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Abstract

We estimate a structural model of herd behavior in �nancial mar-
kets. A sequence of traders exchanges an asset with a market maker.
Trade occurs over many days. Herd behavior can arise despite the
fact that the price is e¢ ciently set by the market maker. The price
is updated too slowly by the market maker and there are periods in
which traders choose the same action independently of their private
signal. We estimate the model by maximum likelihood using transac-
tion data on one NYSE stock in the �rst quarter 1995. We detect the
periods of the trading day in which there could be herd behavior. We
�nd that such periods account for 15% of the total number of trading
periods.

�Cipriani: Department of Economics, George Washington University (e-mail:
mciprian@gwu.edu); Guarino: Department of Economics and ELSE, University College
London (e-mail: aguarino@ucl.ac.uk). We thank Andrew Chesher, Robert Engle, Christo-
pher Flinn, Douglas Gale, Lars Nesheim and Jean Marc Robin for very helpful comments
and suggestions. We gratefully acknowledge the �nancial support of the Fondation Banque
de France. We are responsible for any error.

1



1 Introduction

In recent years there has been much interest in herd behavior in �nancial
markets. Especially after the �nancial crises of the 1990s, many scholars
have suggested that herd behavior may be a reason for excess price volatility
and �nancial systems fragility. This interest has led researchers to look for
both theoretical explanations and empirical evidence (for a recent survey,
see, e.g., Hirshleifer and Teoh, 2003). The main questions addressed in this
literature are: How pervasive is herd behavior in �nancial markets? Can it
arise even if traders act rationally?
The theoretical research started at the beginning of the 90�s with the

seminal papers of Banerjee (1992), Bikhchandani et al. (1992), and Welch
(1992).1 These papers do not discuss herd behavior in �nancial markets, but
in an abstract setting, in which agents with private information make their
decisions in sequence. They show that, after a �nite number of agents have
chosen the same action, all following agents will disregard their own private
information and imitate that action. More recently, a number of papers
(see, e.g., Avery and Zemsky, 1998, Lee, 1998, Cipriani and Guarino, 2001,
Chari and Kehoe, 2002) have focused on herd behavior in �nancial markets.
In particular, all these studies analyze a market where agents sequentially
trade a security of unknown value. The price of the security is e¢ ciently
set by a market maker according to the order �ow. The presence of a price
mechanism makes herding more di¢ cult to arise. Still there are cases in
which it occurs. In Avery and Zemsky (1998) people can herd when there is
uncertainty not only on the value of the asset but also on other parameters
of the model. In Cipriani and Guarino (2001) agents herd because they
have other reasons to trade, in addition to informational motives. In this
model, not only agents herd, but, in contrast with Avery and Zemsky, a
complete informational cascade arises. In Chari and Kehoe (2002) agents
choose when to enter the market (i.e., timing is endogenous) and can decide
to herd on early traders. While theoretical work has tried to explain herding
in a world of rational agents, the empirical literature has followed a di¤erent
track. The existing work (see, e.g., Lakonishok et al., 1992, Grinblatt et al.
, 1995, Welch, 2000 and the other papers cited in the survey of Hirshleifer
and Teoh, 2003) does not test these models directly. Instead, it analyzes

1In this paper we only study informational herding. Therefore, we do not discuss herd
behavior due to reputational concerns or payo¤ externalities. For a taxonomy of herding
models, see Hirshleifer and Teoh (2003).
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the presence of herding in �nancial markets through statistical measures of
clustering. These papers �nd that in some cases fund managers (or �nancial
analysts) tend to cluster their investment decisions more than if they acted
independently. This work is important as it sheds light on the behavior of
�nancial market participants. It su¤ers, however, of a major and well known
drawback. The decisions clustering may or may not be due to herding. For
instance, it may be the result of a common reaction to public announcements.
These papers cannot distinguish spurious herding from true herd behavior
(see Bikhchandani and Sharma, 2000, and Welch, 2000). The problem that
empiricists face in the task of detecting herding is that there are no data on
the private information available to the traders and, therefore, it is di¢ cult
to understand whether traders make similar decisions because they disregard
their own information and imitate or because of other reasons.
The purpose of this paper is to overcome this problem and o¤er an em-

pirical analysis of herd behavior which is not purely statistical. We present
a theoretical model of herding and estimate it. We are able to identify the
periods in the trading day in which traders act as herders according to the
model. We do not have data on private information, but we are able to esti-
mate our model of herding by using transactions data only. This is the �rst
empirical paper on informational herding that, instead of using a statistical,
a-theoretical approach, directly estimates a herding model.2

The model that we present is inspired by the work of Avery and Zem-
sky (1998). They use a sequential trading model à la Glosten and Milgrom
(1985). Traders trade an asset of unknown value with a market maker.
Traders receive private information on it. The market maker is uninformed
and sets the price of the asset on the basis of the buy and sell orders that he
receives. Avery and Zemsky show that traders will always �nd it optimal to
trade on the di¤erence between their own information (the history of trades
and the private signal) and the commonly available information (the history
only). Therefore, it will never be the case that agents neglect their informa-
tion and imitate previous traders�decisions. Avery and Zemsky, however,
also show some examples in which there are multiple sources of uncertainty,
i.e., uncertainty not only on the asset value but also on other parameters of
the model. In these examples, although the price aggregates private infor-

2While there are no direct empirical tests of herding models, there is experimental
work that tests these models in the laboratory. Herding in a laboratory �nancial market
is studied by Cipriani and Guarino (2005).
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mation, herd behavior arises. The price moves �too slowly� in response to
the order �ow. Traders have multiple sources of informational advantage on
the market maker and, therefore, they update their beliefs on the asset value
more quickly that the price. When the price is not very responsive to the
order �ow, we are in a situation similar to that analyzed by Banerjee (1992)
and Bikhchandani et al. (1992) in which the price (i.e., the cost of an action)
is �xed. Hence, herding arises here as it does there.
In our model, based on Easley and O�Hara (1992), there is uncertainty not

only on the value of the asset but also on the proportion of informed traders
in a trading day. The asset is traded over many days. At the beginning of
each day, an informational event can occur or not. In the former case, the
fundamental asset value changes with respect to the value of the previous
day. It can be higher (in the case of a good informational event) or lower (in
the case of a bad informational event) than the value in the previous day.
In the latter case, instead, it remains unchanged. If an event has occurred,
some agents will receive private information on the new asset value. These
agents will trade the asset to exploit their informational advantage on the
market maker. On the contrary, if no event has occurred, all traders in
the market will be uninformed: they will trade for other reasons only, like
liquidity or hedging motives. While the informed traders know that they are
in a market in which there is private information (since they themselves are
informed) the market maker does not know whether he is in an informed or
uninformed market for that day. This asymmetry in information determines
a di¤erent way of updating the beliefs on the asset value by traders and
market maker. The market maker will move the price �slowly�since he has
to take into account the possibility that the asset value has not changed,
the market is uninformed and all orders are coming from uninformed (noise)
traders. His interpretation of the history of trades will be di¤erent from the
traders�. There can be times in which, irrespective of their private signals,
all informed agents will value the asset more than the market maker and,
therefore, �nd it optimal to buy; or they will all value the asset more than
the market maker and �nd it optimal to sell. These are periods in which
herd behavior arises.
To estimate our model, we will use a strategy proposed by Easley, Kiefer

and O�Hara (1997). They show how to use transaction data to estimate the
parameters of the Glosten and Milgrom model by means of maximum like-
lihood. We will construct the likelihood function for the trading of an asset
over multiple days. Our function takes into account that for some histories

4



of trade agents will herd. This means that in these histories, the probability
of a buy or a sell order will be di¤erent from that when each agent follows
his own private information. Our task will be more complicated than Easley,
Kiefer and O�Hara�s. In their set up, informed traders are perfectly informed
on the value of the asset. Given that their signal is perfectly informative,
these traders�decisions will never be a¤ected by the previous decisions and
they will never herd. Therefore, the only thing that matters is the number of
buys, sells and no trades during the day. The sequence in which orders arrive
is irrelevant. In contrast, in our framework, history matters. Sequences with
the same number of buys and sells may occur with di¤erent probabilities
depending on the order in which buy and sell decisions arrive in the market.
Therefore, we cannot limit our analysis to the number of orders but we have
to consider the entire sequence of trades.
We applied our methodology to the trading activity of Ashland Oil stock,

a stock traded in the NYSE, in the �rst quarter of 1995. We �nd that 7.3%
of the trading periods are characterized by herd buy and 8% by herd sell. In
23 (out 63) days of trade, herding periods were higher than 15% of the total
periods of trade. Herding behavior generated a signi�cant deviation of the
price path from the full information level.
The paper is organized as follows. Section 2 describes the theoretical

model. Section 3 characterizes herd behavior and shows how it can arise.
Section 4 describes the estimation strategy. Section 5 describes the data.
Sections 6 presents the results, and Section 7 concludes.

2 The model

Our model is based on Easley and O�Hara (1987), which is a derivation
of Glosten and Milgrom (1985). The Glosten and Milgrom model can be
interpreted as describing the process of trading during a single day. The
present model, by contrast, describes trading over multiple days. A sequence
of agents exchanges an asset of unknown value with a market maker. At
the beginning of each day, nature chooses the value of the asset for that
day. There are two possibilities: either the value remains the same as in the
previous day, or it changes, going up or down. In the latter case, we say that
there has been a (good or bad) informational event. The reason we call this
event �informational�is that some traders in the market will receive private
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information on it. Therefore, the decisions of the traders during the day will
contain information on the event and, hence, on the value of the asset.
Let us now move to a formal description of the model.
We consider an asset whose value at the end of a trading day d = 1; 2; 3:::is

a random variable Vd. In day 1 the asset value V1 is distributed on the
support fV L1 ; V; V H1 g with the following probabilities: Pr(V1 = V ) = (1��),
Pr(V1 = V

L
1 ) = ��, and Pr(V1 = V

H
1 ) = �(1 � �). In any future day d � 2,

the asset value can remain the same as the realized value of the previous day,
or change. In particular, Vd is equal to Vd�1 with probability (1 � �) and
changes with probability �. In the latter case, it is equal to Vd�1 ��L

d with
probability �� and to Vd�1 + �H

d with probability �(1 � �), where �L
d > 0

and �H
d > 0. We assume that these events are independent over time. To

alleviate notation, we de�ne V Hd := Vd�1 + �
H
d = and V Ld := Vd�1 � �L

d .
Moreover, we assume that ��H

d = (1� �)�L
d .

The asset is exchanged in a specialist market. Its price is set by a compet-
itive market maker (the specialist) who interacts with a sequence of traders.
There is a continuum of traders. At any time t = 1; 2; 3:::during the day a
trader is randomly chosen to act and can buy, sell or decide not to trade.
Each trade consists of the exchange of one unit of the asset for cash.
In the market there can be two types of traders: informed and uninformed

traders. Uninformed traders buy, sell or do not trade with �xed probability,
for unmodelled reasons. They buy with probability "

2
, sell with probability

"
2
and do not trade with probability (1 � "). Moreover, we assume that

they decide independently of one another. Informed traders are risk neutral.
They receive a private signal on the asset and maximize their expected pro�t
based on that signal. The signal x is distributed on the support fxL; xHg
(with xL < xH) according to the conditional probability function Pr(x =
xLjV Ld ) = Pr(x = xH jV Hd ) = q, with 1

2
< q < 1. Informed agents know

that an event has occurred and their signal is informative on whether the
event is good or bad. Nevertheless, they are not completely sure of the e¤ect
of the event on the asset value. For instance, they know that there has
been a change in the investment strategy of a company, but they cannot
be completely sure that this change will a¤ect the asset value in a positive
or negative way. The precision of the signal (q) can also be interpreted as
measuring the ability of traders to process the private information that they
receive.
When no event occurs, there is nothing agents can learn in that day and,

therefore, all agents in the market are uninformed. On the contrary, when
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there is an event, a positive proportion of agents receives a private signal on
the new asset value. In this case, the proportion of informed traders is �.
Of course, the idea that an event may occur only at the beginning of a

trading day is a pure abstraction. What is really relevant, from a theoretical
point of view, is that new information on changes in the asset value arrives
at discrete times. We will comment more on this point when we will discuss
the mechanism through which herd behavior arises.
At time t of day d, the market maker and the traders know the history of

trades (Hd
t ) until time t� 1 of the same day. We denote the expected value

of the asset for an informed trader in day d at time t by E(VdjHd
t ; x).

On the other hand, the expected value for the market maker will be
conditioned only on the public information available at time t, i.e., it will be

P dt = E(VdjHd
t ). (1)

We refer to the market maker�s expectation as the price of the asset,
although it is not the posted price. Indeed, the market maker must take into
account the possibility that he may trade with agents more informed than
he is. Therefore, he will set a bid-ask spread between the price at which
he is willing to sell and to buy (Glosten and Milgrom, 1985). Given that
the market maker behaves competitively by assumption, he will make zero
expected pro�ts. Hence, the bid and ask price for the asset will be

Biddt = E(VdjHd
t ; h

d
t = sell) and Ask

d
t = E(VdjHd

t ; h
d
t = buy), (2)

where hdt is the action taken by the trader who arrives in day d at time t. At
any time t, there exists a unique bid and ask price for the asset, which satis�es
Biddt � P dt � Askdt .

3 The market maker takes into account that buying or
selling orders contain private information and sets a spread between the price
at which he is willing to sell and buy. Equilibrium prices always exist because
noise traders are willing to accept any loss and, therefore, the market will
never shut down.

3 Herd Behavior

Very preliminary...to be completed.

3For a formal proof see the Appendix.

7



In our model agents can rationally decide to neglect their signal and
follow the decisions of previous traders. We will, �rst, introduce the formal
de�nition of herding and then illustrate the result.

De�nition 1 There is herd behavior at time t of day d if any informed
trader called to trade chooses the same action, independently of his private
information.

Our de�nition of herding is standard in the literature (see, e.g., Gale,
1996, and Smith and Sørensen, 2000). Agents herd when they act indepen-
dently of their own private information. Because of this, there is conformity
in the market. Avery and Zemsky (1998) have analyzed cases in which herd
behavior can arise that is similar in the spirit to that presented here (see
their models IS2 and IS3).
It is clear that traders who herd can make the wrong decision. For in-

stance, it is possible that in a trading day characterized by a positive informa-
tional event traders in a period of herding neglect their positive information
on the true asset value and decide to sell it. In the cases in which agents
neglect the correct signal and take the opposite action, we say that herding
is misdirected.
We can prove the following Proposition:

Proposition 1 During an informed trading day, herd behavior arises with
positive probability. Furthermore, herd behavior can be misdirected.

Intuitively, the reason for the occurrence of herding is that the price,
although e¢ ciently set by the market maker, moves �too slowly.� When
informed traders and market maker look at the past history of trades, they
interpret it in di¤erent ways. Suppose that a sequence of buy orders arrives
on the �oor. Informed traders, knowing that there has been an informational
event, attach a certain probability to the fact that these orders come from
agents with positive private information. The market maker attaches a lower
probability to this event, as he has to take into account the possibility that
there was no event and that all traders in the market trade for non-speculative
reasons only. Therefore, after this sequence of buys, he will update the price
up less than if he knew that an event had occurred. It can be that even a
trader with negative information has an expected value of the asset higher
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than the (ask) price and, therefore, ignores his signal to herd buy. The same
logic explains herd selling: after a sequence of sells, the bid price may be high
enough that also traders with positive information prefer to sell.
The presence of herding in the market is, of course, important for the

informational e¢ ciency of prices. During periods of herd behavior, private
information is not incorporated in the price, as it normally occurs in the
absence of herding. In a situation of herding, actions do not re�ect private
information, as agents are ignoring their signal. Therefore, the price cannot
aggregate such information.
While traders herd, the market maker knows that he is in one of two

situations: either he is in a day with informational event, where traders are
herding; or he is in a day where agents trade for non speculative reasons
only. While the price does not aggregate private information e¢ ciently, even
during a period of herding, the market maker does learn something on the
true asset value. Indeed, even in a period of herding, he can update his
belief on the fact that there has been an informational event or not, i.e.,
that the asset value has changed or not. Therefore, the bid and ask prices
are updated even in a period of herding. To continue on the same example
above, if the market maker sees other traders buying the asset, he will give
more and more weight to the fact that these traders are informed (liquidity
traders would indeed buy or sell with the same probability). Hence, he will
post higher prices. Because of this movement in prices, herd behavior will
eventually disappear. Agents will no longer �nd it optimal to neglect their
signal and private information will be aggregated in the usual manner. The
price will converge to the true asset value.4

To �x ideas, we present now a simple example in which herd behavior
arises and then disappears.

Example 1: How Herd Behavior Arises

Consider an asset whose value in day d � 1 was 1
2
. In the case of an

informational event, which occurs with probability � = 0:01, the value will be
either 0 or 1, with equal probability � = 0:5. In the case of an informational
event, � = 0:5, i.e., 50% of traders in the market are informed and 50% are

4As we have seen, there is never a complete blockage of information in this model.
This is equivalent to say that there is never an informational cascade. For a model that
illustrates the possibility of cascades in �nancial markets, see Cipriani and Guarino (2001).
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noise. The private signal has precision q = 0:65. Finally, noise traders buy,
sell or do not trade with equal probability " = 1

3
.

Suppose that an informational event occurs and the �rst two traders in
the market decide to buy.
At time 1, the price is equal to the unconditional expectation, i.e., P1 =

1
2
. The market maker computes the bid and ask prices assuming that an
informed trader with a negative signal wants to sell and an informed trader
with a positive signal wants to buy. The ask and bid prices will be A1 = 0:502
and B1 = 0.498. At these prices, an informed trader wants indeed to buy if
he receives a positive signal and sell if he receives a negative one. Therefore,
these are equilibrium ask and bid. Conditional on receiving a buy or a sell
order, the market maker will update upward the probability that an event
occurred. In the absence of an event, a buy and a sell happen each with
probability 0:33, while after an event they happen with a higher probability,
given that at time 1 informed traders never decide not to trade.
At time 2, after receiving a buy order, the market maker will update his

belief and the bid and ask prices in the same fashion. The equilibrium ask
price will be A2 = 0:509. Note that the ask price barely moves. This is
because the market maker has a strong prior that no event occurred. More-
over, the probability of being in an uninformed state of the world declines
slowly, as only the lower probability of no trades in an informed than in an
uninformed market makes it decline.
At time 3, if the market maker computed the ask as before, i.e., assuming

that informed traders choose di¤erent actions depending on their signal, an
informed trader with a negative signal facing such an ask price, would decide
to buy. Observing the previous two buys, this trader raises his valuation
of the asset more than the market maker, since he knows that an event
occurred and there are informed traders in the market. Indeed, his valuation
of the asset after two buy orders and upon receiving a low signal is 0:574.
The market maker realizes that both types of informed traders would buy
and that the buy order reveals nothing on the value of the asset. We are a
situation of herd buying. Therefore, the market maker sets the ask assuming
that all informed traders would buy, which occurs in equilibrium. The new
ask is A3 = 0:528. Note that this value di¤ers from A2 despite the fact that
now we are in a herding period. The market maker updates the probability of
an informational event conditional on receiving a new buy order. Indeed, he
knows that a new buy order is more likely to come from an informed trader
(as all informed traders buy) than from an uninformed trader. Note also
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that, despite the action of the traders does not reveal anything on the value
of the asset, still the bid and ask spread does not collapse to zero. In fact,
at time 3 the bid price is B3 = 0:504. In an informed market after two buy
orders the probability of a sell is much lower than that of a buy. Therefore,
the specialist attaches di¤erent probabilities to the informational event after
observing a sell or a buy.

Example 2: How herd behavior ends.

As we have pointed out in the last part of the previous section, the mar-
ket maker keeps updating his beliefs even during periods of herding. Indeed,
the probability of being in an uninformed market is revised downwards con-
ditional on a new buy order, because the market maker knows that in an
informed market buys are very likely, given that all informed traders would
now buy. In contrast, informed traders do not update their beliefs since they
know that each action in the market either comes from a noise trader or from
another informed trader who is neglecting his signal. In the example above,
traders keep buying from period 4 to period 10. After all these buy orders,
the bid and ask become B10 = 0:932 and A10 = 0:969. At these quotes, an
informed trader with a bad signal wants to sell (since his belief is 0:930) and
a trader with a good signal wants to buy (since his belief is 0:9786).

This simple example makes clear a more general point. The possibility
of informational events makes the market maker interpret the past history
of trades in a di¤erent manner from the traders. The market maker updates
his beliefs too slowly and, therefore, traders may �nd it optimal to disregard
their signals. After a sequence of buys (sells), all informed agents may be
willing to take advantage of the slow movement of the ask (bid) price to buy
(sell) the asset. The actions taken by the previous traders a¤ect the decisions
of the following traders. During the herding period, the market maker still
learns something, namely the informational structure of the market. When
the market maker�s belief on � approaches the traders�belief, traders will
resume trading according to their own private information as they do not
interpret the history of trades di¤erent from the market maker any longer.

Given that information always �ows to the market, despite herd behavior,
the price is able to aggregate the information that traders receive, although
at a slower rate. Given that this information is on average correct, the price
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will converge to the true asset value. We prove this result formally in the
next proposition:

Proposition 2 In any day d the asset price converges almost surely to the
realized value of the asset.

Proof. See the Appendix.
The new dimension of uncertainty does not prevent the market from

learning the true value of the asset. Although herding arises, there is not a
complete blockage of information. Eventually, the market maker will learn
if he is in a day characterized by an informational event or not. The market
maker and the traders have converging beliefs on the true state of the world,
herding will be broken and prices will converge to the fundamentals.

4 Estimating the model

The main objective of our work is to estimate the structural model of herd
behavior that we have just illustrated. Once we have recovered the parame-
ters of the model, we can track down the beliefs of the traders and compare
them to the prices set by the market maker during each day of trading: this
will allow us to detect periods of herding. The parameters that we want to
estimate are: the probability of an informational event (�), the probability
that the information event is good (�), the proportion of informed traders
if an information event occurs (�), the precision of the signal that informed
traders receive (q), and the probability that a noise trader decides to trade
(").
We now write the likelihood function for the history of trades, i.e., for

the sequence of buys, sells and no trades over many trading days. Note that
the histories of bid and ask prices and of transaction prices do not enter the
likelihood function as they do not convey any additional information besides
that contained by the sequence of transactions. Furthermore, in contrast to
Easley, Kiefer and O�Hara (1997), our likelihood function cannot be written
as a simple function of the number of buys, sells and no trades in each
day. According to our model, the sequence of trades, not just the number of
transactions, conveys information.
Clearly, to estimate all our parameters we need data on more than one

trading day. The parameters � and � de�ne the probability that there is
an event at the beginning of a trading day and that the event is good or
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bad. Therefore, if we used data on one day only, this would be equivalent
to observing just one draw from a joint distribution with parameters � and
�. Clearly we would be unable to estimate these two parameters. For this
reason, we will use multiple days data.
While � and � govern the probability of having a (good or bad) informa-

tional event at the beginning of a day, the remaining parameters �, ", and
q, de�ne the probability of observing a particular history of trades during
a trading day, given that the day is good, bad or with no event. In each
day there will be a number of buys, a number of sells and a number of no
trades. In our set up, this three-dimensional statistics is not su¢ cient for
the probability distribution of the trading sequences. Indeed, as we showed
in the previous section, in our framework history matters. Having many buy
orders at the beginning of the day is not necessarily equivalent to having
the same number of buy orders spread during the day. In fact, if there is a
concentration of buys, this may generate a period of herding. The market
maker in this period will have to update his quotes (beliefs) in a di¤erent way
than in the absence of herding. Furthermore, the probability of a particular
order of trades in such a period of herding is di¤erent from the same order
in the absence of herding. Therefore, to estimate our three parameters, we
will not only use the number of buys, sells, and no trades. Rather, we will
use the entire sequence of trades during each day.
From the description of the model and the discussion above, it is clear that

histories of trade in days when there is an informational event will be quite
di¤erent from histories in days when an event occurred. In a no-event day,
we may expect liquidity traders to buy or sell in a balanced way. In contrast,
given that informed traders follow an informative signal, when there is an
informational event there will be either a prevalence of buys or a prevalence
of sells, so that the price converges to the new value.
Informational events at the beginning of each day are independent of each

other. Furthermore, trades in a day are independent of the history of trades
in previous days. Therefore, a particular history of trades over multiple days
can be written as the product of the probability of the history of each single
day. Let us de�ne the complete history of trades in a single day asHd := Hd

Td
,

where Td is the number of trading periods in day d. Then,

Pr
�
fHdgDd=1j�; �; q; �; "

�
= �Dd=1 Pr(H

dj�; �; q; �; ").
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The probability of the history during a trading day, can be written as

Pr(Hdj�; �; q; �; ") =
(1� �) Pr(HdjVd = Vd�1) + �(1� �) Pr(HdjVd = V Ld ) + �� Pr(HdjVd = V Hd )

(note that to simplify the notation we have omitted the parameters in the
conditional probabilities in the last line).
Now we describe how to compute these conditional probabilities, starting

with the case of no information event. During a non informed day, the
probability of each buy or sell is "

2
, while the probability of each no trade

is (1 � "). Given that noise traders act independently of one another, the
probability of all sequences of Bd buys, Sd sells and Nd no trades in day d is
simply

Pr(Hdj�; �; q; �; "; Vd = Vd�1) = Pr(Bd; Sd; Ndj�; �; q; �; "; Vd = Vd�1)

= K
�"
2

�Bd+Sd
(1� ")Nd ,

whereK is the number of permutations of Bd buys, Sd sells and Nd no trades.
When there is an informational event, things are signi�cantly more com-

plicated as we have to distinguish times in which agents follow their own
signal from times in which they herd. As we illustrated above, this depends
on the expectations of the market maker and of the traders. Let us start
from the case in which the market maker sets the bid and the ask assuming
that informed traders will follow their signal. If indeed, E(V jHd

t ; x
H) � Askdt

and E(V jHd
t ; x

L) � Biddt , then these are equilibrium prices. In this case, the
probability of observing a buy, a sell or a no trade at time t are

Pr(Buydt jHd
t ; V

H
d ) = �q+(1��)

"

2
, Pr(Buydt jHd

t ; V
L
d ) = �(1� q)+ (1��)

"

2
,

Pr(Selldt jHd
t ; V

H
d ) = �(1� q) + (1� �)

"

2
, Pr(Selldt jHd

t ; V
L
d ) = �q+ (1� �)

"

2
,

Pr(NT dt jHd
t ; V

H
d ) = Pr(NT

d
t jHd

t ; V
L
d ) = (1� �)(1� ").

As we illustrated above, after a prevalence of buys, the expectation of a
trader with a negative signal can be higher than the ask price: in such a case,
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all informed traders will buy, independently of their signal. In equilibrium,
the market maker will set the ask and the bid taking into account that all
informed traders want to buy, i.e., that there is herd buying. In this case,
the probability of observing a buy, a sell or a no trade at that time are

Pr(Buydt jHd
t ; V

H
d ) = (Buydt jHd

t ; V
L
d ) = �+ (1� �)

"

2
,

Pr(Selldt jHd
t ; V

H
d ) = Pr(Selldt jHd

t ; V
L
d ) = (1� �)

"

2
,

Pr(NT dt jHd
t ; V

H
d ) = Pr(NT dt jHd

t ; V
L
d ) = (1� �)(1� ").

Similarly, after a prevalence of sells, we will have E(V jHt; xH) < Biddt : in
such a circumstance there will be herd selling and the probabilities of each
action will be

Pr(Buydt jHd
t ; V

H
d ) = Pr(Buydt jHd

t ; V
L
d ) = (1� �)

"

2
,

Pr(Selldt jHd
t ; V

H
d ) = Pr(Selldt jHd

t ; V
L
d ) = �+ (1� �)

"

2
,

Pr(NT dt jHd
t ; V

H
d ) = Pr(NT dt jHd

t ; V
L
d ) = (1� �)(1� ").

Finally, there are two intermediate cases. The �rst occurs when, after
a positive trade imbalance, Biddt < E(V jHd

t ; x
L) < Askdt . In this case, in

equilibrium, the market maker computes the bid assuming that only noise
traders sell while agents receiving negative signal do not trade, and this is
indeed what happens. In this instance, the probabilities of trades will be

Pr(Buydt jHd
t ; V

H
d ) = �q + (1� �)

"

2
, Pr(Selldt jHd

t ; V
H
d ) = (1� �)

"

2
,

Pr(Buydt jHd
t ; V

L
d ) = �(1� q) + (1� �)

"

2
, Pr(Selldt jHd

t ; V
L
d ) = (1� �)

"

2
,

Pr(NT dt jHt; V Hd ) = (1� �)(1� ") + �(1� q),
Pr(NT dt jHt; V Ld ) = (1� �)(1� ") + �q.

Analogously, when after a negative trade imbalance, Pt < E(V jHd
t ; x

H) <
Askdt , in equilibrium the market maker sets the ask assuming that only noise
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traders buy, as it occurs. Therefore, we have

Pr(Buydt jHt; V Hd ) = (1� �)
"

2
,Pr(Selldt jHt; V Hd ) = �(1� q) + (1� �)

"

2

Pr(Buydt jHt; V Ld ) = (1� �)
"

2
,Pr(Selldt jHt; V Ld ) = �q + (1� �)

"

2
,

Pr(NT dt jHt; V Hd ) = (1� �)(1� ") + �q,
Pr(NT dt jHt; V Ld ) = (1� �)(1� ") + �(1� q).

If we de�ne �ve indicator functions I; Ihb; Ihs; Imb; Ims for each case above
(i.e., Ihb takes value 1 if there is herd buy and 0 otherwise), we can write the
probability of, for instance, a buy order in the case of a good event day as

Pr(Buydt jHd
t�1; V

H
d ) =h

�+ (1� �)"
2

i
Ihb +

h
(1� �)"

2

i
(Ihs + Imb) + [�q + (1� �)] (I + Ims)

We can write the probability of any other action for either a good event
or a bad event day in a similar way. Given that the probability of a trade
at any time depends on the evolution of beliefs until then, the probability
of a history of trades must be computed as Pr(Hd

t jVd) = �ts=1 Pr(hdsjHd
s ; Vd)

(where hds is an action at time t of day d), i.e., the probability of each trade
depends on the previous history of trades.
To conclude our description, it is useful to remark the following point.

Herd buying arises when all informed traders value the asset more than the
ask price posted by the market maker, independently of the private infor-
mation that they receive. Similarly, herd selling arises when they value it
less than the bid. Therefore, one could believe that in order to compare the
traders�and the market maker�s beliefs and decide in which of the �ve cases
illustrated above we are at any time t, we would need data on the magnitude
of the good or bad news at the beginning of the day. This would de�nitely
complicate our analysis, as we would need to estimate also�H

d and�
L
d . How-

ever, we can easily show that this is not the case. The expected value of the
asset for a trader at time t is

E(V Ld jHd
t ; x) = V

L
d Pr(V

L
d jHd

t ; x) + V
H
d Pr(V

H
d jHd

t ; x) =

Vt�1 ��L
d Pr(V

L
d jHd

t ; x) + �
H
d Pr(V

H
d jHd

t ; x).
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On the other hand, the expected value of the market maker is

E(V jHd
t ) = V

L
d Pr(V

L
d jHd

t ) + Vt�1 Pr(Vt�1jHd
t ) + V

H
d Pr(V

H
d jHd

t ) =

(Vt�1 ��L
d ) Pr(V

L
d jHd

t ) + Vt�1 Pr(Vt�1jHd
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H
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H
d jHd
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��L
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L
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H
d Pr(V

H
d jHd

t ),

Therefore, the di¤erence between the two expectations is�
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Pr(V Ld jHd

t ; x)� Pr(V Ld jHd
t )
�
� Pr(V Hd jHd

t ; x) + Pr(V
H
d jHd

t )

�
whose sign is independent of how big the positive or negative news is.5

5 Data

The main interest of this paper is methodological. We are not interested in
analyzing herding in a particular market or stock, rather in establishing an
estimation strategy to study herding on the basis of a theoretical model. We
use data for one stock, Ashland Oil. Our choice is exclusively motivated by
convenience: this stock has already been used for similar analyses (see, e.g.,
Easley, Kiefer and 0�Hara, 1997, and Easley et al., 2001). We decided to be
conservative in our study. We do not want to study herding in the trading
of a peculiar stock, but just study the trading process of a standard stock.
We use transactions data on this stock for the �rst quarter of 1995. In

this period there were 63 trading days. The probabilistic structure of our

5For simplicity we have considered just the �price�of the asset. It is straightforward
to repeat the argument for the bid and the ask prices.
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model is quite complicated. Potentially there are three di¤erent types of
trading days. For a given type of day, there are many di¤erent sequences
(not only numbers) of transactions. Each sequence can lead to herding in
di¤erent moments of the day. Therefore, we needed to consider a fairly large
trading-day window.
We took data for this stock from the TAQ dataset. This dataset reports a

complete list of the posted prices (quotes), the price at which the transactions
occurred (trade), the size of the transactions and, of course, the time when
the quotes were posted and the transaction occurred.
In order to extract the relevant information from these data, we had to

make several transformations. First, these data do not say who initiated the
trade, i.e., whether the transaction was a sell or a buy. In order to classify a
trade as a sell or buy, we had to compare the trade with the quotes that were
posted at the time of the transaction. For this purpose, we used the standard
algorithm proposed by Lee and Ready (1991). Given that quotes are reported
with a delay, we used their suggestion of moving each quote behind in time of
�ve seconds. For instance, a quote that results to have been posted exactly
at 10am is recorded in our data as occurring at 5 seconds to 10am. We then
compared the transaction price with the quotes that were posted just before
the transaction occurred. In some cases, to decide whether a transaction was
a buy or sell was easy: if it occurred at the ask it was unambiguously a buy;
if it occurred at the bid, it was unambiguously a sell. Some transactions,
however, are �nalized at a price that is within the bid-ask spread. In this
case, we classi�ed a transaction as a buy if it occurred above the midpoint
and as a sell if it occurred below it. If the price was exactly equal to the
midpoint, we looked at whether the midpoint was higher or lower than the
previous one. If there was an uptick, the order was classi�ed as a buy,
otherwise as a sell. If there was no change, then we looked at the previous
price movement and so on.
Second, clearly these data do not contain any direct information on no

trades. But, of course, there is a signi�cant di¤erence between an hour of
trading in which there are 100 transactions and an hour in which there is
none. We used the convention of classifying as a no trade any period of �ve
minutes in which no transaction occurred. For instance, we considered a
period of 20 minutes between two transactions as four no trades. The choice
of �ve minutes is, of course, arbitrary, as it would be for any other integer.
As a robustness check, we also used other alternative intervals.
As we said, we considered a period with 63 trading days. On average, we
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observed 100 transactions (either buys or sells) and 33 no trades a day.

6 Results

Table 1 shows the results of our estimation.

Table 1: Estimation Results
Parameter Estimate Standard deviation
� 0:79 0:057
� 0:68 0:097
� 0:24 0:018
" 0:66 0:027
q 0:69 0:006

If the speci�cation we adopted is correct, informational events are quite
frequent: 79% of trading days are in fact classi�ed as days in which some
trading activity was motivated by private information. There is a certain
imbalance between good and bad news. Good informational events account
for almost 70% of the informed days. During informed days, the proportion of
traders with private information is, on average, 24%. The remaining trading
activity is explained by noise traders. Such noise traders almost equally split
their decisions among buying, selling, and not trading (34%). The precision
of private information is just below 70%. Such a precision of the signal
strictly lower than 1 opens the door to herd behavior. On the basis of these
parameters, we tracked down the beliefs of the traders (with a good or bad
signal) and the beliefs of the market maker (i.e., the bid and ask prices)
during each trading day. By comparing such beliefs we can detect periods
in which, according to our model, there was herd behavior in the market.
These are periods in which an informed trader would have made the same
decision independently of the signal he received. For instance, when the
belief of the trader is higher than the equilibrium ask even if he received a
bad signal, we classify this period as herd buying. Similarly, when the belief
of the trader is lower than the equilibrium bid even if he received a good
signal, we classify this period as herd selling. We found that 7% of trading
periods are of herd buying and 8% are of herd selling. It should be noted
that these are periods in which there was potential herding. We cannot
detect whether the trader really had information at odds with the public
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information conveyed by the history of trades. To check this would require
data on private information that we do not have. Nevertheless, it is also
important to remark that herding periods are relevant for the informational
(in)e¢ ciency of the market. Indeed, during herding periods, the market is
unable to learn whether the traders received a good or a bad signal. Although
the market maker still learns something from the trading activity (namely
whether he is in an informed or uninformed day), information is aggregated
less e¢ ciently and the price converges more slowly to the fundamental asset
value. For the period under analysis, we found that herding was pronounced
in 23 days (out of 63). In such days, at least 15% of the trading periods were
characterized by herding behavior. In 7 days, in particular, herding was very
pronounced, since it characterized more than half of the trading periods.

Table 2: Number of days in which herding periods were frequent.
> 50% > 30% > 15%
7 15 23

To have a better understanding of the ine¢ ciency produced by herding
behavior, we simulated 10; 000 days of trading in a �nancial market with
our estimated parameters. We then simulated the same days of trading
with the same parameters but assuming that traders, instead of behaving
rationally as in our model, always followed private information. We took
this as a benchmark case, since in this case all private information would be
revealed by the trading decisions. We compared the price paths under the
two scenarios. We considered the absolute di¤erence at each time of very
trading day. We found that the average distance between the two prices
is 0.4%. In other words, the presence of herding determined a deviation of
the price from the full information level of 0.4% on average during each day.
While this is a fairly high distortion from the full information level, it should
also be noted that such an information ine¢ ciency is temporary only, since
the price eventually converges to the fundamental.

7 Conclusion

We estimated a model of herding behavior in �nancial markets. We used
transaction data for a stock traded in the NYSE. We estimated the para-
meters of the structural model and detected periods in each trading day in
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which, according to our model, informed traders chose the same action inde-
pendently of whether they had good or bad private information on the value
of the stock. We found that herding is present in the market. In some days of
trade it is fairly pervasive. In our future research we will apply our method-
ology to verify whether herding is more pronounced in particular markets, or
in particular times (like during �nancial crises).
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