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When a market order arrives, the NYSE specialist can offer a price one tick better
than the limit orders on the book and trade for his own account. Alternatively, the
specialist can “stop” the market order, which means he guarantees execution at
the current quote but provides the possibility of price improvement. My model
shows that specialists can use stops to sample the future order flow before making
a commitment to trade. I present empirical evidence that both stops and immediate
price improvement impose adverse selection costs on limit order traders.

Supporters of the NYSE claim that the role of the specialist is to facilitate
trade; he is there to jump in when there is too little liquidity to prevent
unwarranted swings in the price. In addition, supporters claim that the spe-
cialist helps to bring buyers and sellers together in cases where neither is
comfortable with unilaterally exposing the size of their desired trade. Fi-
nally, supporters insist that the specialist’s own trading activity gives better
execution prices to incoming orders because the specialist must improve
the best available limit order price in order to trade for his own account.
Detractors claim that, if anything, the specialist gets in the way of willing
buyers and sellers, and that the specialist’s own trading activity worsens
the adverse selection cost borne by the limit order traders. Supporters of
the NYSE counter that this type of activity is controlled by the exchange’s
own regulations, including periodic specialist performance evaluations. The
purpose of this article is to shed some light on this debate.

In this article, I model the interactions between market participants, in-
cluding the NYSE specialist, “liquidity”1 traders who trade for portfolio
reasons, and profit-motivated outsiders who trade either because they have
superior information, or because the design of the exchange allows them
to profitably compete with the specialist. In my model, trading is driven by
the exogenous demands of the informed and liquidity traders. In this frame-
work, trading is inherently a zero-sum game, so it is not possible to make
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definitive welfare comparisons between different market structures. To do
so would require an understanding of how each trader’s demands change in
response to changes in the market mechanism. In spite of this limitation, my
model provides important insights into the competition between the NYSE
specialist and the limit order traders, and it allows a comparison between
the NYSE and an electronic limit book from the standpoint of the trading
costs and/or trading profits for each type of market participant.

One of the main differences between the structure of the NYSE and that
of an open electronic limit book is the ability of the NYSE specialists (and
floor traders) to set their pricing schedules after seeing some of the order
flow. Posted limit orders are precommitted to trade, and they are the sole
suppliers of liquidity in an open electronic limit book. In contrast, the NYSE
specialist has the option to trade for his own account by offering a price that
is one tick2 better than the best limit order. In addition, the specialist can
“stop” the incoming market order, which means he guarantees execution at
the current posted quote but provides the market order with a chance for
price improvement. Once he has stopped a market order, the specialist can
observe the subsequent order flow before making the decision of whether
to trade for his own account.3

Liquidity traders who use market orders on the NYSE appear to bene-
fit from stops and immediate price improvement, at least as compared to
certain execution at the posted quote. In order to compare the NYSE with
an electronic limit book, however, it is also necessary to understand how
the specialist’s activity affects where the limit order traders choose to place
their orders. The theoretical model that I use to make this comparison is an
extension of Easley and O’Hara (1992b). The model contains a risk-neutral
specialist, liquidity traders whose demands are random and exogenously
determined, and informed traders who use market orders to trade if the mar-
ket price differs from their valuation based on a private signal. The model
allows the specialist to stop incoming market orders. There is price discrete-
ness, so if the specialist wishes to trade for his own account he must offer
price improvement of one tick compared to the best limit order.

The equilibrium position of the limit orders depends on their motivation,
and I consider two types of limit order traders. Those of the first type
simply supply liquidity in an attempt to make profits, whereas those of the
second type are committed to trade but are using limit orders instead of
market orders in an attempt to lower their expected execution cost. The
second type of limit order trader faces the risk that the limit order won’t

2 Prior to June 1997, the minimum price tick was $1/8 for most NYSE stocks. In June 1997, the NYSE began
trading and quoting in $1/16 increments (“teenies”) as a first step toward trading in decimal increments.

3 Note that the specialist’s learning in this article is from passive observation of the order flow. This is in
contrast to the active learning modeled by Leach and Madhavan (1993). In their article, the specialist
adjusts the quotes and observes the resulting change in the order flow.
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execute, forcing him to follow up with a market order at an inferior price.
I first calculate the equilibrium assuming limit order traders are all of the
first type (called a “profit-motivated” equilibrium), and then I calculate the
equilibrium assuming both types are present (a “combined” equilibrium).

My analysis of the model focuses on the parameter values for which the
limit order traders optimally place their orders one or two ticks apart under
the current rules of the NYSE. These cases should be the most interesting
ones from the standpoint of a market designer or regulator, because spreads
wider than two ticks are relatively rare,4 and a one tick spread is the min-
imum possible. Regardless of the motivation assumed for the limit order
traders, the model shows that market order traders tend to benefit from the
specialist’s ability to stop orders, even after allowing for the fact that the
limit order prices would sometimes be more aggressive if stops were forbid-
den. Of interest, the liquidity traders receive a much larger benefit from the
stops than the informed traders. This is because an informed trader’s order
is more likely to be followed by more orders of the same type, so a stopped
order from an informed trader is unlikely to receive price improvement.

I test the empirical implications of the model using the TORQ database,
which is a 3-month sample of trades, quotes, and SuperDOT orders for 144
NYSE firms.5 Nearly 30% of the market orders in this sample were stopped,
so while the practice is common, it is by no means automatic. As predicted by
my model, I find that orders that are kept from hitting the quotes, by either
a stop or immediate price improvement, are those that would have been
the most profitable for the limit order traders. Moreover, the magnitudes
of these adverse selection effects are in line with the model’s predictions.
As predicted by my model, I also find that stops aremostcommon in $1/4
spread markets when the last trade was at the midpoint of the current spread.

The remainder of this article is organized as follows. In Section 1, I
develop the model of the specialist’s optimal use of stops and immediate
price improvement, examine the costs and benefits of stops for each type
of market participant, and develop the empirical implications. Section 2
describes the data used for this study and presents some summary statistics.
I present the empirical tests of the model’s predictions in Section 3, and
Section 4 shows that the results from Section 3 can be used to improve
the estimation of expected execution prices. Section 5 concludes. Most
derivations are included in the appendix. Results that are referenced but not
shown are available on request.

4 This is certainly true for the November 1990–January 1991 period examined in this article, and for the
January 1995 data examined by Ross, Shapiro, and Smith (1996). With the advent of a $1/16 minimum
tick in June 1997, it remains to be seen how frequently spreads are larger than two ticks.

5 Harris and Hasbrouck (1996) provide summary statistics on stopped market orders for this sample, but
do not investigate the determinants of the specialist’s decision.
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1. A Model of the Specialist’s Strategic Behavior

1.1 Background and Related Literature
The adverse selection problem facing limit orders is modeled by Glosten
(1994), Dupont (1995), Seppi (1995), and Rock (1996). It stems from the
fact that limit orders will only execute against orders that are large enough to
clear all orders ahead of them on the book and will always execute against
all orders that are larger. In my model, there is always enough depth at
the first limit price to handle the incoming order. Accordingly, whereas the
primary focus of these earlier models is the specialist’s decision to clean up
the remainder of an order at a particular price, the main focus of my model
is the specialist’s decision to provide an execution price that is better than
all of the limit orders.

Limit order competition with the specialist is examined empirically by
Handa and Schwartz (1996) and Harris and Hasbrouck (1996). Handa and
Schwartz (1996) use simulated limit order trades to show that providing liq-
uidity using limit orders could be profitable, whereas Harris and Hasbrouck
(1996) use actual limit order submissions and show that such a strategy
would not be profitable. As the authors of both articles point out, one pos-
sible explanation for their conflicting results is that Handa and Schwartz’s
methodology implicitly assumes that the presence of the limit orders will
not affect the prices of executed trades. The evidence presented in this arti-
cle suggests that the presence of limit orders will affect the specialist’s use
of stops and price improvement, and that the result of this behavior will be
lower profit for the limit orders.

1.2 Model Assumptions
There are four types of market participants: the specialist, limit order traders,
liquidity traders, and informed traders. Of these, the simplest are the liquid-
ity traders who randomly submit market buy or sell orders for reasons that
are exogenous to the model. These orders convey no information about the
value of the security. As in Easley and O’Hara (1992b), there is uncertainty
about whether an information event has occurred. If there has been an infor-
mation event, informed traders randomly arrive at the market and buy (sell)
if the ask (bid) price is below (above) their private valuation of the security.

I assume that all orders are for the same number of shares, which sim-
plifies the exposition and the numerical solutions of the model. The cost of
this simplification is that the model ignores the informed traders’ incentive
to use larger order sizes to capitalize on their information. Indeed, Knez and
Ready (1996) show that larger orders are much less likely to receive price
improvement. I address this issue empirically by investigating the impact
of order size on the specialist’s decision to stop an order. Extension of the
model to allow for multiple order sizes, perhaps along the lines of Easley
and O’Hara (1992a), is a possible direction for future research.
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Limit order traders submit orders to buy and sell the security before any
trading occurs. Since the limit order traders move first, the model can handle
a variety of motives for their trading. It could be that they trade only for
expected profit, or it could be that they are committed to trade and are using
a limit order (followed by a market order if necessary) as a way to reduce
their expected cost of trading. In the latter case, their trades could result in
expected losses, but these losses should be lower than those incurred by the
liquidity traders. I discuss this issue in more detail in the next section.

I assume that the limit order traders are unable to determine where their
orders sit in the queue. Thus, when they solve the model to determine where
their orders should be placed, they consider only the average expected profit
(or loss) for all of the orders placed at that price, and there are always
enough limit orders at that price to handle incoming market orders. The
reality of the NYSE is that the limit book is neither completely opaque nor
completely transparent. Although specialists will often provide information
about the book to floor brokers who request it, there are both explicit and
implicit restrictions placed on the behavior of the broker who is given this
information. In addition, the status of the limit order book is not readily
available to traders away from the floor. In 1993, after the data used in this
article were collected, the NYSE improved the SuperDOT system to allow
limit order traders at the quote to find out how many shares are ahead of their
order on the book by issuing a “how stand” request. It would be interesting
to use more recent data to see whether limit order traders use this feature
and cancel their order when they learn of traders ahead of them.

The model hasT + 1 time periods, indexed byt ∈ {0,1,2, . . . , T}. At
the start of period 0 the limit order traders submit orders to buy and sell,
and then the specialist posts the quotes. All prices are restricted to a discrete
grid of eighthsP ≡ {.125n: n ∈ N}, whereN is the set of natural numbers.
The limit orders cannot be withdrawn until after the trade (if any) is cleared
at timet = T . This assumption captures the real problem that it is costly
to continuously monitor limit orders, and is consistent with the empirical
observation that few limit orders are withdrawn. In the database used for
this article, I find that only 21% of day limit orders are withdrawn before
they have executed, whereas 60% have at least partial execution and 19%
expire at the end of the day with no executions.

The specialist’s objective is to maximize expected profits, and he sets bid
and ask prices based on the limit orders and his own willingness to trade.
He must give price priority to the limit orders, and can stop an incoming
market order. In order to focus solely on the competition with the limit
orders, I assume the specialist has no obligations imposed on him by the
exchange. Accordingly, the specialist will always set his ask and bid quotes
equal to the limit buy and sell orders, and can always earn zero expected
profit by never trading. I also assume that the specialist stops an order
whenever he is indifferent between stopping and letting it trade with the
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limit book. This last assumption can be motivated on one of two grounds:
the specialist may simply be more concerned with the interests of the market
order traders, or he may rationally use this strategy to discourage aggressive
limit orders.

As in Easley and O’Hara (1992b), I assume that the liquidity traders and
informed traders use only market orders.6 If their decisions were explicitly
modeled, the exclusive use of market orders by both types of traders might
be optimal if they were sufficiently risk averse. Moreover, informed traders
would tend to favor the certain execution available with market orders to
avoid the risk that their information might become public before their order
executes.

The specialist and the limit order traders share the same initial beliefs
concerning the two possible future values of the security (VL and VH ),
the probabilities of these valuesn0 and (1− n0), the probability that an
information event had occurrede0 (in which case the informed traders know
whether the value isVL or VH ), and the probabilities of arrivals of buyers
and sellers. I assume that market spreads are tight enough so that it always
makes sense for the informed traders to trade. Without price discreteness,
this is always weakly true because limit order competition would drive the
bid price to at leastVL and the ask price to at mostVH .

In order to simplify the model, I assume that the specialist can only stop
orders arriving at timet < T , so att = T all orders must be cleared
against his own account or against the limit orders. This provides a clean
ending for the problem to make the recursive calculation of the optimal
strategy unambiguous. Since periodT contains this artificial restriction
on the specialist’s behavior, I focus on the predictions of the model for
periods 1 throughT−1. I also assume that the specialist trades only against
arriving market orders, which simplifies the model but may be ignoring
some interesting strategies that the specialist could follow. In particular, if
the limit orders can’t be withdrawn and several orders arrive in the same
direction, this might convey enough information so that the specialist would
like to trade against the limit orders himself.

I assume that at most one market order arrives in each time period. The
first possible order arrival is at the end of period 0, and the last is at the
end of periodT − 1. Figure 1 shows the sequence of events, including
limit order placement, market order arrivals, and specialist decisions. If no
information event has occurred, then the probability of a (liquidity trader)
buyer arriving is given bybN and the probability of a seller arriving is given
by sN . Accordingly, if no information event has occurred the probability of
no arrival at each time period iszN = (1− bN − sN). If an information

6 Chakravarty and Holden (1995) provide conditions under which it will be optimal for an informed trader
to simultaneously submit a market order and a limit order in a single-period model.
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Figure 1
The sequence of events
Limit orders are placed at the start of time zero. Market orders arrive at the end of periods 0,1,2, . . . , T−1.
Specialist decisions are made at the start of periods 1,2, . . . , T .

event has occurred, then the corresponding probabilities arebL , sL , andzL

if V = VL , and they arebH , sH , andzH if V = VH .
Although differences in buy and sell arrival rates are potentially inter-

esting, preliminary analysis of solutions to the model showed that the most
important parameters are the relative intensities of informed and liquidity
trading. Accordingly, in all of the numerical solutions that follow I restrict
the parameters by assuming that liquidity buyers and sellers are equally
likely (bN = sN), that informed trader volume is simply added to that of the
liquidity traders (sH = sN andbL = bN), and that the intensity of informed
buying after positive events equals the intensity of informed selling after
negative events (bH = sL ). Given these assumptions, the arrival rates can
be fully characterized by specifying the probability of no trade following
no event and the probability of no trade following an information event.

1.3 The Specialist’s Problem
Let A denote the ask price andB the bid price as defined by the positions
of the limit sell and buy orders. Given these order positions, the specialist
chooses an optimal strategy for handling market buy and sell orders in each
period. If a market order arrives in the first period, he can allow it to execute
with the corresponding limit order (at the quoted bid or ask), he can take
the other side of the order at a price $1/8 better than the quote, or he can
stop the order.

If no order arrives in the first period he does nothing. The decisions in any
subsequent period will be predicated on whether an order arrives, as well as
what has happened over the prior periods. If there are stopped orders at the
start of the period, then an arriving order in the other direction automatically
crosses with one of the stopped orders. The specialist then decides whether
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to execute any uncrossed order and/or any remaining stops, and if executed
whether to trade for his own account or to let the limit book trade.

The specialist’s dynamic programming problem can be described as fol-
lows [see Bertsekas (1976)]:

Random order arrival:
(at end of periodt)

wt , t = 0,1, . . . , T − 1where

wt = −1 denotes a sell order
wt = 0 denotes no arrival
wt = 1 denotes a buy order

State vector:xt =


x1

t = stopped orders from periodt − 1 plus (or net
of) the order arriving at the end oft − 17

x2
t = vector of order history through the end of

t − 1



Control vector:ut (xt ) =


u1

t = number of shares bought in periodt
u2

t = number of shares sold in periodt
u3

t = number of shares stopped in periodt
(negative for sell orders)

u4
t = number of shares crossed with the

limit orders in periodt


Admissible control laws:π = {u1(x1),u2(x2), . . .uT (xT )} where each

ut (xt ) is constrained as follows:

if x1
t ≥ 0 thenu1

t = 0 and 0≤ u2
t ≤ x1

t .

if x1
t < 0 thenu2

t = 0 and 0≤ u1
t ≤ −x1

t .

u2
t − u1

t + u3
t + u4

t = x1
t .

if t = T thenu3
t = 0.

System equations:x0 =
(

0
∅

)
, xt+1 =

(
u3

t + wt

(x2
t , wt )

8

)

7 A positive (negative) value denotes stopped buy (sell) orders.
8 (x2

t , wt ) denotes the row vector(w0, w1, . . . , wt ). For all t , there are 3t possible histories, so a scalar
value can be used to represent the history by lettingx2

0 = 1 andx2
t+1 = 3x2

t + wt − 1.
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Objective9: chooseπ to maximize

Jπ = E0

[
T∑

t=1

u2
t (xt )

{
(A− .125)− Et [V | x2

t ]
}

+
T∑

t=1

u1
t (xt )

{
Et [V | x2

t ] − (B+ .125)
}]
. (1)

To complete the definition of the problem, it is necessary to calculate the
probability measurePt (·|xt ) for the random order arrivals and the condi-
tional expectation of firm value used in the above objective function. As
shown in the appendix, these can be calculated using Bayes’ rule.

1.4 The Role of Stops in the Specialist’s Optimal Policy
The optimal policy can be solved recursively for a particular position (ask
A and bidB) of the nearest limit orders. By Bellman’s principle of opti-
mality, the optimal policy defines an optimal value functionJt (xt ) with the
following property:

Jt (xt ) = max
ut

[
u2

t (xt ){(A− .125)− Et [V | x2
t ]}

+ u1
t (xt ){Et [V | x2

t ] − (B+ .125)}
+ Et [ Jt+1(xt+1) | xt ,ut ]

]
. (2)

Equation (2) is used to recursively determine optimal policy for a given
combination of parameters.

One can also use Equation (2) to illustrate the conditions under which
stops will be a part of the specialist’s optimal policy. Consider the situation
depicted in Figure 2, that is, an ask price of $30.125, a bid price of $29.875,
no orders stopped from periodt − 1, and a sell order arrived at the end of
periodt − 1. This means thatx1

t = −1 and the specialist’s choices forut

are

ut =

1
0
0
0

 or ut =

 0
0
−1

0

 or ut =

 0
0
0
−1


(specialist buy) (stop) (cross with limit orders)

9 As shown in Appendix A, Section A.1, this value function is equivalent to the expectation of the total
value of the specialist’s position as of periodT (net of purchase costs plus sales revenues).
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Figure 2
The specialist’s decision tree
The diagram illustrates the specialist’s potential choices in periodst and t + 1 assuming there are no
stopped orders from periodt − 1 and that a market sell order arrived at the end of periodt − 1.

The corresponding right-hand side values for Equation (2) are{
Et
[
V | x2

t

]− $30.00
}

+Et

[
Jt+1

(
wt

(x2
t + wt )

)
| xt

]
(specialist buy)

Et

[
Jt+1

(−1+ wt

(x2
t + wt )

)
| xt

]
(stop)

Et

[
Jt+1

(
wt

(x2
t + wt )

)
| xt

]
(cross with limit orders)

Since they both result in the same value forJt+1, the choice between the
specialist buying for his own account or crossing the order with a limit buy
simply depends on whether the current expected value of the security is
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above the midpoint. In Figure 2, the timet expected value is drawn to be
above the midpoint, so in this case the specialist will prefer buying for his
own account to letting the incoming market sell order cross with a limit buy.

It is easiest to see the trade-off between stopping and immediate execution
in periodt if one temporarily assumes that stopping in periodst + 1 and
forward is not part of the optimal policy (which is always the case for
t + 1 = T , because stops are not allowed in the last period). With that
assumption, the difference in value between a stop and an immediate buy
in periodt can be written as (see appendix)

value(stop)− value(buy)
(no stops after periodt)

= −Pr
{
wt = 1 | x2

t

}
max

[
$30.00− Et+1

[
V | x2

t , wt = 1
]
,0
]

+ Pr
{
wt = 0 | x2

t

}
max

[
Et+1

[
V | x2

t , wt = 0
]− $30.00,0

]
+ Pr

{
wt = −1 | x2

t

}
max

[
Et+1

[
V | x2

t , wt = −1
]− $30.00,0

]
− {Et

[
V | x2

t

]− $30.00
}
. (3)

In order to improve readability, the periodt + 1 expected values have been
written as conditioned jointly on the order flow through the start of period
t and the order arriving at the end of periodt . It would be equivalent to
condition on the order flow through the start of periodt + 1.

The first conclusion that can be drawn from Equation (3) is that stopping
the incoming sell order will be suboptimal if the next period’s expected
value of the securityEt+1[V | x2

t , wt ] will be above the midpoint after all
three possible values forwt . In this case, the first term on the right-hand
side of Equation (3) equals zero and the second and third terms are positive.
As shown in the appendix, Equation (3) then simplifies to

−Pr
{
wt = 1 | x2

t

} {
Et+1

[
V | x2

t , wt = 1
]− $30.00

}
,

which is negative. A stop in this situation merely runs the risk that a profitable
trade will be lost if a buy order arrives at the end of periodt and is crossed
with the stopped sell.

A stop has potential value if the sampling of the future order flow allows
the specialist to avoid undesirable trades. In Figure 2, the expected value of
the security is below the midpoint in periodt+1 if a sell order arrives at the
end of periodt , so a stop could be valuable in periodt . Continuing with the
assumption that there will be no stops fromt + 1 forward [Equation (3)],
and assumingEt+1[V | x2

t ,1] > 30, Et+1[V | x2
t ,0] > 30, andEt+1[V |

x2
t ,−1] < 30, the appendix shows that stopping a sell is optimal at the start

of periodt if and only if

Et+1
[
V | x2

t , wt = 0
]− $30.00≥ Et [V | x2

t ] − $30.00

Pr{wt = 0 | x2
t }

. (4)
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Equation (4) illustrates two more conditions that are required for a stop
to be preferred over immediate execution. First, it implies thatEt+1[V |
x2

t , wt = 0] > Et [V | x2
t ], which means that no order arrival is a positive

signal for value. The expected value drifts back toward the ex ante value
following no order arrival, so Equation (4) implies that stopping a sell can
be optimal in periodt only if the ex ante value is above the spread midpoint
(in fact, it must be aboveEt [V | x2

t ]). The second implication follows from
the fact that Pr{wt = 0 | x2

t } < 1. This means that Equation (4) will tend to
hold only when the current value is near the midpoint, so the potential profit
from an immediate trade, given byEt [V | x2

t ] − $30.00, is fairly small.
Figure 2 depicts a case whereEt [V | x2

t ] − $30.00 > 0, so that im-
mediate execution is preferred to crossing with the limit orders. Stops
can also be optimal whenEt [V | x2

t ] − $30.00 < 0, provided the ex-
pected security value drifts above the midpoint following no order, that is,
Et+1[V | x2

t , wt = 0]− $30.00> 0. This will tend to occur only when the
periodt expected value is not too far below the midpoint.

Before turning to the determination of the equilibrium position of the
limit orders, it is important to address the impact of the assumption that the
specialist stops a market order whenever he is indifferent between stopping
and letting the order trade with the limit orders. In so doing, I first continue
with the assumptions that the spread is $1/4, a sell arrived at the end of
periodt−1, and no stops will be used after periodt . In this case, indifference
between a stop in periodt and another action is relatively rare. I then address
the case of a $1/8 spread, and explain why indifference between stops and
other actions is much more common.

It turns out that it doesn’t really matter how one handles the specialist’s
indifference between stopping and trading for his own account, because this
almost never happens. In the example depicted in Figure 2, the specialist
will be indifferent only if Equation (4) holds with strict equality, which
would be very unusual.10 If, however,Et [V | x2

t ], Et+1[V | x2
t , wt = 0],

and Et+1[V | x2
t , wt = −1] are all less than the spread midpoint and

Et+1[V | x2
t , wt = 1] is greater than the spread midpoint, then the specialist

is indifferent between stopping the market sell order and letting it trade with
the limit orders. The reason for this indifference is that the specialist can
tell in period t that he will never be interested in trading in periodt + 1.
Accordingly, he can stop the order in periodt and then let any remaining net
order cross with the limit orders in periodt+1. In the numerical simulations
described below, 8% of the stops in $1/4 spread markets occur when the
specialist is indifferent between stopping and letting the order cross with a
limit order.

10 To be more concise, if we consider repeated solutions of the model where in each case the ex ante
expected value is drawn from any continuous distribution at time zero, then strict equality in Equation 4
has probability zero.
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When the spread is $1/8, it is much “more common” for the specialist to
be indifferent between stopping an order and letting it trade with the limit
orders. This is because the specialist must pay the askA to purchase for his
own account and will only receive the bidB when he sells. Continuing with
the assumptions that a sell order is available fromt − 1 and that no stops
will be used beyond periodt , the specialist will be willing (indifferent) to
stop the sell providedEt [V | x2

t ], Et+1[V | x2
t , wt = 0], and Et+1[V |

x2
t , wt = −1] are all less than the askA and Et+1[V | x2

t , wt = 1] is
greater than the bidB. In the numerical simulations below, about 70% of
the orders are stopped in $1/8 spread markets, and over 99.9% of these
stops occur when the specialist is indifferent. Accordingly, stops due to
the specialist’s strict preference would almost never occur in $1/8 spread
markets. Empirically, about 21% of the orders were stopped in $1/8 spread
markets, which is less than predicted by the model. Accordingly, it may be
the case that specialistssometimesstop when they are indifferent. I return
to this issue below after defining the equilibrium position of the limit orders
and describing the numerical simulations.

1.5 Equilibrium Position of the Limit Orders
I consider two related definitions for the equilibrium position of the limit
orders. My first definition of an equilibrium assumes that all of the limit order
traders are motivated only by the potential profit from supplying liquidity.
Thus, aprofit-motivatedequilibrium is a pair of askA and bidB such that
the following conditions are satisfied:

Condition 1. The T limit orders on each side of the market make nonneg-
ative average expected profit given the specialist acts optimally.

Condition 2. For any other ask A′ and bid B′ with A′ − B′ < A − B,
Condition 1 does not hold.

Some limit order traders may be committed to trade and may be using
limit orders as a way to reduce their expected execution costs. If such traders
are also present, then the expected profit condition needs to be augmented
with a comparison of expected execution prices between a committed limit
order trader and an uninformed liquidity trader who uses a market order.
For this calculation, I impute a fill price for the limit orders that don’t
execute through periodT by assuming any unexecuted limit orders trade
at the ex post expected value, rounded up to the nearest eighth for buy
orders and down to the nearest eighth for sells.11 Realized execution prices
are calculated for each possible complete order sequencex2

T , and then the

11 Consistent with the earlier assumption that limit orders don’t know where they sit in the queue, execution
prices are averaged across theT limit orders on each side of the market that comprise the initial limit
book.
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expectation is calculated using the ex ante probabilities of eachx2
T . I define

a combinedequilibrium as a pair of askA and bidB such the following
conditions are satisfied:12

Condition 3. For the T limit orders on each side of the market, either
the average expected execution price for committed limit orders placed at
that price is no worse than the average expected execution price for the
uniformed market orders, or the average expected profit for limit orders
placed at that price (with no forced execution) is nonnegative.

Condition 4. For any other ask A′ and bid B′ with A′ − B′ < A − B,
Condition 3 does not hold.

For any parameter combination, the combined equilibrium spread will
be at least as narrow as the profit-motivated equilibrium spread. This is
because the profit-motivated traders are present in both cases. Although
the committed limit order traders may seem to be more “aggressive” than
the profit-motivated limit order traders, for some parameter combinations,
combined equilibria are supported by profit-motivated traders on one or both
sides of the market. In these cases, the imputed fill price for limit orders
that don’t execute through periodT is bad enough and the probability of
nonexecution is high enough so that the committed traders would be better
off using market orders.

In an actual market, one might expect that the resulting spreads would
tend to be narrower than the profit-motivated equilibrium, because it would
be reasonable for some liquidity traders to consider limit orders as a way to
improve their expected execution prices. On the other hand, actual spreads
might tend to be wider than the combined equilibrium, because the above
definition implicitly ignores the greater price volatility faced by the limit
order traders as compared to the market order traders. These committed
traders might be willing to accept a slightly worse than expected execution
price if it came with much lower variance.

1.6 Numerical Simulations
I solve for the specialist’s optimal policy for the following set of parameter
combinations:

2 = {θ = (T, γ,e0,n0, zN, zH , δ) such that

T ∈ {3,4,5} (number of periods)

γ = VH − VL ∈ {$2,$4,$6,$8,$10}
(magnitude of the information event)

e0 ∈ {.02, .04, .06, .08, .10} (probability of an information event)

12 This equilibrium definition is in the same spirit as the “ecology” described by Handa and Schwartz (1996).
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n0 ∈ {.2, .3, .4, .5, .6, .7, .8} (probability that the value is low)

zN ∈ {.2, .4, .6, .8} (probability of no trade following no event)

zH (= zL) ∈ {.03, .06, .09, .12, .15, .18}
(probability of no trade following an event)

δ = [n0VL + (1− n0)VH ] − P0 ∈ {±$.01,±$.02. . . ,±$.06},
for someP0 ∈ P (difference between the ex ante value and

the nearest value on the price grid)}
The price parameterP0 given above can be chosen arbitrarily, because the
specialist’s objective function [Equation (1)] will be invariant to translations
of A, B, VL , andVH by any constant. Figure 2 is drawn so thatP0 = $30.00,
and for the sake of discussion I will assumeP0 = $30.00 for the remainder
of the article.

Hopefully I have chosen the ranges of the parameters to be broad enough
to include what most readers would consider to be “reasonable” values. The
number of periods is constrained by computational considerations, as well
as by the belief that although limit orders may not be revised after every
trade, they will begin to react after a few trades. The position of the ex
ante value relative to the closest point on the price grid spans all possible
values. The magnitude and probability of an information event are both
bounded below by zero. The upper bounds are chosen based on qualitative
observation of actual NYSE trading. Price moves of $10 are extremely rare
for NYSE stocks. In addition, it is hard to imagine that the probability of
a substantial information event known only to a subset of traders is much
greater than 10% at any point in time. Finally, the possible combinations
of zN andzH (zL ) range from very informative order flow (zN = .8 and
zH = .03), where most traders after an information event are informed, to
very uninformative order flow (zN = .2 andzH = .18).

I solve for the specialist’s optimal policy for each of the 3×5×5×7×4×
6×12= 151,200 elements of2 and up to three different pairs of askA and
bid B. I first assume thatA−B = $1/8 and thatA andB bracket the ex ante
value, and I solve for the specialist’s optimal policy. For each equilibrium
definition, if the $1/8 spread is not an equilibrium, then I move on to
consider the two possible pairs ofA andB with A− B = $1/4 that bracket
the ex ante value. If both $1/4 spreads are equilibria, then I choose the one
where the ex ante value rounds to the midpoint. If neither is an equilibrium,
then I simply classify the equilibrium for the parameter combination as
“wider than 1/4.” Let 0(E, S) denote{θ : θ ∈ 2 and S ∈ {1/8,1/4, >
1/4} is an equilibrium of typeE ∈ {profit-motivated, combined}}. Table 1
classifies all of the elements of2 according to whether a $1/8 spread
represents a profit-motivated and/or a combined equilibrium, and if not,
whether the limit orders whould be placed $1/4 apart or wider than $1/4.
As an example using the set notation, the value in the first column of the
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Table 1
Profit-motivated and combined equilibria

Combined equilibrium spread

Profit-motivated Wider than
equilibrium spread $1/8 $1/4 $1/4 Total

$1/8 26,452 0 0 26,452
(100/86.2) (0.0/0.0) (0.0/0.0) (100/17.5)

$1/4 4,240 22,970 0 27,210
(15.6/13.8) (84.4/89.5) (0.0/0.0) (100/18.0)

Wider than $1/4 6 2,684 94,848 97,538
(0.0/0.0) (2.8/10.5) (97.2/100.0) (100/64.5)

Total 30,698 25,654 94,848 151,200
(20.3/100) (17.0/100) (62.7/100) (100/100)

The table summarizes the results of equilibrium calculations for 151,200
combinations of the parameters. The rows of the table separate the parameter
combinations based on equilibrium spread using the profit-motivated equilibrium
definition. The columns of the table separate the parameter combinations based
on the combined equilibrium definition. Numbers in parentheses give the number
in the cell as a percent of the row and then as a percent of the column.

second row is the number of elements in{θ : θ ∈ 0(profit-motivated,1/4)
andθ ∈ 0(combined,1/8)}. The table shows that the range of parameters
used is broad enough to cover all of the possible situations.

Let2[·] denote the restriction of2 to a particular subset based on the
condition given in the brackets. For example,2[T = 3] equals{θ : θ ∈
2 and T = 3}. To check whether any of the parameter ranges are too
large, I recalculate Table 1 for2[T = 3], 2[T = 4], 2[T = 5], 2[γ =
2], . . . , 2[zH = .18]. I do not consider the restrictions on the parameterδ,
because I believe that in any reasonable model the difference between the
ex ante value and the nearest point on the price grid will evolve randomly
through time. I find that in each of these 3+ 5+ 5+ 7+ 4+ 6= 30 cases,
all of the sets0(E, S)[·] are nonempty. These results (not shown) indicate
that none of the parameter values are individually unreasonable and that
the existence of the various equilibria are not unduly sensitive to particular
parameters.

1.7 Do Stops and Immediate Price Improvement Help Liquidity
Traders?

As mentioned above, the impact of stops and price improvement on the
trading costs of the uniformed liquidity traders depends not only on the
average price improvement received, but also on how these actions affect
the equilibrium spread between the limit orders. Table 2 examines various
market statistics in order to compare the NYSE market structure (with both
stops and immediate price improvement) to a specialist market where stops
are forbidden only in $1/8 spread markets, to a specialist market where
stops are completely forbidden, and to a pure electronic limit book (no
stops and no immediate improvement).
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Table 2
Comparison of alternative market structures

Effective spread Profit/market order

Quoted Limit
Market structure spread Uninformed Informed orders Specialist

Panel A: $1/8 spread is a profit-motivated equilibrium (26,452 parameter combinations)
NYSE 0.1250 0.0553 0.0665 0.0200 0.0001
No stops with $1/8 spread 0.1250 0.1231 0.1246 0.0526 0.0001
No stops at all 0.1250 0.1231 0.1246 0.0526 0.0001
Pure limit book 0.1250 0.1250 0.1250 0.0529 0.0000

Panel B: $1/4 spread is a profit-motivated equilibrium (27,210 parameter combinations)
NYSE 0.2500 0.1478 0.1703 0.0342 0.0084
No stops with $1/8 spread 0.1909 0.1371 0.1533 0.0399 0.0030
No stops at all 0.1909 0.1596 0.1704 0.0491 0.0028
Pure limit book 0.1895 0.1895 0.1895 0.0645 0.0000

Panel C: $1/8 spread is a combined equilibrium (30,698 parameter combinations)
NYSE 0.1250 0.0562 0.0676 0.0179 0.0001
No stops with $1/8 spread 0.1250 0.1222 0.1237 0.0497 0.0001
No stops at all 0.1250 0.1222 0.1237 0.0497 0.0001
Pure limit book 0.1250 0.1250 0.1250 0.0505 0.0000

Panel D: $1/4 spread is a combined equilibrium (25,654 parameter combinations)
NYSE 0.2500 0.1469 0.1709 0.0277 0.0096
No stops with $1/8 spread 0.1276 0.1141 0.1209 0.0264 0.0012
No stops at all 0.1276 0.1150 0.1216 0.0267 0.0012
Pure limit book 0.1260 0.1260 0.1260 0.0306 0.0000

Equilibrium spreads are calculated for each of the 151,200 parameter combinations using both
equilibrium definitions. Each panel is restricted to those combinations that result in the particular
equilibrium spread size using the particular equilibrium definition, and assuming the NYSE
structure with stops and price improvement. For each parameter combination in the panel,
equilibrium spreads are recalculated assuming no stops are allowed when the spread is $1/8,
then assuming that no stops are allowed at all, and finally assuming that no stops or immediate
price improvement are allowed (a pure limit book). Table values are simple averages across all
parameter combinations included in the panel. The effective spread columns reflect the expected
average purchase price minus the expected average selling price. The profit/market order columns
reflect the expected total profit divided by the expected number of market orders.

The four panels in the table reflect the four parameter sets:0(profit-
motivated,1/8), 0(profit-motivated,1/4), 0(combined,1/8), and0(com-
bined,1/4). Note that these parameters are chosen based on the equilibrium
that would occur assuming full use of stops and price improvement, which
is reflected in the first line of each panel. Without changing the parameter
set, the remaining lines of each panel assume that restrictions are placed on
the specialist’s actions and that the spread between the limit orders adjusts
accordingly. All values in the table are calculated for each parameter value
(see the appendix for details) and then averaged across all of the parameter
values for the panel.

Assume for the moment that situations where we observe a spread ofS
are equally likely to be the result of any one of the parameter combinations
contained in0(E, S) for one of the two equilibrium definitionsE. With
this assumption, comparisons of the rows in each panel of Table 2 gives
an indication of the potential impact of a change in market structure on
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the trading costs of the uninformed traders. For example, if the limit order
traders are purely profit-motivated (panels A and B), then the uninformed
traders prefer the NYSE market structure to a pure limit book. Uninformed
traders who would be transacting in stocks with a $1/4 spread under the
NYSE market structure might prefer a rule change that forbids stops in $1/8
spread markets. This is because this rule change might encourage tighter
limit orders, and they would still get the benefit of stops if the limit orders
remain at $1/4. The cost of such a change is the lost price improvement
from stocks where the spread is already $1/8 under the NYSE structure.
As long as the situations resulting in a $1/8 spread are more common than
those resulting in $1/4, the NYSE market structure will result in the lowest
average effective spreads for uninformed traders. The same conclusion holds
if the limit order spread is determined by a combined equilibrium (panels C
and D of Table 2).

As mentioned above, the large amount of price improvement in $1/8
markets shown in Table 2 is a result of the assumption that the specialist uses
stops when he is indifferent. If this assumption did not hold, then forbidding
stops in $1/8 markets might be much less costly to the uninformed traders
than would appear from panels A and C. The assumption, however, is also an
important determinant of the impact of forbidding stops shown in panels B
and D, because forbidding stops is less likely to cause the limit order spread
to tighten. A recalculation of Table 2 under the assumption that stops are
only used when they are strictly preferred (not shown) yields the same
ultimate conclusion that the NYSE market structure would yield the lowest
average effective spread for the uninformed traders.

I test whether the conclusions drawn from Table 2 are robust over different
“regions” of the sets0(E, S) by recalculating Table 2 for each of 30 subsets
of the parameter space given by2[T = 3],2[T = 4],2[T = 5],2[γ =
2], . . . , 2[zH = .18]. For each of these parameter restrictions, as long as
one assumes that at least as many orders arrive in $1/8 spread markets as in
$1/4 spread markets, the NYSE market structure results in lower average
effective spreads for the uninformed traders than the other three market
structures.

Table 2 shows that stops, and to a lesser degree immediate price improve-
ment, have a differential impact on the trading costs of the uninformed and
informed traders. The uninformed traders are much more likely to receive
price improvement from stops than the informed traders, and the reason
is simple. Suppose you are a buyer and your order has been stopped. The
specialist is waiting to make sure your order is not followed by another
buy before he offers price improvement. If you are uninformed, then the
likelihood of a buy in the next period is no greater than the likelihood of a
sell, and the likelihood of no trade is fairly high. On the other hand, if you
are informed, then there is a much higher chance that your order will be
followed by another buy.
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Table 3
Theoretical limit order profit and potential profit

$1/4 spread is a

Profit-motivated Combined
equilibrium equilibrium

(27,210 parameter (25,654 parameter
Order Handling combinations) combinations)

Immediately at bid or ask $0.0606 $0.0508
Stopped, then at bid or ask 0.0607 0.0517
Stopped, then at midpoint with specialist 0.1398 0.1417
Stopped, then at midpoint due to cross 0.1415 0.1434
Immediately at midpoint with specialist 0.1496 0.1531

For each possible order sequence and each market order in the sequence, the profit for
orders that trade against the limit orders is calculated by comparing the initial trade price
(which equals the limit price) to the ex post expected value conditioned on the order
sequence. Similarly, potential profit (the last three rows in the table) is calculated for
market orders that aren’t allowed to execute against the limit orders by comparing the
limit price to the ex post expected value conditioned on the order sequence. Limit order
profits (potential profits) are averaged across all the market orders, weighting by the ex
ante probability of each order sequence. Orders that arrive when there is already a stopped
order and those that arrive in the last period are excluded.

Values in the table are simple averages across all parameter combinations in each
column.

1.8 Empirical Predictions of the Model
I focus on the predictions of the model for cases where the equilibrium
spread is $1/4 and I restrict my attention to periods where there was no
open stop. Exchange rule 116 currently states that specialists are required
to update their quotes when an order is stopped and the spread at the time
of the stop was greater than the minimum tick size. For example, if the sell
order depicted in Figure 2 was stopped, the rule would require that the ask
quote be reduced to $30.00. This rule was not binding during the period
covered by my sample, but the practice was followed approximately 10%
of the time.

In order to examine the adverse selection cost that the specialist’s be-
havior imposes on the limit orders, I calculate the limit order trader’s ex
post profit from each market order that is allowed to trade with the limit
orders. I also examine the market orders that execute against the specialist
or another market order, and I calculate the potential profit that the limit
orders would have made had they been allowed to trade with these orders.
Table 3 shows the pattern in these profits as a function of the five possible
ways the order could have been handled. The first column shows the average
across0(profit-motivated,1/4) and the second across0(combined,1/4). In
averaging across parameter combinations, I exclude cases where the par-
ticular order handling never occurs. This has a relatively minor effect on
the averages, because most parameter combinations exhibit all five possible
cases.

Table 3 shows that orders that are allowed to execute against the limit
orders tend to be the least profitable, including both those that are imme-
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diately allowed to execute and those that are first stopped. Orders that are
immediately improved by the specialist are those that would have given the
limit orders the highest profit had they been allowed to trade. I also recal-
culate Table 3 for the 30 restricted parameter sets2[·], and the results are
quite consistent across all of these restricted sets.

The discussion in Section 1.5 indicates that in $1/4 spread markets, most
stops should occur when the expected value of the security is close to the
midpoint. This feature is not directly testable, because the expected value
is unobservable. Accordingly, I focus on the related and testable prediction
that nearly all stops should occur when the last trade was at the midpoint of
the spread. The easiest way to understand this result is to consider the cases
when the last trade wasnot at the midpoint. First, when a buy (sell) order
arrives and the last trade price was at the ask (bid), the model predicts that
the specialist will nearly always let the order execute immediately against
the limit orders. Note that he could have traded the previous buy (sell)
order at the midpoint of the spread for his own account, but evidently did
not. Another order in the same direction should make him more worried
that there has been an information event, and therefore even less anxious to
trade for his own account. The second case is when a buy (sell) order arrives
and the last trade price was at the bid (ask). Here the model predicts that the
specialist will be much more likely to offer immediate price improvement
than to stop the order. This is because a stop runs the risk that the profitable
trading opportunity will be lost if another market order arrives and crosses
with the stopped order.

By comparing the stop frequencies from the model to those observed in
the data, I am implicitly assuming that the data represent the model being
repeated many times in sequence. Unfortunately the model does not address
how each set of trading periods joins with the next. In particular, there is
no definition of the last trade price before the limit order set in period 0.
I handle this problem by counting the stop frequencies in two ways. First,
when using all of the orders, I assume the last trade price before time 0
was equal to the rounded ex ante value of the security. Second, I also report
the results for only those orders that arrive after a trade has occurred in an
earlier period.

Table 4 shows the average frequencies of immediate executions, stops,
and immediate improvements, for each of the three possible last trade prices.
I define the “receiving” side of the quote as the ask (bid) when the in-
coming market order is a buy (sell). Panel A of Table 4 reflects the aver-
age across0(profit-motivated,1/4) and panel B reflects the average across
0(combined,1/4). The table shows that when the specialist follows the opti-
mal policy given by the model, the frequency of stops is quite high when the
last trade price was at the midpoint of the spread, but otherwise is very low.
Furthermore, the frequency of stops following midpoint trades is nearly the
same when the first order to arrive is excluded. Recalculation of Table 4 using
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Table 4
Theoretical frequencies of stops and immediate improvement

All trades Excluding first trades

Immed. Immed. Immed. Immed.
Last trade price at quote Stopped improved at quote Stopped improved

$1/4 spread is a profit-motivated equilibrium (27,210 parameter combinations)
Other side 0.02% 1.46% 98.52% 0.02% 1.42% 98.56%
Midpoint 49.71 31.87 18.43 48.36 40.38 11.26
Receiving side 99.96 0.04 0.00 99.96 0.04 0.00

$1/4 spread is a combined equilibrium (25,654 parameter combinations)
Other side 0.02% 2.22% 97.76% 0.02% 1.54% 98.44%
Midpoint 49.70 31.36 18.95 48.60 40.09 11.30
Receiving side 99.95 0.05 0.00 99.95 0.05 0.00

The model is used to calculate the specialist’s initial order handling decisions assuming the
limit orders are placed $1/4 apart. For each individual parameter combination and each category
of last trade price, the frequency calculations reflect the ex ante probabilities of each possible
sequence of orders. The results in the table are the equally weighted averages of these frequency
calculations across all of the parameter combinations in each category. The “receiving” side
is the ask (bid) when the incoming market order is a buy (sell).

the restricted parameter sets2[·] yields very consistent results. In fact, for
every individual parameter combination where stops are part of the optimal
strategy, the stop frequency is highest when the last trade was at the midpoint.

2. Data

2.1 The TORQ Database
The data used in the study are from the TORQ database, available from
the NYSE. The database covers a 3-month period from November 1990
through January 1991 for a sample of 144 firms. These firms were selected
by partitioning all NYSE firms into size deciles and then randomly selecting
15 firms from each decile. Some data problems encountered after the initial
selection was made caused six firms to be dropped from the final sample. In
addition to intraday consolidated trade and quote information, the database
contains information on the parties on each side of a trade and a record of
all orders submitted to the floor by way of the NYSE’s SuperDOT system.

Importantly, the SuperDOT order information includes the time that each
order was submitted, the time when it was executed, and whether it was
stopped. The primary drawback of this sample is that not all market or-
ders arrive at the post via the SuperDOT system. Larger orders, and those
that require “special handling” are more likely to avoid the SuperDOT sys-
tem entirely and be hand carried to the specialist’s post by a floor broker.
Since this routing decision presumably depends on a broker’s assessment
of current market conditions, there are clearly selection biases at work.

I use a sample of SuperDOT market orders from TORQ to evaluate the
determinants of the specialist’s decision to stop market orders. In order to
determine the corresponding quotes, it is important to have a good idea
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when the specialist first became aware of the order. Most market orders
entered in the SuperDOT system are immediately routed to the specialist’s
post and appear on a monitor visible to both the specialist and his trading
assistant. In contrast, some orders are first routed to a broker’s booth located
along the edge of the trading floor. Sometimes these orders are forwarded
electronically to the specialist’s post and sometimes they are hand carried
to the post by a floor broker to be “worked.” Although most of these orders
will ultimately arrive at the post within 3 minutes of when they entered
SuperDOT, there is no way to accurately determine the quote in effect
when the order was first presented to the specialist. Fortunately, the TORQ
database includes a field indicating whether the order was first routed to a
broker’s booth, and I exclude these market orders (0.3% of all SuperDOT
market orders) from my sample.

2.2 Building the Limit Book
The TORQ database includes all limit orders submitted to the floor over
SuperDOT, as well as any hand carried to the post that were subsequently
electronically entered in the limit order book. The database also tracks
executions and cancellations of these orders, so it is possible to build a
picture of the limit book at each point in time [see also Kavajecz (1997)].
The biggest problem with this picture is that some limit orders may be
left at the post and never “officially” entered in the limit book.13 With the
available data, there is no good way to automatically handle this problem;
it must always be kept in mind when interpreting test results that are based
on the apparent lack of a limit order at the current quote.

Another problem in building the limit book is that some orders are can-
celed without the proper record appearing in the database. A single such
order with a “stale” price can result in a long sequence of market orders
for which the position of the nearest limit order information is incorrect. I
try to minimize this by automatically deleting any limit order when a trade
execution occurs on the NYSE that is 1 minute after the limit order is en-
tered on the book and the trade price is such that it would violate the price
priority of the limit order (for example a trade at $1/8 below a limit buy
order). This results in the automatic deletion of approximately 5% of the
limit orders entered in the book. In part these instances represent reporting
lags; about 20% of these orders had an execution or cancellation record
within 60 seconds of the automatic deletion.14

13 Sometimes specialists will be given “participation” orders. These orders request to be included as part of
many trades throughout the day. They are often entered by traders whose execution is evaluated against
the average trade price for the day. These are not enterable in the book, but are often at least partially
reflected in the quote size.

14 For “all-or-none” limit orders, theoretically there can be trades past the limit price if the quantity is small.
However, only 2% of the automatic deletions were all-or-none orders.
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2.3 Sample Summary Statistics
Table 5 summarizes the sample definitions and presents some statistics on
the frequencies of stops and price improvement for various categories of
the TORQ market orders. For a few orders in the sample (1.3%), a portion
of the order was executed immediately, and the balance was stopped. These
are included in the nonstopped category. Most importantly, the data show
how common stops are in this sample. The specialists stopped about 20%
of market orders submitted at $1/8 spread and about 40% at $1/4 and
$3/8 spreads.15 Although all of the analysis in this article combines buy
and sell orders, in all tests separate analyses of buy and sell orders yielded
qualitatively similar results.

The first line of Table 5 shows that 332,569 SuperDOT market orders
were sent directly to the specialist’s post after the open while there was a
good quote posted by the specialist.16 Section 3 empirically tests the model’s
predictions as presented in Tables 3 and 4. For these tests, the sample is
restricted to those orders where the quoted spread is $1/4, both sides of
the quote reflect the nearest known limit orders, there are no quotes from
competing exchanges inside the NYSE quote, and none of the previous
stopped SuperDOT market orders remains open. This sample, called the
“model sample” in Table 5, consists of 19,053 market orders.

In order to try to ensure that timing and reporting problems are not driving
the results, I repeat each of the analyses in Tables 6 and 7 of Section 3
using a subsample of market orders for which there was no change in the
current quote during the 30-second period before the order arrived and there
was no other SuperDOT traffic in the 60-second interval centered on the
order’s arrival. I also restrict the sample by deleting any order larger than
the 95th percentile for each firm. This last sample, referred to as the “stable
situations” sample, consists of 7,940 market orders. Although the various
screens do eliminate some of the 144 TORQ firms, a total of 129 firms are
represented in both the model sample and the stable situations subsample.

It is important to note that by restricting the sample to match the model,
I am only focusing on cases where the specialist is using stops and price
improvement in direct competition with the limit orders. There are other
explanations for these actions that are tied to the structure and rules of
the NYSE. As evidence of these other explanations, note that of the 24,971

15 Ross, Shapiro, and Smith (1996) examine a sample of SuperDOT orders from January 1996, and they
find that 12% of orders at $1/8 spread were stopped and 21% of orders at greater than $1/8 spread were
stopped. Apparently, while the practice is still common, the frequency has declined. They also examine the
relation between stops and price improvement and find results similar to those shown in Table 5. Evidence
of the importance of stops in providing price improvement is also given Angel (1994) and Harris and
Hasbrouck (1996).

16 This sample excludes orders if there was missing trade volume or execution price data, or if the average
execution price differed from the quote by $1 or more. In total, all of the screens applied (primarily the
requirement that the order arrived between the open and close) eliminate 12% of the SuperDOT market
orders.
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Table 5
TORQ sample and subsamples

Percent receiving
price improvement

Percent Not
Sample criteria Number stopped Stopped stopped

SuperDOT market orders, routed directly to post 332,569 28.8% 55.1% 22.2%
during continuous trading, with a good quote,
and that pass the error screens

Less orders at other than $1/4 NYSE quoted spread
$1/8 spread 196,411 20.8 41.3 5.1
$3/8 spread 17,788 41.3 68.4 63.9
All other 2,004 37.4 69.6 49.0

Orders with $1/4 NYSE quoted spread 116,366 40.2 64.7 53.6

Less orders that don’t meet the model’s conditions
“Hidden” limit order inside the NYSE quote 38,777 38.0 65.5 64.0
No limit order at the quote on the receiving side 24,971 36.7 56.0 37.5
No limit order at the quote on the other side 14,642 39.8 63.7 44.3
Receiving side ITS quote inside NYSE quote 5,166 48.1 82.2 84.7
Other side ITS quote inside NYSE quote 5,586 47.5 63.7 47.7
Prior stop still open 8,171 63.2 62.1 80.6

“Model” sample 19,053 35.1 71.8 48.9

Less orders with a change in the current quote up 11,113 34.0 73.7 53.5
to 30 seconds before arrival, or other SuperDOT
traffic within 30 seconds either before or after
arrival, or order size greater than the 95th
percentile for the firm

“Stable situations” subsample 7,940 36.6 69.4 42.1

The NYSE quoted spread is measured as of the time the order entered the SuperDOT system. Orders
that were partially executed immediately, with the balance of the order stopped (1.3% of the sample)
are included in “Not stopped.” The “receiving” side is the ask (bid) when the market order is a buy
(sell).

orders that arrived when there was no apparent limit order on the “receiving”
side of the market, 56% were stopped. In these cases, the specialist was
providing the inherent price guarantee against his own account, which would
be inconsistent with the profit-maximizing behavior assumed in the model.
Also, the table shows that of the 5,166 orders that arrived when there was a
better Intermarket Trading System (ITS) quote on the receiving side, 82%
were stopped. NYSE specialists often try to find an NYSE contra party to
meet the better ITS quote, but even when they send the order directly across
the ITS, they routinely stop the order at the NYSE quote. In these cases the
stop provides an electronic record that some action has been taken, and the
order is guaranteed at least the NYSE quote if the ITS quote is withdrawn.
As discussed in Section 3, even the “model” sample shows evidence of other
motives for stops and immediate price improvement.

In Section 4, I show that the results of Section 3 can be used to improve
the estimation of expected execution price that was developed by Knez and
Ready (1996). Market participants do not have limit book information, so
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Table 6
Observed limit order profit and potential profit

Limit order profit
(or potential profit) Number

Relative of market
Market order handling 5 min. One day size orders

Model sample (19,053 market orders)
Executed immediately at quote 0.080 0.044 1.73 6,319
Stopped, then executed at quote 0.078 0.001 1.45 1,885
Stopped and improved (crossed with)
• Other than SuperDOT Market Order 0.133 0.114 1.47 3,264
• SuperDOT Market Order 0.119 0.088 0.85 1,542
Immediately Improved 0.139 0.150 1.28 6,043

Stable situations sample (7,940 market orders)
Executed immediately at quote 0.098 0.066 1.11 2,914
Stopped, then executed at quote 0.095 0.015 1.04 889
Stopped and improved (crossed with)
• Other than SuperDOT Market Order 0.133 0.126 1.00 1,419
• SuperDOT Market Order 0.121 0.099 0.81 600
Immediately Improved 0.134 0.150 0.89 2,118

The first two columns compare the quote at the time of the order arrival to the midpoints
of quotes 5 minutes and 1 day later. These columns show the potential profit to the limit
orders if the order had been allowed to execute at the quote, so for incoming buy orders
they are (current ask− subsequent midpoint) and for incoming market sells they are
(subsequent midpoint− current bid). For each firm, average order size is computed
across all of the orders in the stable situations sample. This average is used to normalize
each of the orders for that firm in both the model and the stable situations samples. The
Relative size column reflects the averages of these normalized values across all of the
orders in each category.

Statistical significance is judged at the 5% level in a two-tailed test using Monte
Carlo simulations that control for potential differences across firms. For the model
sample, all of the comparisons of values within each column are statistically significant
exceptfor the following: in the 5-minute profit column, the difference between the
values 0.080 and 0.078; in the 1-day column, the difference between the values 0.044
and 0.088; in the 1-day column, the difference between the values 0.114 and 0.088; in
the 1-day column, the difference between the values 0.114 and 0.150; and in the relative
size column, the difference between the values 1.45 and 1.47.

this estimation uses only trade and quote data. Accordingly, the analysis in
Section 4 is based on all of the 116,366 orders that arrived when the NYSE
quoted spread was $1/4.

3. Empirical Tests of the Model

3.1 Adverse Selection Costs
As shown in Table 3, the model predicts that stops and immediate price
improvement will impose an adverse selection cost on the limit orders. To
test this prediction, Table 6 separates the orders in the model and stable sit-
uation samples into categories based on how they were ultimately handled.
For each category, the table reports the average profit or potential profit, cal-
culated by comparing the limit price at the time each market order arrived
to the midpoints of subsequent quotes, measured 5 minutes and one trading
day later. The table also reports the average normalized size for the orders
in each category, where the normalization uses the average order size for

1099



The Review of Financial Studies / v 12 n 51999

Table 7
Observed frequencies of stops and price improvement

Last NYSE trade price No stop or Immediate
relative to the NYSE quoted Number of price price

spread orders improvement Stopped improvement

Model sample (19,053 market orders)
Other side 1,875 20.0% 29.2% 50.8%
Midpoint 12,971 21.9 42.4 35.7
Receiving side 2,910 89.5 7.2 3.3
Other 1,297 38.9 33.4 27.8

Stable situations sample (7,940 market orders)
Other side 998 20.2% 32.3% 47.5%
Midpoint 4,874 24.6 45.9 29.6
Receiving side 1,283 92.1 6.7 1.2
Other 785 42.5 33.6 23.8

The NYSE quoted spread is measured as of the time the order entered the SuperDOT system.
Orders that were partially executed immediately, with the balance of the order stopped, are
counted as not stopped. The ”receiving” side is the ask (bid) when the market order is a buy
(sell). The ”other” category primarily reflects cases where there was no earlier trade price
for the day.

Statistical significance is evaluated using Monte Carlo simulations that control for
cross-firm differences. For the model sample, all differences in percentages between rows
are significant at the 5% level in two-tailed tests with two exceptions. The 33.4% stop
percentage for the other category is not significantly different from the 29.2% for the other
side category, and the 27.8% immediate improvement percentage for the other category is
not significantly different from the 35.7% for the midpoint category.

all of the firm’s orders included in the stable situations sample. Statistical
significance for the differences between the values in the rows of the ta-
ble is calculated using Monte Carlo simulations that control for cross-firm
differences (see appendix). For these tests, the null hypothesis is that the
statistics may differ across firms, but for each firm the expected value is
constant across the categories.

The results in Table 6 are roughly consistent with the predictions in
Table 3. As expected, the specialist immediately allows a market order to
trade against a limit order only in the cases that are least profitable for
the limit orders. There are, however, two apparent inconsistencies between
Tables 3 and 6. The model predicts that market orders that are stopped but
then later allowed to trade at the quote should be slightly better than those
that immediately execute against the limit orders, because in the former
case the specialist at least considered trading for his own account at a price
$1/8 better than the limit order. Table 6 shows that these orders are the least
profitable, particularly using the one-day measure.

The model also predicts that when stops are used, the potential profit
should be higher when future price improvement results from crossing with
another market order than it is when it results from a specialist trade. This
result follows from the fact that an order arrival that is in the other direction
from the stopped is generally a stronger signal for value than the lack of
an order. I am unable to separately identify the specialist’s trades, but I can
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tell from the audit data whether an order crossed with another SuperDOT
market order. Accordingly, I separate stopped orders that were subsequently
improved into two categories: those that crossed with SuperDOT market
orders,17and all others. Specialist trades are in the “all other” category, but so
are trades crossed with a market order that is hand-carried by a floor broker.
Table 6 shows that orders in the “all other” category seem to have slightly
higher potential profit than those that crossed with SuperDOT market orders.
Possibly this indicates that market orders that bypass the SuperDOT system
and are hand-carried to the post are relatively more informative.

Although the model does not address trade size, the “relative size” column
in Table 6 indicates a clear association between order size and the specialist’s
handling of the order. I return to this issue in Section 3.3 below.

3.2 Conditioning on Last Trade Price
Table 7 shows the frequencies of various order handling decisions as a
function of the position of the last NYSE trade price. Stops are most common
when the last trade was at the midpoint of the spread, which is consistent
with the model’s prediction as shown in Table 4. When the last trade was
at the midpoint of the spread, the observed price improvement frequency is
somewhat larger than predicted. In some cases, this price improvement may
represent crossing with stopped market orders that could not be detected in
the database because they were not routed through the SuperDOT system.
In other cases, the price improvement may be provided by a floor broker
“working” an order at the post.

The model predicts that when the last trade was on the side of the spread
that would receive the incoming order, the order will nearly always execute
immediately at the quote. When the last trade was on the other side, the
model predicts that the specialist will nearly always provide immediate price
improvement. These extreme predictions are a result of the assumption that
the order flow is the specialist’s only source of information. The results in
Table 7 for the receiving and opposite side categories are not as clear-cut as
the model’s predictions, which may indicate that the specialist is responding
to other sources of information besides the order flow.

Hasbrouck, Sofianos, and Sosebee (1993) assert that specialists use stops
in $1/4 spread markets to avoid price changes of more than $1/8. Table 7
shows that about 30% of the orders are stopped when the last trade was
on the other side of the spread. In these cases, immediate execution at
the quote would result in a $1/4 price change, so the high stop frequency
is consistent with the hypothesis that specialists sometimes use stops to
manage their price continuity statistics. Note, however, that the immediate

17 I use the audit file in TORQ to determine the contra party to the market order. Orders are said to have
crossed with a SuperDOT market order (or orders), if such orders constitute at least 50% of the volume
on the contra side.
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price improvement predicted by the model would also avoid a $1/4 price
change.

3.3 Order Handling as a Function of Trade Size
Past theoretical and empirical work suggests that larger orders contain more
information.18 If the model were extended to incorporate different trade
sizes, it is likely that stops would still be used as a way to sample future
order flow, but the specialist’s order handling decision would clearly depend
on the size of the incoming order. In this section, I empirically investigate
this issue by using nonparametric regressions to estimate conditional order
handling frequencies.

Rather than using order size per se, I use “excess depth” as defined by
Knez and Ready (1996) as the conditioning variable. Excess depth is the
difference between the NYSE quoted depth (on the side that would receive
the order) and the size of the incoming order, divided by the average quoted
depth for the firm. This measure has two advantages over order size. First,
normalization by the average depth for the firm allows aggregation across
the different firms in the sample. Second, the comparison of order size to
quoted depth allows for changes in the state of the market. If for some
reason the specialist is more concerned that there has been an information
event, he may reflect this concern by lowering his quoted depth. See Lee,
Mucklow, and Ready (1993) and Kavajecz (1997). In these cases he may
also be more sensitive to a larger order. Finally, Knez and Ready (1996)
show that excess depth does a good job in capturing the information from
both depth and order size when estimating expected price improvement for
an order.

Nonparametric regression is well suited for this application because the
database is large and there is no prior theoretical guidance as to the form
of the functional dependence of the handling frequencies on excess depth.
I use a variable span local linear smoother known asloess[see Cleveland
(1979,1994)] to estimate the unknown regression functionm from the data
generating processYi = m(Xi )+ εi , whereE[εi | X] = 0. For a particular
value (gridpoint) of the independent variablex0, the loess estimate is given
by

m̂(x0) = α̂ + β̂x0,

whereâ andβ̂ minimize the weighted sum of squares,

N∑
i=1

W

( |Xi − x0|
1(x0)

)
(Yi − α − βXi )

2.

18 For example, see Hasbrouck (1991) for empirical evidence and Easley and O’Hara (1992a) for theoretical
justification.
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Figure 3
Order handling as a function of excess depth
Excess depth is the difference between the quoted depth and the size of the incoming order, divided
by the average quoted depth for the firm. The figure is based on the model sample. The three curves
show the estimated frequency of a particular action as a function of excess depth, estimated using a loess
nonparametric regression. The dashed curve shows immediate price improvement, the dot and dash curve
shows stops and the dotted curve shows the frequency of price improvement for only those orders that
were stopped.

The weight functionW(u) is the tricube kernelgiven by (1− |u|3)3 for
|u| < 1 and 0 otherwise.1(x0) determines which observations are included
in the estimation according to a spanning parameter. For the estimates in
both Figures 3 and 4, I use a spanning parameter of 0.25, so at each gridpoint
x0,1(x0) is equal to the 25th percentile of the distances of the observations
from the gridpoint given by|Xi − x0| for i = 1,2, . . . , N.

Figure 3 shows loess estimates of the frequency of immediate improve-
ment (dashed curve) and the frequency of stops (dot and dash curve) as a
function of excess depths for the model sample. The curves are plotted over
a range of excess depths from−0.5 to 2.0 in order to focus on the interesting
features of the estimate in the region that contains most of the orders. This
region contains 86% of the orders with negative excess depth and 86% of
the orders with positive excess depth. The dotted curve in Figure 3 shows
the frequency of subsequent price improvement for only those orders in the
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Figure 4
Price improvement as a function of excess depth
Excess depth is the difference between the quoted depth and the size of the incoming order, divided by the
average quoted depth for the firm. Price improvement is trade price minus the bid for sell orders and ask
minus trade price for buy orders. The curves in the figure show expected price improvement as a function
of excess depth, estimated using a loess nonparametric regression. The solid curve is the relationship for
all orders when the quoted spread was $1/4. The dashed curve shows the relationship for the subset of
these orders where the last trade was on the receiving side of the quote, the dash and dot curve shows
orders where the last trade was at the midpoint, and the dotted curve shows orders where the last trade
was on the other side of the quote.

subsample that were initially stopped. All three curves increase dramatically
as excess depth becomes positive, and then level off as excess depth exceeds
about 0.5. These results are consistent with the hypothesis that larger orders
contain more information, but there doesn’t seem to be a further reduction
in the information content as one moves from medium-size orders to the
smallest orders.

4. Estimation of Expected Execution Price

Knez and Ready (1996) found an important relation between excess depth
and price improvement, and they provided separate estimates for each spread
size. They considered several conditioning variables beyond excess depth
and quoted spread, including various statistics drawn from the 6.5-hour
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period preceding the order, but they found none that provided much im-
provement in the estimates.19 The model in Section 1 and the results in
Table 7 indicate that the position of last trade price is an important deter-
minant of order handling, so it should also be an important determinant of
price improvement. Accordingly, in this section I extend the results of Knez
and Ready to include last trade price as a conditioning variable, and I show
that this variable has a dramatic effect on the estimates.

Figure 4 shows the loess estimate of expected price improvement as a
function of excess depth for the sample of 116,366 orders with a $1/4 quoted
NYSE spread. As in Figure 3, the plot covers excess depths ranging from
−0.5 to 2.0, which captures 87% of the market orders in the sample with
positive excess depth and 87% of the orders with negative excess depth. The
solid line shows the estimated curve for all orders where the quoted spread
was $1/4, which is essentially the same as the curve shown in Figure 2
of Knez and Ready. As they report, the expected price improvement is
relatively constant in the region of positive excess depths, but declines
dramatically as excess depth falls below zero (as order size exceeds the
quoted depth).

The broken curves in Figure 4 show the relationships between expected
price improvement and excess depth for three subsamples separated based
on the last trade price. The dashed curve shows orders where the last trade
was on the side of the quote that would receive the order, the dash and
dot curve shows orders where the last trade was at the midpoint, and the
dotted curve shows orders where the last trade was on the other side of the
spread. The curves all have the same characteristic shape as the curve for the
overall sample, indicating that the relationship between price improvement
and excess depth discovered by Knez and Ready persists after controlling
for the size of the potential price move. The interesting result from Figure 4
is the dispersion between the three curves, which indicates that last trade
price provides important additional information beyond excess depth in
explaining expected price improvement.

5. Summary and Conclusions

In this article I develop a model of the NYSE specialists’ use of stops
and immediate price improvement in competition with limit order traders.
Consistent with the predictions of the model, I find that stops and immediate
price improvement impose adverse selection costs on limit order traders
and I find that the stop frequency is highest when the last trade was at the
midpoint of the current spread. I also show that the estimate of expected

19 Petersen and Fialkowski (1994) provide an OLS analysis of the determinants of price improvement, but
they do not consider last trade price as a conditioning variable.

1105



The Review of Financial Studies / v 12 n 51999

price improvement can be sharpened by conditioning on the last trade price.
The model allows an analysis of the possible costs and benefits of allow-

ing the specialist to stop orders, including the possibility that the adverse
selection costs imposed by stops on limit order traders may cause them
to place their orders farther away from the market, resulting in a wider
quoted spread. Averaging across all of the parameter combinations where
either $1/8 or $1/4 spread would be an equilibrium when stops are allowed,
the model predicts that the elimination of stops would help the limit order
traders at the expense of the specialist and the liquidity traders. Informed
market order traders would be roughly unaffected. The reason that stops
provide a greater benefit to the uninformed traders is that their orders are
relatively less likely to be followed by another order in the same direction, so
their orders are more likely to ultimately receive price improvement from a
stop. Of course, these conclusions may be sensitive to the underlying model
parameters, but they appear to be fairly robust.

The result that stops provide a relatively greater benefit to uninformed
traders is an important contribution of the model. The analysis indicates that
policymakers interested in attracting “liquidity traders” to the market might
continue to allow the specialist to use stops, even if the specialist’s choice
of when to use them is based solely on maximizing his own trading profit.
More importantly, there are other considerations that go beyond the factors
considered in the model. For one thing, the specialist is given a positive
obligation to be the “buyer or seller of last resort.” Accordingly, it may be
necessary to give him adequate ability to make trading profits during normal
episodes, so that he can cover the losses that occur during volatile periods
when the other suppliers of liquidity leave the market.

Appendix A: Model Calculations and Proofs

A.1 Alternative Forms of the Value Function (Section 1.3)
The expectation of the total value of the specialist’s position as of periodT (net of
purchase costs plus sales revenues) can be expressed as

E0

[
ET [V | x2

T ]
T∑

t=1

[
u1

t − u2
t

]
−

T∑
t=1

u1
t (B+ .125)+

T∑
t=1

u2
t (A− .125)

]
.

This is equivalent to the following optimal value function (used in Section 1.3):

Jπ = E0

[
T∑

t=1

u2
t (xt ){(A− .125)− Et [V | x2

t ]}

+
T∑

t=1

u1
t (xt ){Et [V | x2

t ] − (B+ .125)}
]
.
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Proof.

E0

[
ET [V | x2

T ]
T∑

t=1

[
u1

t − u2
t

]
−

T∑
t=1

u1
t (B+ .125)+

T∑
t=1

u2
t (A− .125)

]
Collect terms and note the dependence ofut on xt to give

E0

[
T∑

t=1

u1
t (xt ){ET [V | x2

T ] − (B+ .125)} +
T∑

t=1

u2
t (xt ){(A− .125)− ET [V | x2

T ]}
]
.

Move the unconditional expectation inside the sums and condition onxt to give

=
T∑

t=1

E0

[
Et

[
u1

t (xt ){ET

[
V | x2

T

]
− (B+ .125)} | xt

]]
+

T∑
t=1

E0

[
Et

[
u2

t (xt ){(A− .125)− ET

[
V | x2

T

]
} | xt

]]
=

T∑
t=1

E0

[
u1

t (xt ){Et [ET [V | x2
T ] | xt ] − (B+ .125)}

]
+

T∑
t=1

E0

[
u2

t (xt ){(A− .125)− Et [ET [V | x2
T ] | xt ]}

]
.

Note thatx2
t is the part ofxt that is relevant for computingE[V ] and thatx2

T contains
the information inx2

t . This means that

Et [ET [V | x2
T ] | xt ] = Et [V | x2

t ]

and the final result follows from a simple substitution.

A.2 Calculation of Pt (·|xt ) for wt and calculation of Et [V | xt ] (Section 1.3)
Calculating these objects requires calculating the updated probability assessments of
whether an information event has occurred and whether the firm value is low or high.
As in Easley and O’Hara (1992b), these probabilities are calculated in each period using
Bayes’ rule.

Following Easley and O’Hara, let9 ∈ {N, L , H} be a random event where9 = N
means no information event has occurred,9 = L means informed traders received a low
signal, and9 = H means informed traders received a high signal. At timet = 0, the
specialist and the limit order traders assign probabilities(1− e0), e0n0, ande0(1− n0)

to the three possible outcomes for9. Thus the ex ante probabilities for each order
sequence can be calculated by conditioning on9. For example, the probability of the
order sequencex2

2 = (1,−1) (a buy at the end of period 0 followed by a sell at the end
of period 1) is given by

Pr{x2
2 = (1,−1)} = Pr{buy, sell | 9 = N}Pr{9 = N}

+ Pr{buy, sell | 9 = L}Pr{9 = L}
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+ Pr{buy, sell | 9 = H}Pr{9 = H}
= bNsN(1− e0)+ bLsLe0n0 + bH sH e0(1− n0).

The conditional probabilities for the outcomes for9 are updated att = 1,2, . . . , T
using the information provided by the order flow as follows:

Pr{9 = X | x2
t } =

Pr{9 = X}Pr{x2
t | 9 = X}

Pr{x2
t }

.

Using these updated conditional probabilities, the updated probability ofV = VL is
given by Pr{9 = L | x2

t } + Pr{9 = N | x2
t }n0. The updated probability measure

Pt (·|xt ) for the random order arrivals is given by

Pr{wt = −1 | x2
t } = sN Pr{9 = N | x2

t } + sL Pr{9 = L | x2
t } + sH Pr{9 = H | x2

t }
Pr{wt = 0 | x2

t } = zN Pr{9 = N | x2
t } + zL Pr{9 = L | x2

t } + zH Pr{9 = H | x2
t }

Pr{wt = 1 | x2
t } = bN Pr{9 = N | x2

t } + bL Pr{9 = L | x2
t } + bH Pr{9 = H | x2

t }

A.3 Conditions for the Optimality of Stops (Section 1.4)
The difference in value between stopping the order and buying immediately can be
written as follows

value(stop)− value(buy)

= Pr{wt = 1 | x2
t }
[

Jt+1

(
0

(x2
t ,1)

)
− Jt+1

(
1

(x2
t ,1)

)]
+ Pr{wt = 0 | x2

t }
[

Jt+1

(
−1

(x2
t ,0)

)
− Jt+1

(
0

(x2
t ,0)

)]
+ Pr{wt = −1 | x2

t }
[

Jt+1

(
−2

(x2
t ,−1)

)
− Jt+1

(
−1

(x2
t ,−1)

)]
− {E[V | x2

t ] − $30.00}. (A.1)

If stops are never optimal in periodt+1 then the value of any unexecuted orders carried
into periodt+1 is just the immediate trading profit. Thus for anyx1

t+1 > 0 (some market
buy orders carried over from prior periods).

Jt+1

(
x1

t+1
x2

t+1

)
= Jt+1

(
0

x2
t+1

)
+ (x1

t+1)max[$30.00− Et+1[V | x2
t+1],0] (A.2)

and for anyx1
t+1 < 0 (market sell orders carried over)

Jt+1

(
x1

t+1
x2

t+1

)
= Jt+1

(
0

x2
t+1

)
+ (−x1

t+1)max[Et+1[V | x2
t+1] − $30.00,0]. (A.3)

Combining Equations A.1, A.2, and A.3 gives

value(stop)− value(buy)
(no stops after periodt)

= −Pr{wt = 1 | x2
t }max[$30.00− Et+1[V | x2

t , wt = 1],0]
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+ Pr{wt = 0 | x2
t }max[Et+1[V | x2

t , wt = 0]− $30.00,0]

+ Pr{wt = −1 | x2
t }max[Et+1[V | x2

t , wt = −1]− $30.00,0]

− {Et [V | x2
t ] − $30.00}, (3)

which is Equation (3) in Section 1.4.
Section 1.4 next considers the situation where thet + 1 expected value is above

the midpoint, regardless of the direction of the order arriving at the end of periodt .
In this case,Et+1[V | x2

t , wt = 1] > 30.00, Et+1[V | x2
t , wt = 0] > 30.00, and

Et+1[V | x2
t , wt = −1] > 30.00 mean that the first term in Equation (3) disappears and

the max operator in not needed in the second and third. Combining this with the fact
that

{Et [V | x2
t ]} = Pr{wt = 1 | x2

t }Et+1[V | x2
t , wt = 1]

+ Pr{wt = 0 | x2
t }Et+1[V | x2

t , wt = 0]

+ Pr{wt = −1 | x2
t }Et+1[V | x2

t , wt = −1]

yields

value(stop)− value(buy)
(no stops after periodt)

= −Pr{wt = 1 | x2
t }{Et+1[V | x2

t , wt = 1]− $30.00}.

Finally, Section 1.4 considers the case depicted in Figure 2, whereinEt+1[V |
x2

t , wt = 1] > 30.00, Et+1[V | x2
t , wt = 0] > 30.00, andEt+1[V | x2

t , wt = −1] <
30.00. In this case the first and third terms in Equation (3) disappear and the max operator
disappears from the second term, leaving

value(stop)− value(buy)
(no stops after periodt)

= Pr{wt = 0 | x2
t }[Et+1[V | x2

t , wt = 0]− $30.00]

− {Et [V | x2
t ] − $30.00}.

Stopping a sell is optimal at the start of periodt if and only if the above is≥ 0, or
equivalently,

Et+1[V | x2
t , wt = 0]− $30,000≥ Et [V | x2

t ] − $30.00

Pr{wt = 0 | x2
t }

. (4)

A.4 Effective Spread Calculations for Table 2 (see Section 1.7)
Define “expanded” order arrivalsWt , whereWt = 0 means an informed seller,Wt = 1
an uninformed seller,Wt = 2 no trade,Wt = 3 an uninformed buyer, andWt =
4 an informed buyer. LetXt denote the “expanded” order history, soX0 = ∅ and
Xt+1 = (Xt ,Wt ). The ex ante probability for each such sequence can be calculated by
conditioning on9 (see Section A.3). The specialist’s optimal policy is a function of the
sequence of buys, sells, and no trades. Using this information, letRt (XT ) be the ultimate
execution price for the market order that arrived in periodt (unless there was no arrival,
then Rt (XT ) = 0) as part of the expanded sequenceXT . Also, let Ot be an indicator
function with Ot (XT , k) = 1 if the order in periodt of the expanded sequenceXT has
Wt = k (0 otherwise). LetPk denote the long-run average trade price for order typek.
Finally, let H denote the set of all possible “expanded” order histories through period
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T (H has 5T elements). Then

Pk =
∑

XT∈H

[∑T

t=1 Ot (XT , k)Rt (XT )
]

Pr{XT }∑
XT∈H

[∑T

t=1 Ot (XT , k)
]

Pr{XT }
for k = 0,1,2,4.

For a particular parameter combination, the uninformed traders’ effective spread is
P3 − P1, and the informed traders’ effective spread isP4 − P0.

A.5 Profit/Market Order Calculations for Table 2 (see Section 1.7)
Let ct be an indicator function withct (x2

T ,m) = 1 if a market order arrived in periodt
as a part of the order sequencex2

T and crossed with liquidity supplier of typem, where
m = 1 means a limit buy order,m = 2 a limit sell order,m = 3 the specialist as a
buyer,m = 4 the specialist as a seller, andm = 5 a stopped market order from a prior
period. Profits are computed by comparing execution prices to the ex post expected value
given the realized order sequence. Effectively this computation implies that there is no
future microstructure-related profit or loss ascribed to “unwinding” the position. Leth
denote the set of all possible order sequences through periodT (h has 3T elements). For
a particular parameter combination, the long-run average limit order profit per market
order is∑

x2
T
∈h

[∑T

t=1 ct (x2
T ,1)[ET [V | x2

T ] − B] + ct (x2
T ,2)[ A− ET [V | x2

T ]]
]

Pr{x2
T }∑

x2
T
∈h

[∑T

t=1

∑5

m=1 ct (x2
T ,m)

]
Pr{x2

}
.

The long-run specialist profit per market order is∑
x2

T
∈h

[∑T

t=1ct (x2
T ,3)[ET [V |x2

T ]−B−.125]+ct (x2
T ,4)[ A−.125−ET [V |x2

T ]]
]
Pr{x2

T }∑
x2

T
∈h

[∑T

t=1

∑5

m=1 ct (x2
T ,m)

]
Pr{x2

T }
.

A.6 Profit/Potential Profit Calculations for Table 3 (see Section 1.8)
Table 3 is restricted to parameter combinations that result in $1/4 spreads, that is,
the sets0(profit-motivated,1/4) and0(combined,1/4). Let dt (x2

T ,m) = 1 if a market
orderbuy arrived in periodt as a part of the order sequencex2

T when there is not a
stopped order from a previous period(so the quoted spread is 1/4) and is ultimately
handled as follows:m = 1 means immediately crossed with a limit order,m = 2
stopped and then crossed with a limit order,m = 3 stopped and then crossed with the
specialist,m = 4 stopped and then crossed with an incoming market order, andm = 5
immediately improved by the specialist. Sell orders are defined analogously except that
them values run from 6 to 10. Profits and potential profits are computed by comparing
the posted quote to the ex post expected value given the realized order sequence. As in
Section A.6, this computation implies that there is no future microstructure-related profit
or loss ascribed to “unwinding” the position. For a particular parameter combination,
the long-run average limit order profit/potential profit for order handling categorym is∑

x2
T
∈h

[∑T

t=1 dt (x2
T ,m)[ A− ET [V | x2

T ]] + dt (x2
T ,m+ 5)[ET [V | x2

T ] − B]
]

Pr{x2
T }∑

x2
T
∈h

[∑T

t=1 dt (x2
T ,m)+ dt (x2

T ,m+ 5)
]

Pr{x2
T }

.
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Appendix B: Monte Carlo Simulations for Tables 6 and 7

Both Tables 6 and 7 separate the market orders for each firmf = 1,2, . . . ,129 in
the sample intoj = 1,2, . . . , J distinct categories and then calculate various statistics
averaged across all of the orders in the category. Let

c f
j = the set of market orders for firmf in categoryj ,

cj =
129⋃
f=1

c f
j , and

c f =
J⋃

j=1

c f
j .

Define a counting functionN(c) that gives the number of market orders in the setc, and
let S(c, N) be a set-valued operator that returns a set withN elements randomly drawn
from the setc with replacement. Letv be a statistic associated with each market order
in the sample and let̄v(c) be the average ofv over the setc. For example,v could be
the 5-minute ex post profit (as in Table 6) or an indicator variable based on whether the
order was stopped (as in Table 7). For each categoryj , the tables report̄v(cj ).

In the Monte Carlo test, the null hypothesis is that the distribution ofv is constant
across eachc f , but it may vary across firms. The tests individually determine whether
the difference between two categories,v̄(cj ) − v̄(ck) for j · k, is statistically different
from zero. The simulated differencēv(∪129

f=1S(c f , N(c f
j ))) − v̄(∪129

f=1S(c f , N(c f
k ))) is

generated 2,000 times to create the reference distribution. If the difference in the reported
statistics is greater than the 50th or less than the 1,950th largest element of the reference
distribution, the difference is judged to be significant at the 5% level in a two-tailed test.
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