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ABSTRACT

In this study, we model and measure the existence of informed trading. Speci�cally,

we investigate the properties of the widely used measure of informed trading, PIN, devel-

oped by Easley and O�Hara, and establish three important features of informed trading.

First, the existence of informed trading, and therefore PIN, should be estimated over

di¤erent trading intervals for stocks of di¤erent characteristics. Second, we establish a

direct relationship between PIN and the absolute (percentage) order imbalance (AIM).

The latter is not only easier to measure, but can also be readily calculated over short hori-

zons. Most importantly, we show that conditions for the theoretical equivalence between

estimated PIN and AIM of a stock serve as a guide for the optimal estimation interval

that should be used for that particular stock. Finally, and signi�cantly, an investigation

around exogenous national security events reveals strong evidence against interpreting

PIN and order imbalance as a liquidity measure.
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Following the seminal work of Akerlof (1970), Spence (1974), and Rothschild and Stiglitz

(1976), information asymmetry has occupied a central role in �nancial economics. In a series

of in�uential papers, Easley and O�Hara, along with their co-authors, popularize the concept

of �probability of informed trading�(also known as PIN). The theoretical basis and empirical

evidence in several papers justify interpreting PIN as a good proxy for information asymmetry,

and there is also evidence to support the existence of an information risk factor rooted in the

estimated PINs.1 These conclusions however have recently received a healthy dose of scrutiny,

with most of the criticism centered around whether PIN measures information asymmetry or

illiquidity.2

In this paper, we examine the micro-foundation of the PIN measure with three speci�c

goals in mind. First, we demonstrate that the news arrival process of a stock is inherently

peculiar to its characteristics and should, in turn, determine both the modeling and esti-

mation of PIN. Speci�cally, we argue and demonstrate that the PIN measure cannot be

estimated using the same trading interval for stocks with di¤erent informational character-

istics. The widespread use of a �xed (typically daily) interval to estimate PINs of all stocks

is likely to lead to systematic estimation errors in PINs of all stocks. Such errors can, in

turn, lead to erroneous conclusions about the existence, extent, and behavior of asymmetric

information across di¤erent stocks. Second, under reasonable conditions that are consistent

with the theoretical modeling of PIN, we show that order imbalances are a legitimate proxy

for information asymmetry. We derive a positive and linear relationship between the PIN

measure and absolute (percentage) order imbalances (hereafter, AIM). The main advantage

of this result is that AIM is signi�cantly easier to compute and, more importantly, unlike

PIN, can be calculated for very short trading intervals when information asymmetry is likely

to be prevalent. Importantly, we also use the equivalence between PIN and AIM to provide

guidelines for the optimal trading interval to estimate the extent of information asymmetry

for stocks of di¤erent informational characteristics.

Finally, we conduct an experiment to determine whether PIN re�ects liquidity, instead of

1See, for example, Easley et al. (1996), Easley et al. (1998), Easley, O�Hara and Saar (2001), Easley et al.
(2002, 2005), Brown et al. (2004), Easley and O�Hara (2004), Vega (2006) and Duarte et al. (2008).

2See, for example, Spiegel and Wang (2005), Mohanram and Rajgopal (2006), Aktas et al. (2007), Boehmer
et al. (2007) and Duarte and Young (2007).
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information asymmetry, as argued in several recent papers. Speci�cally, we evaluate whether

estimates of AIM, and therefore PIN, change in an environment in which liquidity is likely to

be exogenously and unexpectedly a¤ected, but information asymmetry is unlikely to change.

We examine the change in these measures around exogenous and unpredictable events such as

the attack on the World Trade Center in 2001. During such an event we would expect a drop

in liquidity, but no change in information asymmetry. We �nd no evidence in support of the

hypothesis that PIN, and therefore order imbalances, re�ect reduced liquidity. Speci�cally,

while we �nd a signi�cant and widespread drop in standard measures of liquidity, there is no

change in the estimates of AIM around these events.

The rest of the paper is organized as follows. In Section I, we present a simple model of

the trading process to show the explicit functional relation between the fraction of informed

orders and the absolute order imbalance. In Section II, we present empirical evidence that the

behavior of PIN is dependent both on the length of sampling interval and, more importantly,

on the cross-sectional characteristics of di¤erent stocks. We also empirically establish the

relation between absolute order imbalances and PIN and, importantly, use this relationship

to determine the di¤erent optimal sampling intervals for measuring the extent of asymmetric

information for di¤erent stocks. In Section III we provide evidence that the PIN and AIM

measures do not re�ect illiquidity. Section IV contains a summary and some concluding

remarks.

I. Model

Consider a trading process in which the market maker facilitates orders for the stock of a

speci�c �rm. Investors are classi�ed into two groups. Informed investors either have access

to private information regarding the true value of the underlying �rm or possess superior

skills at processing public information. Uninformed investors, on the other hand, do not

possess any such informational or information-processing skills. The market maker observes

aggregate order �ow and tries to infer the information content of the orders submitted by

both types of traders.
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Assume that informed and uninformed orders follow two independent Poisson processes

with expected arrival rates � and � over any particular time interval �t, respectively. The

trading process of the informed and uninformed di¤ers which allows Easley and O�Hara to

derive the probability of informed trading measure, also known as PIN. The uninformed

orders could be buy/sell orders with equal probability 0:50, while the informed orders always

take only one side of the trade.

The PIN measure therefore indirectly achieves the separation between informed and un-

informed trading because informed traders are assumed to always trade on the right side

(buying on good news and selling on bad news), whereas uninformed traders submit buy

and sell orders with equal probabilities. These set of structural assumptions collectively lead

to the empirical identi�cation of order arrival rates and other parameters necessary for the

calculation of the PIN variable.

The presence of an order imbalance (de�ned as buy orders in excess of sell orders) provides

evidence of informed trading activities within this trading framework. When there is good

news, more informed buy orders imply a larger positive order imbalance. When there is bad

news, more informed sell orders imply a larger negative order imbalance. Either way, a higher

fraction of informed trades should be associated with a higher (percentage) absolute order

imbalance. We now focus on developing the exact functional relationship between probability

of informed trading and absolute order imbalance.

Assume that conditional on the submission of an informed order, the probability of an

informed buy order is � [and therefore the probability of an informed sell order is (1 � �)].

Given rational expectations, the buy orders over the time interval �t are given by B =

�� + (1=2)�, and the sell orders are S = (1 � �)� + (1=2)�. The fraction of informed orders

consequently is PIN = �=(�+ �).

Although the derivation of PIN appears quite simple and intuitive, its estimation is com-

plex. This is because we need to solve for the parameters f�; �; �g using the order �ows fB;Sg.

Clearly, this requires a researcher to have one additional degree of freedom to uniquely de-

termine the parameter values and, hence, the instantaneous fraction of informed trades given

the order �ows observed over the particular time interval.
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Easley et al. (1996) construct a statistical model of order arrival processes and rely on the

statistical properties of the aggregate order �ows to infer the information content of trades.

The essential advantage of this novel approach is to avoid identifying informed traders at

each transaction. Speci�cally, it is assumed that the uninformed traders submit both buy

and sell orders at the same rate, while the informed traders submit orders only on the side

consistent with the information they receive (i.e., buy upon good news or sell upon bad

news). The one-sided nature of the informed trades is the key to the empirical distinction

between the informed and the uninformed orders, and the identi�cation is achieved through

the likelihood of observing a given stream of orders corresponding to di¤erent combinations

of order arrival rates for the informed and uninformed traders. The combination of arrival

rates that generates the highest sample likelihood is used to compute the most-likely fraction

of informed orders. This measure is known as the probability of informed trading, or PIN.

The PIN measure is di¢ cult to estimate because the order arrival rates have to be estimated

using a maximum likelihood procedure that is time consuming and sometimes numerically

unstable.3 Moreover, since estimated PINs are typically available at the quarterly intervals,

but not at a higher frequency, PIN is not well-suited to studying information asymmetry

when it is most likely to be prevalent during short-lived corporate events, such as earnings

or merger announcements.

Fortunately, however, one can deal directly with the fraction of informed trades. As shown

in the appendix, there exists a one-to-one correspondence between the fraction of informed

orders, PIN, and the signed (percentage) order imbalance SIM � (B � S)=(B + S).

Proposition 1 Over any speci�c trading interval, �t, the signed (percentage) order imbal-

ance is proportional to the fraction of informed orders, SIM, that is, SIM = (2�� 1) �PIN:

Proof. See Appendix.

It is intuitive that the type of news released to, or inferred by, informed traders determines

the sign of proportionality (2� � 1) which, in turn, conforms to the direction of order im-
3The estimation is sensitive to the initial values used to start the maximum-likelihood procedure. It

sometimes breaks down and stops at a local maximum instead of a desired global maximum. See Yan and
Zhang (2006) for a more detailed discussion.
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balances. Put di¤erently, the informed traders create positive (or negative) order imbalances

during a trading interval �t that is perceived to be associated with good (or bad) news.

Without a good handle of the news probability �, however, it is hard to make use of this

intuitive relationship. Speci�cally, the cross-sectional comparison of signed order imbalances

for di¤erent �rms is not necessarily re�ective of the fraction of informed orders, and the

time-series comparison of signed order imbalances for the same �rm need not be consistent

with changes in information content.

At the cost of some more structure on the trading process, however, a more useful rela-

tionship between PIN and order imbalances can be determined. For simplicity, and again

consistent with the microstructure literature on PIN assume that informed traders do not

trade strategically;4 they never randomize their orders to camou�age their intended trading

activities. As a consequence, consecutive orders from informed investors will be of the same

type (either buy or sell) until the type of news reverses, and � will merely oscillate between

0 and 1. Speci�cally, � takes the value of 1 during a trading interval that is characterized

by the arrival of good news, and takes the value of 0 during an interval that experiences

bad news. During a period of no news arrival, the informed traders will not submit orders,

resulting in a drop in the informed arrival rate. Over a calendar time period covering multiple

trading intervals s = k ��t, where k is a positive integer, the mean value of � will measure

the fraction of time when the underlying �rm reveals good news.

Under these assumptions, there exists an equivalence between the fraction of informed

orders PIN and the absolute (percentage) order imbalance AIM � j(B � S)=(B + S)j.

Proposition 2 During a trading interval �t in which there is no news reversal, and assum-

ing that informed investors always submit orders conforming to the type of news they receive,

the absolute (percentage) order imbalance is equivalent to the fraction of informed orders, i.e.,

AIM = PIN .

Proof. Since � oscillates between 0 and 1, we have j2�� 1j = 1 which, from Proposition 1,

implies that AIM = jSIM j = PIN .
4Lei and Wu (2005) are an exception as they allow strategic trading by informed investors.
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Although the link between order imbalance and informed trading is not new [see Easley,

Engle, O�Hara and Wu (2001) and Aktas et al. (2007)], our model allows us to deal with

some important and realistic features of the process of informed trading. First, we show that

the modeling and estimation of PIN requires an explicit recognition of the likelihood that

the news arrival process and frequency are inherently di¤erent for di¤erent stocks. This, in

turn, implies that the trading interval over which a PIN is estimated cannot be the same for

all stocks.

The speci�cation of the news arrival process is an integral part of the trading process in the

framework proposed by Easley et al. (1996) and others. In their model, a news signal may

arrive at the beginning of each trading interval and orders arrive throughout the remainder of

the interval. However, there are important, yet unaddressed, issues in this framework. First,

exactly how long should the trading interval last? Second, should the trading interval be of

the same length for all stocks regardless of their characteristics? In fact, in the framework

proposed by Easley et al. (1996), orders are always aggregated in a �xed trading interval,

one day, for all stocks. This requires that news may arrive for all stocks at the beginning

of each trading day. This seemingly innocuous assumption has important consequences that

re�ect poorly on the underlying news arrival process. The empirical observation of wide-

spread di¤erence in news coverage across companies in di¤erent industries attests to the

need for �rm-speci�c news arrival processes. Allowing news to arrive at most once a day

appears to be too stringent for big companies not only because these �rms frequently make

public announcements and/or appear in news media, but also because they are covered by

many stock analysts who release research reports from time to time. The aggregation of

order �ows on a daily basis for these stocks may consequently include periods during which

news may have reversed, leading to the mitigation of the contrast between the informed and

the uninformed traders. Therefore, the PIN measure based on daily data is likely to be

underestimated for these stocks.

On the other hand, smaller stocks with little news coverage, potentially su¤er from the

opposite problem. It may very well be the case that it takes a couple of days, if not longer,

for the current news to run its course before the arrival of a news reversal. Daily orders for
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such stocks would arti�cially in�ate the contrast between the informed and the uninformed

traders precisely due to the slow speeds of news arrival. As a result, the PIN measure can

be overestimated in such instances. The important implication of the above discussion is

that the optimal trading interval for estimating PIN may be di¤erent for stocks of di¤erent

informational characteristics. Consequently, there may be systematic biases in inferences

made in past studies about the existence and extent of information asymmetry across di¤erent

stocks. For example, the well-documented pattern of high (or low) estimated PINs for less

frequently (or frequently) traded stocks may be a¤ected by the application of a simplistic, one-

day-�ts-all, news arrival process for all stocks. Similarly, the performance of the PIN-factor

in explaining the cross-section of expected returns is likely to be in�uenced by systematic

errors in the estimation of PIN.

In this paper, we analyze any patterns in estimated PINs over sampling intervals of di¤erent

length. Using NYSE common stocks over the 1993-2006 period, we �nd lower estimated PINs

associated with longer sampling intervals for the same stock over the same calendar quarter.

This �nding demonstrates the weakness of imposing an identical news structure over di¤erent

stocks and applying a �xed aggregation interval for order �ows.

Another implicit assumption in the framework by Easley, Kiefer, O�Hara and Paperman

(1996) is that the uninformed traders submit orders in a balanced fashion (buy orders with

50% probability) whereas the informed traders solely drive the order imbalances on average.

A natural inference is that high order imbalances make a stronger contrast between informed

and uninformed traders, and thus re�ect higher information asymmetry. Therefore, order

imbalances (which are easily measurable) can be a legitimate proxy for information asymme-

try just as the PIN measure (which can be obtained after costly estimations) was designed

to be.

Following Proposition 2, and again using NYSE stocks over the 1993-2006 period, we

estimate both PIN and AIM and demonstrate the relationship between them for di¤erent

stocks and over di¤erent sampling intervals.

More importantly, we go one step further and provide a practical �rule of thumb� for

choosing the di¤erent optimal trading intervals for estimating the PIN and AIM of di¤erent
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types of stocks. Although order imbalances and PIN will be linearly related, the exact

equivalence between them will obtain only if there is no news reversals during the trading

interval under consideration (see Propositions 1 and 2). We use this equivalence to arrive at

an optimal trading interval for the estimation of PIN and, equivalently, AIM for each stock.

We show that there is a vast variation in the length of this trading interval across di¤erent

NYSE stocks. This implies that PIN estimates in past papers may su¤er from systematic

biases that may have led to erroneous time series and cross-sectional inferences.

Finally, we shed light on whether PIN or AIM re�ects information asymmetry or liquidity.

There are several papers that have successfully employed PIN as a measure of information

asymmetry [see, for example, Easley et al. (1998), Easley, O�Hara and Saar (2001), Brown et

al (2004), and Vega (2006)]. There is however a growing literature that questions the inter-

pretation of PIN as a measure of information asymmetry [see, for example, Spiegel and Wang

(2005), Mohanram and Rajgopal (2006), Atkas et al. (2007), and Duarte and Young (2007)].

Some of these papers suggest that PIN actually measures illiquidity and not asymmetric

information. Similarly, a separate literature [see Chordia, Roll, and Subrahmanyam (2001,

2002, 2005) and Chordia and Subrahmanyam (2004)] has argued that order imbalance is also

a liquidity measure. The disagreement in the literature about whether PIN or AIM re�ect

information asymmetry or liquidity is understandable because (a) both phenomena are very

nebulous and consequently di¢ cult to estimate, and (b) they invariably occur simultaneously.

We therefore conduct a novel type of test to gauge whether PIN or AIM indeed re�ect

changes in liquidity. The innovativeness of our test lies in using an exogenous event that

should lead to changes in liquidity, but without any simultaneous variation in information

asymmetry. Speci�cally, we examine the change in order imbalances around �ve national se-

curity events such as the attack on the World Trade Center in 2001. It is plausible that during

these (daily) events, there could be a potential drop in stock liquidity, but little change in the

extent of information asymmetry. We again use NYSE stocks over the 1993-2006 period, but

exclude oil stocks, defense related stocks, and all stocks with earnings announcements close

to these events in order to control for possible confounding e¤ects. We �nd no statistical

or economic changes in order imbalances over short intervals immediately surrounding these
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events, while two traditional measures of liquidity (quoted spread and e¤ective spread) ex-

perience sharp economically and statistically signi�cant declines. Although our experiment

does not conclusively establish PIN and AIM as measures of asymmetric information, we

provide a clean and strong test against the interpretation that they re�ect liquidity.

II. Empirical Evidence

A. Data Construction

We use detailed trades and quotes information for stock transactions from the New York

Stock Exchange (NYSE) Trade and Quote (TAQ) database for the period January 1993 to

December 2006 and focus on common stocks that have been listed on the NYSE at least

once during this period. We take great care in identifying the stocks properly because the

stock ticker symbols can change over time and di¤erent CUSIPs can correspond to the same

stock at di¤erent times. Following Chordia et al. (2001), we only use the primary market

(NYSE) quotes because the auto-quotes are not �ltered in TAQ. We retain quotes within

the regular trading block, while purging those with non-positive bid or ask prices, negative

bid or ask sizes, missing time stamps, or bid prices higher than ask prices. We also remove

trades that are out of sequence, recorded before the open or after the close time, have special

settlement conditions, or have missing trade size or time stamp. We use the Lee and Ready

(1991) procedure to determine the buyer-initiated or seller-initiated nature of each trade,

while imposing a �ve-second delay rule for matching trades with quotes prior to 1999. As

recommended by Chordia et al. (2005), the �ve-second delay rule is revoked for matching

trades with quotes starting in 1999. Finally, we keep only those trades that take place on the

NYSE because the microstructure framework in Easley et al. (1996) applies to a specialist

market.

The securities in our sample are sorted into deciles based on their trading intensity. Speci�-

cally, stocks are ranked each month based on average daily number of trades, and the monthly

ranks are then assigned to all trading days in the month. We sort stocks into one of ten

volume-deciles according to the average daily rank in each calendar quarter.
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We begin with aggregating trades into 30-minute intervals. Starting at 9:30 a.m. each day,

we count the number of buyer- and seller-initiated trades that occur in each half-hour interval

until the market closes at 4:00 p.m. We also use �ve other aggregation intervals, leading to

order �ow data over a total of six sampling intervals: 30-minute, one-hour, half-day, one-day,

two-day, and three-day. For each �rm and calendar quarter, we separately estimate PINs

using data constructed from all six sampling intervals.5 Consequently, there are many more

data points used to estimate PIN for the 30-minute interval than the 3-day interval.

We estimate PINs using the NLMIXED procedure in SAS. After some experimentation,

we �nd that the quasi-Newton optimization method with BFGS updating provides the most

stable parameter estimation in our setting. In about 3.5% of cases, the optimization routine

was unable to �nd a global maximum of the likelihood function and/or generated problematic

estimates for one or more inputs that were needed for the calculation of PIN. We remove

these cases from our analysis.

B. PIN Estimates

The statistics of the estimated PINs are reported in Table I. Overall we obtain the most

estimates of PIN at the daily sampling interval (84,144 �rm-quarters) and the least estimates

at the half-hour interval (80,426 �rm-quarters). Nevertheless, the reported statistics are

based on large samples for all sampling intervals.

Our empirical work highlights the di¢ culty of estimating PIN. In our sample of NYSE

common stocks, we �nd that the non-convergence rates for the estimation of PIN over the

30-minute, one-hour, half-day, one-day, two-day and three-day intervals are 6.4%, 3.2%, 2.0%,

1.7%, 2.6% and 5.1%, respectively. When we split the stocks into ten volume-deciles within

each calendar quarter, we �nd that the PIN estimation is more successful (in terms of con-

vergence) among the intermediate volume-deciles and less successful at the extreme volume-

deciles. The PIN estimation is more di¢ cult for low-volume stocks because the lack of trades

in these stocks often resulted in severely unbalanced orders (zero buy or sell orders) over a

given time interval, producing numerical issues for the sample likelihood. The PIN estimation

5Details for the likelihood function and the trading process can be found in Easley et al. (1996).

10



is also di¢ cult for the most-frequently traded stocks because the extreme number of trades

causes numerical over�ows in computing the factorials that are part of the likelihood func-

tion. A short sampling interval such as half an hour also compounds the problem because

it becomes highly likely to have zero buy/sell orders over a very short period of time. A

long sampling interval such as three days su¤ers little from the perspective of lacking orders

on one side of the trades. Nevertheless, it contributes to problems of convergence along a

di¤erent dimension because there are less data points available for each calendar quarter.

Two distinctive patterns emerge from a perusal of the estimates in Table I, Panel A,

which contains the cross-sectional and time-series averages of estimated PINs over di¤erent

combinations of volume-deciles and sampling intervals. The estimated PINs decline both

in the length of sampling interval and the volume-decile. And, as we argue below, the two

patterns, taken together, have some important, and hitherto undiscovered, implications for

the estimation of the extent of asymmetric information in securities markets.

The �rst pattern is the rather striking decline in the estimated PINs with an increase in

the sampling interval. This is an important pattern because the structural model underlying

the estimation of PIN is silent as to the appropriate sampling interval for estimating PIN.

Researchers have typically used one-day intervals, but there is no particular reason to believe

that a 24-hour interval is more realistic than, say, half-day intervals or two-day intervals. As

the results in Panel A of Table I make clear, the choice of sampling interval has a signi�cant

impact on the estimated PINs, a �nding inconsistent with the theoretical prediction that the

ratio of speeds of order arrival should be time invariant. Particularly, the mean estimated

PINs almost always strictly decline in the length of the sampling intervals between one hour

and three days. This pattern holds for stocks in each volume-decile.

Since this pattern of means could be a¤ected by the fact that we are measuring mean

estimates that are not strictly comparable because the �rms underlying the di¤erent mean

estimates may change across di¤erent sampling frequencies. We therefore also compare the

estimated PINs for the same stock over increasing sampling intervals. Speci�cally, for each

�rm and in each calendar quarter, we compute the incremental PIN when the length of the

sampling interval increases. Under each combination of volume-decile and sampling interval,
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we take the cross-sectional average of the �rm-matched changes in PIN and report the time-

series averages in Panel B. To examine whether these changes in estimated PINs deviate from

zero, we report the Fama-MacBeth t-statistics in Panel C. Once again, we observe the pattern

of declining PINs over increasing sampling intervals between one hour and three days, and

such incremental changes in estimated PINs are statistically signi�cant at the 1% level.6

There is an intuitive explanation for the systematic decline in the estimated PINs over the

increasing length of the sampling intervals. The passage of time allows accumulation of order

�ows which, in turn, makes it very likely to reduce the order imbalance because the number

of buyer-initiated trades will increasingly o¤set the number of seller-initiated trades with an

increase in the sampling interval. One of the basic premises of the framework in Easley et

al. (1996) is that on average only informed traders cause order imbalance, so it is no surprise

that lower order imbalance over a longer time interval implies a lower level of estimated PIN.

The second pattern apparent in Table I, Panel A, is that the PIN estimates decline

monotonically as the volume-decile increases, that is, high-volume stocks have lower PINs

than low-volume stocks. We highlight the data for the one-day estimates in Panel A because

past studies invariable use a 24-hour estimation interval for all stocks. The strictly monotonic

negative relation with the volume-decile is consistent with the �nding of Easley et al. (1996) in

that they too document that high volume stocks have smaller PINs. These authors interpret

this pattern as compelling empirical evidence that there exists large information asymmetry

among thinly traded stocks.

Our �rst pattern of declining PIN estimates over the increasing sampling intervals, how-

ever, is related to the second pattern of the monotonic decline with volume-decile. It is

noteworthy to see that there is a dramatic di¤erence between the PIN estimates of the high-

and low-volume deciles for the one-day and longer sampling intervals. For example, the one-

day estimates for the lowest and highest volume-deciles are 0.2621 and 0.1035, respectively.

Conversely, however, the di¤erence drops dramatically at the high-frequency intervals. For

6One exception to this pattern is that for the lowest volume-decile the di¤erence between the estimated
PINs over half-day and one-hour intervals is positive. Another exception is that the mean estimated PINs
increase, instead of declining, from the half-hour interval to the one-hour interval. The above deviations may
have been caused by the large non-convergence rates of the PIN estimations over these two sampling intervals
and for stocks in the lowest volume-decile.
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example, the half-hour estimates for the lowest and highest volume-deciles are 0.2415 and

0.2046, respectively. This �nding, if taken at face value, would counter-intuitively suggest

there is relatively more asymmetric information at longer-sampling intervals. However, the

�rst pattern uncovered by us suggests that the optimal sampling interval for estimating PIN

should not be the same for all stocks. As we demonstrate below, the optimal sampling interval

for stocks in the lowest volume-decile is likely to be signi�cantly longer than the interval for

stocks in the highest volume-decile because the news arrival frequency is likely to be di¤erent

for the two types of stocks.

We next turn to the calculation of absolute order imbalances, AIM, for all stocks in our

sample, their relationship with the PIN estimates and, most importantly, the determination

of the optimal sampling intervals for estimating the degree of asymmetric information of

stocks of di¤erent characteristics.

C. Order Imbalances

Having established and provided an intuitive account for the patterns in estimated PINs, we

next examine whether or not the patterns in absolute (percentage) order imbalances (AIM)

corroborate the intuition above. This also constitutes our �rst step to empirically verify

the theoretical relation between PIN and AIM established in Section I. Table II, Panel A,

contains the cross-sectional and time-series average estimates of AIM for all the stocks sorted

into the same ten volume-deciles as Table I.

The two patterns uncovered for the PIN estimates are even stronger in the case of the

AIM estimates. Without a single exception, the means of the AIMs decline strictly with the

length of the sampling interval. As we increase the length of the sampling interval, the mean

incremental changes in AIMs are all negative and statistically signi�cant at the 1% level, as

shown in Panels B and C of Table II. Similarly, there is a declining pattern in the AIMs

with an increase in the volume-decile. This evidence is again consistent with the �ndings of

Easley et al. (1996) that low-volume stocks are subject to a much larger extent of information

asymmetry.
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The close similarity in the patterns for the estimated PINs and AIMs is evidence in favor

of a direct relationship between these two measures. As shown in Proposition 1 of Section I,

a linear relationship between SIM and PIN should exist in the data. In addition, if there is

no news reversal during the speci�c sampling interval under consideration, the two measures

should be (theoretically) identical (see Proposition 2). We now provide more direct tests of

the relationship between PIN and AIM, keeping in mind that highly-traded stocks are much

more likely to receive frequent information than stocks that are traded infrequently. Before

evaluating their relationship over di¤erent sampling intervals, we need to recognize however

that both PIN and AIM are estimated with imprecision. Moreover, given the simplicity of

AIM, and the corresponding complexity of estimating PIN, estimates of the latter are likely

to be much more noisy especially for low-volume stocks and at high-frequency intervals.7

We calculate the �rm-matched mean di¤erences between the AIM and PIN for stocks

in each of the ten volume-deciles during each sampling interval. Speci�cally, in each �rm-

quarter, we compute the di¤erence between AIM and PIN corresponding to each of the six

sampling intervals and report the cross-sectional and time-series average of such di¤erences

in Table III, Panel A. The deviations from the equivalence between AIM and PIN are positive

for all but one reported combinations of volume-deciles and sampling intervals, and remain

highly statistically signi�cant (see Fama-MacBeth t-statistics in Table III, Panel B). Since we

have a really large number of observations underlying each average, the statistical signi�cance

of the average di¤erences between AIM and PIN (see Table III, Panel B) is not surprising. We

now concentrate on the economic magnitude of the di¤erences between the two estimates. In

this context, it is important to recall that, although AIM and PIN will be related, the exact

equivalence between PIN and AIM will obtain only during trading intervals that experience

no news reversal [see Propositions 1 and 2].

One interesting pattern emerges from Table III, Panel A. The distances between AIM and

PIN are monotonically declining in the trading volume and the length of sampling interval.

7The observed distances between AIM and PIN will also be related to the downward bias in estimated PINs
illustrated by Boehmer et al. (2007). They show that errors in trade type classi�cation tend to attenuate
the observed magnitude of order imbalance relative to the true level and consequently lead to underestimated
PINs. Moreover, Boehmer et al. (2007) document a larger downward bias for PINs among thinly traded
stocks but caution that frequently traded stocks have a higher misclassi�cation rate.
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The smallest deviation is recorded at the level of -0.0015 for stocks in the highest trading

volume-decile when the trade �ows are aggregated every hour. Note that this is also one of the

two only instances in which the deviation is not statistically di¤erent from zero. The natural

implication is that for the most frequently traded stocks, it seems su¢ cient to aggregate

the trade �ows on an hourly basis and compute the absolute (percentage) order imbalance

instead of estimating PINs.

It is intuitive that a natural trading interval can be very long for thinly traded stocks as

the reversal of news requires passage of time, but that the optimal trading interval could be

very short for frequently traded stocks. Therefore, the evidence in Table III again suggests

that it does not seem reasonable to follow the conventional one-day-�ts-all approach of using

daily trade �ows to estimate PINs for stocks of di¤erent characteristics. Likewise, a direct

comparison of AIMs across di¤erent stocks may not be meaningful if the trade �ows are all

measured at the identical frequency.

D. The Optimal Sampling Interval

The direct test of the distance between PIN and AIM actually provides some empirical

guidance as to the length of the sampling interval we should use for stocks with di¤erent

news arrival and, therefore, trading intensities. Although our goal is not to determine the

precise sampling interval for each stock, we want to nevertheless unequivocally establish that

it is inappropriate to use the same (typically daily) sampling interval for gauging the extent

of information asymmetry for all stocks.

We use multiple approaches to test for the equivalence between AIM and PIN. Recognize

however that we do not know the true values of the parameters under consideration; we

can only use estimates of both PIN and AIM. Although the estimation errors are likely to

be more severe for PIN relative to AIM, we cannot set the exact equivalence between the

two measures as the criterion for the choice of the optimal sampling interval. Moreover, we

cannot rely on the statistical signi�cance of the di¤erences either as we have a large sample

of �rm-observations.
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The �rst approach for determining the optimal sampling intervals for gauging the extent of

information asymmetry for di¤erent stocks uses the mean di¤erences between AIM and PIN

tabulated in Panel A of Table III. Let us suppose that researchers set out a target distance

between AIM and PIN of 0.05 as being an �acceptable� di¤erence for a trading interval

without a news reversal. Then the estimates in Table 3, Panel A suggest aggregating trade

�ows over an interval of half-hour to one-hour for the most frequently traded NYSE stocks.

This benchmark has the appeal of also suggesting that the practice of aggregating daily order

�ows is appropriate for the average stock. Note that the one-day interval is appropriate for the

�fth volume-decile. This, however, does not imply that the one-day interval is appropriate

for all stocks. For stocks in the third volume-decile, for example, the suggested sampling

interval is two days, and so on.

Given that both AIM and PIN are measured with error, we attempt to determine the

equivalence between the two measures by estimating the following regression between AIM

and PIN and evaluating the magnitude of the slope coe¢ cient:

AIM = �+ � � PIN + ":

From Proposition 2, this slope coe¢ cient, should be equal to 1.00 assuming no news reversal

during the sampling interval deployed and no strategic behavior among informed traders. The

cross-sectional and time-series averages of the estimated slope coe¢ cients for each volume-

decile during each of the six sampling intervals are presented in Table III, Panel C. Again,

due to the large samples, we do not rely on statistical signi�cance of the test that the slope

coe¢ cients are equal to 1.00; these tests are rejected in all but two of the 60 cases. For

brevity, we omit reporting the Fama-MacBeth t-statistics. Instead, we again rely on economic

departures from 1.00 as a rule of thumb.

The estimates of average betas across the di¤erent volume-deciles and the six sampling

intervals present some very interesting patterns that strongly con�rm that the optimal sam-

pling intervals for di¤erent stocks should be quite di¤erent. For example, for stocks that

trade very frequently and are therefore included in the highest volume-decile, the average
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betas decline systematically from a high of 1.18 to 0.82 for the half-hour to three-day inter-

vals. This suggests that neither a very short nor a very long interval would be appropriate

measurement interval for estimating the degree of asymmetric information for such stocks.

Based on the beta estimates, an hourly or half-day interval would instead be appropriate.

Conversely, however, the behavior of the betas estimates for the lowest-decile portfolio

containing infrequently traded stocks is exactly the opposite. The average betas start o¤ at

values close to zero for short intervals and increase steadily with the sampling interval to

about 0.90 at the three-day interval. This evidence suggests that that both PIN and AIM

estimates for infrequently traded stocks are largely noise at high-frequency intervals and a

three-day (or even longer) interval may be optimal to measure the extent of asymmetric

information for such stocks. Finally, a one-day sampling interval appears to be appropriate

for only the �average� stock, one with a trading intensity that is neither too high nor too

low.

To further con�rm the conceptual basis of our practical �rules of thumb,�we provide an

alternative way of estimating the appropriate sampling interval for stocks in di¤erent volume-

deciles. Since informed trades tend to have higher price impact than uninformed trades, we

directly measure the average time it takes for a trade to exert a price impact of one basis point

corresponding to stocks in each volume-decile. The time-to-price-impact variable is de�ned

as the ratio of the time gap (in seconds) between every two consecutive trades relative to

the change (in basis points) of trading prices over the same time span. For each �rm during

each trading day, we compute the weighted-average time-to-price-impact, with the volatility

of per-trade returns (that is, the squared price changes in percentage) as weights. We then

use estimates of the time-to-price-impact as an alternative way to determine the optimal

sampling interval for measuring the degree of asymmetric information for di¤erent stocks.

The evidence in Table IV suggests that stocks with higher volume correspond to lower

quoted spreads and shorter time-to-price-impact. And this pattern is strictly monotonic

across the ten volume-deciles. It takes about 1.84 seconds on average to have a change of one

basis point in trading price for the most frequently traded NYSE stocks. For the most thinly

traded stocks, it takes 45.93 seconds on average. Now suppose that a price movement of 15%
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represents a news reversal, then a natural trading interval for the highest volume-decile is

about 46 minutes. By the same token, the natural trading interval for the lowest volume-

decile is about 19 trading hours, and so on. Clearly, we can set a di¤erent cuto¤ rule for news

reversal and utilize more stock-speci�c information to customize the determination of the

appropriate length for the sampling interval of trade �ows. Therefore, di¤erent researchers

may prescribe varying lengths for the optimal sampling intervals.

We recognize that the choice of the optimal sampling intervals based on ad hoc cut o¤s

of various measure is not precise. It does however constitute a simple, intuitively appealing,

and very practical �rule of thumb.�The important message is that we should aggregate trade

�ows over substantially di¤erent time intervals in order to estimate the degree of asymmet-

ric information for stocks with di¤erent trading intensities. Perhaps equally importantly, it

makes it possible to bypass the laborious process of estimating PINs; as AIM is much simpler

to calculate and manipulate. This, in turn, has very important empirical implications because

practitioners and academics alike are increasingly interested in the change of information con-

tent over rather short calendar time intervals, for which the conventional approach prescribed

by Easley et al. (1996) does not work given the minimum requirement of 60 data points for

the estimation of PINs. As mentioned earlier, aggregating hourly or half-day trade �ows for

the most frequently traded NYSE stocks should work well and it simultaneously addresses

the non-convergence issue associated with estimating PINs for this particular group of stocks.

III. Information Asymmetry or Liquidity?

Given the theoretical link between the absolute (percentage) order imbalance (AIM) and the

estimated probability of informed trading (PIN), it remains an empirical question whether

they measure asymmetric information or liquidity. Several papers have successfully employed

PIN as a measure of information asymmetry [see, for example, Easley et al. (1998), Easley,

O�Hara and Saar (2001), Brown et al. (2004), and Vega (2006)]. There is however a growing

literature that questions the interpretation of PIN as a measure of information asymmetry

[see, for example, Spiegel and Wang (2005), Mohanram and Rajgopal (2006), Atkas et al.
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(2007), and Duarte and Young (2007)]. Some of these papers suggest that PIN actually mea-

sures liquidity and not asymmetric information. Similarly, a separate literature [see Chordia,

Roll, and Subrahmanyam (2001, 2002, 2005) and Chordia and Subrahmanyam (2004)] has

argued that order imbalance is also a liquidity measure. The disagreement in the literature

about whether PIN or AIM re�ect information asymmetry or liquidity is understandable be-

cause (a) both phenomena are very nebulous and di¢ cult to estimate, and (b) they invariably

occur simultaneously.

We provide a new type of test to gauge whether PIN or AIM indeed re�ect changes in

liquidity. The crucial advantage of our test lies in the existence of exogenous events that

should lead to predictable changes in liquidity, but plausibly little variation in information

asymmetry. That is, we focus on environments during which it is plausible to have a minimal

role for information asymmetry and a large role for liquidity e¤ects. Speci�cally, we inves-

tigate the stock trading environments around a set of �ve major national security events as

de�ned by Dow Jones Inc.8 A national security event poses increased economic uncertainty

and should make it harder for market participants to identify the true fundamental value of

assets. Therefore, liquidity should decrease. Conversely, however, since a national security

event presumably comes as a surprise to all market participants, it should not alter the ex-

tent of information asymmetry. In other words, during a national security event we should

expect a trading environment with reduced liquidity and virtually no change in information

asymmetry.

In this speci�c context, we examine the similarity, or the lack thereof, in the behavior of

AIM relative to traditional measures of liquidity. If estimates of AIM move in tandem with

traditional measures of liquidity, then it can be interpreted as strong evidence that AIM

re�ects liquidity. If, on the other hand, the AIM measure shows little correlation with the

traditional liquidity measures, then it casts doubt on the liquidity interpretation.

We �rst identify national security event(s) during which measures of stock spreads (as a

conventional proxy for stock liquidity) have increased dramatically, and then examine whether

the AIM measure increases in a statistically signi�cant manner to re�ect the reduction in

8For details, see http://www.djindexes.com/mdsidx/index.cfm?event=showavgevents.
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liquidity. For an event on trading day t, the abnormal change for each stock is de�ned as the

di¤erence between the variable measured on day t and its average value in the preceding 65

trading days excluding the immediately preceding �ve trading days. Two events, �Terrorist

Attack�and �America Strikes Back�, took place on a day when the market was closed, so

we anchor the events on the next trading day immediately thereafter.

Not all common stocks on the NYSE are eligible for this exercise. Since the stocks in

the security and defense sector may experience di¤erent trading patterns around these �ve

national security events, we exclude 39 stocks from this analysis.9 Also, given the prominent

link between geopolitical concerns and petroleum price �uctuations, we remove 292 NYSE

common stocks that are in the oil and gas related industries.10 We also follow the standard

practice in the microstructure literature and remove the high-priced Berkshire Hathaway

stock from our sample. Finally, we remove all NYSE common stocks that have a quarterly

earnings announcement close to the event date (plus or minus seven calendar days) so as to

mitigate any potential confounding e¤ects. We also sort stocks in the �nal sample into one

of ten volume-deciles based on the daily average total trades in the month of each national

security event.

We employ two conventional measures of liquidity: the quoted spread and the e¤ective

spread, the latter being de�ned as the di¤erence between the actual trade price and the

mid-point of the corresponding quote (both as percentages of the mid-point of the quote).

The weights for the weighted average quoted spreads are the time each quote lasts until the

next quote revision within the same trading day. On the other hand, arithmetic averages for

each stock are computed for the daily e¤ective spread. In the calculation of both measures

of spread, we use only those trades and quotes that took place on the NYSE. Bessembinder

(2003) provides a detailed analysis of di¤erent measures of spreads across di¤erent trading

platforms, and we follow that study in constructing the spreads.

9We rely on Dun and Bradstreet�s industry classi�cation to identify 53 companies in the defense and security
related industries. Among them 39 companies are listed on the NYSE and thus purged from our sample for
this analysis.
10According to the CRSP database, there are 252 NYSE common stocks with share code 10 or 11 and 3-digit

SIC code among 131, 132, 138, 291, 299, 492 or 493 for at least once in the 14-year period between 1993 and
2006.
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Presumably, not all national security events have a similar impact on the trading activities

of market participants. Those with a broader impact should register more pronounced drops

in stock liquidity. Based on conventional measures of stock liquidity, the cross-sectional

average abnormal changes reported in Table V suggest that three national security events

are sub-optimal for our purpose. During the �World Trade Center Bombing,� �Oklahoma

Bombing,� and �Operation Iraqi Freedom� events, the quoted spreads either increased by

a statistically insigni�cant amount or actually declined. Moreover, there is a lack of any

persistent pattern in the abnormal changes in quoted spreads across the ten volume-deciles.

These three events also fail to witness a persistent drop in stock liquidity measured by the

e¤ective spread.

In sharp contrast, the �Terrorist Attack� and �America Strikes Back� stand out as two

events with large decline in stock liquidity. On the trading day immediately following the

�Terrorist Attack,�both the quoted and e¤ective spreads increased substantially for stocks

in each of the ten volume-deciles. The abnormal changes are economically sizeable and

statistically signi�cant at the 1% level. Moreover, the abnormal increases in quoted and

e¤ective spreads decline monotonically as we move to stocks in higher volume-decile. Stocks

in the lowest volume-decile (the most illiquid group) experience the most dramatic increase in

percentage spreads, 140 basis points in quoted spread and 41 basis points in e¤ective spread.

Stocks in the highest volume-decile (the most liquid group) experience the smallest increase

in percentage spreads, 21 basis points in quoted spread and 3 basis points in e¤ective spread.

These magnitudes of changes in spreads may seem small at �rst glance, but this partially

re�ects the fact that spreads are small even during the benchmark period. For example, for

the lowest volume-decile the ratio of the cross-sectional average spread on the �rst trading

day after the �Terrorist Attack�relative to the average spread in the preceding three-month

period is 1.5870 for quoted spread and 1.4482 for e¤ective spread. In other words, the quoted

and e¤ective spreads increased by 58.70 percent and 44.82 percent, respectively. Therefore,

the �Terrorist Attack�event was associated with a signi�cant drop in liquidity.

During this national security event, however, the abnormal change in AIM is negative for

all volume-deciles except the highest one. Although the most actively traded group of stocks
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witnessed a modest increase in AIM, the change is statistically insigni�cant. The widespread

drop in AIM for all other volume-deciles is inconsistent with the interpretation of AIM as a

liquidity measure.

On the trading day immediately after �America Strikes Back,�there was also an abnormal

increase in quoted spreads and e¤ective spreads. Much like the �Terrorist Attack�event, this

event was associated with abnormal increases in quoted and e¤ective spreads that are both

statistically signi�cant (at the 1% level) and economically sizeable. The evidence on the cross-

sectional average abnormal change in AIM again does not support a liquidity interpretation.

While the increase in AIM for the second volume-decile is signi�cant at the 5% level, changes

in order imbalance experienced by stocks in all other nine volume-deciles are statistically

indistinguishable from zero.

Based on the empirical design surrounding �ve national security events, we present strong

evidence against interpreting the absolute order imbalance, and therefore PIN in light of

their close relationship, as a measure of liquidity. There is a lack of any persistent increase

in order imbalance following two speci�c exogenous events during which stocks experienced

widespread and signi�cant drops in liquidity. Also consistent with our conjecture that the

national security events should have minimal impact on the extent of information asymmetry,

we �nd that the changes in absolute order imbalance are not statistically signi�cantly di¤erent

from zero.

IV. Conclusion

In this study, we model and measure the existence of informed trading. Speci�cally, we

investigate the properties of the widely used measure of informed trading, PIN, developed by

Easley and O�Hara, and establish three important features of informed trading. First, the

existence of informed trading, and therefore PIN, should be measured over di¤erent trading

intervals for stocks of di¤erent characteristics. Second, we establish a useful relationship

between PIN and the absolute percentage order imbalance (AIM). The latter is not only

easier to measure, but can also be calculated over short horizons. Most importantly, the
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empirical equivalence between estimated PIN and AIM of a stock provides a guide to the

estimation interval that should be used for that particular stock. Finally, an investigation

around exogenous national security events reveals strong evidence against interpreting PIN

and order imbalance as a liquidity measure.

V. Appendix

Proof of Proposition 1. Use the shorthand p for PIN and treat p as a known variable.

Solve for f�; �; �g from the following system of equations

B = ��+
1

2
�;

S = (1� �)�+ 1
2
�;

p =
�

�+ �
:

The solution turns out to be

� = (B + S)p;

� = (B + S)(1� p);

� =
B � 1

2�

�
=
B � 1

2(B + S)(1� p)
(B + S)p

:

The trading intensities over the interval �t can be computed as

B

B + S
=

1

2
+ p�� 1

2
p;

S

B + S
=

1

2
� p�+ 1

2
p;

B � S
B + S

= p(2�� 1):
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Table I. Estimated PINs

This table presents the results of estimated probability of informed trading (PINs) for all NYSE
common stocks between January 1993 and December 2006. Stocks are sorted into one of ten volume
deciles in each calendar quarter. We use the Fama-MacBeth approach to compute the cross-sectional
average PIN for each quarter and report the time-series averages in Panel A. As the length of the
sampling interval increases, the incremental changes in PINs are computed for a given �rm and
calendar quarter. Again, we compute the cross-sectional average changes in each quarter and report
the time-series average in Panel B. To examine whether these changes deviate from zero, we report
the corresponding Fama-MacBeth t-statistics in Panel C.

Volume Decile Half Hour Hour Half Day 1 Day 2 Day 3 Day

Panel A. Mean of Estimated PINs
Lowest 0.2415 0.2654 0.2757 0.2621 0.2420 0.2316
2 0.2387 0.2579 0.2351 0.2093 0.1814 0.1724
3 0.2427 0.2591 0.2146 0.1882 0.1634 0.1558
4 0.2521 0.2646 0.2002 0.1757 0.1530 0.1460
5 0.2521 0.2654 0.1854 0.1619 0.1411 0.1358
6 0.2522 0.2660 0.1742 0.1517 0.1328 0.1289
7 0.2530 0.2642 0.1638 0.1415 0.1242 0.1202
8 0.2490 0.2584 0.1518 0.1310 0.1154 0.1119
9 0.2365 0.2473 0.1384 0.1193 0.1071 0.1043

Highest 0.2046 0.2229 0.1175 0.1035 0.0982 0.0975

Panel B. Mean Incremental Changes in Estimated PINs
Lowest 0.0157 0.0055 -0.0146 -0.0212 -0.0102
2 0.0174 -0.0243 -0.0257 -0.0279 -0.0097
3 0.0156 -0.0453 -0.0265 -0.0248 -0.0078
4 0.0113 -0.0645 -0.0246 -0.0224 -0.0072
5 0.0124 -0.0800 -0.0234 -0.0208 -0.0054
6 0.0135 -0.0918 -0.0222 -0.0191 -0.0040
7 0.0113 -0.1005 -0.0222 -0.0173 -0.0043
8 0.0093 -0.1065 -0.0209 -0.0158 -0.0039
9 0.0107 -0.1089 -0.0190 -0.0125 -0.0032

Highest 0.0181 -0.1052 -0.0142 -0.0062 -0.0026

Panel C. t-statistic for Mean Changes in Estimated PINs
Lowest 6.69 1.65 -14.56 -19.08 -12.30
2 9.38 -4.32 -21.99 -27.79 -10.96
3 8.78 -9.44 -25.77 -30.91 -7.29
4 4.65 -19.04 -23.42 -30.79 -6.04
5 6.01 -37.61 -20.31 -21.83 -5.25
6 8.32 -83.66 -19.03 -19.30 -3.85
7 5.48 -77.54 -16.81 -18.93 -4.40
8 3.74 -53.04 -15.75 -18.67 -3.46
9 3.95 -50.38 -16.93 -15.75 -3.14

Highest 6.82 -71.21 -14.71 -3.21 -1.88
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Table II. Absolute Percentage Order Imbalances

This table presents the results of absolute percentage order imbalances (AIMs) for all NYSE common
stocks January 1993 and December 2006. Stocks are sorted into one of ten volume deciles in each
calendar quarter. We use the Fama-MacBeth approach to compute the cross-sectional average AIM
for each quarter and report the time-series averages in Panel A. As the length of the sampling interval
increases, the incremental changes in AIMs are computed for a given �rm and calendar quarter.
Again, we compute the cross-sectional average changes in each quarter and report the time-series
average in Panel B. To examine whether these changes deviate from zero, we report the corresponding
Fama-MacBeth t-statistics in Panel C.

Volume Decile Half Hour Hour Half Day 1 Day 2 Day 3 Day

Panel A. Mean of AIMs
Lowest 0.8387 0.7840 0.6025 0.4862 0.3799 0.3309
2 0.7052 0.6319 0.4149 0.3169 0.2445 0.2145
3 0.6335 0.5563 0.3450 0.2666 0.2099 0.1862
4 0.5741 0.4965 0.3002 0.2366 0.1893 0.1697
5 0.5189 0.4437 0.2640 0.2108 0.1707 0.1539
6 0.4692 0.3999 0.2380 0.1921 0.1574 0.1430
7 0.4209 0.3591 0.2137 0.1738 0.1433 0.1307
8 0.3732 0.3204 0.1916 0.1571 0.1304 0.1198
9 0.3248 0.2815 0.1695 0.1406 0.1185 0.1100

Highest 0.2512 0.2209 0.1368 0.1171 0.1026 0.0972

Panel B. Mean Incremental Changes in AIMs
Lowest -0.0547 -0.1815 -0.1163 -0.1063 -0.0490
2 -0.0733 -0.2170 -0.0980 -0.0724 -0.0299
3 -0.0772 -0.2113 -0.0784 -0.0568 -0.0236
4 -0.0777 -0.1963 -0.0636 -0.0472 -0.0197
5 -0.0752 -0.1797 -0.0532 -0.0401 -0.0167
6 -0.0693 -0.1620 -0.0459 -0.0347 -0.0144
7 -0.0618 -0.1454 -0.0399 -0.0305 -0.0126
8 -0.0528 -0.1288 -0.0345 -0.0267 -0.0106
9 -0.0433 -0.1120 -0.0289 -0.0221 -0.0085

Highest -0.0304 -0.0841 -0.0197 -0.0145 -0.0054

Panel C. t-statistic for Mean Changes in AIMs
Lowest -43.99 -97.20 -35.35 -34.58 -31.47
2 -32.36 -28.88 -16.61 -19.38 -19.40
3 -21.06 -20.73 -14.81 -18.39 -17.40
4 -17.23 -17.91 -14.05 -17.27 -15.81
5 -15.18 -16.44 -13.91 -16.82 -15.19
6 -13.91 -15.55 -13.66 -16.44 -15.05
7 -12.94 -14.95 -13.51 -16.03 -14.67
8 -12.17 -14.23 -12.99 -15.87 -14.36
9 -11.98 -13.90 -12.77 -15.84 -13.57

Highest -11.81 -13.98 -12.68 -15.61 -12.70
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Table III. Di¤erences in AIM and PIN

This table presents the results of two tests. First, we test whether or not the absolute percentage
order imbalances (AIMs) are the same as the estimated probability of informed trading (PINs) for
the same �rm over the same calendar quarter. For a given �rm and calendar quarter, we compute the
average AIMs at each sampling frequency, from which we then subtract the estimated PINs. We use
the Fama-MacBeth approach to compute the cross-sectional average di¤erences for each quarter and
report the time-series averages in Panel A. To examine whether these di¤erences deviate from zero,
we report the corresponding Fama-MacBeth t-statistics in Panel B. Second, we run a cross-sectional
regression of AIM on PIN for each quarter, AIM = � + � � PIN + ", and report in Panel C the
time-series average slope coe¢ cient b� for PIN.

Volume Decile Half Hour Hour Half Day 1 Day 2 Day 3 Day

Panel A. Mean of (AIM - PIN)
Lowest 0.5900 0.5115 0.3219 0.2204 0.1356 0.0971
2 0.4659 0.3737 0.1799 0.1076 0.0631 0.0427
3 0.3905 0.2970 0.1304 0.0785 0.0464 0.0305
4 0.3218 0.2318 0.1000 0.0610 0.0363 0.0238
5 0.2667 0.1783 0.0785 0.0489 0.0296 0.0181
6 0.2169 0.1339 0.0639 0.0403 0.0246 0.0142
7 0.1679 0.0949 0.0499 0.0322 0.0190 0.0105
8 0.1242 0.0620 0.0397 0.0260 0.0151 0.0083
9 0.0882 0.0342 0.0312 0.0213 0.0117 0.0064

Highest 0.0468 -0.0015 0.0193 0.0139 0.0058 0.0017

Panel B. t-statistic for Mean of (AIM - PIN)
Lowest 36.52 31.01 23.04 21.31 19.95 18.53
2 16.42 14.19 12.46 12.64 12.54 10.84
3 13.74 11.77 11.65 12.00 11.65 10.26
4 12.64 10.42 11.51 11.86 12.47 10.72
5 11.81 9.36 11.63 12.02 13.02 10.48
6 11.14 8.41 11.82 12.36 13.95 9.38
7 10.49 7.19 11.24 11.64 12.15 8.46
8 9.69 5.70 10.82 11.89 11.48 7.18
9 8.90 3.85 10.75 12.10 10.03 4.61

Highest 7.05 -0.23 10.32 10.52 3.01 0.83

Panel C. Estimated Slope Coe¢ cient for PIN
Lowest -0.0195 -0.0029 0.4598 0.7192 0.8587 0.9000
2 0.3400 0.4317 0.6119 0.6487 0.6785 0.7160
3 0.3893 0.4771 0.6549 0.6801 0.7137 0.7203
4 0.4749 0.5881 0.7048 0.7181 0.7348 0.7472
5 0.5481 0.6713 0.7246 0.7251 0.7346 0.7284
6 0.6121 0.6900 0.7299 0.7446 0.7463 0.7439
7 0.7181 0.7681 0.7708 0.7815 0.7749 0.7885
8 0.7825 0.8231 0.8043 0.8102 0.8053 0.8027
9 0.8770 0.8640 0.8389 0.8535 0.8350 0.8323

Highest 1.1839 1.1197 0.9717 0.9749 0.9486 0.8215
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Table IV. Time to Price Impact and Quoted Spread

This table presents the summary statistics for two variables using all NYSE common stocks between
January 1993 and December 2006. The time to price impact variable is de�ned as the ratio of the time
gap (in seconds) between every two consecutive trades to the change (in basis points) of trading prices
over the same time span. For each �rm on each trading day, we compute the weighted-average time to
price impact, with the volatility of per trade returns (e.g., the squared price changes in percentage) as
weights. The quoted spread is de�ned as the quoted bid-ask spread relative to the mid-quote (in basis
points). We use the Fama-MacBeth approach to compute the cross-sectional averages of these two
variables for each quarter, and report the time-series average as well as the Fama-Macbeth t-statistics.

Volume Decile
Time to Price Impact Quoted Spread
Mean t-statistic Mean t-statistic

Lowest 45.93 23.35 239.98 16.03
2 23.77 16.93 123.98 13.14
3 16.46 15.42 98.67 11.98
4 12.39 15.13 77.92 11.59
5 9.67 15.13 61.04 11.26
6 7.29 16.18 50.62 11.12
7 5.88 16.23 42.04 11.13
8 4.69 16.19 34.97 11.07
9 3.46 16.98 28.99 11.21

Highest 1.84 19.54 22.65 11.43
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Table V. Abnormal Changes around National Security Events

This table presents the pattern of abnormal changes around �ve national security events that are
de�ned by Dow Jones Inc. The variables of interest include the absolute percentage order imbalances,
the quoted spreads and the e¤ective spreads. For an event on trading day t, the abnormal change for
each stock is de�ned as the di¤erence between the variable measured on day t and the average value
in the preceding 65 trading days excluding the immediately preceding �ve trading days. Two events,
�Terrorist Attack�and �America Strikes Back�, took place on a day when the market was closed, so
we use the variables measured on the next trading day immediately thereafter instead. We exclude
security, defense, oil, gas related stocks and stocks with quarterly earnings announcements close to
the event date (plus or minus seven calendar days). The numbers reported in �ve panels, one for each
event, are the cross-sectional average abnormal changes for all NYSE common stocks in ten volume
deciles. The p-values for the cross-sectional averages are inside parentheses.

Volume Decile Absolute Imbalance Quoted Spread E¤ective Spread

Panel A. �World Trade Center Bombing�on Februay 26, 1993
Lowest 0.080 (0.06) -39.558 (0.04) -16.033 (0.11)
2 0.048 (0.14) 15.890 (0.07) 3.956 (0.48)
3 0.079 (0.01) 2.689 (0.72) 1.108 (0.68)
4 0.018 (0.42) -7.679 (0.34) -2.024 (0.39)
5 0.042 (0.07) 11.260 (0.04) 3.034 (0.06)
6 -0.010 (0.62) 4.736 (0.08) 1.488 (0.08)
7 -0.001 (0.94) 1.036 (0.85) -1.706 (0.51)
8 0.015 (0.42) 5.369 (0.16) -0.584 (0.57)
9 -0.016 (0.21) 2.575 (0.47) 0.467 (0.42)

Highest 0.012 (0.27) -0.049 (0.97) 0.508 (0.19)

Panel B. �Oklahoma Bombing�on April 19, 1995
Lowest 0.118 (0.00) -33.451 (0.15) 6.310 (0.52)
2 0.072 (0.08) -7.933 (0.39) -4.754 (0.21)
3 0.032 (0.33) -1.987 (0.79) 1.178 (0.74)
4 0.041 (0.17) -1.706 (0.74) -0.726 (0.68)
5 -0.022 (0.42) 3.141 (0.47) 0.233 (0.91)
6 0.020 (0.51) 0.768 (0.92) -0.339 (0.93)
7 0.028 (0.36) -2.296 (0.42) -1.827 (0.02)
8 -0.018 (0.50) -7.141 (0.05) -2.072 (0.05)
9 -0.010 (0.66) -0.426 (0.85) -0.771 (0.41)

Highest -0.022 (0.16) 2.606 (0.08) -0.207 (0.59)

Panel C. �Terrorist Attack�on September 11, 2001
Lowest -0.090 (0.01) 140.320 (0.00) 40.984 (0.00)
2 -0.054 (0.00) 86.129 (0.00) 32.962 (0.00)
3 -0.023 (0.12) 78.721 (0.00) 23.961 (0.00)
4 -0.014 (0.29) 45.297 (0.00) 15.035 (0.00)
5 -0.027 (0.01) 42.492 (0.00) 12.756 (0.00)
6 -0.020 (0.09) 25.223 (0.00) 6.649 (0.00)
7 -0.033 (0.00) 24.857 (0.00) 5.681 (0.00)
8 -0.017 (0.07) 25.144 (0.00) 3.758 (0.00)
9 -0.015 (0.11) 21.688 (0.00) 3.554 (0.00)

Highest 0.006 (0.40) 20.980 (0.00) 3.286 (0.00)

31



Volume Decile Absolute Imbalance Quoted Spread E¤ective Spread

Panel D. �America Strikes Back�on October 7, 2001
Lowest 0.043 (0.23) 72.277 (0.01) 34.107 (0.01)
2 0.056 (0.04) 48.987 (0.00) 21.657 (0.00)
3 0.017 (0.32) 31.644 (0.00) 11.069 (0.00)
4 0.024 (0.13) 20.405 (0.00) 5.964 (0.00)
5 -0.007 (0.57) 13.272 (0.00) 3.355 (0.00)
6 -0.021 (0.08) 5.032 (0.00) 2.019 (0.00)
7 -0.015 (0.13) 3.873 (0.00) 1.472 (0.00)
8 0.007 (0.46) 3.133 (0.00) 1.089 (0.00)
9 0.007 (0.48) 2.593 (0.00) 1.214 (0.00)

Highest 0.001 (0.87) 2.020 (0.00) 0.952 (0.00)

Panel E. �Operation Iraqi Freedom�on March 19, 2003
Lowest -0.016 (0.58) 17.897 (0.11) 1.306 (0.78)
2 -0.004 (0.80) 1.934 (0.58) 1.121 (0.43)
3 0.013 (0.37) 6.618 (0.00) 2.120 (0.01)
4 0.021 (0.12) 1.699 (0.12) 0.335 (0.36)
5 0.019 (0.09) 0.251 (0.78) 0.545 (0.37)
6 0.007 (0.45) -1.827 (0.00) -0.603 (0.00)
7 -0.003 (0.74) -0.368 (0.39) 0.004 (0.98)
8 0.014 (0.13) -0.549 (0.37) -0.083 (0.64)
9 0.039 (0.00) -0.055 (0.95) -0.038 (0.81)

Highest 0.040 (0.00) -1.359 (0.00) -0.235 (0.00)
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