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Abstract

This article generalizes Heckman�s (1981) dynamic discrete choice panel

data models by introducing lagged social interactions, so that the models can

accommodate interrelationships of decisions across cross-sectional units. The

likelihood function for a general model with dynamic social interactions is de-

rived and simulation methods based on the unbiased GHK simulator are pro-

posed to implement the maximum likelihood estimation. We apply the Markov

and Polya models with lagged social interactions to investigate the equilibrium

adjustment process in laboratory experiments based on an entry limit pricing

game. We �nd that subjects�decisions are in�uenced by the past decisions of

their peers. Hence the imitation of peers�strategies plays an important role in

the learning process of strategic play.
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1 Introduction

In his seminal work, Heckman (1981) has introduced a rich group of discrete choice

stochastic processes that allow each cross-sectional unit�s decisions to have complex

dynamic economic interrelationships over time. In this article, we generalize the

dynamic discrete choice panel data models by introducing time-lagged social inter-

actions, so that the models can accommodate interrelationships of decisions, such as

learning from peers, across cross-sectional units. This enriches the class of dynam-

ics in Heckman (1981). As interactions across cross-sectional units carry out with a

time lag, the models are well-de�ned without running into identi�cation or multiple

equilibria problems, which occur in some social interaction models (Manski, 1993).

Likelihood functions of dynamic discrete choice models involve multiple integrals,

if explanatory variables include lagged latent dependent variables or disturbances

allow for serial correlation in addition to that captured by random components. For

panel data models, the dimension of integration increases with the number of periods,

which makes numerical implementation impractical. To overcome the computational

di¢ culty, simulation estimation methods have been developed. The simulator due to

Geweke (1991), Borsch-Supan and Hajivassiliou (1993) and Keane (1994) is known to

be practical and accurate to implement the method of simulated maximum likelihood

(SML), when the time periods are not too long.

In this paper, we show that the implementation of the Geweke-Hajivassiliou-Keane

(GHK) simulator remains tractable for models with social interactions. We investigate

the �nite sample properties of simulated estimates for model parameters and the

e¤ects of misspeci�cation of dynamic structures and disturbances on estimates in the

Monte Carlo experiments. As the likelihood function is nonlinear, the SML estimator

(SMLE) might have an asymptotic bias if the number of random draws to construct

the likelihood simulator does not increase fast enough relative to the sample size.

Hence special attention will be given to dominated �nite sample bias (relative to

standard error) of coe¢ cient estimates due to simulation. We report some Monte

Carlo results of a bias-correction procedure proposed by Lee (1995) for the estimation

of dynamic models with lagged interactions.

These dynamic social interaction models may have broad applicability, in partic-

ular, for experimental economics data. Numerous experiments have been conducted

with a discrete choice space, with observations obtained in consecutive rounds. One
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of the main concerns in experimental games is the e¤ect of a player�s learning from

other players. As such a dynamic discrete choice model with lagged social interac-

tions may �t well as a possible econometric model for the analysis of experimental

data. Speci�cally, in this paper, we apply our generalized dynamic models with so-

cial interactions to investigate the presence and magnitude of peer group e¤ects in

experiments based on Milgrom and Roberts�(1982) entry limit pricing game. Similar

peer group e¤ects are likely to be present in a variety of experimental designs where

subjects receive feedback on their peer�s performance. Empirical �ndings reported

here may have broader economic implications. From the statistical inference point

of view, the usual limited number of experimental subjects, rounds, and sessions due

to feasibility or expense concerns might prevent one from determining whether peer

group e¤ects are indeed negligible or overwhelmed by estimation errors caused by

insu¢ cient sample size. So our estimation and Monte Carlo experimental results may

shed some light on the sample size requirement and sample structures favorable to

successfully identifying potential peer group e¤ects in discrete choice games.

The organization of this article is as follows. In Section 2, we introduce a general

dynamic discrete choice panel data model with lagged social interactions, derive the

likelihood function and illustrate the formulation of simulators and simulated likeli-

hood function for this model. We report Monte Carlo results for the SMLE of the

Markov and Polya models with lagged social interactions in Section 3. In Section

4, we formulate empirical dynamic models to investigate the adjustment process of

subjects�decisions in laboratory experiments based on an entry limit pricing game.

Section 5 brie�y concludes.

2 General Dynamic Discrete Choice Models with

Social Interactions and SML Estimation

Consider a general dynamic discrete choice panel data model with lagged social in-

teractions

y�it = hit(y
�
i;t�1; � � � ; y�i;�1; Yn;t�1; � � � ; Yn;�1; Xnt; � � � ; Xn;�1; �i) + vit; (1)

for i = 1; � � � ; n, where Ynt is the n-dimensional vector of dichotomous indicators
of the latent variables y�1t; � � � ; y�nt, Xnt is the n � k-dimensional matrix of strictly
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exogenous variables and �i is a random individual component. Suppose that the error

components �i are i.i.d. N(0; �
2) for all i and the disturbances vit are i.i.d. N(0; 1) for

all i and t. This process is assumed to start at t = 1; and the initial conditions on y�it,

Ynt and Xnt for t � 0 are �xed outside the model and are assumed to be zero. The
original speci�cation of the dynamic model in Heckman (1981) does not incorporate

lagged social interactions in that yi;s�1 and xis appear but not Yn;s�1 and Xns (s � t).
Depending on the speci�cation of the function hit (�) in terms of lagged observed
or latent dependent variables, the Heckman discrete dynamic model is known to be

su¢ ciently �exible to accommodate a wide variety of dynamic structures such as

Markov models, Polya models, renewal processes, latent Markov models, with rich

speci�cations on disturbances. It allows for unobserved heterogeneity across the n

cross-sectional units and serial correlation for the remaining disturbances. The model

with social interactions in (1) is generalized to incorporate additional dynamic e¤ects

due to peers�in�uence. We derive the likelihood function for (1) and construct the

unbiased GHK simulator to implement the SML estimation for the model.

In addition to Ynt, let Y �nt = (y
�
1t; � � � ; y�nt)0 be the n-dimensional vector of the latent

dependent variables for all the n cross-sectional units. Let Xt denote the sequence

of Xnt; Xn;t�1; � � � : Conditional on exogenous variables XT and � = (�1; � � � ; �n)0, the
joint density function of (Y �nt; Ynt); t = 1; � � � ; T; is the product of conditional density
of (Y �ns; Yns), s = 1; � � � ; T , over their past histories, i.e.,

f(Y �nT ; YnT ; � � � ; Y �n1; Yn1jXT ; �)

=

"
TY
t=2

f(Y �nt; Yntj(Y �ns; Yns; s = 1; � � � ; t� 1); Xt; �)
#
f(Y �n1; Yn1jX1; �):

Because vit are mutually independent for i = 1; � � � ; n, each of the conditional densities
of (Y �nt; Ynt) can be further decomposed as

f(Y �nt; Yntj(Y �ns; Yns; s = 1; � � � ; t� 1); Xt; �)

=

nY
i=1

f(y�it; yitj(Y �ns; Yns; s = 1; � � � ; t� 1); Xt; �i)

=

nY
i=1

Iyit(y
�
it)g(y

�
itj(Y �ns; Yns; s = 1; � � � ; t� 1); Xt; �i)
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for t = 2; � � �T; and

f(Y �n1; Yn1jX1; �) =
nY
i=1

Iyi1(y
�
i1)g(y

�
i1jX1; �i);

where Iyit(y
�
it) is the dichotomous indicator with Iyit(y

�
it) = 1 if the value y

�
it determines

the observed value yit; Iyit(y
�
it) = 0, otherwise, and g is the conditional density of y

�
it.

Therefore, the joint probability of YnT ; � � � ; Yn1 conditional on XT and � is

P (YnT ; � � � ; Yn1jXT ; �)

=

Z 1

�1
� � �
Z 1

�1
f(Y �nT ; YnT ; � � � ; Y �n1; Yn1jXT ; �)dvec

0(Y �nT ) � � � dvec0(Y �n1)

=

Z 1

�1
� � �
Z 1

�1

"
TY
t=2

nY
i=1

Iyit(y
�
it)g(y

�
itj(Y �ns; Yns; s = 1; � � � ; t� 1); Xt; �i)

#

�
nY
i=1

Iyi1(y
�
i1)g(y

�
i1jX1; �i)dvec

0(Y �nT ) � � � dvec0(Y �n1): (2)

For (1), g(y�itj(Y �ns; Yns; s = 1; � � � ; t � 1); Xt; �i) = g(y�itj(y�is; Yns; s = 1; � � � ; t �
1); Xt; �i) as interactions among di¤erent units are going through the observed Yns
and Xns but not Y �ns with s < t. Hence we have

P (YnT ; � � � ; Yn1jXT ; �)

=
nY
i=1

nZ 1

�1
� � �
Z 1

�1

"
TY
t=2

Iyit(y
�
it)g(y

�
itj(y�is; Yns; s = 1; � � � ; t� 1); Xt; �i)

#
�Iyi1(y�i1)g(y�i1jX1; �i)dy

�
iT � � � dy�i1

o
:

Under the distributional assumption that vit is N(0; 1),

g(y�itj(y�is; Yns; s = 1; � � � ; t� 1); Xt; �i) = �(y�it � hit);

where hit = hit(y�i;t�1; � � � ; y�i;�1; Yn;t�1; � � � ; Yn;�1; Xt; �i) for simplicity and � is the
standard normal density function. De�ne the integral limits Lit and Uit:

Lit =

(
�hit if yit = 1;

�1 if yit = 0;
and Uit =

(
1 if yit = 1;

�hit if yit = 0:
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By transformations of variables, it follows that

P (YnT ; � � � ; Yn1jXT ; �)

=
nY
i=1

(Z Ui1

Li1

� � �
Z Ui;T�1

Li;T�1

�Z UiT

LiT

�(viT )dviT

�
�(vi;T�1)dvi;T�1 � � ��(vi1)dvi1

)

=
nY
i=1

nZ 1

�1
� � �
Z 1

�1
(�(UiT )� �(LiT ))

�
T�1Y
s=1

(�(Ui;T�s)� �(Li;T�s))�[Li;T�s; Ui;T�s](vi;T�s)dvi;T�s
o

=
nY
i=1

nZ 1

�1
� � �
Z 1

�1
�((2yiT � 1)hiT )

�
T�1Y
s=1

�((2yi;T�s � 1)hi;T�s)�[Li;T�s; Ui;T�s](vi;T�s)dvi;T�s
o
;

where �[Lt;Ut] is a truncated standard normal density function with support [Lt; Ut].

The probability YnT ; � � � ; Yn1 conditional on exogenous variables XT is

P (YnT ; � � � ; Yn1jXT )

=

Z 1

�1
� � �
Z 1

�1
P (YnT ; � � � ; Yn1jXT ; �1; � � � ; �n)�(�1) � � ��(�n)d�1 � � � d�n

=
nY
i=1

nZ 1

�1
� � �
Z 1

�1
�((2yiT � 1)hiT )

�[
T�1Y
s=1

�((2yi;T�s � 1)hi;T�s)�[Li;T�s; Ui;T�s](vi;T�s)dvi;T�s]�(�i)d�i
o
:

This likelihood suggests that the GHK simulator can be recursively applied to

construct a simulated likelihood. Generate uit (i = 1; � � � ; n; t = 1; � � � ; T � 1)
independent uniform [0; 1] random variables. Generate �i (i = 1; � � � ; n) independent
standard normal variables. With initial conditions given, the random variables vit
(i = 1; � � � ; n; t = 1; � � � ; T � 1) can be generated from the following steps. For each

i, from t = 1 to T � 1:
(1) Compute

vit = �(2yit � 1)��1 [uit� ((2yit � 1)hit)] :
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(2) Generate the latent dependent variable

y�it = hit + vit:

Withm independent simulation runs, the corresponding simulated log likelihood func-

tion is

L =
nX
i=1

ln

(
1

m

mX
j=1

TY
t=1

�((2yit � 1)h(j)it )
)
; (3)

where h(j)it = hit(y
�(j)
i;t�1; � � � ; y

�(j)
i0 ; Yn;t�1; � � � ; Yn0; Xt; �(j)i ), and the superscript (j) de-

notes an independent simulation run. Thus, the simulation of the likelihood for the

model in (1), is similar to one of the conventional dynamic panel models in Lee (1997).

Asymptotic properties of the SMLE for cross-sectional or short time series panel

data have been studied in Hajivassiliou and McFadden (1990), Lee (1992; 1995) and

Gourieroux and Monfort (1993), among others. The SMLE can be asymptotically

e¢ cient when m increases at a rate faster than n1=2. However, when m increases

at a rate of n1=2, as shown in Lee (1995), an asymptotic bias exists in the limiting

distribution. The asymptotic bias will dominate the variance when m increases at

a rate slower than n1=2: Lee (1995) has suggested a simple bias-correction procedure

to remove the leading bias term due to simulation. The asymptotic e¢ ciency of the

bias-adjusted estimator requires only that m goes to in�nity at a rate faster than

n1=4:

For experimental economics, subjects are usually divided into several independent

groups (experimental sessions), and games are played in several rounds within each

group. Suppose that there are G groups. Within each group, there are n players and

the number of rounds is T . With data from such a design, the simulated likelihood

function shall be

L =
GX
g=1

nX
i=1

ln

(
1

m

mX
j=1

TY
t=1

�((2yg;it � 1)h(j)g;it)
)
; (4)

where the subscript (g; it) indicates the observation is from individual i of group g at

round t.

The model in (1) can be further generalized to allow social interactions in both
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observed and latent lagged dependent variables,

y�it = hit(Y
�
n;t�1; � � � ; Y �n;�1; Yn;t�1; � � � ; Yn;�1; Xt; �i) + vit; (5)

where Y �nt is the n-dimensional vector of latent dependent variables and Xt is the

sequence of strictly exogenous variablesXnt; Xn;t�1; � � � . As in (1), �i are i.i.d.N(0; �2)
for all i and vit are i.i.d. N(0; 1) for all i and t: The initial values for Y �nt, Ynt and Xt

for t � 0 are assumed to be zero. From (2) ; the joint probability for YnT ; � � � ; Yn1
conditional on exogenous variables XT and � is given by

P (YnT ; � � � ; Yn1jXT ; �)

=

Z 1

�1
� � �
Z 1

�1

"
TY
t=2

nY
i=1

Iyit(y
�
it)g(y

�
itj(Y �ns; Yns; s = 1; � � � ; t� 1); Xt; �i)

#

�
nY
i=1

Iyi1(y
�
i1)g(y

�
i1jX1; �i)dvec

0(Y �nT ) � � � dvec0(Y �n1):

Under the distributional assumption of vit,

g(y�itj(Y �ns; Yns; s = 1; � � � ; t� 1); Xt; �i) = �(y�it � hit);

where hit = hit(Y �i;t�1; � � � ; Y �i;�1; Yn;t�1; � � � ; Yn;�1; Xt; �i) for simplicity and � is the
standard normal density function. De�ne the integral limits Lit and U it:

Lit =

(
�hit if yit = 1;

�1 if yit = 0;
and U it =

(
1 if yit = 1;

�hit if yit = 0:

By transformations of variables, it follows that

P (YnT ; � � � ; Yn1jXT ; �)

=

Z 1

�1
� � �
Z 1

�1

"
nY
i=1

�((2yiT � 1)hiT )
#

�
T�1Y
s=1

"
nY
i=1

�((2yi;T�s � 1)hi;T�s)�[Li;T�s; U i;T�s](vi;T�s)dvi;T�s

#
:

And the probability YnT ; � � � ; Yn1 conditional on exogenous variablesXT is P (YnT ; � � � ; Yn1jXT ) =R1
�1 � � �

R1
�1 P (YnT ; � � � ; Yn1jXT ; �) [

Qn
i=1 �(�i)d�i].
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In this case, with uit and �i generated as before, the random variables vit (i =

1; � � � ; n; t = 1; � � � ; T � 1) can be generated from the following steps, from t = 1 to

T � 1:
(1) Compute for i = 1; � � � ; n

vit = �(2yit � 1)��1
�
uit�

�
(2yit � 1)hit

��
:

(2) Generate the latent dependent variable

y�it = hit + vit:

With m independent runs, the corresponding simulated log likelihood function shall

be

L = ln
(
1

m

mX
j=1

TY
t=1

nY
i=1

�((2yit � 1)h
(j)

it )

)
; (6)

where h
(j)

it = hit(Y
�(j)
n;t�1; � � � ; Y

�(j)
n0 ; Yn;t�1; � � � ; Yn0; Xt; �

(j)
i ) for the jth simulation run.

There can be some numerical di¢ culties in implementing the SML estimation

procedure if T and n are large, as the simulated log likelihood functions (3) and (6)

involve the product consisting of many terms of small numbers that might be im-

possible to evaluate with computers without under�ow errors. The problem is more

severe in (6), where the simulated likelihood involves the product of cumulative prob-

abilities of the entire history for all members in a group. Lee (2000) has suggested an

algorithm that can overcome the numerical problem by interchanging the summation

and product operators behind the logarithmic transformation. Here we illustrate this

algorithm for (6). For simplicity, let k = (t � 1)n + i, i = 1; � � � ; n for each t with
t = 1; � � � ; T; and rewrite (6) as

L = ln
(
1

m

mX
j=1

T�nY
k=1

�((2yk � 1)h
(j)

k )

)
:

Let akj = �((2yk � 1)h
(j)

k ) and let !kj be weights for k � 1, which can be computed
recursively as

!kj = akj!k�1;j=
mX
s=1

aks!k�1;s;
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starting with !0j = 1=m for j = 1; � � � ;m: Then following Lee (2000), (6) can be
rewritten as

L = ln
(
T�nY
k=1

mX
j=1

akj!kj

)
=

T�nX
k=1

ln

(
mX
j=1

�((2yk � 1)h
(j)

k )!kj

)
; (7)

where the product of cumulative probabilities behind the logarithmic transformation

is replaced by the weighted sum of cumulative probabilities.

Social interactions in latent lagged dependent variables are likely to appear if

cross-sectional units are allowed to discuss their past preferences and choices. As we

plan to apply the model to the estimation of data from lab experiments where, as is

typically the case, subjects make independent decisions without communication, we

focus on models that conform to (1) in the rest of this paper.

3 Some Monte Carlo Results on SMLEs

3.1 A Markov Model with Lagged Social Interactions

Suppose we have observations ofG independent groups, with n subjects in each group.

The Markov dynamic choice model for the Monte Carlo study in this section is

y�it = �xi;t�1 + �1yi;t�1 + �2zi;t�1 + ��i + "it; (8)

where zi;t�1 =
Pn

j=1;j 6=i yj;t�1= (n� 1), "it = �"i;t�1 + vit, and �i and vit are i.i.d.

N (0; 1). The group subscript g has been suppressed for simplicity. By replacing "it
with �(y�i;t�1 � (�xi;t�2 + �1yi;t�2 + �2zi;t�2 + ��i)) + vit, i.e., by a quasi-di¤erence
transformation for (8), it is easy to see that (8) conforms to the general model (1).

The xit are generated as xit = (1=
p
2)rit +

p
6si where rit are independent trun-

cated standard normal variables on [�2; 2] and si is a uniform variable on [�0:5; 0:5],
so that the variance of xit is about 1 and its correlation coe¢ cient over time is about

0:5. This process of generating exogenous variables is to allow the exogenous vari-

ables to correlate over time. It is used for all the models in this article. The initial

values of all variables for t � 0 are given as 0. Sample data are generated with

� = 1, �1 = 0:2, �2 = 0:4, �2 = 0:5, and � = 0:4. The serial correlation of the total

disturbance ��i + �it of two adjacent periods has a correlation coe¢ cient about 0:6
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and the fraction of variance due to the individual e¤ect is about 0:3. The sample

size is 200, with G = 50 and n = 4. We have experimented with small, moderate

and large numbers of random draws, namely m = 15; m = 50 and m = 100, for the

construction of the GHK simulator. The number of periods for the panel data varies

from 8 to 30. For each case, the number of replications is 200. For each replication, in

addition to random disturbances in the model, the set of exogenous variables is also

redrawn. The maximization algorithm used is a conjugate gradient method. For all

cases and replications reported here, the algorithm converges without running into

numerical problems. The initial estimate of � is set to 1, and the initial estimates

of the other parameters are set to 0. We have also tried some other starting values,

with which the algorithm converges to similar solutions.

Table 10 in Appendix C reports the empirical means (Means), standard deviations

(SDs) and root mean square errors (RMSEs) for both the bias unadjusted SMLE and

the bias-adjusted SMLE. For all panels with periods from 8 to 30, the bias unadjusted

SMLEs of � are biased downward. There are upward biases in the SMLEs of �1 and

downward biases in the SMLEs of �2, � and �, so the dynamic e¤ect can be over

stated, but the lagged peer group e¤ect and the serial correlation of disturbances

can be underestimated. The magnitude of bias increases with panel length, as the

dimension of integration and the total number of choice alternatives are proportional

to the number of periods. On the other hand, SDs of all the SMLEs decrease as pan-

els become longer, since longer panel data provide more sample information about

the stochastic process. If periods are not too long, RMSEs decrease. Biases of esti-

mates are all substantially reduced when the number of simulated random variables

m increases from 15 to 50. By increasing m to 100, biases become rather small and

RMSEs can further be reduced, but the time cost is double. The issue of selecting m

in practice has been addressed by Lee (1997). For smallm, bias correction is valuable.

Although SDs of bias-adjusted estimates are slightly larger, RMSEs of bias-adjusted

estimates are smaller in general. The additional CPU cost for bias correction is neg-

ligible. However, as biases of estimates, especially for longer panels, are relatively

large to begin with in this model, larger m is desirable for better improvement.1

Table 11 reports Means, SDs and RMSEs for alternative group sizes. For a given

1Results for the bias-adjusted estimates are omitted in subsequent tables to save space. The bias
correction procedure for all the models in this article reduces bias and RMSE. The improvement is
comparable with the gains from the bias correction procedure reported in Table 10.
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sample size G�n = 200, biases, SDs and RMSEs of all the SMLEs increase when the
group size n increases from 4 to 8 (by comparing results in Tables 10 and 11). As the

group size becomes even larger, biases, SDs and RMSEs of the SMLEs of �1, �2 and

� further increase, while the estimates of � and � are not much a¤ected. As such,

other things equal, more sessions with fewer subjects are preferred to fewer sessions

with more subjects in each session.

To illustrate e¤ects of ignoring potential lagged social interactions on SMLEs,

we report the restricted SMLEs under �2 = 0 in Table 12. When positive social

interactions are ignored, the SMLEs of �, � and � are biased downward, and the

SMLEs of �1 are biased upward. The estimated values of �1 are more than double

in magnitude and the estimated values of � are reduced almost by half, so true state

dependence can be over stated but spurious state dependence can be underestimated.

Misspeci�ed disturbances, in general, would cause parameter estimates to be in-

consistent. We investigate e¤ects of misspeci�cation in disturbances by the following

Monte Carlo experiments. First, we estimate the random component model with

��i + vit, where vit are serially uncorrelated, with the data samples generated by the

model speci�ed as in (8). For random component models, multivariate probability

functions involve only single integrals, which can be e¤ectively implemented by the

Gaussian Quadrature method as suggested by Butler and Mo¢ tt (1982). However,

for the sake of easy comparison, here we report the SMLE of the random component

model. The simulated log likelihood function for the random component model is

G�nX
i=1

ln

(
1

m

mX
j=1

TY
t=1

�
h
(2yit � 1)

�
�xi;t�1 + �1yi;t�1 + �2zi;t�1 + ��

(j)
i

�i)
:

The SMLEs are reported in the upper block of Table 13. There are substantial

downward biases in the SMLEs of � and �2 and upward biases in the SMLEs of �1.

Biases are more severe for longer panels. Even with m = 100, the estimated values of

�1 are three times larger than the true value; and the estimated magnitudes of �2 are

reduced by 2/3. Hence, true state dependence tends to be overestimated and lagged

social interactions tend to be underestimated when serial correlation in �it is ignored.

Biases in the SMLEs of � are not uniform. The lower block of Table 13 reports the

restricted SMLEs under � = 0, i.e., random component � were ignored. With this

error speci�cation, serially correlated disturbances "it = �"i;t�1 + vit capture all the
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spurious state dependence. Ignoring random individual component biases the SMLEs

of �, �1 downward and �2, � upward. Biases in �1 and �2 are more severe for longer

panels. The magnitudes of upward bias of �2 are not really large. The biases of � are

upward by 50%. But the biases of �1 towards zero are relatively much more severe.

3.2 A Polya Model with Lagged Social Interactions

In the Polya model, the entire history of the dynamic process is relevant to current

decision making. The Polya model with a depreciation factor � is speci�ed as follows2:

y�it = �xi;t�1 + �1

tX
s=1

�s�1yi;t�s +
�2Pt

s=1 �
s�1

tX
s=1

�s�1zi;t�s + ��i + "it; (9)

where zi;t�s =
Pn

j=1;j 6=i yj;t�s= (n� 1) and "it = �"i;t�1 + vit with �i and vit i.i.d.

N (0; 1). The group subscript g has been suppressed for simplicity. The initial values

of all variables for t � 0 are given as 0. Substitution of "it = �(y�i;t�1 � (�xi;t�2 +
�1
Pt�1

s=1 �
s�1yi;t�s�1 + �2

Pt�1
s=1 �

s�1zi;t�s�1=
Pt�1

s=1 �
s�1 + ��i)) + vit in (9) conforms it

to the general model (1) : For comparison purpose, the discount factor � is assumed

to be a known constant and is set at 0:7: Sample data are generated with � = 1,

�1 = 0:2, �2 = 0:4, �2 = 0:5, and � = 0:4:

The SMLEs are reported in Table 14. There are some downward biases in the

SMLEs of �, �2, � and � and upward bias in �1. Compared to estimates of the

Markov model in Table 10, �1 and � in the Polya model can be estimated more

accurately. They not only have small biases but also have much smaller SDs, due to

an apparently stronger state dependence property of the Polya model. On the other

hand, since we speci�ed lagged social interactions as a weighted average of the past

history instead of a weighted sum, variation in this term is reduced. So with such

speci�cation, �2 in the Polya model is much more di¢ cult to estimate than in the

Markov model. For small m and long panels, biases in the SMLEs of �2 is quite

severe. By increasing m, biases in the estimates of �2 can be substantially reduced.

For T = 8 or 15, the biases are smaller with m = 50 or 100. By comparison with the

Markov model, SDs and RMSEs of the estimates of �2 here are two times larger.

Monte Carlo experiments are also performed to investigate e¤ects of misspeci�-

2Here we specify the lagged social interactions term as the (weighted) average for observed laggd
choices of peers over the entire history, so that it is not a¤ected by the number of total observations.
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cation in dynamic structures on SMLEs. Table 15 reports the SMLE of the Markov

model with lagged social interactions when data samples are generated by the Polya

model (9). The SMLEs of �1 and � are biased upward. And the SMLEs of �2 and �

are biased downward. Hence, when the Polya dynamic structures are misspeci�ed to

be Markov, the true state dependence and the serial correlation due to unobserved

heterogeneity tends to be overestimated but the lagged social interactions and the se-

rial correlation of the remaining disturbance tend to be underestimated. The SMLEs

of � are not a¤ected very much by dynamic misspeci�cation and their biases are not

large.

4 An Application: Estimating Peer Group E¤ects

in Experiments on Signaling Games

There is a large volume of literature on measuring peer group e¤ects in �eld settings,

while little attention has been paid to evaluating the in�uence of peer group e¤ects

on subjects�performance in experiments. Measuring the peer group in�uence in ex-

periments is important as it a¤ects our understanding of the evolution of subjects�

behavior over time. Ignoring peer group e¤ects potentially confounds any �sophisti-

cated�learning process (e.g. adaptive learning) where subjects update beliefs, with

the less �sophisticated�social learning where subjects simply replicate the strategy

generating a better outcome. Furthermore, experimental results across diverse sub-

ject pools are much less likely to be consistent in the presence of strong peer group

e¤ects, as subjects�performance depends on the overall performance of the experi-

mental session they were in. This section adopts dynamic discrete choice models with

lagged social interactions to investigate the presence and magnitude of peer group

e¤ects in experiments on signaling games.

Following Manski (1993), similar behavior of individuals belonging to the same

reference group may be due to endogenous e¤ects, wherein �the propensity of an in-

dividual to behave in some way varies with the behavior of the group�; exogenous

e¤ects, wherein �the propensity of an individual to behave in some way varies with

the exogenous characteristics of the group�; and correlated e¤ects, wherein �individ-

uals in the same group tend to behave similarly because they have similar individual

characteristics or face similar institutional environments�. In experimental settings,
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exogenous e¤ects and correlated e¤ects can be controlled through recruiting proce-

dures and careful experimental designs, while endogenous e¤ects are relatively hard

to control by experimenters. We focus on measuring endogenous peer group e¤ects

in experiments in this section.

The plan of this section is as follows. Subsection 4.1 presents the theoretical pre-

dictions of the model of entry limit pricing. Subsection 4.2 outlines the experimental

procedures and provides a general description of the data. Subsection 4.3 develops

the empirical econometric models and interprets the estimation results.

4.1 Theoretical Considerations

Milgrom and Roberts (1982) propose a model of entry limit pricing as follows. There

are two �rms, an incumbent (established monopolist M) and a potential entrant

(E), in a two-stage market producing a homogeneous good. Nature decides M�s

cost of production along with the distribution of these costs. M�s cost is his/her

private information throughout the game, with the prior distribution of the cost

being common knowledge. In the �rst stage, M chooses an output (or price) level. In

the second stage, E chooses to enter or stay out in response to the observed output

(or price) level. If entry occurs, Cournot duopoly pro�ts are realized by both M and

E. There is a predetermined opportunity cost to E for entering the market. If there

is no entry, M receives the single period monopoly pro�t. Entry is pro�table against

M with high cost but not againstM with low cost. M may have an incentive to limit

pricing, which involves producing greater output (charging lower price) in the �rst

stage than the single period pro�t maximizing level in order to make entry appear

unattractive.

In this game, the information sets are de�ned by the realized costs of M and E

(cM and cE) and a choice of Q (quantity) by M . A (pure) strategy for M is a map s

from its possible cost levels into the possible choices of Q and a (pure) strategy for E

is a map t from R2 into f0; 1g giving its decision for each possible pair (cE; Q), where
1 is interpreted as �enter�and 0 as �stay out�. An equilibrium consists of a pair of

strategies (s�; t�) and a pair of conjectures
�
s; t
�
such that (i) M�s pricing policy s�

is a best response to its conjectures t about E�s entry rule, (ii) the strategy t� is a

best response for E to its conjecture s, and (iii) the actual and conjectured strategies

coincide (Milgrom and Roberts, 1982, p. 446).

15



With two cost levels (types) for M , namely, cM < cM , if s�(cM) = s�(cM), an

equilibrium is called pooling; and if s�(cM) 6= s�(cM) the equilibrium is separating.

Partial pooling is a mixed strategy equilibrium that s�(cM) 6= s�(cM) with a certain
probability. In a pooling equilibrium, E can infer nothing from observing Q and so

enters if the expected pro�t is positive. In a separating equilibrium, the observation

of Q allows the value of cM to be inferred exactly (Milgrom and Roberts, 1982, pp.

447-448). Depending on the cost structure, its distribution, and the market demand

function, pooling equilibria and/or separating equilibria can occur. One may consider

limit pricing as the outcome of competition between the types of established �rms,

with high cost types attempting to mimic low cost ones and low cost �rms attempting

to distinguish themselves from the high costs ones. Whether a pooling or a separating

equilibrium is established is a matter of whether it is the high or low cost type which

is successful. This competition could be purely a conjectural one in the mind of the

entrant (Milgrom and Roberts, 1982, pp. 449-450).

Milgrom and Roberts�model of entry limit pricing is investigated experimentally

by Cooper, Garvin and Kagel (1997a; 1997b) and Cooper and Kagel (2003a; 2003b;

2004). In the experiments,M is either a high-cost type (MH) or a low-cost type (ML)

with equal probability. The model is further simpli�ed by adding the payo¤s of the

two stages together and providing the subjects with payo¤ tables. Payo¤ tables 1-3

are provided in the �quantity game�with M choosing over output levels (1-7).

Table 1: Payo¤s for A Player (Incumbent)
A1 (High Cost) A2 (Low Cost)

Your X Y X Y Your
Choice (In) (Out) (In) (Out) Choice
1 150 426 250 542 1
2 168 444 276 568 2
3 150 426 330 606 3
4 132 408 352 628 4
5 56 182 334 610 5
6 �188 �38 316 592 6
7 �292 �126 213 486 7

Source: Cooper, Garvin and Kagel (1997b).

In any given play of the game, Es are either all high cost types (EHs; payo¤

table 2) or all low cost types (ELs; payo¤ table 3). With EHs there exist pure-
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Table 2: Payo¤s for High Cost B Player (Entrant)
A Player�s Type

A1 A2
Your Action (High Cost) (Low Cost)
Choice Your Payo¤ Your Payo¤ Expected Valuea

X (In) 300 74 187
Y (Out) 250 250 250

a Based on prior distribution (50%MH ; 50%ML) ofM types.

Source: Cooper, Garvin and Kagel (1997b).

Table 3: Payo¤s for Low Cost B Player (Entrant)
A Player�s Type

A1 A2
Your Action (High Cost) (Low Cost)
Choice Your Payo¤ Your Payo¤ Expected Valuea

X (In) 500 200 350
Y (Out) 250 250 250

a Based on prior distribution (50%MH ; 50%ML) ofM types.

Source: Cooper, Garvin and Kagel (1997b).

strategy pooling equilibria at output levels 1-5. There also exist two pure-strategy

separating equilibria, in which MHs always choose 2 and are always entered on, MLs

always choose 6 or 7 and are never entered on. Among them, only pooling at 4 or 5,

and separating with MLs choosing 6 survive Cho-Kreps�(1987) intuitive criteria for

equilibrium re�nement. With ELs no pure-strategy pooling equilibrium exists, while

the two pure-strategy separating equilibria still exist. There also exist a number of

mixed-strategy equilibria. One that is of particular relevance is the partial pooling

equilibrium in whichMLs always select 5 whileMHs mix between 2 (with probability

0.80) and 5 (with probability 0.2), and Es always enter on output levels other than

5, enter on 5 with probability 0.11. In simulations using a stochastic �ctitious play

learning model, this partial pooling equilibrium emerges with high frequency in the

presence of ELs (Cooper, Garvin and Kagel, 1997b). Further, in practice MLs choose

5 with relatively high frequency as a separating equilibrium emerges (especially early

on) and there is very little entry in response to it (Cooper, Garvin and Kagel, 1997b).

The payo¤s in the �price game�(shown in Appendix A), where subjects are choos-

ing over price, are a linear transformation of payo¤ tables 1 and 3, (with table pre-
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sentation changed as well). Hence the price game is theoretically identical to the

quantity game with analogue equilibrium predictions.

4.2 Experimental Procedures and Data

Detailed description of the experimental procedures are in Cooper, Garvin and Kagel

(1997b). The following lists some elements that are especially noteworthy, as they

will be taken into account when empirically modeling the game.

1. Each experimental session employed between 12 and 16 subjects who were ran-

domly assigned to computer terminals. Sessions typically lasted 36 periods,

with the number of periods announced in advance. Subjects switched roles af-

ter every six plays, with incumbents (M) becoming entrants (E) and vice versa.

Ms�types are generated each play randomly.

2. Following each play of the game the outcomes from all pairings (Ms�choice, Es�

choice, and Ms�type) were revealed to all subjects. This made learning across

individuals feasible, and provides the basis for potential peer group e¤ects.

3. Subjects were randomly paired with each other for each play of the game, and

subject identi�cation numbers were suppressed when the game results were

revealed. Hence there was no opportunity for reputation e¤ects to develop.

Learning, to the extent that it occurred, had to be based on own outcomes and

observations of peer�s choices.

Experimental treatments are summarized in Table 9 in Appendix B. The �Expe-

rienced Subjects�treatment recruited subjects who had participated in earlier exper-

imental sessions with exactly the same parameter values. The treatment �Meaningful

Context�uses natural language for the instructions, and was introduced to explore

the e¤ects of context on subjects�reasoning process in signaling games (Cooper and

Kagel, 2003a). The treatment �Crossovers from the EH to EL game�employed sub-

jects with experience in the quantity game with payo¤ tables 1 and 2 to play the

quantity game with payo¤ tables 1 and 3, and was devoted to investigating sub-

jects�ability to generalize learning in one game to related games (Cooper and Kagel,

2003b; 2004).
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4.3 Empirical Models and Estimation Results

According to payo¤ table 1, with full information, output levels 2 and 4 are optimal

for MHs and MLs respectively. Pooling equilibria at output levels 3-5 and (partial)

separating equilibria with MLs selecting output levels 5-7 involve strategic behavior

- limit pricing - as Ms produce above (or price below) full-information levels. A

�gradual, history-dependent adjustment process�, starting with Ms �at their myopia

maxima, followed by an attempt to pool, and then (if no pooling equilibrium exists)

separation�, has been observed by Cooper, Garvin and Kagel (1997b). Here we adopt

our dynamic discrete choice models with lagged social interactions to characterize the

evolution of subjects�behavior in the experiment.

We consider the estimation of equations with two di¤erent samples: One from the

experimental sessions with EHs (using payo¤ tables 1 and 2) and the other from the

sessions with ELs (using payo¤ tables 1 and 3). With EHs, play reliably converges

to a pure strategy pooling equilibrium in which MHs learn to imitate MLs. As such

we model the learning dynamic of MHs in this situation, treating choices of output

levels 3-5 as strategic play, y = 1, and y = 0 otherwise3. For games with ELs, pure

strategy pooling equilibria no longer exist, and we focus on the strategic play MLs,

with y = 1 if the ML selects outputs level 5-7, and y = 0 otherwise4.

4.3.1 A Markov Model with Lagged Social Interactions

One way to justify the Markov process is to assume that the subject�s current decision

only depends on his/her last decision and feedback from the previous period besides

individual characteristics. We will relax this restrictive assumption and consider the

estimation of a more general dynamic model later.

The MHs have incentives to limit price in games with EHs. In a generic experi-

mental session with n MHs, we assume that y�, the unobservable incentives for MHs

to limit price, can be characterized by the Markov dynamic discrete choice model with

lagged social interactions. By design, subjects are randomly assigned turns as anMH

in di¤erent plays of the game within an experimental session. As such, a decision pe-

3Note that high-level outputs 6; 7 are strictly dominated by other outputs for MHs, according to
payo¤ table 1. Among the 4576 observations in the actual experimental sample with EHs, 7 choices
of output 6 or 7 made by MHs are observed.

4We have also tried to estimate with alternative criterion for limit pricing. For example, we
treated output levels 4; 5 by MHs in the case with EHs, and output levels 6; 7 by MLs in the case
with ELs as limit pricing. The estimation results are similar to those reported here.
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riod in which a subject plays as an MH di¤ers from a (consecutive) calendar period.

However, all subjects at his/her �th turn as an MH observe all the outcomes from all

of the preceding calendar periods. We distinguish between his/her own experience

as an MH and that of the peer group information that informs his/her choices. For

individual subject i, let � = 1; � � � ; Ti be the number of periods in which he/she has
played as an MH . Corresponding to each turn � , there is a calender period. Let ti(�)

be the calendar period when the subject i plays as an MH . The Markov dynamic

discrete choice model with lagged social interactions for i can be speci�ed as

y�i� = �+ xi;ti(�)�1� + �1yi;ti(��1) + �2winYn;ti(�)�1 +  ln � + ��i + "iti(�); (10)

for � = 1; 2; � � � ; Ti, where Yn;ti(�)�1 is an n-dimensional vector with the ith element
being yi;ti(�)�1, i = 1; � � � ; n and win is an n row-normalized weighting vector for all
MH peers. We assume that "iti(�) = �"i;ti(��1)+viti(�) and �i and viti(�) are i.i.d.N (0; 1).

Since the stochastic process started at the �rst sampling period in the experiment,

the initial conditions on all variables for t � 0 are set to zero.
If the latent dependent variable y�i� > 0, incumbent i limits price in his/her �th

turn as an MH , and the corresponding observed dependent variable yi� is 1; yi� is 0

otherwise. Explanatory variables are on the right hand side of (10). � is a constant.

xi;ti(�)�1 is the perceived entry rate di¤erential, which is between output levels 3-5 and

1-2 in the case with EHs, and output levels 1-4 and 5-7 in the case with ELs5. In the

case with EHs, let dLis (IN) (respectively, d
O
is (IN)) be a dummy variable indicating

that incumbent i chooses output level 3, 4 or 5 (output level 1 or 2) and is entered on

in calendar period s. Let dL�is (IN) (d
O
�is (IN)) be the number of times in calendar

period s thatMs other than i choose output levels 3, 4 or 5 (output levels 1 or 2) and

observe the response IN . De�ne dLis (OUT ), d
O
is (OUT ), d

L
�is (OUT ), and d

O
�is (OUT )

in an analogous manner, where OUT involves potential Es staying out. Denote the

weight a player put on the experience of other players relative to his/her own in

calculating entry rate di¤erential by !. The perceived entry rate di¤erential is given

5The entry rates are calculated conditional on the output level selected, not the type of M which
selects the output. As Es can not observe Ms�type when making decisions of entry, the entry rate
calculated here can be used to approximate M�s beliefs on Es�responses.
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by

xi;ti(�)�1 =
dOi;ti(�)�1 (IN) + !d

O
�i;ti(�)�1 (IN)

dOi;ti(�)�1 + !d
O
�i;ti(�)�1

�
dLi;ti(�)�1 (IN) + !d

L
�i;ti(�)�1 (IN)

dLi;ti(�)�1 + !d
L
�i;ti(�)�1

;

where dji;ti(�)�1 = dji;ti(�)�1 (IN) + d
j
i;ti(�)�1 (OUT ) for j = L;O.6 This term serves

as a proxy for the unobservable beliefs of Ms. yi;ti(��1), the time-lagged observed

dependent variable, is introduced to measure the true state dependence of incum-

bent i in the dynamic process. winYn;ti(�)�1 captures the peer group e¤ects in the

experiment, namely the in�uence of other MHs�strategic play in the preceding cal-

ender period on i�s current choice. Given the anonymous nature of experimental

design, we assume that the weighting matrix Wn, where win is its ith row, is sim-

ply [(1n � 10n � In) =(n� 1)], so that winYn;ti(�)�1 =
Pn

j=1;j 6=i yj;ti(�)�1= (n� 1). ln � ,
where � is the number of times incumbent i has played as an MH (the current pe-

riod included), stand for all other e¤ects of experience within an experimental session

that are not captured by the other explanatory variables. An individual random

component �i is introduced to control unobserved heterogeneity across players. The

remaining disturbances are assumed to follow an AR(1) process. We model choice

dynamics of MLs in experimental sessions with ELs in an analogous manner.

As we have shown, for incumbent i, the likelihood function involves (Ti � 1)-
dimension integrals that are analytically intractable and numerically hard to imple-

ment. We circumvent this computational di¢ culty by the SML method based on the

GHK simulator. Table 4 reports the SMLEs for the Markov model based on a simu-

lator generated from 100 random draws with samples from the experimental sessions

with EHs and ELs respectively.7

The signi�cantly positive SMLEs of �1 in all cases show that a player�s current

choice depends heavily on his/her choice in the previous round. That is, one round of

strategic play substantially increases the likelihood of strategic play in future rounds.

This indicates that subjects do not play strategically just by chance. Rather, once they

have learned to play strategically, they are very likely to continue to play strategically,

clear evidence of learning. Interaction terms are introduced to account for di¤erences

6We assume that (dji;ti(�)�1 (IN)+!d
j
�i;ti(�)�1 (IN))=(d

j
i;ti(�)�1+!d

j
�i;ti(�)�1) = 0:5, in the case

that dji;ti(�)�1 + !d
j
�i;ti(�)�1 = 0 (j = L;O).

7We have tried to add more interaction terms, or remove some regressors or interaction terms
with insigni�cant coe¢ cients. The estimation results are trivially a¤ected.
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in behavior between experienced and inexperienced subjects (with the dummy vari-

able NX representing sessions with inexperienced subjects).8 The signi�cant negative

coe¢ cient value for the interaction term of lagged choice and NX in games with ELs

indicates that in this case inexperienced subjects were much less con�dent of their

choice to play strategically than their experienced selves.

Learning can come about in one of two ways: (1) social learning in which case

subjects simply replicate their peers�strategies and/or (2) adaptive learning that is

independent of peers�choices. Estimating signi�cant peer group e¤ects in the Markov

model is evidence in favor of social learning, while �nding a signi�cant coe¢ cient for

the entry rate di¤erential would be evidence for adaptive learning independent of

peers�choices.

The SMLE of �2 is positive and statistically signi�cant in Table 4, in games with

ELs, indicating the existence of endogenous peer group e¤ects in this case. For the

speci�cation without interaction terms, the average marginal impact of the peer group

e¤ect on the probability of limit pricing given exogenous variables and lagged choices

is 0:054.9 In contrast, peer group e¤ects in games with EHs are not statistically

signi�cant.

The SMLE of the coe¢ cient � for entry rate di¤erential is positive, statistically

signi�cant, and robust to alternative speci�cations in games with ELs. For the speci�-

cation without interaction terms, the average marginal e¤ect of entry rate di¤erential

on the probability of limit pricing is 0:032. Note that in this case MLs place primary

weight on own entry rate di¤erential, with very limited weight placed on others�ex-

perience, whereas fully rational Ms should put equal weight on own entry and entry

8The minus two times log likelihood ratios for testing jointly the signi�cance of interactions terms
in the Markov model are, respectively, 6.56 for games with EHs, and 13.2 for games with ELs. The
latter is signi�cant at the 5 percent level with an asymptotic �2 (5) distribution.

9For the general model (1), E(yitj(y�is; Yns; Xns; s = 1; � � � ; t� 1); Xnt; �i) = � (hit). The average
marginal e¤ect over time and individual of, say Xnt (which is assumed continuous), on the transition
probability P (yit = 1j(Yns; Xns; s = 1; � � � ; t� 1); Xnt), is given by

1

nT

Xn

i=1

XT

t=1

Z
� � �
Z
� (hit) (@hit=@Xnt)

�f
�
y�i1; � � � ; y�i;t�1; �ijYns; Xns; s = 1; � � � ; t� 1

�
dy�i1 � � � dy�i;t�1d�i

The multiple integrals here can be approximated by simulations. We simulate h(j)it following the
same procedure as in (3). With m independent simulation runs, the corresponding (sample average)

simulated marginal e¤ects is
�Pm

j=1

Pn
i=1

PT
t=1 �

�
h
(j)
it

�
(@hit=@Xnt)

�
=mnT . Results reported in

this paper are based on a simulator generated from 1000 random draws.

22



on other Ms. This also seems odd given that �2 is positive and statistically signif-

icant, indicating that subjects care about peers�past choices, while an insigni�cant

! indicates that subjects tend to ignore other Ms�experience with respect to entry.

However, �2 captures social learning that replicates peers�strategies, while ! cap-

tures adaptive learning that updates beliefs based on other�s experience. Given the

sophisticated nature of adaptive learning compared to social learning, this result is

not unreasonable.10 In contrast to all of this the SMLE of � is not statistically sig-

ni�cant in experiments with EHs. As will be reported in the next section, peer group

e¤ects are identi�able in the Polya model (our preferred speci�cation) for games with

EHs, but the entry rate di¤erential continues to be statistically insigni�cant.

The proportion ofMHs attempting to pool by choosing output levels 3 and 4 in the

previous round is introduced as an explanatory variable in games with ELs because

an increase in this proportion makes separation at output levels 5-7 more attractive.

Although positive in sign, this variable fails to achieve statistical signi�cance in any

of the Markov speci�cations.

The positively signi�cant estimates of the coe¢ cient on ln � pick up other experi-

ence e¤ects that fail to be captured in the Markov model. In experiments with EHs,

the SMLE of its interaction e¤ect with NX indicates that this positive impact is

con�ned to experimental sessions employing inexperienced subjects.

The dummy variables for experienced players are large, positive and statistically

signi�cant in games with ELs and EHs indicating that in both cases experienced

subjects start out with much higher levels of strategic play than inexperienced sub-

jects. This is consistent with the strong history dependence of strategic play within

inexperienced subject sessions. In games with ELs, dummies for experiments with

crossovers are positive and statistically signi�cant, which is consistent with the �nd-

ings in Cooper and Kagel (2004) that there exists positive transfer of learning across

related games. The signi�cant negative estimates for the constants (�) are consistent

with the slow emergence of strategic play in all cases. The larger absolute value for

� in games with ELs captures the fact that strategic play is much slower to emerge

in this case.

10We also consider alternative speci�cations where own lagged choices and peers�lagged choices
are interacted with entrants�responses. This is discussed brie�y in the next section where we report
on the polya model speci�cation, our preferred speci�cation.
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Table 4: SMLEs for the Markov Model (standard errors in parentheses)

with High-Cost Type Entrants∗ with Low-Cost Type Entrants∗∗

w/ interactions w/ interactions
entry rate differential (β) 0.109 (0.085) 0.179 (0.176) 0.318c (0.069) 0.383c (0.089)

entry rate differential ×NX - −0.151 (0.187) - −0.110 (0.101)
weight on others’ experience (ω) 0.003 (0.254) 0.523 (2.536) 0.028 (0.061) 0.022 (0.062)

lagged choice (λ1) 0.730c (0.184) 0.725c (0.240) 1.730c (0.094) 1.961c (0.113)

lagged choice ×NX - 0.153 (0.205) - −0.417c (0.119)
peer group effects (λ2) 0.023 (0.125) −0.109 (0.286) 0.541c (0.106) 0.516c (0.131)

peer group effects ×NX - 0.146 (0.320) - 0.011 (0.214)

% of MH choosing 3,4 - - 0.019 (0.089) −0.053 (0.131)
% of MH choosing 3,4 ×NX - - - 0.171 (0.179)

experience within a session (γ) 0.256c (0.083) −0.019 (0.188) 0.099b (0.045) 0.058 (0.067)

experience within a session ×NX - 0.304a (0.176) - 0.039 (0.077)

constant (α) −0.545c (0.162) −0.619c (0.160) −1.871c (0.101) −1.838c (0.108)
random effects (σ) 1.164c (0.103) 1.118c (0.098) 0.888c (0.062) 0.867c (0.063)

serial correlation (ρ) −0.080 (0.103) −0.148 (0.100) −0.244c (0.048) −0.236c (0.052)
Dummies:
w/ experience of the same game 0.702c (0.127) 1.026c (0.224) 0.827c (0.073) 0.794c (0.118)

meaningful context −0.079 (0.168) −0.078 (0.164) −0.035 (0.093) −0.035 (0.092)
crossovers from EH to EL games - - 0.640c (0.108) 0.611c (0.141)

Log Likelihood −1089.88 −1086.60 −2106.82 −2100.22
NX is a dummy variable for experimental sessions employing subjects with no experience of the same or related games
∗ 266 subjects, 4576 observations; ∗∗ 568 subjects, 11536 observations
a significantly different from 0 at the 10 percent level
b significantly different from 0 at the 5 percent level
c significantly different from 0 at the 1 percent level
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Though the overall correlation across the disturbances captured by ��i + "iti(�) is

positive, the negative sign of � suggests the presence of some �uctuations not captured

by the dynamic structure. Hence we generalize the Markov model to include more

lagged terms in the next subsection.

4.3.2 A Polya Model with Lagged Social Interactions

In this section, we model the in�uence of all past plays on a subject�s current decision

by a Polya process with lagged social interactions. Similarly to the Markov model,

we assume that the unobservable incentives to limit price can be characterized by

y�iti(�) = �+ xi;ti(�)�1� + �1

�X
s=1

�s�11 yi;ti(��s) + �2

ti(�)X
s=1

�s�12 winYn;ti(�)�sPti(�)
s=1 �

s�1
2

+ ln � + ��i + "iti(�); (11)

and

"iti(�) = �"i;ti(��1) + viti(�);

where �i; viti(�) are i.i.d.N(0; 1). The initial conditions on all variables for t � 0

are set to be zero, as we observe the data generating process from the very be-

ginning. Most variables in (11) are de�ned as in the Markov model, while there

are some changes in the speci�cation of the entry rate di¤erential as follows. Let

cji;ti(�)�1 (R) =
Pti(�)�1

s=1 djis (R) and c
j
�i;ti(�)�1 (R) =

Pti(�)�1
s=1 dj�is (R) for j = L;O and

R = IN;OUT , with djis (R) given as before. Let the weight a player puts on the ex-

perience of other players relative to his/her own in calculating entry rate di¤erential

be !. The perceived cumulative entry rate di¤erential between limit-pricing output

levels and the other output levels is given by

xi;ti(�)�1 =
cOi;ti(�)�1 (IN) + !c

O
�i;ti(�)�1 (IN)

cOi;ti(�)�1 + !c
O
�i;ti(�)�1

�
cLi;ti(�)�1 (IN) + !c

L
�i;ti(�)�1 (IN)

cLi;ti(�)�1 + !c
L
�i;ti(�)�1

;

where cji;ti(�)�1 = c
j
i;ti(�)�1 (IN) + c

j
i;ti(�)�1 (OUT ) for j = L;O. Analogous to xi;ti(�)�1

in the Markov model (10), xi;ti(�)�1 here represents the payo¤ incentive for an M

to limit price. The depreciation factors �1 and �2 measure the in�uence of past

plays on the current choice. The weighted average
Pti(�)

s=1 �
s�1
2 winYn;ti(�)�s=

Pti(�)
s=1 �

s�1
2

captures the cumulative peer group e¤ects on incumbent i�s current decision. As
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in (10), we specify the row-normalized weighting matrix Wn, with its ith row being

win, as [(1n � 10n � In) =(n� 1)]. Thus, in the Polya model, the cumulative peer group
e¤ects are speci�ed as the (weighted) average of the peers observed choices over the

entire history. Based on the GHK simulator generated with 100 random draws, the

SMLEs of the Polya model with samples from the experimental sessions with EHs

and with ELs are reported in Table 5 and Table 6 respectively.

In games with EHs and ELs, the positive, and statistically signi�cant, SMLEs

for �1 of lagged choices imply that prior strategic play signi�cantly increases the

likelihood of future strategic plays for any given M . The interaction term for lagged

choice by inexperience subjects is not statistically signi�cant in games with EHs

but has a negative, statistically signi�cant coe¢ cient for games with ELs.11 This is

consistent with the results from the Markov model that inexperienced subjects are less

con�dent in their decision to play strategically as MLs than their more experienced

counterparts, hence are more likely to revert back to non-strategic play.

In games with EHs the cumulative peer group e¤ects captured by the SMLEs of

�2 are positive and statistically signi�cant for inexperienced subjects. In contrast,

the SMLEs for the cumulative entry rate di¤erential are not, and the statistical in-

signi�cance of � makes the estimate of ! extremely imprecise.12 In games with ELs,

cumulative peer group e¤ects are positive and statistically signi�cant overall, with

even stronger peer group e¤ects for inexperienced subjects (indicated by the positive

coe¢ cient value for the interaction term between peer group e¤ects and NX, with

t-ratio 1.484). Thus, inexperienced subjects are in�uenced more by peer group e¤ects

than experienced subjects in games with ELs, but unlike games with EHs, experi-

enced subjects continue to be in�uenced by their peers, consistent with the fact that

it takes longer for a separating equilibrium to emerge than a pooling equilibrium.

The cumulative entry rate di¤erential is statistically signi�cant in games with ELs,

but less so for inexperienced than experienced subjects. Further, as in the Markov

model, subjects place much less weight on others�entry experiences than their own.

And the marginal e¤ect of own entry rate di¤erential is smaller than that of the peer

group e¤ect in games with ELs.13

11The interaction terms in the Polya model are jointly signi�cant at the 5 percent level with the
minus two times log likelihood ratios being 11.76 for the games with EHs, and signi�cant at the 1
percent level with the minus two times log likelihood ratios being 24.4 for games with ELs.
12Note that ! would not be identi�able if the coe¢ cient of xit were zero. The value of this estimate

may re�ect the insigni�cance of the coe¢ cient estimate of xt�1 in this case.
13For the speci�cation without interaction terms, in games with EHs, the average marginal cu-
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We believe that the learning results reported on above come about for three rea-

sons: (1) Adaptive learning is more demanding than social learning, as it requires that

subjects form expectations about opponents�responses from observing opponents play

as compared to social learning where subjects simply imitate peers�strategies. As

such social learning is likely to be more prominent in the early stages of the learn-

ing process. (2) Because Es�choices are less stable in inexperienced subject sessions

(especially with respect to entry on 5, 6 or 7 in games with ELs) than experienced

subject sessions, entry rate di¤erentials serve as a poor proxy for M�s beliefs in those

sessions. (3) Strategic play of MLs requires innovation, whereas strategic play by

MHs simply requires imitating MLs choices. As such there must be some element of

adaptive learning in games with ELs, while this is likely to be superseded by social

learning from MLs choices (and responses to same) in games with EHs where such

innovation is not required.

The SMLEs for both �1 and �2 are positive and statistically signi�cant in games

with EHs and ELs, indicating that a subject�s current decision making is in�uenced

by all past plays of the game. Note, �1 and �2 are not directly comparable as the

depreciation factor for own lagged choices �1 is de�ned on the decision period, while

the depreciation factor for peer group e¤ects is de�ned on the (consecutive) calendar

period. On average a subject only has a decision period (a chance to limit price)

every 4 calendar periods (because a subject plays as an M only half time, and the

type of M is randomly decided with equal probability). Take the games with ELs

for instance, for the speci�cation with no interaction terms, a generic ML discounts

peers�lagged choices �1=�
4
2 � 2 times as fast as own lagged choices.

As in the Markov model, for games with ELs, we introduce the proportion ofMHs

attempting to pool by choosing output levels 3 and 4. Di¤erent from the Markov

model where this value is calculated based onMHs�choice in the previous round only,

we calculate its cumulative counterpart in the Polya model. The positively signi�cant

estimates of this variable in experimental sessions employing inexperienced subjects

is consistent with the observation made by Cooper, Garvin and Kagel (1997b) that

the �history-dependent adjustment process�starts with incumbents �at their myopia

maxima, followed by an attempt to pool, and then ... separation�. In both the

mulative peer group e¤ect on the probability of limit pricing conditional on the exogenous variables
and lagged choices is 0.058, and the average marginal e¤ect of cumulative entry rate di¤erential
is 0.009. In games with ELs, the average marginal cumulative peer group e¤ect is 0.113, and the
average marginal e¤ect of the cumulative entry rate di¤erential is 0.085.
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Markov and Polya models, other experience e¤ects as represented by ln � are not

statistically signi�cant at conventional levels. And analogous to what happens in the

Monte Carlo study, the weird negative sign of the SMLEs for � in the Markov model

for games with EHs can now be explained by model misspeci�cation.

As the Polya model does not nest the Markov model because of our di¤erent

speci�cations of entry rate di¤erential and the proportion of MHs attempting to

pool, we address the issue of model selection by the well known Akaike information

criterion (AIC) given as

AIC = � 2

#obs
logL+

2#p

#obs
; (12)

where #obs is the sample size, #p is the number of parameters and logL is log

likelihood of a model. According to (12), the Polya model is a better model than the

Markov model as the former gives smaller value of AIC.14

One element that has been left out of the analysis reported on so far involves

distinguishing between attempts at limit pricing and opposed to successful attempts

at limit pricing. To do this we introduce two new variables into the regressions:

Individual M�s own success in limit pricing and the percentage of successful limit

done by peers. We view these new regressors as, essentially, additional interaction

terms, the results of which are reported in Appendix D. Introduction of these variables

has essentially no e¤ect on the log likelihood function for games with EHs so that

the distinction has no impact on the results reported in this case.15 In games with

ELs own success at limit pricing plays a statistically signi�cant role in promoting

limit pricing (and diminishes the e¤ect of the cumulative entry rate di¤erential). The

percentage of limit pricing by peers (as opposed to attempts at limit pricing) plays

no statistically signi�cant, independent role in promoting limit pricing in games with

ELs. This probably comes about because attempts at limit pricing were usually

successful so that imitators only needed innovators actions to promote limit pricing

in this case.

14For the speci�cation without interaction terms, in games with EHs, the AIC of the Markov
model is 0.4807 and the AIC of the Polya model is 0.4788; and in games with ELs, the AIC of the
Markov model is 0.3673 and the AIC of the Polya model is 0.3610.
15The minus two times log likelihood ratios for testing jointly the signi�cance of new regressors

in the Polya model without interactions with NX are, respectively, 1.86 for games with EHs, and
41.14 for games with ELs. The latter is signi�cant at the 1 percent level with an asymptotic �2 (2)
distribution.
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Table 5: SMLEs for the Polya Model (Experiments with High-Cost Type Entrants)

Model w/ peer group effects Model w/o

w/ interactions peer group effects

cumulative entry rate differential (β) 0.069 (0.139) 0.279 (0.218) 0.097 (0.138)

cumulative entry rate differential ×NX - −0.271 (0.264) -

weight on others’ experience (ω) 0.552 (6.227) 0.563 (3.865) 0.528 (4.216)

lagged choices (λ1) 0.510c (0.159) 0.579c (0.211) 0.490c (0.161)

lagged choices ×NX - 0.001 (0.154) -

depreciation factor (δ1) 0.594c (0.158) 0.528c (0.173) 0.601c (0.161)

peer group effects (λ2) 0.441a (0.250) −0.254 (0.526) -

peer group effects ×NX - 1.082a (0.620) -

depreciation factor (δ2) 0.932c (0.338) 0.992c (0.210) -

experience within a session (γ) 0.069 (0.113) −0.161 (0.229) 0.128 (0.110)

experience within a session ×NX - 0.259 (0.202) -

constant (α) −0.542c (0.165) −0.739c (0.170) −0.419c (0.150)
random effects (σ) 1.011c (0.124) 0.991c (0.125) 1.032c (0.125)

serial correlation (ρ) 0.102 (0.106) 0.051 (0.119) 0.119 (0.107)

Dummies:

w/ experience of the same game 0.555c (0.149) 1.234c (0.313) 0.638c (0.135)

meaningful context −0.093 (0.161) −0.104 (0.158) −0.083 (0.161)
Log Likelihood −1083.41 −1077.53 −1085.18
standard errors in parentheses
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Table 6: SMLEs for the Polya Model (Experiments with Low-Cost Type Entrants)

Model w/ peer group effects Model w/o

w/ interactions peer group effects

cumulative entry rate differential (β) 0.563c (0.133) 0.878c (0.203) 0.885c (0.122)

cumulative entry rate differential ×NX - −0.528b (0.231) -

weight on others’ experience (ω) 0.098 (0.078) 0.120 (0.085) 0.219b (0.103)

lagged choices (λ1) 0.870c (0.134) 1.048c (0.146) 0.911c (0.130)

lagged choices ×NX - −0.325c (0.096) -

depreciation factor (δ1) 0.608c (0.083) 0.605c (0.076) 0.624c (0.076)

peer group effects (λ2) 1.094c (0.194) 0.837c (0.234) -

peer group effects ×NX - 0.580 (0.391) -

depreciation factor (δ2) 0.742c (0.099) 0.769c (0.103) -

% of MH choosing 3,4 (cumulative) 0.221 (0.176) −0.052 (0.199) 0.351b (0.173)

% of MH choosing 3,4 ×NX - 0.868b (0.366) -

experience within a session (γ) −0.053 (0.055) −0.120 (0.082) −0.004 (0.054)
experience within a session ×NX - 0.056 (0.097) -

constant (α) −1.754c (0.113) −1.886c (0.129) −1.731c (0.111)
random effects (σ) 0.821c (0.075) 0.785c (0.077) 0.747c (0.072)

serial correlation (ρ) 0.241c (0.088) 0.252c (0.087) 0.241b (0.085)

Dummies:

w/ experience of the same game 0.589c (0.094) 0.794c (0.144) 0.740c (0.089)

meaningful context −0.098 (0.094) −0.110 (0.092) −0.093 (0.087)
crossovers from EH to EL games 0.466c (0.117) 0.705c (0.165) 0.554c (0.112)

Log Likelihood −2068.10 −2055.90 −2088.56
standard errors in parentheses
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Finally, the last column in Tables 5 and 6 look at the impact of neglecting the peer

group e¤ects. The reference speci�cation against which to compare these estimates is

the �rst one reported in each case. For games with EHs there is little if any e¤ect on

any of the coe¢ cient values estimated and only a small change in the log likelihood

function. This is not surprising as peer group e¤ects are only signi�cant at the 10%

level in this case. For games with ELs, the SMLEs for the entry rate di¤erential and

for weight on others�entry experiences are most e¤ected by dropping the peer group

e¤ects, with both coe¢ cients biased upwards. This is not too surprising since it is

the increased entry di¤erential in response to choices 5-7 versus other output levels

(especially output levels 3; 4) that drive MLs to limit price in the �rst place. In this

context what the introduction of peer group e¤ects does is to clarify the behavioral

mechanism under which these increased entry rates operate. It is only partly related

to what individual subjects have experienced themselves. Rather, much of the impact

is related to what others have experienced and their responses to same. It is the latter

that is largely missing by ignoring peer group or session level e¤ects in the data in

this case.

5 Concluding Remarks

This article has generalized Heckman�s (1981) dynamic discrete choice panel data

models by introducing lagged social interactions. The likelihood function for a general

model has been derived and simulation method based on the unbiased GHK simulator

has been proposed to implement the SML estimation. Monte Carlo experiments have

been conducted to investigate the �nite sample performance of the SMLEs for the

Markov and Polya model with lagged social interactions. Some clear patterns have

emerged from the Monte Carlo results.

� Parameters capturing the strength of true state dependence tend to be biased
upward, and parameters capturing lagged social interactions tend to be biased

downward in the Markov and Polya models when T is long. The biases are

small for T = 8 and 15, and m = 50 or 100. Parameters capturing lagged social

interactions are relatively more di¢ cult to estimate precisely in the Polya model

than in the Markov model.

� Overall, the SMLEs of the variance of random e¤ects and the autoregressive
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parameter of disturbances have small downward biases in the Markov and Polya

model.

� Given a �xed sample size, biases and SDs of the SMLEs of all parameters
increase with group size, given the corresponding reduction in the number of

groups. The estimates of parameters of state dependence and lagged social

interactions are more sensitive to group size than the other parameters.

� The bias correction procedure reduces bias and RMSE, but the improvements
are generally small. For further improvement, a larger number of random draws

is desirable.

� In the Markov model, when positive lagged social interactions are ignored in
the estimated model, the parameter of true state dependence is more upward

biased and serial correlation in disturbances is more downward biased. These

biases can be severe.

� In the Markov model, when the true speci�cation on disturbances allows for
random components and serial correlation but the estimated model incorporates

only random components, the parameter of state dependence is upward biased

and the parameter of lagged social interactions is downward biased. These

biases are severe. On the other hand, when the estimated model incorporates

only serial correlation but the random component is ignored, the parameter of

state dependence can be severely downward biased and the parameter of lagged

social interactions is moderately upward biased.

� When the data generating process is the Polya model but the estimated model
is the Markov model, the parameter of state dependence can be severely biased

upward and the parameter of lagged social interactions has some downward

biases.

We apply the Markov and Polya models with lagged social interactions to inves-

tigate the learning process in laboratory experiments based on Milgrom and Roberts

(1982) entry limit pricing game. The Polya model is superior to the Markov model

as it has a more natural justi�cation and provides a better �t to the data. We �nd

that subjects�decisions are in�uenced by the past decisions of their peers in this ex-

periment. These time-lagged peer group e¤ects are more evident in the experiments
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employing subjects with no experience of the same or related games. These results

suggest that the imitation of peers�strategies plays an important role in learning to

play strategically. It would be interesting to see if this result continues to hold under

an experimental design that does not provide subjects with full information regarding

peers�play on their computer screens.
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Appendices

A Payo¤ Schedules for the Price Game

Table 7: Payo¤s for A Player (Incumbent)
A1(High Cost) A2(Low Cost)

Your X Y X Y Your
Choice (In) (Out) (In) (Out) Choice
1 �428 �220 204 545 1
2 �298 �110 333 678 2
3 8 165 355 700 3
4 103 448 378 723 4
5 125 470 350 695 5
6 148 493 283 648 6
7 125 470 250 615 7

Source: Cooper and Kagel (2004).

Table 8: Payo¤s for B Player (Entrant)
A Player�s Type

A1 A2
Your Action (High Cost) (Low Cost)
Choice Your Payo¤ Your Payo¤ Expected Valuea

X (In) 219 594 406:5
Y (Out) 281 281 281

a Based on prior distribution (50%MH ; 50%ML) ofM types.

Source: Cooper and Kagel (2004).
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B Summary of Data

Table 9: Experimental Treatments
Payoff Tables Prior Experience Number of Sessions BNE Prediction
(Type of Entrants) GCa MC
1 & 2
(High cost type EHs)

None or same game 7 9 (2)b
Pure-strategy pooling &
separating equilibria exist

1 & 3 or 7 & 8
(Low cost type ELs)

None or same game 15 (9) 12 (7)
No pure-strategy
pooling equilibria exist

Game with high cost Esc 5 7 (2)
aGC: generic context; MC: meaningful context
bnumber of inexperienced-subject sessions (number of experienced-subject sessions)
ccrossover after the 1st 12-period cycle

C Monte Carlo Results
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Table 10: Markov model with unobserved heterogeneity and serially correlated disturbances (sample size: G=50, n=4)
T m β = 1 λ1 = 0.2 λ2 = 0.4 σ =

√
0.5 ρ = 0.4

Bias unadjusted SMLE

8 15 0.969 (0.067) [0.073] 0.246 (0.132) [0.139] 0.349 (0.141) [0.150] 0.628 (0.136) [0.157] 0.379 (0.123) [0.125]
15 15 0.965 (0.052) [0.063] 0.296 (0.105) [0.142] 0.318 (0.103) [0.132] 0.672 (0.077) [0.084] 0.323 (0.079) [0.111]
30 15 0.957 (0.035) [0.056] 0.345 (0.071) [0.161] 0.292 (0.068) [0.127] 0.686 (0.058) [0.061] 0.286 (0.045) [0.123]

8 50 0.991 (0.066) [0.067] 0.207 (0.124) [0.123] 0.387 (0.137) [0.137] 0.675 (0.111) [0.115] 0.398 (0.108) [0.108]
15 50 0.988 (0.052) [0.053] 0.236 (0.091) [0.097] 0.371 (0.102) [0.106] 0.692 (0.071) [0.073] 0.369 (0.061) [0.069]
30 50 0.982 (0.034) [0.039] 0.264 (0.068) [0.093] 0.354 (0.066) [0.080] 0.698 (0.053) [0.053] 0.349 (0.042) [0.066]

8 100 0.996 (0.065) [0.065] 0.203 (0.124) [0.124] 0.393 (0.135) [0.135] 0.684 (0.110) [0.112] 0.397 (0.104) [0.104]
15 100 0.994 (0.052) [0.052] 0.219 (0.088) [0.090] 0.384 (0.098) [0.099] 0.697 (0.070) [0.070] 0.382 (0.059) [0.061]
30 100 0.990 (0.035) [0.037] 0.235 (0.065) [0.074] 0.370 (0.065) [0.072] 0.702 (0.052) [0.052] 0.372 (0.040) [0.049]

Bias adjusted SMLE

8 15 0.991 (0.069) [0.069] 0.217 (0.131) [0.132] 0.380 (0.143) [0.144] 0.681 (0.135) [0.138] 0.385 (0.127) [0.127]
15 15 0.982 (0.053) [0.056] 0.259 (0.107) [0.122] 0.352 (0.106) [0.116] 0.699 (0.078) [0.078] 0.347 (0.082) [0.098]
30 15 0.970 (0.035) [0.046] 0.307 (0.072) [0.129] 0.326 (0.069) [0.101] 0.704 (0.060) [0.060] 0.314 (0.046) [0.097]

8 50 1.000 (0.067) [0.067] 0.194 (0.123) [0.123] 0.400 (0.138) [0.137] 0.692 (0.107) [0.108] 0.403 (0.109) [0.109]
15 50 0.996 (0.052) [0.052] 0.214 (0.092) [0.092] 0.390 (0.103) [0.104] 0.701 (0.072) [0.072] 0.386 (0.062) [0.063]
30 50 0.991 (0.035) [0.036] 0.232 (0.068) [0.075] 0.377 (0.067) [0.071] 0.708 (0.054) [0.054] 0.374 (0.043) [0.050]

8 100 1.001 (0.066) [0.066] 0.195 (0.124) [0.124] 0.400 (0.135) [0.135] 0.692 (0.109) [0.109] 0.401 (0.104) [0.104]
15 100 0.999 (0.052) [0.052] 0.205 (0.088) [0.088] 0.395 (0.098) [0.098] 0.701 (0.070) [0.070] 0.394 (0.059) [0.060]
30 100 0.996 (0.036) [0.036] 0.212 (0.066) [0.067] 0.386 (0.066) [0.067] 0.708 (0.053) [0.053] 0.391 (0.040) [0.041]

The values are given as Means (SDs) [RMSEs]
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Table 11: Markov model with unobserved heterogeneity and serially correlated disturbances (alternative group sizes)
T m β = 1 λ1 = 0.2 λ2 = 0.4 σ =

√
0.5 ρ = 0.4

G = 25, n = 8

8 15 0.961 (0.067) [0.078] 0.261 (0.157) [0.168] 0.321 (0.180) [0.197] 0.604 (0.174) [0.202] 0.372 (0.140) [0.142]
8 50 0.986 (0.066) [0.067] 0.215 (0.141) [0.142] 0.374 (0.168) [0.169] 0.665 (0.126) [0.133] 0.392 (0.119) [0.119]
8 100 0.993 (0.063) [0.063] 0.195 (0.125) [0.124] 0.388 (0.166) [0.165] 0.675 (0.100) [0.105] 0.398 (0.106) [0.106]

G = 10, n = 20

8 15 0.958 (0.069) [0.080] 0.285 (0.182) [0.200] 0.288 (0.218) [0.245] 0.605 (0.155) [0.185] 0.356 (0.154) [0.160]
8 50 0.983 (0.068) [0.070] 0.227 (0.160) [0.162] 0.357 (0.203) [0.207] 0.663 (0.119) [0.126] 0.384 (0.131) [0.131]
8 100 0.989 (0.067) [0.068] 0.218 (0.160) [0.161] 0.370 (0.199) [0.200] 0.676 (0.107) [0.111] 0.386 (0.126) [0.127]

G = 4, n = 50

8 15 0.957 (0.069) [0.081] 0.300 (0.193) [0.217] 0.271 (0.238) [0.270] 0.606 (0.150) [0.181] 0.345 (0.158) [0.167]
8 50 0.985 (0.068) [0.070] 0.231 (0.161) [0.164] 0.354 (0.209) [0.213] 0.666 (0.113) [0.120] 0.381 (0.130) [0.131]
8 100 0.990 (0.068) [0.068] 0.221 (0.164) [0.165] 0.368 (0.208) [0.210] 0.675 (0.107) [0.112] 0.386 (0.127) [0.127]

G = 1, n = 200

8 15 0.958 (0.071) [0.082] 0.302 (0.200) [0.224] 0.268 (0.252) [0.284] 0.606 (0.152) [0.182] 0.345 (0.163) [0.172]
8 50 0.985 (0.070) [0.071] 0.234 (0.171) [0.174] 0.352 (0.221) [0.226] 0.665 (0.116) [0.123] 0.380 (0.136) [0.137]
8 100 0.991 (0.069) [0.070] 0.220 (0.170) [0.171] 0.370 (0.217) [0.219] 0.674 (0.110) [0.114] 0.388 (0.130) [0.131]
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Table 12: Model Misspeci�cation (sample size: G=50, n=4)

T m � = 1 �1 = 0:2 �2 = 0:4 � =
p
0:5 � = 0:4

8 15 0:939 (0:065) 0:478 (0:116) - 0:617 (0:118) 0:236 (0:121)
15 15 0:941 (0:054) 0:493 (0:097) - 0:643 (0:074) 0:214 (0:080)

8 50 0:961 (0:066) 0:469 (0:111) - 0:662 (0:090) 0:228 (0:109)
15 50 0:962 (0:054) 0:459 (0:097) - 0:657 (0:068) 0:241 (0:075)

8 100 0:966 (0:064) 0:466 (0:114) - 0:665 (0:096) 0:229 (0:110)
15 100 0:967 (0:054) 0:444 (0:100) - 0:661 (0:068) 0:254 (0:079)

Table 13: Error Misspeci�cation (sample size: G=50, n=4)

T m � = 1 �1 = 0:2 �2 = 0:4 � =
p
0:5 � = 0:4

Random components

8 15 0:935 (0:066) 0:592 (0:090) 0:091 (0:122) 0:685 (0:085) -
15 15 0:919 (0:051) 0:639 (0:058) 0:075 (0:090) 0:652 (0:069) -

8 50 0:961 (0:067) 0:567 (0:091) 0:123 (0:120) 0:713 (0:081) -
15 50 0:939 (0:051) 0:626 (0:057) 0:101 (0:084) 0:655 (0:063) -

8 100 0:965 (0:068) 0:561 (0:090) 0:132 (0:118) 0:717 (0:079) -
15 100 0:943 (0:052) 0:623 (0:057) 0:105 (0:085) 0:654 (0:058) -

AR(1) correlated errors

8 15 0:932 (0:061) 0:103 (0:103) 0:434 (0:124) - 0:624 (0:055)
15 15 0:940 (0:051) 0:102 (0:081) 0:436 (0:095) - 0:612 (0:043)

8 50 0:945 (0:060) 0:072 (0:100) 0:462 (0:122) - 0:649 (0:050)
15 50 0:962 (0:052) 0:056 (0:078) 0:474 (0:096) - 0:649 (0:039)

8 100 0:948 (0:061) 0:065 (0:100) 0:468 (0:122) - 0:655 (0:049)
15 100 0:968 (0:051) 0:044 (0:076) 0:484 (0:096) - 0:658 (0:038)
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Table 14: Polya model with unobserved heterogeneity and serially correlated disturbances (sample size: G=50, n=4)
T m β = 1 λ1 = 0.2 λ2 = 0.4 σ =

√
0.5 ρ = 0.4

8 15 0.981 (0.071) [0.073] 0.218 (0.085) [0.087] 0.337 (0.249) [0.256] 0.647 (0.177) [0.187] 0.399 (0.102) [0.101]
15 15 0.977 (0.056) [0.060] 0.228 (0.050) [0.057] 0.301 (0.179) [0.204] 0.679 (0.088) [0.092] 0.366 (0.057) [0.066]
30 15 0.964 (0.036) [0.051] 0.255 (0.038) [0.067] 0.201 (0.134) [0.240] 0.676 (0.067) [0.074] 0.339 (0.033) [0.069]

8 50 0.995 (0.070) [0.070] 0.200 (0.083) [0.082] 0.394 (0.245) [0.245] 0.690 (0.134) [0.135] 0.399 (0.083) [0.083]
15 50 0.995 (0.055) [0.055] 0.204 (0.051) [0.051] 0.389 (0.181) [0.181] 0.697 (0.079) [0.080] 0.390 (0.054) [0.055]
30 50 0.988 (0.037) [0.038] 0.219 (0.040) [0.044] 0.329 (0.132) [0.149] 0.699 (0.062) [0.062] 0.381 (0.037) [0.041]

8 100 0.997 (0.068) [0.068] 0.198 (0.082) [0.082] 0.400 (0.246) [0.245] 0.691 (0.118) [0.119] 0.402 (0.083) [0.083]
15 100 0.997 (0.056) [0.056] 0.201 (0.052) [0.052] 0.398 (0.185) [0.185] 0.696 (0.081) [0.081] 0.393 (0.053) [0.054]
30 100 0.994 (0.037) [0.037] 0.211 (0.042) [0.043] 0.358 (0.133) [0.139] 0.703 (0.064) [0.064] 0.391 (0.036) [0.037]

Table 15: Model Misspecification (true model: Polya; estimated model: Markov; sample size: G=50, n=4)
T m β = 1 λ1 = 0.2 λ2 = 0.4 σ =

√
0.5 ρ = 0.4

8 15 0.978 (0.069) 0.429 (0.198) 0.289 (0.176) 0.710 (0.142) 0.250 (0.179)
15 15 0.968 (0.057) 0.515 (0.149) 0.304 (0.128) 0.733 (0.080) 0.196 (0.116)

8 50 1.004 (0.069) 0.408 (0.188) 0.321 (0.170) 0.767 (0.099) 0.242 (0.161)
15 50 0.993 (0.057) 0.436 (0.157) 0.369 (0.133) 0.751 (0.077) 0.252 (0.120)

8 100 1.009 (0.068) 0.392 (0.192) 0.334 (0.168) 0.770 (0.096) 0.253 (0.166)
15 100 0.998 (0.058) 0.416 (0.169) 0.382 (0.137) 0.754 (0.079) 0.267 (0.131)
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D Alternative Speci�cations for Empirical Models

In the main content of the application, we focus on disentangling the in�uence on

incumbents�current decisions from the entrants (captured by the entry rate di¤eren-

tial) and from the other incumbents of the same type (captured by the peer group

e¤ects). Here we also consider some interactions between them in the Polya model.

Let the dichotomous indicator ois be 1 if incumbent i is not entered on in calendar

period s, and 0 otherwise. Let Y ns be an n-dimensional vector with the ith element

being yis = yisois. We consider an alternative speci�cation of the Polya model (11)

as follows

y�iti(�) = �+ xi;ti(�)�1� +
�X
s=1

�s�11

�
�1yi;ti(��s) + �

0
1yi;ti(��s)

�
+

ti(�)X
s=1

�s�12 win
�
�2Yn;ti(�)�s + �

0
2Y n;ti(�)�s

�Pti(�)
s=1 �

s�1
2

+  ln � + ��i + "iti(�);

and

"iti(�) = �"i;ti(��1) + viti(�);

where �i; viti(�) are i.i.d.N(0; 1). The coe¢ cients �
0
1 and �

0
2 capture the in�uence of

own successful limit pricing and peers�successful limit pricing on M�s current choice

respectively.

Based on the GHK simulator generated with 100 random draws, the SMLEs of the

Polya model with samples from the experimental sessions with EHs and with ELs are

reported in Table 16 and Table 17 respectively. In those tables, we also include the

SMLEs of the original speci�cation from Table 5 and Table 6 for ease of comparison.

The SMLEs of �01 are positively signi�cant in games with EL, indicating that,

in the case where strategic play requires innovation, subjects are more con�dent in

their decision to play strategically when limit pricing generates higher payo¤s in the

previous rounds. However, the SMLEs of �01 are insigni�cant in games with EH , which

is consistent with the insigni�cant estimates of � in the original speci�cation. The

SMLEs of �02 are insigni�cant, which is consistent with the insigni�cant estimates of

! in the original speci�cation, indicating subjects tend to ignore previous entries on

their peers when making current decisions.
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Table 16: Alternative Specifications for the Polya Model (Experiments with High-Cost Type Entrants)
Original Specification Alternative Specification

w/ interactions w/ interactions
cumulative entry rate differential (β) 0.069 (0.139) 0.279 (0.218) 0.173 (0.182) 0.287 (0.317)
cumulative entry rate differential ×NX - −0.271 (0.264) - −0.144 (0.396)
weight on others’ experience (ω) 0.552 (6.227) 0.563 (3.865) 0.947 (5.152) 0.929 (5.027)
lagged choices (λ1) 0.510c (0.159) 0.579c (0.211) 0.452c (0.175) 0.543a (0.305)
lagged choices ×NX - 0.001 (0.154) - −0.052 (0.329)
successful limit pricing (λ01) - - 0.099 (0.107) 0.057 (0.350)
successful limit pricing ×NX - - - 0.098 (0.394)
depreciation factor (δ1) 0.594c (0.158) 0.528c (0.173) 0.580c (0.161) 0.498c (0.179)
peer group effects (λ2) 0.441a (0.250) −0.254 (0.526) 0.748b (0.364) −0.169 (0.872)
peer group effects ×NX - 1.082a (0.620) - 1.383 (1.045)
positive peer group effects (λ02) - - −0.501 (0.442) −0.118 (0.923)
positive peer group effects ×NX - - - −0.566 (1.188)
depreciation factor (δ2) 0.932c (0.338) 0.992c (0.210) 0.905c (0.283) 0.991c (0.192)
experience within a session (γ) 0.069 (0.113) −0.161 (0.229) 0.072 (0.114) −0.150 (0.238)
experience within a session ×NX - 0.259 (0.202) - 0.268 (0.205)
constant (α) −0.542c (0.165) −0.739c (0.170) −0.556c (0.165) −0.759c (0.174)
random effects (σ) 1.011c (0.124) 0.991c (0.125) 1.009c (0.126) 1.002c (0.130)
serial correlation (ρ) 0.102 (0.106) 0.051 (0.119) 0.099 (0.107) 0.041 (0.124)
Dummies:
w/ experience of the same game 0.555c (0.149) 1.234c (0.313) 0.567c (0.146) 1.251c (0.325)
meaningful context −0.093 (0.161) −0.104 (0.158) −0.097 (0.160) −0.106 (0.161)
Log Likelihood −1083.41 −1077.53 −1082.48 −1076.23
standard errors in parentheses
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Table 17: Alternative Specifications for the Polya Model (Experiments with Low-Cost Type Entrants)
Original Specification Alternative Specification

w/ interactions w/ interactions
cumulative entry rate differential (β) 0.563c (0.133) 0.878c (0.203) 0.368b (0.155) 0.824c (0.250)
cumulative entry rate differential ×NX - −0.528b (0.231) - −0.797b (0.320)
weight on others’ experience (ω) 0.098 (0.078) 0.120 (0.085) 0.811 (1.515) 0.804 (1.148)
lagged choices (λ1) 0.870c (0.134) 1.048c (0.146) 0.423c (0.153) 0.541c (0.187)
lagged choices ×NX - −0.325c (0.096) - −0.175 (0.164)
successful limit pricing (λ01) - - 0.680c (0.111) 0.785c (0.164)
successful limit pricing ×NX - - - −0.207 (0.210)
depreciation factor (δ1) 0.608c (0.083) 0.605c (0.076) 0.603c (0.085) 0.593c (0.078)
peer group effects (λ2) 1.094c (0.194) 0.837c (0.234) 0.992c (0.360) 1.238b (0.487)
peer group effects ×NX - 0.580 (0.391) - −0.623 (0.854)
positive peer group effects (λ02) - - 0.206 (0.418) −0.464 (0.568)
positive peer group effects ×NX - - - 1.649 (1.056)
depreciation factor (δ2) 0.742c (0.099) 0.769c (0.103) 0.746c (0.095) 0.793c (0.093)
% of MH choosing 3,4 (cumulative) 0.221 (0.176) −0.052 (0.199) 0.213 (0.177) −0.106 (0.206)
% of MH choosing 3,4 ×NX - 0.868b (0.366) - 0.947b (0.375)
experience within a session (γ) −0.053 (0.055) −0.120 (0.082) −0.046 (0.055) −0.122 (0.083)
experience within a session ×NX - 0.056 (0.097) - 0.066 (0.097)
constant (α) −1.754c (0.113) −1.886c (0.129) −1.733c (0.115) −1.851c (0.130)
random effects (σ) 0.821c (0.075) 0.785c (0.077) 0.830c (0.076) 0.792c (0.078)
serial correlation (ρ) 0.241c (0.088) 0.252c (0.087) 0.221b (0.094) 0.223b (0.092)
Dummies:
w/ experience of the same game 0.589c (0.094) 0.794c (0.144) 0.597c (0.095) 0.771c (0.147)
meaningful context −0.098 (0.094) −0.110 (0.092) −0.062 (0.095) −0.069 (0.093)
crossovers from EH to EL games 0.466c (0.117) 0.705c (0.165) 0.482c (0.118) 0.683c (0.167)
Log Likelihood −2068.10 −2055.90 −2047.53 −2034.57
standard errors in parentheses
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