unaffiliated dealers or dealers with no payment
for order flow arrangements. Informed orders are likely to receive poorer executions (e.g., smaller price
or size improvements) than preferenced, uninformed orders. See Chung, Chuwonganant, and McCormick
(2004) for empirical evidence.

Springer



346 K. H. Chung et al.

We show that the proportion of internalized trades is significantly and negatively
related to both adverse-selection costs and PIN, after controlling for both stock charac-
teristics and dealer types. Similarly, we find that the proportion of orders received when
dealers are not at the inside market is significantly and negatively related to adverse-
selection costs and PIN. Overall, these results are consistent with the prediction of the
clientele-pricing hypothesis advanced by Benveniste, Marcus, and Wilhelm (1992),
Battalio and Holden (2001), and others that dealers (brokers) selectively purchase
(internalize) orders based on their information content.

The paper is organized as follows. Section 2 describes data sources and sample
selection procedures and presents descriptive statistics. Section 3 explains the variable
measurement procedure. Section 4 analyzes the relation between order preferencing
and adverse-selection costs/risks. Section 5 provides a brief summary and concluding
remarks.

2 Data sources and sample characteristics

We obtain data for this study from NASTRAQ® Trade and Quote Data. We use trade,
inside quote, and dealer quote data for November 2000 and June 2001. By conducting
separate empirical analyses for each month, we check the robustness of our results
for different study periods. We use proprietary data from NASDAQ to infer whether a
trade is internalized or routed through an order flow agreement. A stock is included in
our study sample if its data are available from the above two sources. The final study
sample consists of 3,032 stocks in November 2000 and 2,983 stocks in June 2001.6

We omit the following to minimize data errors: (1) quotes if either the ask or the bid
price is less than or equal to zero; (2) quotes if either the ask size or the bid size is
less than or equal to zero; (3) quotes if the bid-ask spread is greater than $5 or less
than or equal to zero; (4) before-the-open and after-the-close trades and quotes; (5)
trades if the price or volume is less than or equal to zero; (6) transaction price, pt ,
if |(pt − pt−1)/pt−1| > 0.5; (7) ask quote, at , if |(at − at−1)/at−1| > 0.5; and (8) bid
quote, bt , if |(bt − bt−1)/bt−1| > 0.5.

We measure share price by the mean daily closing quote midpoints and return
volatility by the standard deviation of daily returns calculated from daily closing quote
midpoints. We measure number of trades by the average daily number of transactions,
trade size by the average dollar transaction size, and firm size by the market value of
equity at the beginning of our study period. The Herfindahl-index is used as a measure
of dealer competition and trading concentration in each stock. The Herfindahl-index
is calculated using the following formula:

H-INDEX(i) = � j[100V (i, j)/� j V (i, j)]2, (1)

where V (i, j) is stock i’s dollar volume executed by dealer j . The Herfindahl-index
increases as the number of dealers decreases or as the proportion of volume by the

6The total number of market makers in our study sample is 384 and, of those, 13 are institutional brokers,
five are wirehouses, five are wholesalers, and 11 are Electronic Communication Networks (ECNs). The
total number of order-entry firms is 1,158.
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leading dealer increases. Thus, a high Herfindahl-index is associated with high con-
centration of trading.

We report select attributes of our study sample in Table 1. The average share price in
November 2000 (June 2001) is $13.81 ($12.04), the average dollar trade size is $9,819
($7,900), and the average number of transactions is 587.51 (568.75), respectively. The
average standard deviation of daily returns in November 2000 (June 2001) is 0.0566
(0.0421). The average market capitalization in November 2000 (June 2001) is $1,187
($672) million. The average Herfindahl-index based on dollar volume in November
2000 (June 2001) is 2,399 (2,402).

3 Measurement of the variables

In this section, we describe how we measure order preferencing, adverse-selection
costs, and the probability of information-based trading (PIN) and present their de-
scriptive statistics.

3.1 Measurement of order preferencing

Proprietary data from NASDAQ contain information on quotes and transactions of all
market makers that allows us to determine whether a public trade is preferenced (i.e.,
either internalized or routed through an order flow agreement). We consider a trade
internalized if the reporting market maker is also a contra-party in the trade. When the
reporting market maker is not a contra-party in the trade, we trace the market maker’s
quote at the time of transaction and consider the trade preferenced (i.e., routed through
an order flow agreement) if the quote is poorer than the prevailing inside market quote.7

For instance, if the market maker bought 500 shares at the inside market bid price of
$20 while he was bidding at $19.875, we consider the trade preferenced.

We measure the extent of preferencing for stock i , PREF(i), by the ratio of stock i’s
internalized volume plus any noninternalized volume executed by dealers not quoting
at the inside market at the time of the trade to its total volume,8 i.e.,

PREF(i) = � j[VINT(i, j) + VNINS(i, j)]/� j V (i, j); (2)

where VINT(i, j) is stock i’s internalized volume forwarded to dealer j , VNINS(i, j)
is stock i’s noninternalized volume executed by dealer j when the dealer is not at
the inside market (non-inside volume), and V (i, j) is stock i’s total volume executed
by dealer j . We measure trading volume both in dollars and number of shares. However,

7The rule of best execution requires dealers to execute customer orders at prices that are equal to or better
than the inside market quotes even when their quotes are below the inside bid or above the inside ask. We
consider an order preferenced only if the quote at the time of its execution is poorer than the prevailing
inside market quote. If the dealer is at the inside market at the time of an order’s execution, we do not
consider the order preferenced.
8Note that stock i’s volume executed by dealer j , V (i, j), can divided into four components:
V (i, j) = VINT(i, j) + VINS(i, j) + VNINS(i, j) + VE(i, j); where VINT(i, j) is stock i’s internal-
ized volume to dealer j , VINS(i, j) is stock i’s noninternalized volume executed by dealer j when the
dealer is at the inside market, VNINS(i, j) is stock i’s noninternalized volume executed by dealer j when
the dealer is not at the inside market, and VE(i, j) is stock i’s volume on ECNs routed by dealer j .
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the results are qualitatively identical between the two measures. Hence, we report only
the results based on dollar volume throughout the paper.

Our measure of order preferencing is imperfect and thus our results should be
interpreted with some caution. Note that orders can be preferenced to market makers
who are at the inside market alone or together with other market makers. Hence,
Eq. (2) is likely to underestimate the actual level of preferencing. One way to correct
this downward bias is to inflate VNINS(i, j) by the proportion of time during which the
market maker is not at the inside. However, this measure is likely to overstate order
preferencing because of a self-selection problem. Dealers quote at the inside when
they want to attract unpreferenced order flow. Thus, the probability of attracting an
unpreferenced order is much greater than the probability of attracting a preferenced
order during this time. If preferenced volume is only a small proportion of total
volume, the extent of overstatement would not be large because the above method
will assign a low probability to attracting a preferenced order anyway. However, if
preferenced volume is a large proportion of total volume, the measure is likely to
assign too high a probability. This problem is then magnified if the dealer is at the
inside a long time.9 For these reasons, we do not make an upward adjustment of
VNINS(i, j).

Similarly, we measure the extent of preferencing for dealer j , PREF( j), by the ratio
of dealer j’s internalized volume plus any non-inside volume to his total volume, i.e.,

PREF( j) = �i[VINT(i, j) + VNINS(i, j)]/�iV (i, j). (3)

Table 2 shows the mean and standard deviation of preferenced volumes, together
with their percentile values. INT(i) is the ratio of stock i’s internalized volume to
its total volume, NINS(i) is the ratio of stock i’s non-inside volume to its total vol-
ume, and PREF(i) = INT(i) + NINS(i). Panel A shows that there is wide variation in
the percentage of internalized volumes across stocks with a mean value of 26.43%
(24.29%) in November 2000 (June 2001). The non-inside volume accounts for 36.86%
and 37.19% of the total volume, respectively, in November 2000 and June 2001. On
average, the preferenced volume accounts for 63.29% and 61.48% of the total volume,
respectively, in November 2000 and June 2001.

Panel B shows the percentages of preferenced trades by dealers, where INT( j) is
the ratio of dealer j’s internalized volume to his total volume, NINS( j) is the ratio of
dealer j’s non-inside volume to his total volume, and PREF( j) = INT( j) + NINS( j).
The results show that there is wide variation in the percentage of internalized vol-
umes across dealers with a mean value of 35.33% (30.26%) in November 2000 (June
2001). The non-inside volume accounts for 24.39% and 25.17% of the total volume,
respectively, in November 2000 and June 2001. On average, the preferenced volume
accounts for 59.72% and 55.43% of the total volume, respectively, in November 2000
and June 2001.

3.2 Measurement of adverse-selection costs and risks

We use the spread component models developed by Glosten and Harris (1988) and
Lin, Sanger, and Booth (1995) to measure the adverse-selection cost. We use the

9The authors thank Frank Hatheway for this point.

Springer



350 K. H. Chung et al.

Ta
bl

e
2

S
to

ck
an

d
d

ea
le

r
p

re
fe

re
n

ci
n

g
P

an
el

A
sh

ow
s

th
e

p
er

ce
n

ta
g

es
o

f
in

te
rn

al
iz

ed
(I

N
T

(i
))

,n
o

n
-i

n
si

d
e

(N
IN

S
(i

))
,a

n
d

p
re

fe
re

n
ce

d
vo

lu
m

e
(P

R
E

F
(i

))
.I

N
T

(i
)

is
th

e
ra

ti
o

o
f

st
o

ck
i’

s
in

te
rn

al
iz

ed
vo

lu
m

e
to

it
s

to
ta

l
vo

lu
m

e,
N

IN
S

(i
)

is
th

e
ra

ti
o

o
f

st
o

ck
i’

s
n

o
n

-i
n

si
d

e
vo

lu
m

e
to

it
s

to
ta

l
vo

lu
m

e,
an

d
P

R
E

F
(i

)
=

IN
T

(i
)
+

N
IN

S
(i

).
P

an
el

B
sh

ow
s

th
e

p
er

ce
n

ta
g

es
o

f
in

te
rn

al
iz

ed
(I

N
T

(
j)

),
n

o
n

-i
n

si
d

e
(N

IN
S

(
j)

),
an

d
p

re
fe

re
n

ce
d

vo
lu

m
e

(P
R

E
F

(
j)

).
IN

T
(
j)

is
th

e
ra

ti
o

o
f

d
ea

le
r

j’
s

in
te

rn
al

iz
ed

vo
lu

m
e

to
h

is
to

ta
l

vo
lu

m
e,

N
IN

S
(
j)

is
th

e
ra

ti
o

o
f

d
ea

le
r

j’
s

n
o

n
-i

n
si

d
e

vo
lu

m
e

to
h

is
to

ta
l

vo
lu

m
e,

an
d

P
R

E
F

(
j)

=
IN

T
(
j)

+
N

IN
S

(
j)

P
er

ce
n

ti
le

S
ta

n
d

ar
d

V
ar

ia
b

le
M

ea
n

d
ev

ia
ti

o
n

1
5

2
5

5
0

7
5

9
5

9
9

A
.

S
to

ck
p

re
fe

re
n

ci
n

g
(i

n
%

)

N
o
v
em

b
er

2
0

0
0

IN
T

(i
)

2
6

.4
3

1
8

.5
1

0
0

.3
0

1
0

.5
1

2
5

.7
7

3
9

.8
5

5
7

.2
2

7
4

.0
2

N
IN

S
(i

)
3

6
.8

6
1

3
.7

2
8

.4
0

1
6

.1
3

2
6

.1
8

3
6

.5
9

4
6

.9
8

5
8

.7
2

6
8

.1
8

P
R

E
F

(i
)

(I
N

T
(i

)
+

N
IN

S
(i

))
6

3
.2

9
1

0
.7

5
3

1
.3

9
4

5
.3

4
5

8
.0

1
6

3
.4

8
6

8
.8

2
8

1
.0

2
9

1
.2

8

Ju
n

e
2

0
0

1

IN
T

(i
)

2
4

.2
9

1
8

.4
8

0
0

7
.7

1
2

3
.2

5
3

8
.2

9
5

4
.5

8
7

3
.9

3

N
IN

S
(i

)
3

7
.1

9
1

5
.6

6
9

.9
3

1
5

.5
0

2
5

.4
8

3
7

.5
9

5
0

.0
3

6
3

.4
5

7
6

.2
6

P
R

E
F

(i
)

(I
N

T
(i

)
+

N
IN

S
(i

))
6

1
.4

8
1

0
.3

8
3

3
.7

3
4

5
.6

5
5

7
.0

0
6

2
.2

9
6

7
.7

3
8

0
.6

5
9

0
.2

3

B
.

D
ea

le
r

p
re

fe
re

n
ci

n
g

(i
n

%
)

N
o
v
em

b
er

2
0

0
0

IN
T

(
j)

3
5

.3
3

2
5

.9
1

0
0

9
.3

5
3

8
.8

7
5

6
.4

7
7

3
.6

2
9

0
.3

8

N
IN

S
(
j)

2
4

.3
9

1
7

.8
6

0
4

.1
1

1
0

.9
6

2
0

.7
3

3
2

.8
6

6
0

.8
7

8
7

.6
3

P
R

E
F

(
j)

(I
N

T
(
j)

+
N

IN
S

(
j)

)
5

9
.7

2
1

9
.1

5
0

2
2

.6
8

4
9

.7
0

6
3

.1
0

7
0

.1
4

8
8

.0
6

9
8

.3
3

Ju
n

e
2

0
0

1

IN
T

(
j)

3
0

.2
6

2
4

.1
5

0
0

3
.8

1
3

1
.5

2
5

0
.3

9
6

8
.0

4
8

8
.8

3

N
IN

S
(
j)

2
5

.1
7

1
7

.4
7

0
3

.6
7

1
1

.6
1

2
0

.5
3

3
5

.1
8

5
8

.7
1

7
8

.1
8

P
R

E
F

(
j)

(I
N

T
(
j)

+
N

IN
S

(
j)

)
5

5
.4

3
1

7
.9

4
0

1
8

.2
9

4
6

.2
1

5
9

.3
5

6
6

.9
7

8
0

.2
1

9
1

.7
2

Springer



Order preferencing, adverse-selection costs, and the probability of information-based trading 351

algorithm in Easley, Hvidkjaer, and O’Hara (2002) to estimate the adverse-selection
risk.

3.2.1 Glosten and Harris (GH) model

The GH model uses the following ordinary-least-squares regression to estimate the
adverse-selection component of the spread:

Pt − Pt−1 = c0(Qt − Qt−1) + c1(Qt Vt − Qt−1Vt−1) + z0 Qt + z1 Qt Vt + εt ;
(4)

where Pt is the transaction price at time t , Vt is the number of shares traded at time
t , εt is the error term that captures both the rounding error and the arrival of public
information, and Qt equals 1 for buyer-initiated trades and –1 for seller-initiated trades.
We use the Lee and Ready (1991) algorithm as modified by Bessembinder (2003) to
classify a trade as a buy or sell.10

We use the estimates of c0, c1, z0, and z1 for each stock to calculate the adverse-
selection and transitory components. We estimate the adverse-selection component
by Z0 = 2(z0 + z1Vt ) and the transitory component by C0 = 2(c0 + c1Vt ). The bid-
ask spread in the GH model is the sum of Z0 and C0. We use the average transaction
volume for stock i ,V̄i , to estimate the adverse-selection component, 2(z0,i + z1,i V̄i ) and
the total spread, 2(c0,i + c1,i V̄i ) + 2(z0,i + z1,i V̄i ). We measure the adverse-selection
component (as a proportion of the spread) for stock i by the ratio of 2(z0,i + z1,i V̄i ) to
2(c0,i + c1,i V̄i ) + 2(z0,i + z1,i V̄i ).

3.2.2 Lin, Sanger, and Booth (LSB) model

Lin, Sanger, and Booth (1995) develop a model which shows that quote revisions
reflect the adverse information revealed by the trade at time t. We use the following
regression model to estimate the adverse-selection component of the effective spread:

Quotet − Quotet−1 = λzt−1 + εt ; (5)

where Quotet is the quote midpoint at time t, zt is the signed effective half spread
defined as the transaction price at time t minus the quote midpoint at time t, and λ

measures the adverse-selection component (as a proportion of the effective spread).
We use logs of the transaction price and quote midpoint in the estimation.

3.2.3 Adverse-selection risks

Easley, Kiefer, and O’Hara (1996, 1997a, 1997b) and Easley, Hvidkjaer, and
O’Hara (2002) employ a comprehensive empirical measure of the probability of
information-based trading (PIN) to examine a variety of market microstructure issues.
Heidle and Huang (2002) analyze how PIN changes when a stock moves from NAS-
DAQ to the NYSE. We use the algorithm in Easley, Hvidkjaer, and O’Hara (2002) to

10Bessembinder (2003) shows that making no allowances for trade-reporting lags is optimal when assessing
whether trades are buyer or seller initiated.
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estimate the adverse-selection risk. In Easley, Hvidkjaer, and O’Hara (EHO)’s model,
market makers observe trades, update their beliefs, and establish price quotes. Over
time, the process of trading, and learning from trading, results in prices converging to
full information values. The EHO model provides the structure necessary to extract
information from the observable variables, i.e., the number of buys and sells. EHO
show that the structural model can be estimated via the maximum likelihood method,
providing a convenient method for determining the value of information parameters
(and thus PIN) for a given stock.

The EHO model of the trade process for a trading day is represented by the following
likelihood function:

L(θ |B, S) = (1 − α)e−εb
εB

b

B!
e−εs

εS
s

S!
+ αδe−εb

εB
b

B!
e−(μ+εs ) (μ + εs)S

S!

+ α(1 − δ)e−(μ+εb) (μ + εb)B

B!
e−εs

εS
s

S!
; (6)

where B is the number of buyer-initiated trades for the day, S is the number of seller-
initiated trades for the day, α the probability that an event is information based, δ is the
probability that an information event contains good news, 1 − δ the probability that
an information event contains bad news, μ is the arrival rate of orders from informed
traders, εb is the arrival rate of orders from uninformed buyers, εs is the arrival rate
of orders from uninformed sellers, and θ = (α, μ, εb, εs , δ) represents the parameter
vector. Note that εb = εs = ε in the case where the uninformed traders are equally
likely to buy or sell.

The likelihood function for the entire study period for each stock is given by:

V = L(θ |M) =
D∏

d=1

L(θ | Bd Sd ); (7)

where Bd (Sd ) is the number of buyer (seller)-initiated trades for day d = 1, 2, . . . , D,
and M is the data set that contains ((B1, S1), . . . , (Bd , Sd )). The rate of information
arrival for all trades for stock i is represented by αμ + εb + εs and the rate of arrival for
information-based trades for stock i is αμ. We obtain the probability of information-
based trading for stock i (PIN(i)) by the ratio of αμ to αμ + εb + εs .

Panel A of Table 3 shows the mean and standard deviation of the adverse-selection
component of the spread, together with their percentile values. The mean value of
the adverse- selection component is 0.1246 (0.1334) in November 2000 (June 2001)
according to the spread component model of Lin, Sanger, and Booth (1995) and 0.1114
(0.1216) in November 2000 (June 2001) according to the spread component model
of Glosten and Harris (1988). Panel B shows the estimates of PIN and other model
parameters. It shows that the mean value of PIN for our sample of NASDAQ stocks is
0.3007 (0.2710) in November 2000 (June 2001) with a standard deviation of 0.1725
(0.1671).

4 Preferencing as a function of adverse-selection costs and PIN

In this section, we examine how order preferencing is related to both adverse-selection
costs and the probability of information-based trading.
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4.1 Univariate analysis

We first classify our sample stocks into five portfolios according to the market value
of equity (MVE). Portfolio 1 contains stocks with the smallest MVE and Portfolio 5
contains stocks with the largest MVE. We then classify stocks in each MVE portfo-
lio into five portfolios based on the probability of information-based trading (PIN).
Portfolio 1 contains stocks with the lowest PIN and Portfolio 5 contains stocks with
the highest PIN. For each PIN portfolio within each MVE group, we calculate the
mean values of INT(i), NINS(i), and PREF(i), where INT(i) is the ratio of stock i’s
internalized volume to its total volume, NINS(i) is the ratio of stock i’s non-inside
volume to its total volume, and PREF(i) = INT(i) + NINS(i). For brevity, we report
only the results for MVE portfolios 1, 3, and 5. Similarly, within each MVE portfolio,
we report the values of INT(i), NINS(i), and PREF(i) for PIN portfolios 1, 3, and 5.

Table 4 shows that both internalized and non-inside volumes decrease with PIN.
For stocks that belong to the smallest MVE portfolio, the mean value of INT for
Portfolio 1 (PIN = 0.0845) is 29.1% in November 2000, whereas the corresponding
value for Portfolio 5 (PIN = 0.5449) is 24%. The difference in INT between Portfolio
1 and Portfolio 5 is statistically significant at the 1% level. Similarly, the mean value
(34.73%) of NINS for Portfolio 5 is significantly smaller than the corresponding value
(39.25%) for Portfolio 1. As a result, the mean value (58.73%) of PREF for Portfolio
5 is significantly smaller than the corresponding value (68.35%) for Portfolio 1. The
results are similar for other MVE portfolios. We obtain qualitatively identical results
for June 2001. On the whole, these results indicate that order preferencing decreases
with the extent of information-based trading.

Table 5 shows the results when five portfolios are first formed by MVE and then by
adverse-selection costs. We classify stocks in each MVE portfolio into five portfolios
according to the adverse-selection component based on Lin, Sanger, and Booth (LSB).
Within each MVE portfolio, Portfolio 1 contains stocks with the smallest adverse
selection component and Portfolio 5 contains stocks with the largest adverse selection
component. For each portfolio, we calculate the mean values of INT(i), NINS(i),
and PREF(i). Similarly, using stocks in each MVE portfolio, we form five portfolios
according to the adverse-selection component calculated from the method developed
by Glosten and Harris (GH) and calculate the mean values of INT(i), NINS(i), and
PREF(i) for each portfolio.

The results show that both internalized and non-inside volumes decrease with the
adverse-selection component, regardless of whether we estimate the adverse-selection
component using the LSB or GH models. For stocks that belong to the smallest
MVE portfolio, the mean value of INT for Portfolio 1 is 28.36% in November 2000,
whereas the corresponding value for Portfolio 5 is 23.1% when portfolios are formed
according to the adverse selection component estimated from the LSB model. The
difference in INT between Portfolio 1 and Portfolio 5 is statistically significant at the
1% level. Similarly, the mean value of NINS for Portfolio 5 is significantly smaller
than the corresponding value for Portfolio 1. As expected, the mean value of PREF
for Portfolio 5 is significantly smaller than the corresponding value for Portfolio 1.
The results are similar for other MVE portfolios. We obtain similar results when
we form portfolios according to the adverse selection component estimated from the
GH model. We obtain qualitatively identical results for June 2001. On the whole,
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Table 4 Order preferencing and the probability of information-based trading
We first classify our sample stocks into five portfolios according to the market value of equity (MVE).
Portfolio 1 contains stocks with the smallest MVE and Portfolio 5 contains stocks with the largest MVE.
We then classify stocks in each MVE portfolio into five portfolios based on the probability of information-
based trading (PIN). Portfolio 1 contains stocks with the lowest PIN and Portfolio 5 contains stocks with
the highest PIN. For each PIN portfolio within each MVE group, we calculate the mean values of INT(i),
NINS(i), and PREF(i), where INT(i) is the ratio of stock i’s internalized volume to its total volume, NINS(i)
is the ratio of stock i’s non-inside volume to its total volume, and PREF(i) = INT(i) + NINS(i). For brevity,
we report only the results for MVE portfolios 1, 3, and 5. Similarly, within each MVE portfolio, we report
the values of INT(i), NINS(i), and PREF(i) for PIN portfolios 1, 3, and 5. Numbers in parentheses are
t-statistics testing the equality of mean values between Portfolio 5 and Portfolio 1

Portfolios based on the probability of information-based trading (PIN)

MVE Portfolio PIN portfolio PIN(i) INT(i) (in %) NINS(i) (in %) PREF(i) (in %)

November 2000

Portfolio 1 Portfolio 1 0.0845 29.10 39.25 68.35

Portfolio 3 0.2735 27.35 35.65 63.00

Portfolio 5 0.5449 24.00 34.73 58.73

Portfolio 5 − 1 0.4604** −5.10** −4.52** −9.62**

(36.89) (−3.06) (−3.70) (−6.60)

Portfolio 3 Portfolio 1 0.0933 28.99 38.90 67.89

Portfolio 3 0.2771 25.01 37.24 62.25

Portfolio 5 0.5631 24.72 33.89 58.61

Portfolio 5 − 1 0.4698** −4.27** −5.01** −9.28**

(35.84) (−2.74) (−3.79) (−5.74)

Portfolio 5 Portfolio 1 0.0934 28.52 40.37 68.89

Portfolio 3 0.2774 25.06 37.27 62.33

Portfolio 5 0.5691 24.28 35.42 59.70

Portfolio 5 − 1 0.4685** −4.24** −4.95** −9.19**

(31.05) (−2.77) (−3.62) (−6.98)

June 2001

Portfolio 1 Portfolio 1 0.0686 27.24 39.16 66.40

Portfolio 3 0.2453 24.52 37.81 62.33

Portfolio 5 0.5366 22.60 35.50 58.10

Portfolio 5 − 1 0.4680** −4.64** −3.66** −8.30**

(31.89) (−2.99) (−2.87) (−6.52)

Portfolio 3 Portfolio 1 0.0585 26.79 39.63 66.42

Portfolio 3 0.2598 25.78 37.56 63.34

Portfolio 5 0.5139 22.44 35.61 58.05

Portfolio 5 − 1 0.4554** −4.35** −4.02** −8.37**

(37.92) (−2.83) (−3.03) (−6.50)

Portfolio 5 Portfolio 1 0.0693 24.65 40.90 65.55

Portfolio 3 0.2513 23.29 38.55 61.84

Portfolio 5 0.5188 20.73 36.09 56.82

Portfolio 5 − 1 0.4495** −3.92** −4.81** −8.73**

(34.55) (−2.76) (−3.23) (−6.76)

**Significant at the 1% level.
these results indicate that order preferencing decreases with the adverse-selection
cost.

4.2 Regression results

In this section, we provide further evidence on the relation between order preferencing
and the adverse-selection cost and risk using regression analysis. In particular, we

Springer



356 K. H. Chung et al.

Ta
bl

e
5

O
rd

er
p

re
fe

re
n

ci
n

g
an

d
th

e
ad

v
er

se
-s

el
ec

ti
o

n
co

m
p

o
n

en
t

o
f

th
e

sp
re

ad
W

e
fi

rs
t

cl
as

si
fy

o
u

r
sa

m
p

le
st

o
ck

s
in

to
fi

v
e

p
o

rt
fo

li
o

s
ac

co
rd

in
g

to
th

e
m

ar
k
et

va
lu

e
o

f
eq

u
it

y
(M

V
E

).
P

o
rt

fo
li

o
1

co
n

ta
in

s
st

o
ck

s
w

it
h

th
e

sm
al

le
st

M
V

E
an

d
P

o
rt

fo
li

o
5

co
n

ta
in

s
st

o
ck

s
w

it
h

th
e

la
rg

es
t

M
V

E
.

W
e

th
en

cl
as

si
fy

st
o

ck
s

in
ea

ch
M

V
E

p
o

rt
fo

li
o

in
to

fi
v
e

p
o

rt
fo

li
o

s
b

as
ed

o
n

th
e

ad
v
er

se
-s

el
ec

ti
o

n
co

m
p

o
n

en
t

ca
lc

u
la

te
d

fr
o

m
th

e
m

et
h

o
d

d
ev

el
o

p
ed

b
y

L
in

,
S

an
g

er
,

an
d

B
o

o
th

(L
S

B
(i

))
.

P
o

rt
fo

li
o

1
co

n
ta

in
s

st
o

ck
s

w
it

h
th

e
sm

al
le

st
ad

v
er

se
-s

el
ec

ti
o

n
co

m
p

o
n

en
t

an
d

P
o

rt
fo

li
o

5
co

n
ta

in
s

st
o

ck
s

w
it

h
th

e
la

rg
es

t
ad

v
er

se
-s

el
ec

ti
o

n
co

m
p

o
n

en
t.

F
o

r
ea

ch
L

S
B

p
o

rt
fo

li
o

w
it

h
in

ea
ch

M
V

E
g

ro
u

p
,

w
e

ca
lc

u
la

te
th

e
m

ea
n

va
lu

es
o

f
IN

T
(i

),
N

IN
S

(i
),

an
d

P
R

E
F

(i
),

w
h

er
e

IN
T

(i
)

is
th

e
ra

ti
o

o
f

st
o

ck
i’

s
in

te
rn

al
iz

ed
vo

lu
m

e
to

it
s

to
ta

l
vo

lu
m

e,
N

IN
S

(i
)

is
th

e
ra

ti
o

o
f

st
o

ck
i’

s
n

o
n

-i
n

si
d

e
vo

lu
m

e
to

it
s

to
ta

l
vo

lu
m

e,
an

d
P

R
E

F
(i

)
=

IN
T

(i
)
+

N
IN

S
(i

).
W

e
al

so
u

se
st

o
ck

s
in

ea
ch

M
V

E
p

o
rt

fo
li

o
to

fo
rm

fi
v
e

p
o

rt
fo

li
o

s
ac

co
rd

in
g

to
th

e
ad

v
er

se
-s

el
ec

ti
o

n
co

m
p

o
n

en
t

ca
lc

u
la

te
d

fr
o

m
th

e
m

et
h

o
d

d
ev

el
o

p
ed

b
y

G
lo

st
en

an
d

H
ar

ri
s

(G
H

(i
))

an
d

ca
lc

u
la

te
th

e
m

ea
n

va
lu

es
o

f
IN

T
(i

),
N

IN
S

(i
),

an
d

P
R

E
F

(i
)

fo
r

ea
ch

G
H

p
o

rt
fo

li
o

.
F

o
r

b
re

v
it

y,
w

e
re

p
o

rt
o

n
ly

th
e

re
su

lt
s

fo
r

M
V

E
p

o
rt

fo
li

o
s

1
,

3
,

an
d

5
.

S
im

il
ar

ly
,

w
it

h
in

ea
ch

M
V

E
p

o
rt

fo
li

o
,

w
e

re
p

o
rt

th
e

va
lu

es
o

f
IN

T
(i

),
N

IN
S

(i
),

an
d

P
R

E
F

(i
)

fo
r

L
S

B
an

d
G

H
p

o
rt

fo
li

o
s

1
,

3
,

an
d

5
.

N
u

m
b

er
s

in
p

ar
en

th
es

es
ar

e
t-

st
at

is
ti

cs
te

st
in

g
th

e
eq

u
al

it
y

o
f

m
ea

n
va

lu
es

b
et

w
ee

n
P

o
rt

fo
li

o
5

an
d

P
o

rt
fo

li
o

1

P
o

rt
fo

li
o

s
b

as
ed

o
n

th
e

L
S

B
m

o
d

el
P

o
rt

fo
li

o
s

b
as

ed
o

n
th

e
G

H
m

o
d

el

M
V

E
A

d
v
er

se
-s

el
ec

ti
o

n
L

S
B

(i
)

IN
T

(i
)

N
IN

S
(i

)
P

R
E

F
(i

)
G

H
(i

)
IN

T
(i

)
N

IN
S

(i
)

P
R

E
F

(i
)

P
o

rt
fo

li
o

co
st

p
o

rt
fo

li
o

(i
n

%
)

(i
n

%
)

(i
n

%
)

(i
n

%
)

(i
n

%
)

(i
n

%
)

N
o
v
em

b
er

2
0

0
0

P
o

rt
fo

li
o

1
P

o
rt

fo
li

o
1

0
.0

5
5

1
2

8
.3

6
3

9
.7

6
6

8
.1

2
0

.0
4

3
8

3
1

.1
4

3
8

.1
6

6
9

.3
0

P
o

rt
fo

li
o

3
0

.1
1

4
2

2
7

.5
2

3
6

.2
2

6
3

.7
4

0
.0

1
0

0
2

6
.2

5
3

5
.8

2
6

2
.0

7

P
o

rt
fo

li
o

5
0

.2
2

2
5

2
3

.1
0

3
5

.2
0

5
8

.3
0

0
.2

1
7

1
2

4
.3

2
3

4
.3

6
5

8
.6

8

P
o

rt
fo

li
o

5
−

1
0

.1
6

7
4

*
*

−5
.2

6
*

*
−4

.5
6

*
*

−9
.8

2
*

*
0

.1
7

3
3

*
*

−6
.8

2
*

*
−3

.8
0

*
−1

0
.6

2
*

*

(2
5

.5
4

)
(−

3
.2

0
)

(−
3

.6
6

)
(−

6
.8

7
)

(1
8

.3
5

)
(−

3
.9

3
)

(−
3

.8
0

)
(−

6
.9

1
)

P
o

rt
fo

li
o

3
P

o
rt

fo
li

o
1

0
.0

5
8

2
2

7
.5

6
3

9
.6

8
6

7
.2

4
0

.0
3

7
6

2
6

.9
6

3
9

.0
0

6
5

.9
6

P
o

rt
fo

li
o

3
0

.1
1

4
1

2
5

.3
9

3
7

.2
5

6
2

.6
4

0
.0

9
8

7
2

6
.0

7
3

7
.2

7
6

3
.3

4

P
o

rt
fo

li
o

5
0

.2
3

6
3

2
2

.6
3

3
5

.0
3

5
7

.6
6

0
.2

0
9

1
2

2
.1

2
3

5
.5

9
5

7
.7

1

P
o

rt
fo

li
o

5
−

1
0

.1
7

8
1

*
*

−4
.9

3
*

*
−4

.6
5

*
*

−9
.5

8
*

*
0

.1
7

1
5

*
*

−4
.8

4
*

*
−3

.4
1

*
*

−8
.2

5
*

*

(2
1

.4
9

)
(−

3
.0

7
)

(−
3

.6
0

)
(−

6
.5

1
)

(2
5

.7
9

)
(−

2
.9

9
)

(−
2

.8
9

)
(−

5
.3

3
)

P
o

rt
fo

li
o

5
P

o
rt

fo
li

o
1

0
.0

5
3

0
2

7
.1

8
4

1
.0

2
6

8
.2

0
0

.0
3

9
0

2
7

.9
0

4
1

.6
0

6
9

.5
0

P
o

rt
fo

li
o

3
0

.1
1

1
0

2
6

.8
5

3
6

.9
1

6
3

.7
6

0
.0

9
7

2
2

6
.3

6
3

6
.5

5
6

2
.9

1

P
o

rt
fo

li
o

5
0

.2
1

9
8

2
2

.4
2

3
4

.1
0

5
6

.5
2

0
.2

2
1

5
2

2
.6

9
3

4
.9

9
5

7
.6

8

P
o

rt
fo

li
o

5
−

1
0

.1
6

6
8

*
*

−4
.7

6
*

*
−6

.9
2

*
*

−1
1

.6
8

*
*

0
.1

8
2

5
*

*
−5

.2
1

*
*

−6
.6

1
*

*
−1

1
.8

2
*

*

(1
8

.0
7

)
(−

3
.1

0
)

(−
3

.9
5

)
(−

9
.0

1
)

(1
8

.3
2

)
(−

3
.2

9
)

(−
3

.6
8

)
(−

8
.3

1
)

Springer



Order preferencing, adverse-selection costs, and the probability of information-based trading 357

Ju
n

e
2

0
0

1

P
o

rt
fo

li
o

1
P

o
rt

fo
li

o
1

0
.0

5
5

0
2

7
.6

1
4

1
.4

3
6

9
.0

4
0

.0
3

8
4

2
8

.2
6

3
9

.9
7

6
8

.2
3

P
o

rt
fo

li
o

3
0

.1
1

4
1

2
5

.2
8

3
8

.1
0

6
3

.3
8

0
.1

0
1

5
2

5
.7

4
3

7
.4

4
6

3
.1

8

P
o

rt
fo

li
o

5
0

.2
4

6
7

2
1

.3
9

3
7

.0
9

5
8

.4
8

0
.2

6
6

5
2

2
.4

1
3

5
.3

7
5

7
.7

8

P
o

rt
fo

li
o

5
−

1
0

.1
9

6
7

*
*

−6
.2

2
*

*
−4

.3
4

*
*

−1
0

.5
6

*
*

0
.2

2
8

1
*

*
−5

.8
5

*
*

−4
.6

0
*

*
−1

0
.4

5
*

*

(1
7

.0
2

)
(−

3
.6

6
)

(−
3

.0
9

)
(−

7
.5

9
)

(2
2

.3
9

)
(−

3
.3

8
)

(−
3

.2
0

)
(−

6
.9

4
)

P
o

rt
fo

li
o

3
P

o
rt

fo
li

o
1

0
.0

6
5

1
2

7
.0

4
3

9
.8

8
6

6
.9

2
0

.0
4

7
4

2
7

.1
2

3
9

.7
7

6
6

.8
9

P
o

rt
fo

li
o

3
0

.1
1

6
7

2
5

.7
4

3
7

.4
1

6
3

.1
5

0
.1

0
2

4
2

5
.8

1
3

8
.1

9
6

4
.0

0

P
o

rt
fo

li
o

5
0

.2
4

6
4

2
2

.2
5

3
4

.7
0

5
6

.9
5

0
.2

4
2

9
2

2
.9

1
3

3
.8

2
5

6
.7

3

P
o

rt
fo

li
o

5
−

1
0

.1
8

1
3

*
*

−4
.7

9
*

*
−5

.1
8

*
*

−9
.9

7
*

*
0

.1
9

5
5

*
*

−4
.2

1
*

*
−5

.9
5

*
*

−1
0

.1
6

*
*

(2
2

.9
4

)
(−

3
.1

4
)

(−
3

.6
2

)
(−

8
.1

3
)

(1
6

.9
6

)
(−

2
.8

4
)

(−
4

.0
3

)
(−

7
.5

1
)

P
o

rt
fo

li
o

5
P

o
rt

fo
li

o
1

0
.0

5
4

5
2

5
.5

4
4

3
.0

2
6

8
.5

6
0

.0
4

6
9

2
6

.0
1

4
2

.2
1

6
8

.2
2

P
o

rt
fo

li
o

3
0

.1
1

5
6

2
3

.5
2

3
8

.3
3

6
1

.8
5

0
.1

0
1

9
2

2
.1

0
3

8
.9

5
6

1
.0

5

P
o

rt
fo

li
o

5
0

.2
5

5
8

2
0

.1
6

3
6

.8
2

5
6

.9
8

0
.2

4
4

1
2

1
.7

1
3

6
.7

6
5

8
.4

7

P
o

rt
fo

li
o

5
−

1
0

.2
0

1
3

*
*

−5
.3

8
*

*
−6

.2
0

*
*

−1
1

.5
8

*
*

0
.1

9
7

2
*

*
−4

.3
0

*
*

−5
.4

5
*

*
−9

.7
5

*
*

(1
9

.1
8

)
(−

3
.3

5
)

(−
4

.1
4

)
(−

9
.7

7
)

(1
7

.7
4

)
(−

2
.8

6
)

(−
3

.6
6

)
(−

6
.8

2
)

*
*

S
ig

n
ifi

ca
n

t
at

th
e

1
%

le
v
el

.

Springer



358 K. H. Chung et al.

examine whether the negative relation between order preferencing and the adverse-
selection cost/risk shown in the previous section remains intact when we control for
the effects of other variables that might influence order preferencing.

Chung, Chuwonganant, and McCormick (2004) show that the proportion of trades
executed by dealers not quoting at the inside is higher for stocks with smaller trade
sizes, higher share prices, lower trading volumes, and higher H-INDEX. The authors
also show that the proportion of internalized trades is higher for stocks with larger trade
sizes, larger trading volumes, lower share prices, larger spreads, and lower H-INDEX.
They explained these results based on the fact that (1) common qualification for pref-
erencing contracts includes small orders and orders on stocks with a certain minimum
price; (2) institutional brokers have large internalized volumes and their trade sizes
tend to be greater than those of wholesalers or wirehouses;11 (3) institutional brokers
are more likely to trade high volume stocks than low volume stocks; (4) stocks with
concentrated market shares have lower quote-based competition; and (5) stocks with
larger non-inside volumes have smaller internalized volumes and vice versa.

Chung, Chuwonganant, and McCormick (2004) also show that the extent of or-
der preferencing depends on dealer types. Institutional brokers frequently act as both
dealer and broker for their clients, who are primarily large institutions. Consequently,
institutional brokers have large internalized volumes. Integrated national firms (i.e.,
wirehouses) tend to have large retail brokerage forces. Thus, an integrated firm gen-
erates substantial order flows that are executed by the market-making arm of the firm.
Preferencing arrangements are more frequently made with wholesalers (than with in-
stitutional brokers and wirehouses) because wholesalers tend to specialize in small
retail orders. Chung, Chuwonganant, and McCormick show that the proportion of
internalized trades is greater for institutional brokers and wirehouses, but smaller for
wholesalers. Conversely, the proportion of non-inside trades is smaller for institutional
brokers and wirehouses, but greater for wholesalers.

Based on these considerations, we employ the following regression model to
examine how order preferencing is related to the adverse-selection cost and the
probability of information-based trading after controlling for the effects of stock
characteristics/dealer types:

INT(i, j), NINS(i, j), or PREF(i, j) = β0 + β1LSB(i)(or GH(i)) + β2PIN(i)

+ β3 log(PRICE(i)) + β4 log(NTRADE(i)) + β5 log(TSIZE(i))

+ β6 log(MVE(i)) + β7H-INDEX(i) + β8 log(SPRD(i))

+ β9DUMIB( j) + β10DUMWH( j) + β11DUMWS( j) + ε(i, j); (8)

where INT(i, j) is the ratio of stock i’s internalized volume routed to dealer j to
its total volume executed by dealer j , NINS(i, j) is the ratio of stock i’s non-
inside volume executed by dealer j to its total volume executed by dealer j ,
PREF(i, j) = INT(i, j) + NINS(i, j), LSB(i) and GH(i) denote the adverse-selection
components of stock i calculated from the methods developed by Lin, Sanger, and

11Examples of institutional brokers are Donaldson, Lufkin and Jenrette, and Goldman Sachs. Examples of
wholesalers are Kinght/Trimark Securities and Mayer & Schweitzer. Wirehouses are integrated retail and
full discount brokers, such as Dean Witter Reynolds and Merrill Lynch.
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Booth (1995) and Glosten and Harris (1988), respectively, PIN(i) is the probability
of information-based trading for stock i , PRICE(i) is the average quote midpoint of
stock i , NTRADE(i) is the average daily number of trades of stock i , TSIZE(i) is the
average dollar trade size of stock i , MVE(i) is the market value of equity of stock
i , H-INDEX(i) is the Herfindahl-index, SPRD(i) is the quoted spread of stock i ,
DUMIB( j) equals one for institutional brokers and zero otherwise, DUMWH( j)
equals one for wirehouses and zero otherwise, and DUMWS( j) equals one for whole-
salers and zero otherwise. We classify dealers into these types according to dealer
categories provided in Huang (2002).

Table 6 shows the regression results. The results show that all three measures of order
preferencing, INT(i, j), NINS(i, j), and PREF(i, j), are significantly and negatively
related to both measures (i.e., LSB(i) and GH(i)) of the adverse-selection component
of the spread. Similarly, the regression results show that all three measures of order
preferencing decrease with the probability of information-based trading. These results
are consistent with our conjecture and support the idea that brokers route orders with
low adverse-selection costs/risks to affiliated dealers (i.e., internalization) or dealers
with payment for order flow arrangements.

The results show that the NINS(i, j) is significantly and positively related to share
price and the Herfindahl-index and negatively to trade size and number of trades.
In contrast, INT(i, j) is significantly and positively related to trade size and number
of trades and negatively to share price and the Herfindahl-index. We find that both
INT(i, j) and NINS(i, j) are positively related to the spread. We also find that INT(i, j)
is significantly and positively related to the dummy variables for institutional brokers
and wirehouses, but negatively related to the wholesaler dummy variable. Conversely,
NINS(i, j) is negatively related to the dummy variables for institutional brokers and
wirehouses, but positively related to the dummy variable for wholesalers.12

These results are all consistent with the findings of Chung, Chuwonganant, and
McCormick (2004) and support the idea that the extent of order preferencing varies
with stock characteristics and dealer types.13 The positive relation between INT(i, j)
and the spread is also consistent with the finding of Chung, Chuwonganant, and
McCormick (2004) that there exists a positive and bi-directional relation between the
spread and the proportion of internalized trades.14

12Note that while the regression model explains 25.6% (24.4%) of variation in NINS(i, j) (INT(i, j)), it
explains only 2.7% of variation in PREF(i, j). The lower explanatory power for the PREF(i, j) model is
largely due to the fact that our common explanatory variables have opposite effects on the two components
(i.e., NINS(i, j) and INT(i, j)) of PREF(i, j).
13To the extent that INT increases with the adverse-selection component of the spread, the size of non-
adverse selection components (order processing cost, inventory cost, and dealer rent) of the spread is likely
to be positively related to INT. To confirm this, we first obtain the non-adverse selection component by
subtracting the adverse selection component from the total spread. We then regress the non-adverse selection
component on INT and stock characteristics that are believed to determine the spread. Consistent with our
expectation, we find that the non-adverse selection component is significantly and positively related to INT.
14Chung, Chuwonganant, and McCormick (2004) hold that the positive relation between INT(i, j) and the
spread may be driven by the fact that brokers have an incentive to route large-spread stocks to their affiliated
dealers. They also note that investors sometimes value immediate liquidity more than price improvement in
stocks with higher internalization. That is, internalization can be high in high-spread stocks because demand
for immediate liquidity is high. Investors can also choose to trade “net” to a greater degree in stocks with
high internalization, which implies that the effective spread includes an implicit commission. The authors
also predict a positive relation between NINS(i, j) and the spread.
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To determine whether the relation between order preferencing and the adverse
selection cost/risk differs between high- and low-activity stocks, we cluster our study
sample of stocks into three portfolios according to the number of trades. We then
replicate Table 6 using only the low-activity stocks (i.e., Portfolio 1) and the high-
activity stocks (i.e., Portfolio 3), respectively. We find that the results are qualitatively
similar between the two groups, although the relation between order preferencing and
the adverse-selection cost/risk is slightly stronger for the low-activity stocks.15

5 Summary and concluding remarks

Dealers expose themselves to informed traders when they offer firm quotes that any
trader can take. Hence, dealers quote wider spreads than they would quote if they
traded only with uninformed traders. Uninformed traders who trade at quoted prices
therefore are indirectly hurt by the presence of informed traders because of the wider
spreads that they must pay.

Payments for order flow can benefit uninformed traders when dealers can determine
who they are. If dealers can skim the cream of the order flow through order preferencing
arrangements, brokers are likely to charge uninformed traders lower commissions in
compensation for the high spreads that they pay. That is, brokers are likely to route only
those orders from uninformed traders to dealers with payments for order flow agree-
ments and pass on the order flow payments to uninformed traders in the form of lower
commissions. According to this theory, we expect that the extent of order preferenc-
ing decreases with the adverse-selection cost and the probability of information-based
trading. Our empirical results are generally consistent with this prediction.

Although prior research shows that stocks with higher levels of preferenced orders
have wider spreads, the ultimate effect of order preferencing on investor welfare is not
so obvious. To the extent that execution costs of uninformed traders are reduced by
lower commissions, the net effect of order preferencing on overall execution quality
can be positive. In addition, preferencing may improve other dimensions of market
quality, such as speed of execution and reliability. Although accurate quantification
of these benefits is difficult and beyond the scope of the present study, the results of
this study suggest that order preferencing could be an efficient way to deal with the
problems associated with asymmetric information in the securities markets.
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