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Abstract

We introduce a new model of aggregate information cascades where only
one of two possible actions is observable to others. When called upon,
agents (who decide in some random order that they do not know) are
only informed about the total number of others who have chosen the
observable action before them. This informational structure arises nat-
urally in many applications. Our most important result is that only one
type of cascade arises in equilibrium, the aggregate cascade on the ob-
servable action. A cascade on the unobservable action never arises. We
tested our theory in the laboratory, to check whether it can be expected
to be of empirical relevance. The answer is, luckily, affirmative. Our
results may have important policy consequences. Central agencies, for
example in the health sector, may optimally decide to withhold informa-

tion from the public.

1 Introduction

A central agency in health policy must decide how to disclose information on
the adoption of a new treatment. One possibility is to inform the doctors on
how many others have already decided to adopt the new treatment. Another

is to inform them on how many have considered doing it but have judged
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that it is preferable to stick to the old practice. A third possibility is to reveal
both, the number of doctors in favor of the new practice and the number of
physicians in favor of the old one. Can the way the information is disclosed
make a difference for the diffusion of the new treatment? Suppose the agency
is uncertain about the effects of the new treatment and considers as the worst
case scenario the situation in which the new treatment is widely adopted
while ultimately resulting in worse health outcomes than the old treatment,
for instance because of side effects. Which disclosure policy should the agency
employ?

Intuitively, one would think that the disclosure of all available informa-
tion should maximize social welfare. This only holds, however, if there are no
externalities and a doctor’s decision about a treatment for a patient is obvi-
ously a case with huge externalities. While the life of a patient may matter
a lot to the physician it surely matters more to the patient, at least in most
cases.

In their seminal paper on information cascades, Bikhchandani et al. (1992)
have argued that the adoption of medical procedures is often based on fairly
weak information and that in many cases doctors tend to imitate others.
As an example they cite the widespread use of tonsillectomies in the sixties
and seventies and argue that it was essentially an information cascade. In an
informational cascade, agents rationally neglect their own private information,
i.e., they choose the same action independently of the information they receive
(for instance because they follow the decisions of the predecessors). In the
sixties and seventies, according to Bikhchandani et al. (1992), the sheer fact
that the majority of physicians employed the procedure overrode any private
information individual doctors might have had against tonsillectomies. And
this was a “wrong cascade”—a cascade that generated the worst outcome,
since it eventually turned out that tonsillectomies did more harm than good.

One of the questions we raise in this paper is whether a central agency that
can influence the transmission information may want to decide to withhold
some information. And indeed it turns out that this might be the case. This
is due to the following simple result: If agents have access to information about
both how many others have adopted and how many have not, both types of
cascades are possible—cascades where everybody adopts and cascades where

everybody does not adopt (this is, of course, what we know from the literature



already). If, however, the agency decides only to inform about how many have
adopted, then there is only one type of cascade—one where everybody adopts.
And if the agency only reports about those who have decided not to adopt,
there is also only one type of cascade, one where everybody decides not to
adopt. Thus, if the really bad outcome is the one where everybody herds on
the new treatment while the new treatment is, in fact, worse than the old, the
agency can avoid that this happens—by withholding the information about
how many others so far have decided to adopt.

While information about medical procedures appears to be a particularly
appealing policy-relevant example for the theory we develop here, there are,
in fact, many other applications. At the core of our paper is a simple model
of social learning where agents have to make binary decisions, like adopting a
new treatment or not, or making an investment or not. Our crucial assump-
tion (where we deviate from the previous literature) is that when an agent
makes his decision, he can only observe the total number of others who have
already taken one of the two available actions, for example, the total number
of others who have already decided to adopt the new treatment (while he
cannot observe the number of those who have previously contemplated the
choice but opted otherwise).

This structure appears very natural for many examples that have previ-
ously been discussed in the literature on social learning. A restaurant goer,
who must decide whether or not he wants to dine at a particular restaurant
he stands in front of, may be able to peer through the window to see how
many others decided to have dinner there, but he can only speculate about
how many others stood before the same door and decided to pass. A similar
example is that of a manager of a venture capital firm who discusses a project
with an inventor who needs capital to develop a new product. Say, the in-
ventor has already secured funds from two other venture capital firms. Then
we may expect that the inventor gladly mentions this to the manager with
whom he negotiates. The manager who will have some private information
about the viability of the project will, of course, also extract some information
from knowing that there were also two other firms who thought the project
was good. On the other hand, since we can safely assume that the inventor
will not tell the manager about how often he was turned down, the manager

can only guess how many other firms had information telling them that the



project was bad.!

In all these examples, agents who have to decide between two options have
only aggregate information about one of the two options while in all models
present in the literature so far, a decision maker has access to information
about the individual choices of others who decided before him. The standard
model of social learning (Banerjee, 1992, and Bikhchandani et al., 1992), for
instance, contemplates a sequence of binary decisions which are all observ-
able. Agent n knows whether each predecessor in the sequence, from agent 1
to agent n — 1, decided in favor of one option or the other. We find that our
set up captures quite naturally some situations frequently arising in social in-
teractions. Like in the case of the restaurant goer or the venture capital firm,
in many circumstances, a decision maker can gather some aggregate informa-
tion (how many agents have already adopted, invested, chosen a restaurant),
but he can rarely observe all the individual decisions. Clearly, if the decision
is binary, knowing the number of agents who have made a certain decision
also helps to update on the number of agents who have made the opposite
decision. But this is not equivalent to knowing it. And we can show that
it makes an important difference. In particular, we can show, as we have
mentioned already above, that with aggregate information there can only be
one type of information cascade, a cascade on the observable action.

In the standard sequential model of Banerjee (1992) and Bikhchandani et
al. (1992) different types of cascades can arise. If the decision is binary, say,
between investing and not, there can be cascades where, from a certain point
onwards, all decision makers decide to invest, as well as cascades where, from
a certain point onwards, all decisions makers decide not to invest. At a first
glance, one could think that this is the case in our set up, too. If a restaurant
goer sees many people in a restaurant, he could disregard his information and
just join the crowd; and if he sees the restaurant empty, he could decide to
pass on the restaurant independently of his signal, too. We can prove that, on
the contrary, in our model only the first cascade is possible. In equilibrium

it cannot be that there is a cascade on the unobservable action, e.g., that

I This example could also be extended to the market for syndicated loans where several
banks jointly offer funds to a borrowing firm. See for example Sufi (2007) for an empirical
analysis of the effect of information provision between several lenders and the borrower on

the syndicate structure of the contract.



the restaurant remains empty although some people have read good reviews
about it.

In many cases, one of the available actions arises naturally as the observ-
able action. In one of the examples above it is the number of investment
decisions (as opposed to the number of declined investments). In another
it is the number of decisions to dine in a particular restaurant (as opposed
to the number of passes). There are, however, important cases where third
parties may have the power to decide what kind of information is provided
to agents. This is the case from which we started: the disclosure policy of a
health agency. The worst case scenario for the agency is that in which agents
start to herd on the wrong action. This induces the biggest welfare loss. The
central agency may not know what the wrong action is (if it did, it could
simply announce it) but often the welfare losses will be asymmetric: the case
where the new treatment is indeed more effective but everybody sticks to the
old one may be better or worse than the opposite case, where the old treat-
ment is more effective but everybody switches to the new. Since the central
agency can choose which action to make observable, it can rule out one of the
two erroneous cascades—by withholding information. In summary, we like to
argue that the aggregate information set up that we introduce here has not
only several intriguing properties—some of which are in stark contrast to the
predictions of the standard model—it also has potentially important policy
implications.

We extend the literature on social learning not only theoretically but also
experimentally. After establishing our theoretical results, we implement our
set up in a laboratory experiment. The aim of this experiment is to have a first
“reality check,” since we believe that a theory like ours is more appealing if
it is not completely off the mark. Previous models of social learning, starting
with the standard sequential model with all observable actions, have been
extensively tested in the laboratory, with results that are sometimes favorable
and sometimes less so. For our theory we find support in the laboratory,
although some interesting anomalies emerge. In just two simple treatments
we find that the main comparative statics go all in the right directions. In
particular, while we observe cascades on the observable action, cascades on
the unobservable actions either do not occur (in one treatment) or rarely

occur (in the other).



Other papers in the social learning literature have studied what happens
when we remove the strong assumption that agents can observe the entire
history of individual decisions. Smith and Sgrensen (1998) study a sequential
decision model in which agents can only observe unordered random samples
from predecessors’ actions (e.g., because of word of mouth communication).
With unbounded private signals, eventually, in their model complete learning
obtains. Similarly, Banerjee and Fudenberg (2004) present a model in which,
at every time, a continuum of agents choose a binary action after observing
a sample of previous decisions (and, possibly, of signals on the outcomes).
This can be interpreted as a model of word of mouth communication in large
populations. The authors find sufficient conditions (on the sampling rule,
etc.) for herding to arise, and conditions for all agents to settle on the correct
choice. Celen and Kariv (2004) extend the standard model of sequential
social learning by allowing each agent to observe the decision of his immediate
predecessor only. The prediction of these authors is that behavior does not
settle on a single action. Long periods of herding can be observed, but switches
to the other action occur. As time passes, the periods of herding become
longer and longer, and the switches more and more rare. Finally, Larson
(2006) is close to our paper in that it analyzes a situation in which agents
observe the pooled average action of a population of their predecessors (before
making a choice in a continuous action space). In contrast to our work, the
focus of the study is not on whether a cascade occurs or not, but on the
speed of learning (since the continuous action space guarantees that complete
learning eventually occurs).

The remainder of the paper is organized as follows. In Section 2 we in-
troduce the formal model. We present its equilibrium analysis in Section 3.
Section 4 contains an example. Section 5 describes the experiment and its

results, and Section 6 concludes.
2 The Model

In our economy there are n agents who have to decide in sequence whether or
not to take up a certain option. For convenience, we shall refer to this choice
as the decision about whether or not to invest. Time is discrete and indexed
by t = 1,2,...,n. Each agent makes his choice only once in the sequence.

Agent i’s (1 = 1,2, ...,n) action space is given by {0, 1}, where 1 is interpreted



as investment. Player i’s action is denoted by I; € {0,1}. An agent’s payoff
m; depends on his choice and on the true state of the world w € {0,1}. The
prior probability of w = 1is 7 € (0,1). If w = 1 agent i receives a payoff of
1 if he chooses to invest, and a payoff of zero otherwise; vice versa if w = 0.
That is,

mi=wl+ (1 —w)(1—-1L).

The sequence in which agents make their choices is randomly determined
before the first agent makes a decision, and agents are, w.l.o.g., (re-)numbered
according to their positions: agent i chooses at time i only. All sequences are
equally likely. The agents are, however, not informed about which sequence
has been chosen. Furthermore, they do not know their own position in the
sequence. When called upon, agent 7 is only informed about the total number
of agents before him who have decided to invest. In other words, the decision
to invest is assumed to be the only observable action. This means that, while
the aggregate number of investments is observable, each individual decision to
invest or not is not publicly known. We denote the total number of agents who
have invested before agent i by T;, i.e., agent ¢ is informed about T; = 23;11 1;.
In addition to observing T;, each agent ¢ receives a private signal o; € {0,1}
that is correlated with the true state w. In particular, we assume that each

agent receives a symmetric binary signal distributed as follows:
Pr(o;=1|lw=1)=Pr(o; =0|w=0) =q.

Note that, conditional on the state of the world, the signals are i.i.d.. We
shall refer to w = 1 as the “good state” and to w = 0 as the “bad state.” A
signal pointing in the direction of the good state (o; = 1) shall be called a
“good signal” and a signal pointing in the opposite direction (o; = 0) a “bad
signal.” We assume that 1 > ¢ > r and that r 4+ ¢ > 1. These conditions
ensure that, in the one-agent case, an agent would invest after a good signal
but not after a bad signal, which renders the problem interesting. Note that
these two conditions also imply that ¢ > %, i.e., that the signal respects
the monotone likelihood ratio property. Finally, the signal is not perfectly
informative, which makes social learning possible and relevant.

Agent i’s information set is, therefore, represented by the couple (7}, 0;).

An agent’s strategy J; maps (7}, 0;) into an action, i.e.,

3,:{0,1,2,...,n— 1} x {0,1} — {0,1}.



An agent’s mixed strategy induces, for each (75, 0;), a probability with which
the agent invests. We denote the probability with which agent ¢ invests after
observing (T}, 0;) by Z;(T;, o).

To conclude the description of our model, it is useful to introduce the no-
tion of an aggregate information cascade. The definition is virtually identical
to the standard definition of information cascade, with the characteristic that

histories are summarized by the aggregate statistic T;.

Definition 1 An aggregate information cascade (AIC) occurs when, along
the equilibrium path, there is a decision after which all agents choose an action
independently of their signal. In particular:

In an aggregate up cascade (AUC) there is a critical trigger value TUF
such that if T, = TUY all agents from k onwards choose to invest regardless
of their private signals. Consequently, there is some k such that T, ; = T +j
forallj=1,...n—k.

In an aggregate down cascade (ADC) there is a critical trigger value
TPOWN such that if T, = TPOVN all agents from k onwards choose not

to invest regardless of their private signals. Consequently, in an ADC there

is some k such that Ty, ; =T}, for all j =1,...,n — k.

We are now ready to start analyzing the equilibrium decisions in our

economy.
3 Equilibrium Analysis

The ultimate goal of our analysis is to understand the social learning process
that occurs in our economy. Each agent can learn about the true state of the
world from the aggregate information that he receives about other agents’
choices. This can lead to better decisions. On the other hand, it may be that
also in our economy, as in the canonical model of social learning of Banerjee
(1992) and Bikhchandani et al. (1992), there is room for information cascades.
In such a case, the process of information aggregation will not be efficient.
We will show that, indeed, “up cascades” of investments are possible even in
our set up, as they are in the canonical model. In contrast, “down cascades”
of non-investments never occur in equilibrium.

We shall restrict the entire analysis to symmetric Perfect Bayesian Nash



equilibria (PBNEs). For convenience, we shall sometimes drop the qualifica-
tion and simply speak of an “equilibrium.”?

To start our analysis, it is convenient to focus first on the case of T; = 0, in
which an agent observes that no one has invested before him. At a first glance,
the decision problem in such a situation appears to be fairly complicated. If
the agent knew that T; = 0 simply because he is the first decision maker, then
he should certainly follow his private signal, since that is the only information
available. If, instead, he knew that he is not the first decision maker, then he
could decide not to invest independently of the signal, as other agents have
already chosen the non-investment option. Intuitively, one might think that
T; = 0 is pretty bad information if there are many players. Suppose that n
is very large and you observe that nobody has invested before you. But at
the same time your own private signal is good. Would you trust your own
signal? Of course, the answer to this question would depend on the other
agents’ strategies. While the problem is made hard due to the fact that the
agent does not know his position in the sequence, it is made easier due to the
fact that the only thing that matters about other agents’ strategies is what
these specify for the very same case of T; = 0.

To attack the problem, let us start with the following definition:

Definition 2 An initially-pure equilibrium (IPE) is an equilibrium that pre-
scribes pure actions for T; = 0 and both possible signal realizations o; = 0 and

o; = 1.

Note that there can be mixing in an IPE after observing 7; > 0. The
definition of an IPE just excludes the cases in which an agent mixes after
observing T; = 0. We are able to establish some results that focus on T; = 0.
First, we prove that in any IPE agents must follow their signal after observing
T; = 0: there cannot exist IPEs in which an agent plays independently of his

signal or plays against it.

Lemma 1 In any IPE, an agent follows his own signal if he observes that

nobody has invested so far, i.e., Z;(0,0;) = o; for all i.

20ur economy is represented by a symmetric game and there is nothing in the envi-
ronment that could help agents to coordinate on an asymmetric outcome. Therefore, the

restriction to symmetric equilibria is very natural.



Proof We prove this by contradiction. Suppose that for T; = 0 agents choose
either to invest always or never (independently of their private signals).
Consider the latter possibility first, i.e., consider a pure-strategy equi-
librium with Z;(0,0) = Z;(0,1) = 0. Then, along the equilibrium path,
nobody ever invests and, for any agent ¢ = 1,...,n, T; = 0. Hence, T; = 0
does not reveal any information on the true state of the world. Since
the posterior probability that w = 1 is still r, agent ¢ is better off by fol-
lowing his informative signal ;. Next, consider the case of investment
after T; = 0, i.e., an equilibrium with Z;(0,0) = Z;(0,1) = 1. In this
case, along the equilibrium path, only the first agent in the sequence
observes that nobody else has invested before. That is, T; = 0 if and
only if ¢ = 1. Hence, after observing T; = 0 agent ¢ knows that he is the
first agent in the sequence and, thus, should follow his signal. Finally,
suppose that for T; = 0 agents choose to play against their private infor-
mation, i.e., consider a pure-strategy equilibrium with Z;(0,0;) = 1—0;.
Then, along the equilibrium path, after observing T; = 0, agent ¢ knows
that he is either the first in the sequence or other agents before him

have received good signals. In both cases, he should follow his signal.ll

While we have shown that in any IPE an agent who observes zero in-
vestments should follow his signal, it remains unclear whether such equilibria
exist. The next lemma identifies a necessary and sufficient condition under

which an IPE does indeed exist.

n

Lemma 2 An IPE exists if and only if r > 2_(11__%.

Proof We first prove that it is indeed optimal for an agent i to follow his
own good signal after T; = 0 provided that everybody else follows his
signal after T; = 0, and that the condition stated in the lemma holds.
(Notice that what another agent j does for T} > 0 is irrelevant for agent
i’s optimal choice of Z;(0,0;)). Assuming such behavior of others, an
agent ¢ who observes T; = 0 and o; = 1 attaches to the good state a

posterior of

Prlw=1|T;=0,0,=1) =

rg Y0 (1 gy
D S ) e GRS [ I D ST
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He will follow his good signal if this posterior is at least 1/2, i.e., if
n . n .
rgy (1-qf ' >(1-r1-9) ¢
=1 j=1

Solving for the sums and rearranging the terms, we get the condition in
the lemma. To complete the proof we have to show that an agent ¢ who
assumes that the others play according to the rules stated in the lemma

and who observes T; = 0 and o; = 0 does not invest, i.e., we need that

Priw=1|T;=0,0;,=0) =

r(1—¢) 37 (1 -q)!
r(l—g) > (1 =gy 1+ (1 —r)g > ¢!

<1
9’

or
n

r(l—q)) (1—g/ ' <(1=r)g) ¢,
=1

j=1
which can be written as

r 7> 1—4q"

T-n " (1-gfl-(-q"

(1)

Since 7 < ¢ we also have ;- < 1%’(1. Hence, inequality (1) holds if

%q% > 1. This can be rewritten as 2¢ > 1 + ¢"*t! — (1 — ¢)**!

which is obviously true for ¢ > 1/2.1

Notice that the condition imposed in the lemma is always fulfilled if r >
1/2, i.e., when the good state is initially at least as likely as the bad state, an
IPE always exists.

We now turn our attention to Perfect Bayesian Nash equilibria that are
not initially pure. The next lemma trivially follows from Bayesian updating.
We state it formally because we shall need it later on. The lemma after
that shows that, in an equilibrium that is not an IPE, agents who observe
T; = 0 never invest if their signal is bad, but will invest with some positive

probability if their signal is good.

Lemma 3 (i) In any equilibrium, Z;(T;, 1) > Z;(13;,0) for all T;.
(i1) In any equilibrium, if 0 < Z;(T;,0) < 1 then Z;(T;,1) = 1, and if
0 <Zy(T;,1) < 1 then Z;(T;,0) = 0 for all T;.

11



Proof In equilibrium, each agent will infer the same information from ob-
serving a particular value of T;. Whatever the posterior induced by just
observing T;, it follows immediately from Bayes’ rule that an agent who
has an additional good signal will be more optimistic about the good
state than an agent with a bad signal. The first part of the proposition
results from this consideration and from expected payoff maximization.
The second part follows from the same argument and the additional

observation that mixing requires indifference.ll

Lemma 4 In any equilibrium that is not an IPE, Z;(0,0) = 0 and 0 <
Z;(0,1) < 1 for all i.

Proof Given Lemma 3 we just need to rule out an equilibrium with 0 <
7Z;(0,0) < 1 and Z;(0,1) = 1. For an agent to be indifferent between
investing and not after observing 7; = 0 and o; = 0 we need Pr(w =1 |

T; = 0,0, = 0) = 1/2. Using Bayes’ rule, this can be re-written as
rPr(T; =0,0,=0|w=1)=(1—-7r)Pr(7; =0,0, =0 | w=0),

or
n

ry (1—qf1l-p/t=01-7r)> d1-py,
j=1

j=1
where p denotes the probability with which all other agents who see

T; = 0 and o; = 0 invest. Rewriting this as

n

S (1 —a —(1—r)g) 1 -py '] =0

j=1
makes it obvious that there is no p > 0 that solves the equation: since

q > max {%, r}the left-hand side is strictly negative for any positive p.ll

Having characterized equilibria that are not initially pure, we must discuss
whether they exist. The next lemma introduces a necessary and sufficient

condition for such mixed-strategy equilibria to exist.

Lemma 5 (i) Mized-strategy equilibria with Z;(0,0) = 0 and 0 < Z;(0,1) < 1
for all i exist if and only if there is a p € (0,1) that solves

r[l—(1-pg)"]=(1-r)1-1-p1-q)"]

(ii) If such a p exists, it is unique.

(iii) A mized strategy equilibrium does not exist for r > 3.

12



Proof The first part of the lemma follows from observing that agent i’s in-
difference between investing and not investing after observing 7; = 0
and o; = 1 requires Pr(w =1 |T; = 0,0, = 1) = 1/2. If all other agents
j # i use I;(0,0) = 0 and [;(0,1) = p, after applying Bayes’ rule and
some algebraic manipulation, this equality becomes

n n

rgY (1—pg) ' =(1-r)(1-¢q)) (1-p(1—q)

j=1 j=1
which is equivalent to the equation in the lemma.

Both the RHS and the LHS of the equation in the lemma are equal
to 0 for p = 0, and are strictly increasing and strictly concave in p.
Furthermore, at p = 0, the derivative of the LHS with respect to p
is strictly greater than the derivative of the RHS, since r + ¢ > 1.
This implies that the two functions cross at most once for p > 0 which
establishes the second part of the lemma. Finally, note that for r > %
the LHS is strictly greater than the LHS for any value of p, which proves
the last part of the lemma.l

This lemma completes our characterization of equilibrium decisions after
observing T; = 0. In the following proposition we summarize what we have

learned so far.

Proposition 1 (i) If r > 1/2 agents who observe T; = 0 follow their signal
i all equilibria.

(ii) If % < 1 < 1/2 there is an equilibrium where agents who
observe T; = 0 follow their signal but there may also be other (mized-strategy)
equilibria where agents who observe T; = 0 follow their signal if it is bad and
mix if it is good.

(iii) If r < % there can only be equilibria where agents who
observe T; = 0 follow their signal if it is bad and mix if it is good.?

Proof The proposition follows immediately from the four previous lemmas

. 1—g"
and the observation that g < 1/2.1

3Notice that the third part of the proposition touches on an existence problem. For
obvious reasons we have restricted our analysis to symmetric equilibria—in case of bad

priors these may fail to exist.
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Our analysis essentially shows that, when facing a situation with no pre-
vious investments, an agent should either follow his signal or use a mixed
strategy (only if the signal is good). An agent should never decide indepen-
dently of his signal, neither should he decide against it. This clearly indicates
that we should not observe a “down cascade” where all agent choose not to
invest. In other words, to go back to one of our examples, a restaurant will
not stay empty forever only because it is empty when it opens. While this
puts already a lot of structure on the equilibrium solution of our game, we
still need to investigate what happens for different values of the aggregate
investment T;.

To this purpose, we establish in the next step an intuitive monotonicity
result, according to which a higher value of T; is always good news: when an
agent observes a higher number of investments made before him, he cannot
be less willing to invest himself. Once this monotonicity lemma is established,

we will be able to prove two fundamental results about aggregate cascades.

Lemma 6 In any equilibrium, if T] < T} then Z;(T},0;) < Z;(T}', 0;) for both
0; =0 and 0; = 1. In particular, if 0 < Z;(T},0;) < 1, then Z;(T], 0;) = 1.

Proof See Appendiz.l

While this lemma seems very intuitive (how could a fuller restaurant be
worse news than an emptier?) it is actually not trivial to prove it. At the
very core of the proof there is, however, some very basic logic operating.
Essentially, it is the earlier monotonicity result (in Lemma 3) which is driving
this one. Agents with good signals are more likely to invest than agents with
bad signals. Good signals are more likely to be generated in the good state
than in the bad state. Hence, T; grows, on average, “faster” in the good state
than in the bad state. Hence, the higher T; the more confident can we be
about being in the good state.

Equipped with Lemma 6 we are now ready to state our two main propo-
sitions that characterize which forms of cascades will or will not arise. In
particular, we will see that aggregate down cascades never arise, while aggre-

gate up cascades are always part of an equilibrium.

Proposition 2 (i) In any equilibrium, Z;(0,1) > 0, and Z;(T;,1) = 1 for all

T; > 0, i.e., an agent with a good signal always invests with positive probability

14



(and invests with probability one after observing at least another investment)
and an ADC never occurs in equilibrium.

(ii) In any equilibrium, there can be at most one TM!X for which 0 <
T(TMIX 0) < 1. For all T; < TMIX agents with bad signals follow their
signal and do not invest. For all Ty > TMIX  an AUC occurs in which agents

inwvest independently of their signal.

Proof The first part of the proposition follows from Proposition 1 and Lemma,

6. The second part follows again from Lemma 6.1

The first part of the proposition clearly implies that there are no cascades
on the unobservable action. In particular, after observing at least one in-
vestment, agents with a good signal always invest. Incidentally, we note that
such a result just comes from an equilibrium argument. One could imagine
that, when facing a “low” value of T}, in order to make his decision, agent %
should consider all possible sequences and attach a probability to the event
that he is the first in the sequence, or the second, etc. After all, a low number
of investments may merely come from the fact that only few agents had the
opportunity to invest so far, in which case the low value of T; should be con-
sidered good news. Or it could arise from many agents having the option of
investing but few only using it, in which case the low T; should be viewed as
bad news. All this inference process could be quite complicated. Our analysis
solves the problems by just invoking some equilibrium arguments.

The second part of the proposition hints at the possible role of aggregate
up cascades. But from all we have established so far it could be that TMX >
n, i.e., that agents always follow their signal (or mix) such that an AUC never
arises. The next proposition, however, shows that AUCs do arise—and are,

in fact, part of any equilibrium.

Proposition 3 AUCs are part of any equilibrium. In particular, in any equi-
librium Z;(T;, 03) = 1 for all T; > 5.

Proof Consider an agent 7 who observes T; > § and suppose he knew that
he were the last agent in the sequence. Further suppose there were no
AUC. If T; = TMIX  then for T; = TMIX £ 1, an AUC would occur
by Proposition 2. If, instead, T; # TM!X | then, due to Lemma 6, this
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UiZO 0'1'21

T, =0 0 mixed, 1
0<T; <TMIX 0 1
T, = TMIX mized 1
T; > TMIX 1 1
T; > TVF 1 1

Table 1: Structure of all equilibria. Entries indicate whether the agent mixes

or invests with probability 0 or 1.

agent knows that there were at least T; good signals and no more than
n — T; — 1 bad signals. Hence, even if this agent’s own signal is bad,
he knows that there were altogether more good signals than bad signals
and he will decide to invest. Of course, agent ¢ can’t be sure that he
really is the last agent. But if he isn’t, this means that there were fewer
bad signals so far, while he can still be sure that there were T; good
signals. Hence, an agent who observes T; > n/2 will always invest and,

thus, trigger an AUC.H

The value § is just an upper bound for the critical mass of observable
choices that triggers an AUC. Depending on the parameters’ values, AUCs
may well be triggered earlier. But AUCs are indeed part of all equilibria. Of
course, this does not necessarily imply that AUCs will actually be triggered,
since there is always the possibility of sufficiently many bad signals occurring
such that the critical T; that triggers an AUC may not be reached.

We summarize the structure of equilibria in Table 1. The rows in the table
indicate possible values of T;, while the columns indicate the two possible
signal realizations. Note that not necessarily all the values of T; in the table
exist. In particular, 7MX might not exist. For this reason, the last two
rows of the table have the same entries. Notice also that if TM!X exists, then
TUP = TMIX 1 1 1In any case, the basic structure of all equilibria is captured

in the table and is nicely monotonic.
4 An example
It is now the moment to illustrate our theory through a simple example. The

example will highlight some properties of the equilibrium analysis and will be
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the basis for the experiment that follows.
Consider the case in which n = 3 and r > 1/2. From Proposition 1 we
know that I;(0,0;) = o; and from Proposition 2 we know that I;(2,0;) = 1
and that I;(1,1) = 1. But what should agents do after observing T; = 1 and
o; = 0. As is clear from the results illustrated in Table 1, this depends on
further conditions on r and ¢. Let us first check under which conditions agent
1 rationally follows his bad signal. Recall that we are analyzing a symmetric
equilibrium, therefore suppose each other agent j chooses I;(1,0) = 0. Then
it is optimal for agent ¢ to do the same if his posterior for the good state is
not bigger than 1/2, i.e., if
rlg(1 —q) +2¢(1 - )]
rlg(1 —q) +2¢(1 = q)?] + (1 = r)lg(1 — ¢) +2¢*(1 — q)]

which is equivalent to

1
< Z
-2

q=>2r—

N | =
Il
£

Similarly, I;(1,0) = 1 is optimal if

rlg(1—q) +q(1— )] > (1= r)[g(1 — q) + ¢*(1 — q)].

which is equivalent to

qg<3r—1=4q.

Note that ¢ < . Hence, in the case in which ¢ > 0 and ¢ < 1, we
obtain three equilibrium regions. For g < ¢ there is a unique pure-strategy
equilibrium in which 7;(1,0) = 1 and an AUC starts with 7; = 1. For ¢ >
g there is a unique pure-strategy equilibrium in which 7;(1,0) = 0 and an
AUC starts only with T; = 2. Finally, for ¢ < ¢ < g both the two pure-
strategy equilibria exist and there is a mixed-strategy equilibrium as well—

with [;(1,0) = 24

5 Experimental Evidence

5.1 Design and Procedures

In order to check whether our theory can reasonably be expected to be of any
empirical relevance we conducted a laboratory experiment. We implemented
the three-agent example that we analyzed above for two sets of parameters.
In Treatment A, the prior for the state being good is r = 1/2, and the signal
precision is ¢ = 0.7. In Treatment B, the prior is r = 3/4, and the signal
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Treatment A Treatment B

;=0 o0;,=1 ;=0 o0;,=1
T; =0 0 1 0 1
T, =1 0 1 1 1
T, =2 1 1 1 1

Table 2: Equilibrium investments in both treatments.

precision ¢ = 0.8. As one can verify from the previous section, for both
treatments theory predicts unique equilibria, shown in Table 2. The only
difference between the two treatments concerns the critical value of T; that
triggers an AUC. In Treatment A an AUC is only triggered for T; = 2, while
in Treatment B an AUC starts already with T; = 1.

The experiment was fully computerized and run at the ELSE laboratory at
UCL in the Spring 2005. We recruited subjects from the College’s undergrad-
uate population across all disciplines. They had no previous experience with
this experiment. At the beginning of the sessions, we gave written instruc-
tions (reported in Appendix B) to all subjects which were also read aloud.
Then subjects had the opportunity to ask clarifying questions, which were
answered privately.

Several subjects participated in each session of the experiment. They were
matched in multiple groups of three. Altogether, we observed 57 subjects who
were randomly assigned to the two treatments, with 11 groups in Treatment
A, and 8 groups in Treatment B.

The experiment consisted of 15 rounds of game playing and groups re-
mained constant over time. We employed the strategy method, i.e., subjects
had to indicate whether or not they would invest for each possible combina-
tion of T; and ;. They submitted their strategies by clicking on radio buttons
to indicate their yes/no decisions in a table with a structure similar to one of
the panels in Table 2. Once everybody had submitted a strategy, the com-
puter drew the state of the world, the sequence in which subjects played and
each subject’s private signal. Using subjects’ strategies, the computer then
determined the outcome and each subjects received feedbacks on their values
o; and T; (i.e., on which of the six choices was relevant for their payoff) as

well as on the state w and the resulting payoff. They did not receive feedback
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about other subjects’ signals or outcomes, thus avoiding any possibilities for
imitative learning from round to round (Apesteguia et al. 2007).

A subject would earn money by investing in the good state or not investing
in the bad state. More precisely, we gave £3 for a correct decision and nothing
for a wrong decision. At the end of the experiment, after the 15 rounds, the
computer randomly chose three rounds, one from each third of the experiment.
Each subject’s payment depended on how he performed in the selected rounds.
The final payment was equal to the sum of the payoffs in these three rounds
plus an amount of £4 given as show up fee. Subjects were paid in private,

immediately after the experiment.
5.2 Results

Table 3 summarizes the results using an identical format to Table 2. For
each combination of ¢; and T; the table shows the mean investment rate,
with standard errors in parenthesis. For most cells, average investments are
actually quite close to equilibrium predictions. Also, standard errors are
rather small, indicating that behavior was rather homogenous across groups.

Let us now examine some specific cells of the table. We start by consid-
ering the case of T; = 0 and o; = 1. For this case our theory predicts that,
in both treatments, subjects should always invest. In Treatment B, the data
comes very close to the prediction, with an investment rate of 86%. In Treat-
ment A, the result is less strong: we observe a majority of investments, but we
are far from the full investment equilibrium outcome. Nevertheless, it should
be noted that with 56% investments, ADC rarely occur in this treatment too.
The probability of no investments despite three good signals in this treatment
is just 17%. Although this result is less impressive than that for Treatment
B, overall the experiment seems to indicate that aggregate down cascades
not only do not arise in equilibrium, they also do not (or rarely) occur in the
laboratory.

Let us now move on to the case of T; = 1 and o; = 0. In such a case,
our model predicts two different types of behavior: in Treatment A subjects
should abstain from investing, while full investment should occur in Treatment
B. The theory captures the comparative statics well, in that we do observe
a substantial and significant difference between the two treatments. The

doubling of the investment rate is significant at the 5% level (two-sided MWU
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Treatment A Treatment B

;=0 o0;,=1 ;=0 o0;,=1
T =0 0.15 0.56 0.21 0.86

(0.03) (0.03) (0.09) (0.05)
T, — 1 0.24 0.87 0.41 0.94

(0.04) (0.03) (0.06) (0.03)
T =2 0.68 0.85 0.76 0.94

(0.07)  (0.03)  (0.09) (0.04)

Table 3: Average investment rates in both treatments. Standard errors in

parentheses.

test using group averages). It should be noticed, however, that while theory
predicts an AUC in Treatment B, the actual investment rate is only slightly
above 40%. While this result is somehow disappointing for the theory, the
subjects’ reluctance to invest is perhaps better understood if we look at the
case of T; = 2.

According to our model, an AUC should have arisen in both treatments
after two investments and subjects should have always invested, independently
of their signals. It is worth pointing out that 7; = 2 is, in some sense, an easier
case for the subjects than 7; = 1. When T; = 2 subjects know for sure in
which position they are in the sequence and they also know the entire history,
namely that everybody before them invested. Therefore, it should be easier
for them to infer that, in equilibrium, both other subjects received a good
signal (in Treatment A) or at least one other subject did (in Treatment B). We
observe that the majority of choices are in line with the theoretical prediction.
Subjects invested despite their bad signal in about 70% of the cases in both
treatments, with a slightly higher percentage in Treatment B. Nevertheless,
also for the case of T; = 2 subjects are more reluctant to invest than they
should be in theory. This result is not a peculiarity of our experiment, but is
reminiscent of previous findings in the experimental social learning literature.
The data for T; = 2 are indeed comparable to the results obtained in previous
experiments on the Bikhchandani et al. (1992) sequential learning model.
Since subjects know for sure in which position they are in the sequence and

they also know the entire history of investment decisions, they are almost in
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the position of a subject who plays third in the sequential model and observes
two predecessors investing, or plays later in the sequence and observe two more
investments than passes. One could arguably believe that the decision process
is actually simpler in the sequential learning model, since in that model the
equilibrium arguments are somehow more straightforward. Despite this, even
in the experiments based on the sequential learning model (see, for example,
the nice overview in Kiibler and Weizsacker, 2005, or Weizsacker’s (2006) meta
analysis), there is a lower investment rate than the equilibrium prediction. For
instance, Dominitz and Hung (2004) observe that after two identical decisions
the frequency with which the third player in the sequence conformed to the
same action (despite an opposite signal) is below 60%. Similarly, Kiibler and
Weizsacker (2004) report an investment rate of 65%. On balance, we do find
evidence for the occurrence of AUCs in at least the same extent as there is
evidence for information cascades in the standard sequential setup.?

It is interesting to analyze the deviations from equilibrium play in a little
more detail. For that purpose we compute the beliefs that result from ac-
tual behavior. These are the beliefs on the state of the world being good or
bad that a Bayesian agent would form (for each possible observed investment
level and private signal realization), knowing the frequency with which sub-
jects actually invested in any contingency of the experiment. We compute
these beliefs separately for each group that has taken part in the experiment.
Hence, for each group we have a set of six empirical beliefs for the six possible
combinations of ¢; and T;. In Table 4 we show the averages of these empirical
beliefs over groups. For instance, after observing o; = 1 and T; = 2 a Bayesian
agent should conclude that the probability of the state being good in Treat-
ment B is 98%. It is noteworthy that, given these empirical beliefs, a subjects
should always choose the equilibrium actions. In other words, the incentive
structure that subjects endogenously create in the lab is identical with the

equilibrium incentive structure. Whenever it pays to invest in equilibrium it

4 As Kiibler and Weizsacker (2005) point out, an empirical regularity in cascade experi-
ments is that the frequency with which subjects follow the crowd is increasing in the crowd’s
size. For this reason, in comparing our results with those of previous experiments we have
only considered the case of the third player in the sequence. Even not restricting to this spe-
cific case and considering the average behavior, however, the conclusion would not change.
For instance, in their seminal paper, Anderson and Holt (1997) report an average occurrence
of cascades of 73%.
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Treatment A Treatment B

;=0 o0;,=1 ;=0 o0;,=1
;=0 0.26 0.66 0.32 0.88
;=1 0.37 0.76 0.52 0.95
T, =2 0.52 0.86 0.72 0.98

Table 4: Beliefs about good state given actual behavior.

also pays to invest in the experiment, given other subjects’ behavior.
We also compute the (marginal) incentives to behave optimally given the

empirical beliefs (see Table 5).5

The main purpose of computing these in-
centives is to see how they correlate with subjects’ actual behavior. For this
exercise, we compute such beliefs and incentives also separately, for each group
that has taken part in the experiment. Hence, for each group we have a set of
six empirical beliefs and incentives for the six possible combinations of ¢; and
T;. In Figure 1 we plot observed error rates (i.e., the fraction of non-optimal
choices given the empirical beliefs) as a function of the imputed incentives.
Each dot in that scatter plot represents an observation from one group for a
(04, T;)—combination. In all, the scatter plot has, thus, 114 dots. There are
two main conclusions to be drawn from this purely non-parametric approach
to the study of errors in decision making. First, errors occur mainly when
incentives are small. The larger the stakes the less frequent are mistakes.
In particular, the fraction of errors is higher than 40% almost uniquely for
incentives below 0.4 (i.e., when the belief on either state being the true one is
lower than 0.7). Second, errors increase more than linearly when incentives
fall.

Overall, although our theory is unable to capture the behavior we observe
in the laboratory perfectly, we consider the experimental results very encour-
aging. The theory organizes the data remarkably well. All the comparative
statics go in the right direction. And crucially, our key results on aggregate
cascades have strong predictive power in the lab. While aggregate down cas-

cades do not occur there is a strong tendency for aggregate up cascades to

®We define the marginal incentive to take the optimal action as the absolute level of the
difference between the beliefs that the state is good or bad. In other words, if the belief
b that the state is good is higher than 1/2, the marginal incentive to invest is defined as

2b — 1; if the belief is lower than 1/2, then the incentive not to invest is 1 — 20b.
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Treatment A Treatment B

;=0 o0;,=1 ;=0 o0;,=1
;=0 048 0.32 0.36 0.76
;=1 0.26 0.52 0.04 0.90
T,=2 0.04 0.72 0.44 0.96

Table 5: Marginal incentives for playing optimally given beliefs.

All Groups

Error

0 0.2 0.4 0.6 0.8 1 1.2
Incentive

Figure 1: Observed error rates as a function of imputed incentives.
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form. While not offering a full-fledged empirical analysis of our model, in
our view, this experimental evidence lends it credibility and should, in fact,

encourage further investigations.
6 Discussion

We have introduced a new model of information cascades. The crucial differ-
ence between our model and those already in the literature is that only one
action taken by agents is observable to others. When it is their turn to make a
binary decision, agents simply receive aggregate information about how many
others before them took the observable action. We argue that this setup is in
many cases realistic: for example, when entrepreneurs seek investors they will
typically not inform them about how many others have turned them down
before, but, surely, they will mention who else decided previously to invest
in their project. This asymmetry in observability, which in many cases arises
naturally, dramatically affects all equilibria in such games. Most importantly,
there can be no “down cascades:” if an action is unobservable, there can never
be an information cascade where agents take this action.

We have provided a first experimental test of our model. The theory
organizes the data remarkably well. Deviations from optimal play mainly
occur where deviations are not very costly. As a consequence, all major
comparative statics are as predicted. And while we do observe up cascades,
down cascades occur very rarely.

Our result has important implications. In particular, it implies that a
new, good project (e.g., a technological innovation, a new product or service,
a new medical treatment) will not be neglected for ever simply because there
is lack of interest at the beginning. Sooner or later (i.e., as soon as people start
receiving good information on it) the new project will start diffusing. Or, at
least, a lack of initial interest will not represent a barrier to future adoption
because of informational considerations. Our study has also an important
consequence for applications where a third party (e.g., an health agency) can
decide which information it is to release. If, because of externalities or other
considerations, the agency wants to avoid a particular type of cascade, say
on adopting a new medical treatment, then it should withhold information,
and not publish the number of doctors who have decided to adopt the new

treatment.
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7 Appendix
A  Proof of Lemma 6

The proposition is equivalent to saying that in any equilibrium Z(t;,0;) <
Z(ti + 1,0;) for any t; = 0,1,2...and both o; = 0 and o; = 1. Because of
expected payoff maximization, this inequality holds if, whenever Pr(w = 1 |
T, =t,0;) > %, we have Pr(w=1|T;=t+1,0;) > %
There are four relevant possibilities:
1. Priw=1|T;=t,0,=0)>35 and Prlw=1|T; =t,0, =1) >
2. Prlw=1|T;=t,0,=0)<5and Prw=1|T; =t,0;,=1) >
3. Prlw=1|T;=t,0,=0)=5 and Prw=1|T; =t,0;,=1) >
4. Prlw=1|Tj=t0;=0)<zand Prw=1|T; =t,0,=1)

Case 1 is the case of an informational cascade. In such a case,

NI NI NI D=
NI NI NI N

Prlw=1|T;=t,04) =Pr(w=1|T; =t+1,0y)

for both o;, and therefore the proposition obviously holds.

Now let us consider Case 2. In this case we want to show that Pr(w =1 |
Ti=t+1l0,=1)> % (while nothing must be shown for the case of a bad
signal). Suppose not, i.e., suppose Pr(w =1 |T; =t+ 1,0, =1) < % Let us
consider, first, the case of the strict inequality.

By Bayes’ rule,

Prlw=1|T;=t+1,0,=1) =

Pr(T;=t+1|w=1,0,=1) Pr(w=1|c;=1)
Pr(T;=t+1|w=1,0,=1) Pr(w=1|o;=1)+Pr(T;=t+1|w=0,0;=1) Pr(w=0|o;=1)

As we suppose that this is strictly smaller than % we know that

Pr(T;=t+1|w=10;,=1) - Pr(w = 0lo; = 1)
Pr(T;=t+1|w=0,0,=1) Prlw=1lo;=1)
which is equivalent to
Pr(T;=t+1|w=1) - Pr(w =0|o; = 1)
Pr(T;=t+1|w=0) Prw=1o;=1)
By the law of total probabilities,

Pr(T; =t+1|w=1) (2)
=Pr(T,=t+1|w=1Ti1=t)Pr(Ti—1 = tlw=1) (3)
+Pr(Ti=t+1|lw=1Ti1=t+1)Pr(Ti-1 =t +1lw=1) (4)
=qPr(T;1 =tlw=1)+Pr(Ti-1 =t + lw = 1). (5)
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Notice that the last equality comes from the fact that we are analyzing Case
3 and that we are assuming (by contradiction) no investment after observing
t+ 1.

Now the decision problem of agent i — 1 is identical to the one of agent .

So, by applying recursively the same law, we obtain:

Pr(Ty=t+1|w=1)
=qPr(Tis1=tlw=1)+Pr(Ti1 =t+1lw=1,0,=1)
=qPr(Tio1 =tlw=1)+ [¢Pr(Ti—a = tlw =1) + Pr(Ti_2 =t + ljw = 1)]

1)+ [gPr(Tis =t = 1)
+Pr(Ti—3=t+1llw=1)]+

+qPr(Tio1 =tlw =1) + ¢Pr(Ti—2 = tjw =

=qPr(Tio1 =tlw=1)+qPr(Ti2 =tlw=1)+ qPr(Tj—3 = tjlw = 1)
+.. +qPr(Ti—p, = tlw =1)]

for some m (note that m depends on the value of i: indeed, for any value of
there is an m such that Pr(7;_,, =t + 1l|w = 1) = 0). Similarly, conditioning

on w =0,

Pr(Ty=t+1|w=0)
=1 -¢q)Pr(Ti-1 =tjw=0)+ (1 — q) Pr(Ti—2 = tjw = 0)
+...+ (1 — q) Pr(Ti—p, = tlw = 0).

Some algebraic computations show that for any pair of terms in the two
expressions above, the following inequality holds:

Pr(Ti—; =tlw=1) - Pr(T; =tjw=1)
Pr(Ti—j =tjw=0) ~ Pr(T; = tjw =0)"

Since we know that Pr(w = 1| T, = t,0; = 1) > 1 and, therefore,

Pr(T;=t|w=1) Pr(w=0|o;=1)
Pr(T;=t|w=0)" Pr(w=1o;=1)

simple algebra shows that

Pr(Ti=t+1|w=1) S Pr(w =0|o; =1)
Pr(T;=t+1|w=0)" Prlw=1lo;=1)

a contradiction.
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Note that the same proof holds true when, by contradiction, we assume
that
1
Pr(wzl\ﬂ-:t—i—l,ai:l):i.

The only difference is that in such a case

Pr(T; =t+1|w=1)
=qPr(Tic1 =tlw=1)+sPr(Tj1 =t + ljw = 1),

where s represents the probability by which an agent receiving the good signal

decided not to invest. This change does not affect the above inequalities.
Finally, note that the proofs for Case 3 (for both the good and the bad

signal) and Case 4 are identical to Case 2 just described, with the exception

that in Case 3,
Pr(li=t+1|lw=1,T,1=t)=qg+ (1 - q)u,

and
Pr(l;=t+1|w=0,T;1 =t)=qu+ (1 —9q),

where u is the probability of investment by an agent receiving a bad signal;

similarly, in Case 4,
Pr(T; =t+1|w=1,Ti—1 =t) =qu

and
Pr(li=t+1|w=0,T,—1=t)=(1—q)u.

[ ]
B Instructions

Welcome to our experiment!

Please be quiet during the entire experiment. Do not talk to your neigh-
bours and do not try to look at their screens. Simply concentrate on what
you have to do. If you have a question, please raise your hand. We will come
to you and answer it privately.

You are participating in an economics experiment in which you interact
with two other participants for 15 rounds. There are more participants in this

room, but you will interact with only two of them.
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Depending on your choices, the other two participants’ choices and some
luck you can earn a considerable amount of money. You will receive the money
immediately after the experiment. Notice that all participants have the same

instructions.
The experiment

What you have to do

You will have to decide whether you want to invest in a project or not.
The project may be good or not and we will give you some useful information
about how the chances are. Additionally, you will also know something about
what the other two participants decided to do.

What determines whether the investment is good or not

The computer will decide randomly whether in a given round the invest-
ment is good or not. The two possibilities are equally likely. This is equivalent
to say that the computer will choose whether the investment is good or not
by tossing of a coin.

Note that if in a given round the investment is good, it is good for all
three participants. Similarly, if it is bad, it is bad for all three of you.

What you earn if you decide to invest or not

In real life, if you choose a good investment the prize is that you enjoy
a good return. And if it is bad, the cost is that you have spent money on
something that was not profitable. In our experiment, if the project is good
and you choose to invest we give you £3 for the smart decision. If, instead,
you decide not to invest, then you get nothing. Similarly, if the project is bad
and you decide not to invest, we pay you £3 for the smart decision. And if
you decide to invest, we pay you nothing.

How you can make your decision

As we said the computer will choose one of the two projects. Of course,
we will not tell you which one has been chosen. But we will give you a piece
of information.

If the project is good, then the computer will draw a ball from an urn
containing 70 green and 30 red balls. If it is bad, it will draw a ball from an
urn containing 70 red and 30 green balls. You (and only you) will be told the
colour of this ball. Clearly if the ball is green, it is more likely (but not sure)
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that the project is good. If it red, it is more likely (but not sure) that it is
bad.

Note that the computer will draw a different ball for each participant. It
will choose a ball for you and then replace it in the urn. Then a ball for
another participant and then replace it. And so on. Therefore, it is well
possible that you receive a green ball and another participant a red one, and
vice versa.

This is not the only information that you will get. In the next paragraph
you will discover why.

When you make your decision

You and the other two participants will make the decision to invest or not
in the project in sequence. Therefore, you may be the first, or the second,
or the third. Your position in the sequence is assigned to you randomly by
the computer. Whether you will be first, or second, or third is equally likely.
However, we will not tell you your position. But we will tell you the number
of people who have decided to invest before you.

Let us briefly look at the different possibilities that can arise. You might
see that two others have decided to invest in which case you know that you
must be the last to make a decision. If you see that just one other participant
has invested before you the situation is less clear. Obviously, you are not
the first in the sequence. You might be the second and the first might have
decided to invest. But you might also be the last with one of your predecessors
having decided to invest and the other having decided to pass the opportunity.
Finally, you might observe that none of the others has decided to invest so
far. In that case you might be the first in the sequence. But you might also
be second and the first passed the opportunity, or you might be the third and
both others decided not to invest.

The procedure

At the beginning of each round the computer will decide whether the
project is good or bad. Moreover, it will draw a ball for you and one for each
other participant. And it will decide the sequence in which the three of you
decide.

Then it comes to your decision. But notice instead of telling you your ball
colour and the number of people who have decided to invest before you, we

will do something different. We will ask you to make your decision for each
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possible case. We will ask you to make a decision to invest or not depending
on the number of people who have already decided to invest and on the colour

of your ball. Specifically, you will see a table like this:
Green Ball | Red Ball

Nobody has invested before you

One other has invested before you

Two others have invested before you

For each possible combination you will have to decide whether you invest
or not. Of course, when we compute your payoff, we will take into account
only the decision corresponding to the actual situation (that will be revealed
to you afterwards). The other five decisions will not be taken into account.
Therefore, you can decide for each case as you if knew the ball colour and the
actual number of people who decided to enter before you.

Is all this clear? If not, do not worry, here are two examples.

Example 1
Suppose you make the following decisions:
Green Ball | Red Ball
Nobody has bought before you NO NO
One other has bought before you NO INVEST
Two others have bought before you | NO INVEST

At the end of the round the computer tells you that actually in this
round you received the red ball. Moreover, that you were third and another
participant decided to invest before you. This is equivalent to the case “One
other has invested before you”. Therefore, we will compute your payoff consid-
ering only your decision to INVEST for the case “One other has INVESTED
before you”. All the other decisions are irrelevant. Hence, if the project is
good, we will pay you £3.

Example 2

Suppose you make the following decisions:
Green Ball | Red Ball

Nobody has bought before you NO NO
One other has bought before you INVEST INVEST

Two others have bought before you | INVEST INVEST
At the end of the round the computer tells you that actually in this round

you received the green ball and you were first. This is equivalent to the case
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“Nobody has invested before you”. Therefore, we will compute your payoff
considering only your decision NOT to INVEST for the case “Nobody has
invested before you”. All the other decisions are irrelevant.
Procedures for each round

Remember that the experiment is organized into different rounds and that
within each round you will have to make six investment decisions. So, now it

is time to summarize what happens within each round.

1. At the beginning of each round the computer randomly chooses whether
the project is good or bad. The project is the same for all participants.

But you will not be told which project has been chosen.

2. The computer draws a ball from an urn for each participant. The ball
is drawn and then replaced, so that the total number of balls in the
urn is always the same before the computer makes another draw. The
computer draws a ball for participant one and puts it back into the urn.

Then it does the same for participant 2. And then for participant

3. If the project is good, the computer draws the ball from an urn con-
taining 70 green and 30 red balls. If it is bad, from an urn containing
70 red and 30 green balls. You will be the only one knowing your ball

colour.

4. The computer decides randomly which participant is first, who is second

and who is third.

5. You will make your decisions for the six cases illustrated above. Of
course, given that you do not know in which case you actually are, you
will have to think of the best solution for each of the six cases in which

you may be.

Once the round is over, you will be informed of your ball colour. We will
also tell how many other participants decided to invest before you. And of
course we will tell you whether the project was indeed good or bad and how
much you earned.

Then, we will repeat the same procedure for the second round at the
beginning of which the computer will choose again a project and so on. Note

that at the beginning of each round the computer chooses the project always
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with an equal chance of being good or bad, independently of what was chosen
in previous rounds. We will repeat the same procedures for altogether 15
rounds.
Final payment

For the simple fact that you showed up in time for the experiment you earn
£4. The rest of the payment depends on how you perform. The computer
will randomly choose one round out of the first 5 rounds, one among the 6th
through the 10th and one among the 11th though the 15th. Your payment
will depend on how you performed in the selected rounds. We will sum up
your payoffs in these three rounds. Your final payment will be equal to this

amount plus the £4 for showing up.
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