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Abstract. Existing models show that herding in decisions can cause significant informa-

tion loss, inferior information aggregation and impaired decision making. However, we show

that for certain types of investment decisions herding results in just the opposite: supe-

rior aggregate information and improved decisions. The two necessary conditions are that

the initial decision over which agents herd creates the need for significant future decisions,

and that the decision makers optimally determine how much costly information to collect

ex-ante. Examples include entering uncertain new markets, initiating R&D, and providing

early-stage venture capital funding. For such multi-stage investment decisions, the possi-

bility of herding by a follower incentivizes the leader to increase its ex-ante information

production to an extent that it can dominate the information loss from herding. Thus,

society may benefit from improved decisions and better aggregate information.
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1. Introduction

Herding can occur when firms face a common source of uncertainty and possess (or collect)

imperfect signals about the future. In this environment, decisions by early movers provide

additional information to later movers, giving them an incentive to imitate even when their

private signals suggest otherwise. Such copycat behavior means that their signals cannot be

inferred from their actions, leading to inferior information aggregation and overall impaired

decisions (Welch, 1992, Bikhchandani, Hirshleifer, and Welch, 1992, and Bannerjee, 1992).1

We show that this argument, while powerful, is incomplete, and that under certain conditions

herding can in fact increase the quality of aggregate information2 and improve decision

quality. We argue that these conditions are likely to be relevant, in particular, for strategic

investment decisions about entering uncertain new markets, initiating R&D, and providing

early-stage venture capital.

One of the conditions required for our results is that the initial decisions result in the

need for additional decisions in the future, all of which may be impacted by information

collected ex-ante. This is a departure from existing herding models that study only one-

time decisions. As examples, consider a strategic R&D alliance or the development of a new

drug. The literature on innovation has widely recognized that such projects are characterized

by significant ex ante uncertainty and require important resource allocation decisions both

initially and over time as technological progress occurs, milestones are reached, and the

importance of new markets is determined (Aghion and Tirole, 1994, Dessein, 2005, Inderst

1These are the earliest examples of information-based rational herding (also called informational cascades)

with resulting information loss or blockage. Hirshleifer and Teoh (2003) review much of the subsequent

herding literature. Also note that herding can occur for agency, reputation or relative performance reasons

(see Scharfstein and Stein, 1990, and Zwiebel, 1995, among others), or because of endogenous entry timing

decisions (Chamley and Gale, 1994, and Zhang, 1997). For this paper we focus on information based herding.
2Throughout the paper we use the term “aggregate information” to refer to the information available via

observational learning, that is, by observing the initial decisions of previous decision makers.



2

and Mueller, 2008, Robinson, 2008, Mathews and Robinson, 2008).3 Furthermore, when a

venture capitalist invests in a firm trying to enter a new market it generally does so with the

knowledge that it will have to subsequently decide, on the basis of the information available

at that time, how much monitoring or advising effort to expend and/or whether to provide

additional financing (see Gorman and Sahlman, 1989, Lerner, 1995, Hellmann and Puri,

2002, Kaplan and Stromberg, 2002 and 2004, Gompers and Lerner, 2001). In our setting,

the relevant information at each decision stage consists of both the private information

collected and the information gleaned from others’ decisions.

The other key condition for our results is that agents can improve the quality of their

private information by incurring a variable cost, i.e., the more they spend on information

collection the better their ex-ante information quality. Most existing herding models assume

that agents are either endowed with a given quality of free information or can acquire a fixed

quality after paying a fixed cost.4 The assumption of exogenously endowed information seems

particularly inappropriate for market entry and technology development decisions. Firms

undertaking such investments, along with entities such as venture capitalists who provide

financing, generally undertake costly studies of both market size and technical feasibility

prior to making significant capital investments. Furthermore, being able to acquire only a

fixed quality of information for a given cost rules out situations where a leader and follower

may optimally prefer to acquire different qualities. This becomes important when agents

have opportunities to benefit from free riding on each other’s effort. The one able to free

ride more is likely to expend less effort in collecting its own information. Thus, allowing for

information collection of differing qualities enables us to characterize how herding affects the

amount of information collected ex ante, the amount of information used for each decision,

3Also see Lerner and Merges, 1998, Schmidt, 2003, Casamatta, 2003, Cornelli and Yosha, 2003, and

Repullo and Suarez, 2004. Note that while these models incorporate multiple decision stages, they do not

consider the role of endogenous information collection about the underlying uncertainty.
4Important exceptions are Khanna (1998) and Burguet and Vives (2000), which will be discussed in detail

later.
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as well as the amount of information that can be inferred from the firms’ actions by outside

observers.

Our main contribution is to show that the effect of herding on aggregate information and

decision quality depends on the interaction between the importance of future decisions and

the agents’ endogenous information quality choices. When the initial investment decision

(which we call an “entry” decision from here forward) is the only important one we find

that our results are consistent with existing herding models, i.e., herding results in inferior

aggregate information and decision quality. However, as future decisions become relatively

more important, herding on entry can result in better aggregate information (measured as a

decrease in the expected variance of a posterior formed after observing the entry decisions)

and better overall entry decisions (measured as an increase in the correlation between the

entry decision and the true future state). Using a two agent model, we show that when the

leader expects his rival to follow blindly (herd), he significantly increases his information

collection effort, and this increase can dominate the information loss from herding by the

follower, but only when future decisions are relatively important. This happens in spite of

the follower optimally reducing the amount of information she collects given that she expects

to herd.

Consider the leader’s information collection decision in a non-herding equilibrium when

future decisions are relatively important.5 Since the follower bases her entry decision on her

own private signal, the leader realizes that for future decisions he will be able to condition on

the information that he can infer from the follower’s entry decision as well as his own private

information. This induces him to optimally reduce his information collection effort. However,

5All of our comparisons between herding and non-herding equilibria are done in parameter spaces where

both equilibria exist, which is facilitated by allowing for a common negative externality when an additional

entry occurs (ie, a competitive externality or potential over-capacity concern). Such a competitive externality

is also particularly relevant for new market entry since there is often significant competition with respect to

developing new technologies and markets. Without such an externality herding would always occur in our

model, but with it we find that both types of equilibria can be supported over a range of the externality.
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when the follower is expected to herd on the entry decision her actions are uninformative

(she is not using her information), so the leader has to rely solely on his own information

even for the future decisions. Thus, he optimally collects more precise information ex-ante.

As the relative importance of the future decisions increases, the increase in the leader’s ex-

ante information collection due to expected herding can ultimately dominate the loss of the

follower’s signal so that the firms’ decision qualities and aggregate information quality are

both improved under herding. We argue this is consistent with recent evidence in Gompers,

Kovner, Lerner, and Scharfstein (2008) that more experienced venture capital firms are more

likely to cluster in funding particular sectors when corresponding public market valuations

are high (ie, in “hot” markets), but that their investment performance does not seem to

suffer as a result.6

Making information quality depend on agents’ effort choice has previously been shown to

reverse results from models where agents are endowed with a given quality of information.

Khanna (1998) shows that when managers may herd after exerting effort to gather infor-

mation concerning a strategic investment decision, the form of their incentive contracts can

significantly affect the likelihood of herding as well as firm profits. Burguet and Vives (2000)

show that while more precise public information is good when an agent has endowed private

information, it may hurt when the agent has to expend increasing costs to acquire better

quality signals. The reason is that as public information improves, the agent’s incentive to

expend resources to acquire information is reduced, thus reducing the aggregate amount of

information in the system. For a similar reason, Persico (2004) shows that the optimal size

of a committee is sensitive to whether the members’ information is endowed or optimally

collected at a cost. When endowed, the optimal committee size under a majority voting rule

is large as more members result in more available information. However, when information

needs to be acquired the optimal committee size is smaller. As the size of a committee

increases, the return from additional information falls, reducing the incentive of members

6See pages 24-25 for further details on this argument.
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to collect information and ultimately the quality of aggregate information. Similar tradeoffs

make herding more desirable than no herding for specific parameter spaces in our model.

This paper is also closely related to the literature on market entry under uncertainty. Early

papers that consider the importance of private information for entry and investment decisions

include Cukierman (1980) and Jovanovic (1981), but in their analyses there is no ability to

learn from rivals’ actions. Later papers have considered how the ability to learn from others’

decisions may affect leader vs. follower advantages (Gal-Or, 1987, Hoppe, 2000, Decamps and

Mariotti, 2003, and Thijssen, Huisman, and Kort, 2005), the probability with which private

information is aggregated and a viable market emerges (Rob, 1987, Bala and Goyal, 1994),

and the timing and rate of entry (Rob, 1991, Hirokawa and Sasaki, 2001). However, these

papers do not consider endogenous information acquisition. Ridley (2008) considers a market

entry model with endogenous information acquisition where a given quality of information

can be acquired at a given price. He focuses on equilibrium market configuration outcomes

and firm profits rather than decision quality and information aggregation, and does not

consider multi-stage investments.

The paper proceeds as follows. The model is described in detail in Section 2. The equi-

librium of the model is derived in Section 3, while comparative statics and empirical impli-

cations are discussed in Section 4. Section 5 concludes. All analytical proofs can be found

in Appendix A.

2. The Model

We study a model with two competing firms, 1 and 2, who first consider whether to

make an initial investment to enter a new market. At a later stage, each must decide

whether to allocate additional resources to the investment. This future decision will be

taken on the basis of the available information at that time. For expositional simplicity, and

consistent with a venture capital interpretation of the model, we refer to the later investment

as monitoring. However, the setup is sufficiently general for this investment to be any type

of effort, additional capital, or other resource allocation. The total potential cost of the
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opportunity to each firm is F = f 1 + f 2 = 1
2 , where f 1 is the cost of entry (the initial

investment) and f 2 is the cost of monitoring (the discretionary future investment). A firm

can monitor only if it previously entered.

The order of the entry decisions is predetermined: Firm 1, the leader, decides at t=0

whether to enter, and then Firm 2, the follower, decides at t=1 whether to enter based

on Firm 1’s decision as well as its own private information. We assume that Firm 2 can

decide to enter only if Firm 1 has previously entered. Thus, we think of Firm 1 as the firm

that “discovers” the new market opportunity.7 Entry as well as monitoring decisions are

irrevocable, and the monitoring decisions at t=2 cannot be observed by the competing firm

or any outside observers. Thus, each firm makes its monitoring decision based only on its

own private information and its observation of its competitor’s entry decision, so both firms’

monitoring decisions can be treated as occurring simultaneously.

Each firm’s eventual payoff from the new opportunity depends on whether they monitored,

the number of firms that entered, and the realized state of nature. The state of nature, θ,

is either good, “G,” or bad, “B,” and this is revealed at t=3. If only Firm 1 enters it

receives a gross payoff of α + 11
m(1 − α) at t=3 if θ = G and nothing if θ = B . 11

m is an

indicator function equalling one if Firm 1 chose to pay f 2 to monitor at t=2, and α ∈ [0.5, 1]

parameterizes the relative importance of monitoring effort. If both firms enter, then they

each receive at t=3 a payoff of α + 1i
m(1−α)− d if θ = G, and −d if θ = B . In other words,

while monitoring boosts the total potential payoff in state G from α to 1, competition costs

each firm d irrespective of the realized state.

The ex ante probability of state G is 1
2 . Before each player makes its entry decision, it

collects additional information about the potential state of nature. In particular, it receives

a signal si that is either high, “H,” or low, “L.” Each firm has the opportunity, prior to

receiving its signal, to improve the precision of the signal by exerting effort. Without any

effort, each firm’s signal will have precision q > 1
2 , where Pr [si = H |θ = G] = q. Improving

7The main qualitative results of the analysis do not change if we assume that Firm 2 can enter the market

even if Firm 1 does not, but the analysis becomes more complicated.
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the precision of si to a level qi ∈ [q, 1] requires Firm i to pay 1
2β (qi − q)2 in effort costs,

where β > 0 is simply a cost-shifter: a larger β indicates a superior information gathering

technology. Firm 1 must choose q1 prior to its entry decision, while Firm 2 chooses q2 after

observing Firm 1’s entry decision but before making its own entry decision. Importantly, we

assume that Firm 2 cannot observe q1, only whether Firm 1 entered.

The timeline of the model is portrayed in Figure 1.

Figure 1. Time Line

0 1 2 3

Firm 1
identifies
market;
chooses q1;
observes s1;
makes entry
decision

Firm 2
chooses q2;
observes s2;
makes entry
decision

Firms make
monitoring
decisions

State is
revealed;
payoffs
realized

In order to develop meaningful comparative statics, we define r ≡ 1−α
f2

to represent the

“return” on the monitoring investment conditional on the good state of nature. Throughout

the paper, we take r ∈ [1, 2] and α ∈ [0.5, 1] as primitive parameters.8 We then let f 2 = 1−α
r

and f 1 = 1
2 −

1−α
r be determined by those parameters. Thus, a variation in r holding α

constant represents a shift in the relative per unit profitability of the two investments, while

a variation in α holding r constant represents a shift in the relative importance of the two

investments (in the sense of relative scale). As α changes independently of r , the decision

of whether or not to monitor does not change for a given belief about the probability of the

good state, but the relative importance of that decision for the overall profitability of the

investment does change.

8These parameter restrictions both ensure tractability and ensure that the monitoring decision will not

be trivial. They are not necessary for the model’s qualitative results.
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Finally, for the remainder of the paper we use the term “outsider” to refer to any agent

with a future decision that is affected by the same underlying uncertainty, and who may

therefore try to infer information from the firms’ entry decisions. In order to summarize the

quality of information available to outsiders, we measure the (ex ante) expected variance of

an outsider’s posterior belief about the state of nature (where the posterior is formed after

observing the firms’ entry decisions).9 As noted previously, the firms’ monitoring decisions

are not observed by either the competitor or the outsiders.

3. Equilibrium

We solve the model using backward induction, starting from the firms’ monitoring decisions

at t=2. We consider only pure strategy equilibria.

Let µ2
i represent Firm i ’s updated belief at t=2 about the probability of the good state,

after observing its rival’s entry decision and its own private signal. Firm i chooses to monitor

at this time if the expected payoff to monitoring, µ2
i (1− α), exceeds the cost of monitoring,

f 2 = 1−α
r , that is, if

µ2
i (1− α) >

1− α

r
⇒ µ2

i >
1

r
.

Recall that the full competitive externality d is paid by each firm whenever both enter,

regardless of whether or not they monitor. Thus, as the expression shows, the monitoring

decision is independent of the number of entrants.

Now consider Firm 2’s entry decision at t=1. Firm 1’s decision has already been made,

and Firm 2 has observed that decision. Assume for now that Firm 1’s entry decision fully

reveals its information, so Firm 2 can correctly infer that entry by Firm 1 implies s1 = H .

We verify in the proof of Proposition 1 that this strategy is optimal for Firm 1. Given this,

Firm 2’s t=1 belief about the probability of the good state, which we denote by µ1
2, will be

9In equilibrium, this turns out to be equivalent to the leader’s posterior at t=2, the time of its monitoring

decision. However, since the follower’s signal cannot be inferred by the leader or outsiders in a herding

equilibrium, her information will be superior in such an equilibrium.
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a function of both signals and will be equal to its t=2 belief, µ1
2 = µ2

2. Thus, Firm 2 can

decide at t=1 whether or not to monitor at t=2.

We denote each possible combination of signal realizations as a pair (s1, s2). Using Bayes’

rule, Firm 2’s posterior belief can be expressed as

µ1
2 =

Pr [s1|θ = G]Pr [s2|θ = G]

Pr [s1|θ = G]Pr [s2|θ = G] + Pr [s1|θ = B ]Pr [s2|θ = B ]
.

Given (correctly inferred) signal qualities q1 and q2, the entire range of Firm 2’s possible

posterior beliefs is given in the following table (recall that Firm 2 cannot consider entry if

s1 = L):

Signal Pair (s1, s2) Firm 2’s Posterior, µ1
2

(H, H ) q1q2

q1q2+(1−q1)(1−q2)

(H, L ) q1(1−q2)
q1(1−q2)+q2(1−q1)

At this point we restrict the range of the information cost parameter, β, so that Firm

2 will choose to monitor at t=2 if and only if it knows that both signals are high, ie,

(s1, s2) = (H, H ). This ensures that we focus on the interesting cases where monitoring is

not a trivial decision. In particular, we assume β ∈ [0, 2
2+r(r−2) −

2
r ].

10

Using this property, we can characterize Firm 2’s entry decision. First, assume that

(s1, s2) = (H, H ). In this case, Firm 2 knows it will monitor if it enters, and it knows that

Firm 1 has entered, so it will enter at t=1 if µ1
2 − d > 1

2 , or

q1q2

q1q2 + (1− q1)(1− q2)
>

1

2
+ d.

The problem is interesting only if Firm 2 chooses to enter in this state (otherwise Firm 2

is irrelevant), so we use two final parameter restrictions to guarantee that this condition

always holds. In particular, from here on we restrict d to the range [0, 1
r −

1
2 ] and set q = 1

r .

These assumptions ensure that the externality never gets too large relative to the expected

10The su! ciency of this condition is verified in the proof of Proposition 1.
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payoff, which depends on the quality of information available and is thus directly tied to the

relationship between β and q.11

Now assume that (s1, s2) = (H, L ). In this case, Firm 2 knows it will not monitor, but

that Firm 1 has entered. Thus, it will enter if αµ1
2 − d > 1

2 − f 2, or, replacing µ1
2 and f 2 and

rearranging,

(1)
q1(1− q2)

q1(1− q2) + q2(1− q1)
>

1
2 + d

α
− 1− α

αr
.

From here forward, we refer to this as the herding condition. If this condition holds, then

Firm 2 ignores its own signal and enters on the basis of Firm 1’s H signal despite causing

both firms to suffer the competitive externality d. Otherwise, Firm 2 follows its own signal

and stays out despite Firm 1’s positive signal.

Now back up and consider Firm 2’s information collection problem, that is, its choice of

q2. For a given set of parameters, whether the herding condition holds depends critically

on the relationship between q1 and q2. For a given q1 Firm 2 may choose to herd for lower

values of q2 and not herd for higher values of q2. However, recall that Firm 2 cannot observe

q1. Thus, we must solve for the simultaneous Nash Equilibrium of the two firms’ information

collection choices. In equilibrium, each firm must be satisfied with its own choice of qi given

its competitor’s choice of qj and a correct inference about whether Firm 2 will ultimately

herd.

11The assumption tying q to r improves tractability significantly, as it also ensures that no matter what

equilibrium signal precision choice the firms make, it will always be optimal to monitor given a single H

signal (ie, any signal is guaranteed to have precision at least 1
r , so a single H signal by itself implies the

firm will monitor). This eliminates less interesting cases where monitoring is trivially ignored by the firms

unless there are two H signals (in particular, monitoring would then never be considered by the leader in a

herding equilibrium). The same could be accomplished without tying q directly to r by assuming that β is

su! ciently large to ensure that the leader’s signal precision is at least 1
r , but such an assumption would be

less tractable. It should also be noted that our assumption means that a comparative statics exercise with

respect to q or r will not be informative.
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We proceed to derive the firms’ optimal information precision decisions in two regimes,

the herding regime and the non-herding regime. In the herding regime, we assume that Firm

2 will herd (follow Firm 1 into the market) irrespective of equation (1). In the non-herding

regime, we assume that Firm 2 will, instead, follow its own signal (that is, enter the market

only when s2 = H ). We derive optimal information precision choices for both firms under

these assumptions, then later consider how these conditional decisions translate into the

overall equilibrium when we allow Firm 2 to make its herding decision optimally based on

(1).

First consider Firm 2’s decision in the non-herding regime. Recall that Firm 2 makes

an entry decision only if Firm 1 has previously entered, and that Firm 1 will enter only if

s1 = H . Thus, since Firm 2 can infer that s1 = H , its belief about the probability of the

good state at this point (ie, before observing its own signal), by Bayes’ rule, will be

Pr [s1 = H |θ = G]

Pr [s1 = H |θ = G] + Pr [s1 = H |θ = B ]
= q1.

Since we are searching for a simultaneous Nash Equilibrium, we let Firm 2 take q1 as given

and derive the optimal response function.

For a given q1, Firm 2’s objective function can be written as

(2) max
q2∈[ 1r ,1]

q1

[
q2(1− d− 1

2
)

]
+ (1− q1)

[
(1− q2)

(
−d− 1

2

)]
− 1

2β

(
q2 −

1

r

)2

.

The first two terms in this equation reflect the following: the good state is expected to occur

with probability q1; Firm 2 will enter only if s2 = H ; each firm suffers the externality d

when they have both entered, regardless of the state; and Firm 2 will monitor only when

(s1, s2) = (H, H ). The third term is the cost of information collection given our assumption

that q = 1
r . Taking the derivative with respect to q2 gives the first order condition

(3)
1

2
+ d +

1

rβ
− 2dq1 −

q2

β
= 0.

There is clearly a unique solution in the permitted range given that the second order deriv-

ative is − 1
β < 0.
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Continuing with the non-herding regime, consider Firm 1’s problem. When it chooses q1

it takes as given both Firm 2’s herding decision and conditional information gathering choice

q2 (recall that Firm 2 cannot observe q1, so Firm 1 cannot manipulate q2 with a change in

q1, ie, it cannot play off Firm 2’s reaction function derived above). Assuming no herding

and a given q2, Firm 1’s objective function can be written as

(4) max
q1∈[ 1r ,1]

1

2

[
q1q2

(
1− d− 1

2

)
+ q1(1− q2)

(
α−

(
1

2
− 1− α

r

))]

+
1

2

[
(1− q1)(1− q2)

(
−d− 1

2

)
+ q2(1− q1)

(
−

(
1

2
− 1− α

r

))]
− 1

2β

(
q1 −

1

r

)2

This equation reflects the following: Firm 1’s belief about the probability of the good state

is 1
2 at this point; Firm 1 will enter only when s1 = H ; in a non-herding equilibrium, Firm 2

will enter only when s2 = H (and Firm 1 thus suffers the competitive externality d only in

that situation); and since Firm 1 has the same information as Firm 2 at t=2, it will monitor

only if the signal pair is (s1, s2) = (H, H ) (which is verified in the proof of Proposition 1).

Taking the derivative with respect to q1 gives the first order condition

(5)
2 + (1 + dr + (−1 + r )α)β − 2rq1 + (−2 + r − 2dr + 2α− rα)βq2

2rβ
= 0.

Again, there is a unique solution since the second order condition is clearly satisfied.

We finally solve for the Nash Equilibrium in the non-herding regime by substituting Firm

2’s first order condition (5) into Firm 1’s first order condition (3), solving for q1, and then

inserting the solution back into Firm 2’s first order condition (5) and solving for q2. We

denote the Nash Equilibrium choices as q∗NH
1 and q∗NH

2 (the algebraic solutions for these

quantities are omitted for brevity). From here on, we call this potential equilibrium the

non-herding equilibrium.

Now consider the herding regime. In this regime Firm 2 enters the market anytime Firm 1

enters (since it correctly infers that s1 = H ). Thus, the competitive externality d is suffered

by both firms whenever Firm 1 enters. Also, at t=2 Firm 2 knows both its own signal and
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that of Firm 1, while Firm 1 knows only its own. Since Firm 2 herds, Firm 1 cannot infer its

signal from its decision. Firm 2 (as noted above) monitors when the signal vector is (H, H ),

but not when it is (H, L ). Firm 1 always monitors after it enters with s1 = H given our

assumption that q = 1
r .

Firm 2’s objective function, conditional on seeing Firm 1 enter, is now:

(6) max
q2∈[ 1r ,1]

q1

[
q2(1− d− 1

2
) + (1− q2)

(
α− d−

(
1

2
− 1− α

r

))]

+(1− q1)

[
(1− q2)

(
−d− 1

2

)
+ q2

(
−d−

(
1

2
− 1− α

r

))]
− 1

2β

(
q2 −

1

r

)2

.

Firm 2’s first order condition is

(7)
1 + β − αβ − (−2 + r )(−1 + α)βq1 − rq2

rβ
= 0,

and the second order condition is, again, clearly satisfied.

Firm 1’s objective function is

(8) max
q1∈[ 1r ,1]

1

2

[
q1

(
1− d− 1

2

)]
+

1

2

[
(1− q1)

(
−d− 1

2

)]
− 1

2β

(
q1 −

1

r

)2

,

reflecting the fact that Firm 2 always enters if Firm 1 does, and Firm 1 always monitors on

the basis of its own signal since it cannot infer Firm 2’s signal from its entry decision.

In this case, Firm 1’s first order condition does not depend on q2:

(9)
1

2
+

1− rq1

rβ
= 0.

Solving this for q1 yields q∗H1 ≡ 1
r + β

2 . Then plugging this into Firm 2’s first order condition

(7) yields the equilibrium q2, denoted as q∗H2 (again, the algebraic solution is omitted for

brevity). We refer to this potential equilibrium as the herding equilibrium from here forward.

It now remains to determine the overall equilibrium when Firm 2 optimally decides to

herd or not herd according to (1). The key is to note that Firm 2 will tend towards herding

when q2 is low relative to q1 and away from herding when q2 is high relative to q1. In fact, if

we consider the entire range of possible q′s from 1
2 to 1, it is clear from equation (1) that for
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any q1 there will be a threshold level of q2, say q̂2, such that q2 choices below the threshold

optimally result in herding behavior while q2 choices above the threshold optimally result in

non-herding behavior. Thus, anytime we have q̂2 ∈ (1
r , 1), Firm 2’s overall objective function

is kinked, and is equal to (6) for all q2 < q̂2 and equal to (2) for all q2 > q̂2. At the point

of the kink, q2 = q̂2, Firm 2 is indifferent between herding and not, and since the herding

decision is made optimally, the two pieces of the objective function must be equal at this

point.

For any set of parameters, the herding and non-herding equilibria are the only candidate

equilibria that need to be considered. Thus, we need to determine which if any of these

equilibria exist over our allowed parameter space given Firm 2’s kinked objective function.

In particular, we can say that an equilibrium exists if two conditions are met. First, it is

necessary that the prescribed behavior for Firm 2 (herding versus not herding) is actually

optimal for Firm 2. In technical terms, this is true for a herding equilibrium if q∗H2 < q̂2

and for a non-herding equilibrium if q∗NH
2 > q̂2. Second, it is necessary that there exist no

profitable deviations for Firm 2 to a level of q2 at which its herding behavior is changed.

Technically, for a herding equilibrium and a given q1, this means that Firm 2’s payoff from

choosing q∗H2 and herding exceeds the payoff from choosing the best q2 > q̂2 and not herding.

Similarly, for a non-herding equilibrium and a given q1, Firm 2’s payoff from choosing q∗NH
2

and not herding must exceed the payoff from choosing the best q2 < q̂2 and herding.

A full analysis along these lines yields the following result.

Proposition 1. For given parameters r , α, and β, there exists a threshold level of d < 1
r −

1
2 ,

denoted by d∗, such that:

The herding equilibrium with optimal information precision levels q∗H1 and q∗H2 exists for all

d < d∗ and does not exist for any d > d∗.

The non-herding equilibrium with optimal information precision levels q∗NH
1 and q∗NH

2 exists

for all d > d∗ and for some d < d∗.
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This result implies that the herding equilibrium is more likely to exist at low levels of the

competitive externality d, while the non-herding equilibrium is more likely to exist at higher

levels of d. This is quite intuitive, since an increase in d decreases the returns to competitive

entry, and thus makes the follower’s decision more sensitive to its information. However, the

result also implies that for any set of parameters there is always a range of d for which both

the herding and non-herding equilibria exist. Thus, in this range it is possible to directly

compare the two equilibria in terms of the amount of information gathered by the players.

Such an analysis is the focus of the next section.

4. Comparative Statics and Examples

We first derive some comparative statics for the firms’ equilibrium information precision

choices and the quality of aggregate information, then provide some examples, and finally

discuss the applications mentioned in the introduction.

For the herding equilibrium we have the following result.

Proposition 2. Firm 1’s optimal information precision in the herding equilibrium, q∗H1 , is not

affected by d or α. Firm 2’s optimal information precision in the herding equilibrium, q∗H2 ,

is not affected by d, but is decreasing in α.

Since we have assumed that the firms lose d in both the G and B states if both enter,

changes in d turn out not to affect their information precision choices when Firm 2 herds.

This is because there is no marginal effect of d on the return to information collection. A

change in d could affect Firm 1’s overall entry decision if d were too high, but given the range

of d we consider, Firm 1 always finds it optimal to enter after seeing an H signal. Firm 1’s

information precision is also not affected by α because the firm knows it will always monitor

if it enters – thus its information precision choice is driven by the overall profitability of

the project, which does not vary with α. Firm 2, on the other hand, may choose not to

monitor if it enters after getting an L signal, so changes in α do affect its marginal value
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of increased information precision. An increase in α increases the weight on the higher-

return entry decision, which makes the avoidance of the monitoring expense (the only reason

higher information precision is useful to the follower in a herding equilibrium) less important,

decreasing q∗H2 .

For the non-herding equilibrium, we have the following result.

Proposition 3. Firm 1’s optimal information precision in the non-herding equilibrium, q∗NH
1 ,

is increasing in α, and is decreasing in d. Firm 2’s optimal information precision in the

non-herding equilibrium, q∗NH
2 , is decreasing in α, but at a slower rate than the increase in

q∗NH
1 , and is decreasing in d.

As α falls in the non-herding equilibrium, more weight is put on the later stage monitoring

decision. Since the follower is not herding, the leader knows that it will be able to infer the

follower’s signal before making its monitoring decision. Thus, the leader has an increasing

opportunity to free ride on the follower’s information and responds by reducing its informa-

tion collection effort. Anticipating this reduction in the leader’s information precision, the

follower responds by increasing its own information production. However, this is a second-

order effect so it increases at a slower rate than the decrease in the leader’s information

production.

To understand why both firms choose to gather less information as d increases, recall that

in the non-herding equilibrium d will be paid only when both parties receive H signals, since

otherwise the follower does not enter. Thus, an increase in d hurts profits exactly when the

good state is more likely, which reduces the incentive to improve information precision.

Next we investigate how herding impacts the quality of the firms’ decisions. We measure

decision quality as the correlation between the firms’ entry decisions and the actual state of

nature. In other words, this is a measure of how well the firms’ entry decisions forecast the

state, or the efficiency of resource allocation.12

12Note that our reduced form model does not allow for a full welfare analysis.
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To calculate the correlation between the entry decisions and the state of nature, we define

the following random variables that correspond to outcomes in the model. Let Θ take on

a value of 1 when the state is θ = G and a value of −1 when the state is θ = B . Let I H
i

take on a value of 1 when firm i enters in the herding equilibrium and a value of −1 when

firm i does not enter, and let I NH
i be defined analogously. Using the equilibrium levels of

information quality, we have the following

ρ(Θ, I H
1 ) = 2q∗H1 − 1,

ρ(Θ, I NH
1 ) = 2q∗NH

1 − 1,

ρ(Θ, I H
2 ) = 2q∗H1 − 1,

and

ρ(Θ, I NH
2 ) =

q∗NH
1 + q∗NH

2 − 1√
1− (2q∗NH

1 q∗NH
2 − q∗NH

1 − q∗NH
2 )2

,

where ρ(á, á) denotes the correlation coefficient for any two random variables. With respect

to the decision correlations for Firm 2, note that in the herding equilibrium its correlation

is the same as that for Firm 1 since it blindly follows Firm 1’s entry decision. For the non-

herding equilibrium it requires two good signals before it will enter. Next, it is worth noting

that if all of the information qualities were the same (as is true in most traditional herding

models), Firm 2’s decision correlation in the non-herding equilibrium would be the highest

of the four. However, we show that this is not always the case with endogenous information

collection.

We have the following comparative statics with respect to the key correlations.

Proposition 4. The firms’ decision correlations for the herding equilibrium, ρ(Θ, I H
1 ) and

ρ(Θ, I H
2 )), are not affected by d or α. The firms’ decision correlations in the non-herding

equilibrium, ρ(Θ, I NH
1 ) and ρ(Θ, I NH

2 ), are decreasing in d and increasing in α.

Since most of the correlations depend only on q1, most of these results follow directly from

propositions 2 and 3. However, for Firm 2’s correlation in the non-herding equilibrium we

show that the decrease in q∗NH
2 does not overpower the increase in q∗NH

1 .
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Before we move on to a comparison between the different equilibria, consider how the

information that outsiders can infer by observing the firms’ actions is affected. In the herding

equilibrium, outsiders can only infer the leader’s signal, so Proposition 2 implies that their

information will not change with d or α. In the non-herding equilibrium, they can infer

both signals, but the precision of those signals is affected by changes in d and α. To be

more precise about these effects we measure the quality of aggregate information as the ex

ante expected variance of an outsider’s posterior belief about the probability of the good

state of nature (as noted previously, this is equivalent to the leader’s posterior at t=2 in

equilibrium). This is measured after they observe the firms’ entry decisions assuming that

they know whether the herding or non-herding equilibrium is being played (see the proof of

Proposition 5 for a derivation of the expected variance for each equilibrium).13 Using this

measure and propositions 2 and 3 gives us the following result.

Proposition 5. The expected variance of aggregate information in the herding equilibrium is

not affected by d or α. The expected variance of aggregate information in the non-herding

equilibrium is increasing in d, and is decreasing in α for sufficiently large α.

The results for the herding equilibrium follow from the fact that only the leader’s signal can

be inferred by outsiders, and its precision is not affected by d or α (as shown in Proposition

2). For the non-herding result with respect to d, both firms gather less information as d rises

(as shown in Proposition 3), and it turns out (unsurprisingly) that the variance of aggregate

information is decreasing in each player’s signal precision when both signals can be inferred.

Now consider the result with respect to α for the non-herding equilibrium. From Propo-

sition 3, we know that as α rises the leader’s information precision rises while the follower’s

falls, but at a slower rate. On net, the leader’s change is dominant, and the aggregate infor-

mation variance falls. The analytical proof for this result covers the part of the parameter

13Note that the qualitative results are the same if we assume that the outsiders attach some probability

to each equilibrium type. Also note that we assume the outsiders can correctly observe a “no entry” decision

by each potential entrant, which is not essential to the results.
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space where q∗NH
1 > q∗NH

2 , which always holds for sufficiently large α. However, in Ap-

pendix B we show numerically that the result actually holds universally over our permitted

parameter space.

Now consider a direct comparison of the two equilibria. We are looking to quantify the

“costs” of herd behavior by comparing the quality of the firms’ entry decisions and the

quality of aggregate information when the follower herds versus when it does not. This

comparison has real content when the two equilibria exist simultaneously, so we focus on

the region of overlap guaranteed by Proposition 1. However, first consider an extreme case

where there is no competitive externality and no second-stage monitoring decision (note

that only the herding equilibrium will actually exist in this case). It is easy to show that

if d = 0 and α = 1, both firms would choose the same information precision in a non-

herding equilibrium (if it existed) that the leader chooses in the herding equilibrium. At

this point, therefore, (1) herding does not affect the leader’s decision quality and will reduce

the follower’s decision quality, and (2) the herding equilibrium is very costly to outsiders’

ability to aggregate all available information relative to the non-herding equilibrium – all the

available signals have the same precision, but in the herding equilibrium only one of them is

revealed. An increase in d, which eventually moves us into the region where both equilibria

exist, does not affect the decision quality or the quality of information available for inference

in the herding equilibrium, but reduces the firms’ decision quality and the quality of available

information in the non-herding equilibrium. Thus, the herding equilibrium becomes better in

relative terms. Similarly, a decrease in α in the overlap range where both equilibria exist will

always decrease both decision quality and the quality of information available to outsiders

in the non-herding equilibrium, again making the herding equilibrium look relatively better

in comparison. Also, note that since the leader’s decision quality would not be affected by

herding when d = 0 and α = 1, and the non-herding equilibrium will only exist for d > 0,

the above results imply the following.
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Corollary 6. Whenever both the herding and non-herding equilibria exist, the leader’s de-

cision quality is higher in the herding equilibrium than the non-herding equilibrium, i.e.,

ρ(Θ, I H
1 ) > ρ(Θ, I NH

1 ).

Furthermore, as we show below, for many parameterizations both the follower’s decision

quality and the absoluteinformation quality available to outsiders is higher in the herding

equilibrium when α is relatively small. Thus, outsiders trying to infer information about the

state might actually prefer herding to non-herding because it eliminates the leader’s ability

to free ride and increases its information gathering by enough to overwhelm the loss of the

second signal.

At this point it is useful to illustrate the results on the follower’s decision quality and

aggregate information quality using numerical examples. Figures 2a through 2d below graph

the difference in the follower’s decision quality in the herding versus non herding equilibria

(ie, it graphs ρ(Θ, I H
2 )− ρ(Θ, I NH

2 )). Similarly, figures 3a through 3d graph the difference in

the outsiders’ expected aggregate information variance for the herding versus non-herding

equilibria (ie, the variance in the non-herding equilibrium minus the variance in the herding

equilibrium), for varying levels of d and α and fixed levels of r and β within each figure.

In each figure, the flat plane anchored at a variance difference of zero represents the area

within which only one type of equilibrium exists. Negative values represent areas where both

equilibria exist and the non-herding equilibrium has greater decision quality for the follower

(Figure 2) or a lower aggregate information variance (Figure 3). Positive values represent

areas where both equilibria exist and the herding equilibrium has greater decision quality for

the follower (Figure 2) or a lower aggregate information variance (Figure 3) (ie, the follower

makes better decisions if it herds and outsiders trying to infer information about the state

would prefer that Firm 2 herd in these cases). Thus, in both graphs herding improves the

relevant metric when values in the graph are positive.

The comparative statics derived above can clearly be seen in these figures. First consider

panel a of the two figures, with r = 1.25 and β = 0.2. Within the overlap region where both
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Figure 2a: r = 1.25, "#= 0.2 Figure 2b: r = 1.25, "#= 0.25

Figure 2c: r = 1.5, "#= 0.2 Figure 2d: r = 1.5, "#= 0.25

Figure 2. Differences in the Follower’s Decision Quality for Non-Herding

versus Herding Equilibria

equilibria exist, the follower’s decision quality and the information variance in the herding

equilibrium both improve relative to the non-herding equilibrium as d rises or α falls, with the

α effect clearly the more prominent one. In this case, herding always improves the follower’s

decision quality, and it reduces the outsiders’ information variance when α is below about

0.75.

Panel b of each figure increases β to 0.25, that is, information collection becomes less

costly. This causes the overlap region to expand, and also generally increases the area in

which herding is better than non-herding. Intuitively, as information gathering becomes
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Figure 3a: r = 1.25, "#= 0.2 Figure 3b: r = 1.25, "#= 0.25

Figure 3c: r = 1.5, "#= 0.2 Figure 3d: r = 1.5, "#= 0.25

Figure 3. Differences in Expected Aggregate Information Variance for Non-

Herding versus Herding Equilibria

cheaper, the firms both tend to gather more information, and the differences in their q

choices are amplified. For small β not much extra information is gathered, so the loss of

the second signal is the dominant effect and it is more likely that herding is harmful. As β

increases and more information is gathered, the effects of changes in d and α are magnified

and herding starts to look better relative to non-herding more quickly. The same pattern is

seen when comparing panels c and d of each figure.

Moving down from panel a to panel c or panel b to panel d increases r to 1.5, which causes

the overlap region to shrink and makes it less likely that herding is better than non-herding.
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However, this comparative static is not very informative since we have assumed q = 1
r , so

that an increase in r also decreases the amount of “free” information.

Now consider the application of these results as discussed in the introduction. First,

consider investments that do not involve new or exploratory markets or technologies, such

as straightforward market expansions of existing products. These are likely to conform to

the one-time decision framework of existing models, and thus are equivalent to the high α

case. Our results imply that if firms herd in this setting, the follower’s decision quality is

likely to be impaired, and the quality of outsiders’ inference is also likely to be compromised

so that decisions based on such inference are inferior, as predicted by traditional herding

models. In other words, if outsiders act based on inferring the firms’ information from their

seemingly unanimous decisions to invest in a certain industry or market, the possibility and

cost of subsequent bad decisions would be amplified since they would be based on worse

information than if the non-herding equilibrium had prevailed.

Next consider market entry and technology development investments involving significant

innovation. As noted in the introduction, such investments often entail continuing effort

or resource allocations over time to move the technology forward or, in the case of venture

capital, to monitor and advise the innovating firm. As such, these would correspond to

low α investments in our setting. Furthermore, innovative firms and venture capitalists are

widely thought to be quite skilled at learning about the viability of new markets (Kaplan

and Stromberg, 2004). This is, in fact, the skill set that most likely distinguishes successful

venture capitalists. Thus, one could think of these settings as involving relatively high β,

reflecting good information gathering skills.

According to the results in this section, with reference to figures 2b, 2d, 3b, and 3d in

particular, low α and high β situations are exactly those in which it is most likely that

herding leads to better aggregate information and improved decision making. This should

imply relatively good decisions within a herding equilibrium. We believe this is consistent

with the findings of Gompers, Kovner, Lerner, and Scharfstein (2008). In particular, they

find that when public market valuations for a particular sector are high (ie, in “hot markets”),
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more experienced venture capitalists show relatively more clustering in their decisions to fund

companies in that sector, but the performance of their investments does not suffer as a result.

The authors argue this evidence supports the hypothesis that investment clustering is driven

by shifts in industry fundamentals rather than by “overreaction” or herding. Their argument

is based on the idea that herding is likely to lead to inferior investment decisions, as predicted

by existing rational and irrational herding models. Our paper adds a new perspective to this

argument. In our model, “rational” herding and a high positive correlation between the

number of firms investing and the state of nature can go hand in hand in settings with

important future decisions, such as venture capital. Thus, clustering can be caused by

herding behavior without implying worse investment outcomes on average. Put another

way, the fact that clustering fails to impair investment outcomes should not be considered

sufficient evidence to show that the clustering is not caused by herd behavior. In addition,

if more experienced venture capitalists are more likely to understand that herding can be

beneficial for the quality of information, then clustering should be more pronounced among

this group, consistent with the authors’ findings. Our results also imply that herding should

be less of a concern for outsiders who take these financiers’ investment decisions as a signal

of the quality of a given sector.

The same comparative statics provide implications regarding when herding is likely to

be particularly costly or beneficial across different situations within either high or low α

settings. In particular, herding is more likely to be beneficial as later decisions become more

important (α falls) and as the firms’ information gathering skills improve (β rises).

The model also provides some useful empirical implications with respect to when herd

behavior is more likely to be observed. A direct implication of Proposition 1 is that herding

is more likely when the competitive externality, d, is relatively small. This is quite intuitive

as an increase in d makes competitive entry less profitable, which makes the follower more

careful in its entry decision.

Other results on the likelihood of herding cannot be derived analytically, but numerical

simulations show that the results generally follow the patterns seen in figures 2 and 3. In
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particular, note that the threshold d∗ tends to increase as β rises, that is, herding tends to

become more likely as the cost of information gathering falls. Intuitively, as the leader’s infor-

mation becomes more precise, the follower is more tempted to free ride on that information

despite its own increased ability to gather information (the effect on the leader’s information

is always more significant since it has the strongest overall incentives to gather information).

If innovative firms and venture capitalists are more likely to be good information gatherers,

this would imply that herding is more likely when future decisions are relatively important,

and thus when it is most beneficial (or least harmful). This may have positive implications

for social welfare as proxied by the general availability of information and the correlation

between investments and underlying states of nature.

5. Conclusion

When decision makers herd, information is often lost because agents making decisions in

the future cannot infer any private information that was gathered by the parties that decided

to herd. By considering a model with endogenous information collection and competitive

externalities, we show that this result can be reversed, particularly when the decision makers

are considering entry into a market characterized by significant product innovation, where

future investments in effort, monitoring, advising or future capital infusions are likely to

have significant value consequences. In such situations herding solves the free rider problem

of early deciders who may have been able to rely on later deciders’ information in a non-

herding equilibrium. This has important implications for when herding behavior is likely to

contribute to poor decision making and societal welfare loss. In particular, our results imply

that when innovative firms or venture capitalists herd in market entry decisions, society may

benefit from improved decisions and better information aggregation.
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Appendix A

Proof of Proposition 1: We first prove the various claims throughout the text about

the firms’ optimal monitoring decisions. First consider the claim that Firm 1 will always

monitor after entering in a herding equilibrium. Given our assumption that q = 1
r , we know

that q1 ≥ 1
r , and given that Firm 1 cannot infer Firm 2’s signal in a herding equilibrium, its

posterior after entering will always be q1, so we must have µ2
1 ≥ 1

r , ie, monitoring is optimal.

The same argument implies that anytime a firm can infer both signals and both are H, we

must have µ2
i > 1

r , so the firm will monitor. Finally, consider the only remaining case, where

the signal pair is (H, L ) and the firm can infer both signals (ie, Firm 2 in either equilibrium

and Firm 1 in the non-herding equilibrium). First note that it is straightforward to show

that q∗H1 is always weakly larger than q∗H2 , q∗NH
1 , and q∗NH

2 for any set of parameters in the

ranges we consider. (Given that Firm 1 knows it can never use Firm 2’s signal in a herding

equilibrium, it is easy to show that Firm 1 would never consider choosing a q1 greater than

q∗H1 in a non-herding equilibrium where it can infer s2.) Now, the situation in which a firm

will find it most desirable to monitor given the signal pair (H, L ) will be when q1 exceeds

q2 by the greatest possible margin. Thus, it suffices to prove that the firms will not monitor

when q1 is at its maximum within our parameter space while q2 is at its minimum, 1
r . For a

given r , the maximum q∗H1 (ie, the overall maximum q1) occurs at the maximum β we allow.

Plugging the resulting q1 and 1
r for q2 into the relevant posterior formula q1(1−q2)

q1(1−q2)+q2(1−q1)

yields a posterior of 1
r , which is sufficient.

Next we verify that Firm 1 optimally enters with s1 = H and does not enter with s1 = L .

First consider the case where Firm 1 expects Firm 2 to herd. In this case, from above we

know that Firm 1 monitors if it enters after seeing s1 = H . Thus, its expected payoff to

entry upon seeing s1 = H is q1 − d− 1
2 , which is always positive by our assumptions on d

and q. If Firm 1 sees s1 = L , it knows it will never monitor. Thus, its expected payoff upon

entry is α(1−q1)−d− 1
2 + 1−α

r . Rearranging, Firm 1 will enter if (1−q1) > d+ 1
2

α + 1−α
αr . From

our assumption that q = 1
r we know that the left-hand side is smaller than 1− 1

r . It is easy
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to show that the right-hand side is increasing in α and d given our assumptions. Plugging

the minimum α = 1
2 and d = 0 into the right-hand side yields 1− 1

r , so the right-hand side

is always weakly larger and Firm 1 will not enter when s1 = L .

Next consider the case where Firm 1 expects Firm 2 not to herd. If s1 = H , Firm 1 will

monitor after entering if the signal pair is (H, H ) but not if it is (H, L ). Since monitoring

is done only when it is positive NPV, we proceed to prove that it is optimal for Firm 1 to

enter given s1 = H even if it will never monitor. Adding the monitoring option when (H, H )

occurs can only make entry more attractive. If it will never monitor, Firm 1’s expected entry

payoff is q1q2(α− d) + q1(1− q2)α + (1− q1)(1− q2)(−d)− 1
2 + 1−α

r . Simplifying, Firm 1 will

want to enter if αq1− d(q1q2 + (1− q1)(1− q2)) > 1
2 −

1−α
r . Since q1q2 + (1− q1)(1− q2) < 1,

this will hold if αq1 > 1
2 + d− 1−α

r , or q1 >
1
2+d

α − 1−α
αr . From our assumption that q = 1

r we

know the left-hand side is greater than 1
r . The right-hand side is increasing in d and α, and

plugging in the maximum d = 1
r −

1
2 and α = 1 we get 1

r , so the right-hand side is always

less than this, and Firm 1 will enter with s1 = H . Finally consider s1 = L . From above,

we know that Firm 1 would never enter given s1 = L in a herding equilibrium even with

d = 0, so it will never consider doing so in a non-herding equilibrium either (in which d≥ 0

is incurred with some probability).

Now we turn to proving when each equilibrium type exists. First, note that the herding

condition (1) always holds if d = 0 and q2 < q1 (the right hand size is maximized at 1
2 when

α = 1), the latter of which is always true in the herding equilibrium. As d increases, herding

becomes less attractive (the right-hand side of (1) is increasing in d). Define d as the d at

which Firm 2 would elect NOT to herd given information qualities of q∗H1 and q∗H2 (note

from Proposition 2 that these quantities are not affected by d). I.e., d is the d at which (1)

holds with equality. Thus, the herding equilibrium cannot exist for any d > d.

Next we show that d is in the parameter range we consider, ie d < 1
r −

1
2 . Plugging

d = 1
r −

1
2 into (1) yields

(10)
q1(1− q2)

q1(1− q2) + q2(1− q1)
>

1

r
.
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This cannot hold by our assumptions on q and β (see above). Thus, d < 1
r −

1
2 must hold.

Recall the discussion in the text showing that Firm 2’s objective function in q2 given q1 is

kinked at the point where (1) holds with equality, assuming herding is ever optimal in the q2

range considered given q1 (note that the left-hand side of (1) is clearly decreasing in q2, so

the objective function will be kinked whenever herding is optimal given q2 = 1
r – otherwise

Firm 2 will never consider herding given that q1). Together with the above, this implies that

the objective function is always kinked at d given q1 = q∗H1 .

Next we show that Firm 2’s objective function becomes steeper to the right of the kink.

Since the cost function for q2 is the same to the left and right of the kink, any difference

in steepness at the kink must come from the expected payoff excluding this cost. It is

straightforward to show that the slope assuming herding equals − (−1+α)(1+(−2+r)q1)
r , while

the slope assuming no herding equals 1
2 +d−2dq1. It is also straightforward to show that the

latter is always greater than the former given our assumptions. Now note that this implies

that when q1 = q∗H1 and d = d, Firm 2 will find it optimal to deviate to a q2 > q∗H
2 and not

herd, since q∗H2 is exactly at the kink and the objective function becomes discontinuously

steeper at infinitesimally higher q2. Thus, the herding equilibrium cannot exist for at least

some range of d < d. This also implies that Firm 2’s optimized herding profit given q1 = q∗H1

is lower than its optimized non-herding profit given q1 = q∗H1 .

Now define πH
2 (q1) and πNH

2 (q1) as the value of Firm 2’s optimized objective function

given q1 assumingherding and non-herding, respectively (ie, these are Firm 2’s optimized

expected profits assuming that it either herds or does not herd irrespective of whether than

behavior is actually ex post optimal). Thus, for a given q1, πH
2 (q1) is the optimized value

of (6) and πNH
2 (q1) is the optimized value of (2). Let q1 = q∗H1 , which does not depend

on d. By the envelope theorem, to determine how πH
2 (q∗H1 ) and πNH

2 (q∗H1 ) are affected by

changes in d, we can ignore changes in q2. Thus, we have ∂πH
2 (q∗H

1 )
∂d = −1 and ∂πNH

2 (q∗H
1 )

∂d =

−(q∗H1 qn
2 + (1 − q∗H1 )(1 − qn

2 )), where qn
2 is Firm 2’s optimal choice of q2 given q1 = q∗H1

and no herding. It is straightforward to show that (q∗H1 qn
2 + (1 − q∗H1 )(1 − qn

2 )) < 1 always
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holds, so the optimized herding value πH
2 (q1) always decreases faster in d than the optimized

non-herding value πNH
2 (q1).

Next, we show that πH
2 (q∗H1 ) = πNH

2 (q∗H1 ) at some d ∈ [0, d]. Given the above, it suffices

to show that πH
2 (q∗H1 ) > πNH

2 (q∗H1 ) at some d ∈ [0, d]. It is straightforward to show that

when d = 0, qn
2 = q∗H1 . But this implies that qn

2 lies below the kink in Firm 2’s objective

function. To see this, note that (1) always holds at q1 = q2 when d = 0 (the right-hand

side is increasing in α). However, as d increases, the kink occurs at lower q2 (the right-hand

side of (1) is increasing in d). Furthermore, at d, qn
2 must be above the kink since q∗H2 is

at the kink and the non-herding objective function is steeper. Thus, there must be some

d ∈ [0, d], say d, at which qn
2 is at the kink. Now, if qn

2 is at the kink, it must be the case

that πH
2 (q∗H1 ) > πNH

2 (q∗H1 ), since the objective function is flatter at infinitesimally smaller

q2 than qn
2 . Thus, there must exist a d ∈ [d, d], d∗, at which πH

2 (q∗H1 ) = πNH
2 (q∗H1 ). Given

the results above, it must also be the case that πH
2 (q∗H1 ) > πNH

2 (q∗H1 ) for all d > d∗ and

πH
2 (q∗H1 ) < πNH

2 (q∗H1 ) for all d < d∗.

For the part of the result with respect to the existence of the herding equilibrium, it

remains to show that q∗H2 is below the kink for all d < d∗ and that qn
2 is above the kink for

all d > d∗. The former is simple to show. At d = d, q∗H2 is at the kink, and as d falls the

kink occurs at higher q2 while q∗H2 remains constant. For the latter, note that the above

results imply that qn
2 is above the kink at d = d, and that anytime qn

2 is at the kink, we must

have πH
2 (q∗H1 ) > πNH

2 (q∗H1 ). But from above we also know that πH
2 (q∗H1 ) < πNH

2 (q∗H1 ) for all

d > d∗, so qn
2 must be above the kink over that entire range.

Now we show the part of the result dealing with the existence of the non-herding equi-

librium. First, we show that q∗NH
2 is to the right of the kink given q∗NH

1 for all d > d∗ and

some range of d < d∗. To begin, it is easy to show that qn
2 < q∗NH

2 for any set of admissible

parameters (Firm 2 gathers more information to offset the reduced information precision

available from inferring Firm 1’s signal). Also, as q1 falls from q∗H1 to q∗NH
1 , the kink occurs

at lower levels of d (herding is less likely when Firm 1’s signal is less precise). Together,

these imply the required result.
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Finally, we show that πH
2 (q∗NH

1 ) < πNH
2 (q∗NH

1 ) for all d > d∗ and some range of d <

d∗. Given the results above, it suffices to show, taking q1 as an exogenous parameter,

that ∂πH
2 (q1)
∂q1

> ∂πNH
2 (q1)
∂q1

. Using the envelope theorem, it is straightforward to show that
∂πNH

2 (q1)
∂q1

= 1
2 +d(1−2q2). This is clearly decreasing in d, so plugging d = 0 yields ∂πNH

2 (q1)
∂q1

= 1
2

as the maximum this expression can achieve. Again using the envelope theorem, we have
∂πH

2 (q1)
∂q1

= 1+α(r−1)−(2−r)(1−α)q2

r . It is straightforward to show that this is increasing in r , so

plugging r = 1 yields the minimum possible value of 1− (1− α)q2 > 1
2 . QED

Proof of Proposition 2: The results for q∗H1 are obvious given q∗H1 ≡ 1
r + β

2 . Next, note

that following the steps outlined in the text, it is easy to show that

(11) q∗H2 =
1− (−1+α)β(−4+r(4+(−2+r)β)

2r

r
.

The result with respect to d is immediate. Taking the derivative with respect to α yields

(12) −β(−4 + r (4 + (−2 + r )β))

2r 2
.

Given r ∈ [1, 2], this is clearly negative at β = 0, and the critical term in the numerator is

decreasing in β. Plugging in our maximum allowable β yields

(13)
2(−2 + r )(−1 + r )2

r (2 + (−2 + r )r )2
< 0.

QED

Proof of Proposition 3: The expressions for q∗NH
1 and q∗NH

2 are much more algebraically

complex than those for q∗H1 and q∗H2 , so some of the details are omitted for brevity. Complete

details are available upon request.

First, it is straightforward (though algebraically tedious) to show directly that ∂q∗NH
1
∂α < 0,

∂q∗NH
1
∂d < 0, and ∂q∗NH

2
∂d < 0.

For the q∗NH
2 comparative static with respect to α, note from (7) that Firm 2’s first order

condition does not depend directly on α, thus any effect must come through the change in

q∗NH
1 . Solving (7) for q2 gives q2 = 1

r + β
2 + dβ − 2dβq1. Thus, since we know that q∗NH

1

is increasing in α, q∗NH
2 must be decreasing in α, but given our assumptions it is easy to
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show that 2dβ < . 2, so the decrease is of significantly smaller magnitude than the increase

in q∗NH
1 . QED

Proof of Proposition 4: The results for all but ρ(Θ, I NH
2 ) follow directly from their

expressions and propositions 2 and 3. For ρ(Θ, I NH
2 ), the result with respect to d follows

directly from Proposition 3 and the fact that ρ(Θ, I NH
2 ) is increasing in both q1 and q2

(dropping the superscripts on the q’s):

∂ρ(Θ, I NH
2 )

∂q1
=

(1− (2q1q2 − q1 − q2)2) + (2q2 − 1)(q1 + q2 − 1)

(1− (2q1q2 − q1 − q2)2)
3
2

> 0

and
∂ρ(Θ, I NH

2 )

∂q2
=

(1− (2q1q2 − q1 − q2)2) + (2q1 − 1)(q1 + q2 − 1)

(1− (2q1q2 − q1 − q2)2)
3
2

> 0.

Now, calculating the total derivative of the correlation with respect to α we get

(14)
dρ(Θ, I NH

2 )

dα
=

∂ρ(Θ, I NH
2 )

∂q∗NH
1

∂q∗NH
1

∂α
+

∂ρ(Θ, I NH
2 )

∂q∗NH
2

∂q∗NH
2

∂α
.

From the proof of Proposition 3), we know that the magnitudeof ∂q∗NH
1
∂α is at least five times

that of ∂q∗NH
2
∂α . Thus, it suffices to show that ∂ρ(Θ,INH

2 )

∂q∗NH
2

cannot exceed ∂ρ(Θ,INH
2 )

∂q∗NH
1

by more than

5 times. Looking at the derivatives above, note that the first term in each numerator is the

same. Now note that the first term in each numerator has a minimum of 3
4 when q1 = q2 = 1

2 ,

while the second term in each numerator has a maximum of 1 when q1 = q2 = 1, so neither

expression can ever exceed the other by even three times. QED

Proof of Proposition 5: The expected variance of outsiders’ posterior in the herding

equilibrium is quite simple. Since they can always infer Firm 1’s signal from its entry decision,

and can never infer Firm 2’s, their posterior will simply be either q∗H1 following entry by Firm

1 or (1− q∗H1 ) following non-entry. In either case, the variance of the posterior distribution

is q∗H1 (1− q∗H1 ), so this is also the ex ante expected variance. Given this, the result for the

herding equilibrium follows from Proposition 2.

For the non-herding equilibrium, the calculation is more complicated. The outsiders will

always be able to infer Firm 1’s signal, but they will be able to infer a signal for Firm 2

only if Firm 1 has entered. Thus, the signal pairs we must consider are (H, H ), (H, L ), and
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(L, ?). Table 1 gives each possible signal realization they can infer, the posterior for that

realization, the variance of that posterior, and the likelihood of reaching that realization for

both states of nature.

Table 1. Outsiders’ Possible Signal Inferences, Posteriors, and Variances for

Non-Herding Equilibrium

Signals Posterior V ariance Pr|θ = G Pr|θ = B

(H, H ) q∗NH
1 q∗NH

2

q∗NH
1 q∗NH

2 +(1−q∗NH
1 )(1−q∗NH

2 )

q∗NH
1 q∗NH

2 (1−q∗NH
1 )(1−q∗NH

2 )

(q∗NH
1 q∗NH

2 +(1−q∗NH
1 )(1−q∗NH

2 ))2
q∗NH
1 q∗NH

2 (1− q∗NH
1 )(1− q∗NH

2 )

(H, L ) q∗NH
1 (1−q∗NH

2 )

q∗NH
1 (1−q∗NH

2 )+q∗NH
2 (1−q∗NH

1 )

q∗NH
1 (1−q∗NH

2 )q∗NH
2 (1−q∗NH

1 ))

(q∗NH
1 (1−q∗NH

2 )+q∗NH
2 (1−q∗NH

1 ))2
q∗NH
1 (1− q∗NH

2 ) q∗NH
2 (1− q∗NH

1 )

(L, ?) (1− q∗NH
1 ) q∗NH

1 (1− q∗NH
1 ) (1− q∗NH

1 ) q∗NH
1

Now, we just need to take the overall expectation given that the state of nature is G with

probability 1
2 . In other words, first we take a weighted sum of the variances in the third

column using the fourth column as the weights, and multiply this by 1
2 . Then we take a

weighted sum of the variances using the fifth column as weights, multiple this by 1
2 , and add

the two together. After simplification this yields an expected variance of

(15) σ2 ≡ 1

2

(
q∗NH
1 (1− q∗NH

1 )
)

+
1

2

(
q∗NH
1 q∗NH

2 (1− q∗NH
1 )(1− q∗NH

2 )

q∗NH
1 q∗NH

2 + (1− q∗NH
1 )(1− q∗NH

2 )

)
.

+
1

2

(
q∗NH
1 (1− q∗NH

2 )q∗NH
2 (1− q∗NH

1 )

q∗NH
1 (1− q∗NH

2 ) + q∗NH
2 (1− q∗NH

1 )

)

Notice that this equation depends only on q∗NH
1 and q∗NH

2 . As such, the equilibrium effect

of an increase in α on the expected variance is given by

(16)
dσ2

dα
=

∂σ2

∂q∗NH
1

∂q∗NH
1

∂α
+

∂σ2

∂q∗NH
2

∂q∗NH
2

∂α
.

From Proposition 3 we know that ∂q∗NH
1
∂α > 0 and ∂q∗NH

2
∂α < 0, and it is straightforward to

show directly that ∂σ2

∂q∗NH
1

< 0 and ∂σ2

∂q∗NH
2

< 0. Furthermore, the proof of Proposition 3 shows

that the magnitude of ∂q∗NH
1
∂α is at least five times that of ∂q∗NH

2
∂α . Thus, to show that the
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expected variance is decreasing in α (i.e., dσ2

dα < 0) we need to show that the magnitude of

∂σ2

∂q∗NH
2

cannot exceed five times that of ∂σ2

∂q∗NH
1

. In other words, as α increases the resulting

increase in q∗NH
1 always has more of an impact on the expected variance than the decrease

in q∗NH
2 . Here we show that this holds for sufficiently large α.

Setting α = 1 and subtracting q∗NH
1 from q∗NH

2 yields dβ(2−r(1−β))
2(2d2rβ2−r)

, which is negative given

our parameter restrictions. Thus, q∗NH
1 > q∗NH

2 holds for sufficiently large α. Since ∂σ2

∂q∗NH
1

< 0

and ∂σ2

∂q∗NH
2

< 0, it suffices to show that ∂σ2

∂q∗NH
1

− ∂σ2

∂q∗NH
2

< 0 whenever q∗NH
1 > q∗NH

2 . Using

the symmetry of the last two terms of (16) in q∗NH
1 and q∗NH

2 , we have ∂σ2

∂q∗NH
1

− ∂σ2

∂q∗NH
2

=

1
2(1 − 2q∗NH

1 ) < 0 when q∗NH
1 = q∗NH

2 . We now show that this implies ∂σ2

∂q∗NH
1

− ∂σ2

∂q∗NH
2

< 0

whenever q∗NH
1 > q∗NH

2 . This is accomplished by treating each of the three terms in (16)

separately. For the first term, the derivative with respect to q∗NH
2 is zero, while the derivative

with respect to q∗NH
1 is 1

2(1− 2q∗NH
1 ) < 0. For the second and third terms, we first calculate

the derivative with respect to q∗NH
1 and q∗NH

2 , then subtract the derivative with respect to

q∗NH
2 from that with respect to q∗NH

2 (the algebraic details are, again, omitted for brevity).

For each, it is straightforward to show that the difference is zero when q∗NH
1 = q∗NH

2 (since

both terms are symmetric in q∗NH
1 and q∗NH

2 ), that the denominator of the difference is

positive, and that the numerator of the difference decreases in q∗NH
1 . QED
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Appendix B

The proof of Proposition 5 establishes that to show dσ2

dα < 0 it is sufficient to show that

the magnitude of ∂σ2

∂q∗NH
2

cannot exceed five times that of ∂σ2

∂q∗NH
1

. There it is proven that

this holds for all (sufficiently large) α such that q∗NH
1 > q∗NH

2 . Now consider cases where

q∗NH
1 < q∗NH

2 . It is straightforward to show analytically that q∗NH
2 cannot exceed 1.35q∗NH

1

given our parameter restrictions. Since ∂σ2

∂q∗NH
2

and ∂σ2

∂q∗NH
1

depend only on q∗NH
2 and q∗NH

1 , we

can easily graph the ratio of the two for the entire population of possible q∗NH
2 and q∗NH

1

pairs. In particular, Figure 4 below graphs the ratio of ∂σ2

∂q∗NH
2

to ∂σ2

∂q∗NH
1

for all pairs where

q∗NH
2 ≤ 1.35q∗NH

1 .14 It is clear that the relationship is well behaved and that the ratio is

always less than four, implying that dσ2

dα < 0 must hold over our entire permitted parameter

space.

q1

q2

Figure 4. Ratios of the Sensitivity of Expected Aggregate Information Vari-

ance in the Non-Herding Equilibrium to Changes in Signal Precision for Firms

1 and 2

14The graph is created in Mathematica utilizing a 250 by 250 numerical grid, which translates to a step

size of 0.002 for each signal precision variable.
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