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1GENERAL INFORMATION

PREFACE

It has been a while since the last issue ofNAKE Nieuwssaw the light of day. This does not

mean, however, that nothing has happened on the NAKE front. For one, there have been some

drastic changes in the division of tasks in the Board of Management. Gerard van der Laan

was succeeded by Joan Muysken as Chairman, Simon Kuipers is the new Secretary, and Theo

van de Klundert has taken over the portfolio of Treasurer from our new Chairman. The Board

of Managemant will have a tough job ahead of itself in the coming months. Recruitment for

the new NAKE Director will commence in the coming weeks, and potential candidates should

pay attention to the job ads in the national newspapers and read the electronicNAKE Bulletin.

NAKE Fellows who know of good candidates should make this known either to me

(b. j .hei jdra@eco.rug.nl) or to the new Chairman, Joan Muysken

(j.muysken@algec.unimaas.nl).

In addition to reshuffling its tasks, the Board of Management has also looked at the

issue of inactive NAKE Fellows. A NAKE Fellow is expected to contribute actively to the

NAKE activities, e.g. teach a Utrecht course, write reports on NAKE Day thesis proposals,

etcetera. As a result of a stock-taking exercise which was conducted during the second half

of 1998, there have been some changes in the list of NAKE Fellows. Some formerly active

fellows had over the years drifted away from the core fields covered by NAKE and felt that

they could no longer contribute to it. The up-to-date list of (by definition) active NAKE

Fellows can be found on the NAKE homepage.

In this issue ofNAKE Nieuwsyou find (the remaining) two reports on the lectures of

the June 1998 workshop which was held in Wageningen.Gijsbert van Lomwel (KUB) has

written a very good and concise report on the econometrics lectures by Tony Lancaster on

“Panel data analyses.” Gijsbert has a lot of NAKE brownie points anyway, because in

addition to writing the winning Lancaster-interpretation he andCharles Bos(EUR) also were

excellent local organizers for the December 1998 workshop in beautiful Rotterdam. Wicked

voices would argue that there is a quid pro quo here but that is absolute false: the best

econometrics report was not even selected by me!

The second report is byThijs Knaap (RUG) who writes very lucidly on the

Wageningen lectures by Michael Woodford on “Analysis of monetary policy rules.” Thijs is

a “repeat offender” in the sense that his report on Ricardo Caballero (June 1996) was also

deemed to be the best in its class (seeNAKE Nieuws, August 1997,9(2), 6-13). So either

Thijs has bribed me (no!) or he is just a fine young macroeconomist (yes!).
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COURSE QUESTIONNAIRE 1999-2000 UTRECHT PROGRAMME

In the middle section of thisNAKE Nieuwsyou find a removable course questionnaire plus

a listing of all currently existing courses that are offered by the NAKE Fellows. The outlines

of (almost all) these courses can be found on the NAKE homepage. Also on the questionnaire

you find a listing of proposed courses (bearing a course number preceeded by an “E” for

extra). For some of these courses not much more than the teacher and course title are

available at this stage.

Between 16 and 24 courses can be scheduled for inclusion in the Utrecht teaching

programme for 1999-2000. I can only design a well-balanced and attractive programme if the

potential clientele reveals its (collective) preferences. For this reason I would like to ask all

(potential) course participants to fill out the questionnaire and return it to the NAKE

secretariatbefore May 1, 1999. Even if you are not sure that you will actually enrol when

time comes around, please let us know what you want.

Of course, suggestions for new (i.e. non-existing and currently unplanned) courses are

also welcome. We will try to find an appropriate NAKE Fellow to develop and teach the

course of your liking. The provisional teaching programme for the academic year 1999-2000

will be announced some time in June 1999 on the NAKE Home Page.

Ben Heijdra



Tony Lancaster

Panel Data Analyses

report by Gijsbert van Lomwel �

November 19, 1998

1 Introduction

The analysis of panel data has become widespread in econometrics. Panel
data in general are data sets in which there are multiple observations on the
same agents. For instance, one could think of observing multiple unemploy-
ment spells of the same unemployed individual. The standard methods to
analyze these data can be summarized by three characteristics.

1. Emphasis in existing literature (eg. Hsiao (1985)) on simple estima-
tion, like Least Squares;

2. Frequentist inference;

3. Random e�ects.

The aim of these lectures by Tony Lancaster is to show how new methods
can give more insight into panel data models. These new methods can be
characterized, as opposed to the existing methods above, by

1. Computer Intensive, leading to exact1 inference;

2. Bayesian inference;

3. Fixed e�ects.

There are several types of panel data models. What follows �rst is an
overview of some of these models. Then the conventional, maximum likeli-
hood based, methods and the new methods as proposed by Tony Lancaster
will be discussed. These new methods are demonstrated by an application

�Department of Economics, Tilburg University, P.O.box 90153, 5000 LE Tilburg and

CentER
1Exact from a Bayesian point of view, i.e. the exact posterior distribution of the

parameters
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to optimal job search models. This is where the lectures actually ended.
This report will end by giving a brief overview (based on the reader) of
the last two topics, the incidental parameters problem and its solution, or-
thogonal parameters. Incidental parameters are also known as nuisance
parameters. They arise in panel data models as parameters covering indi-
vidual speci�c, time-invariant e�ects. As opposed to structural parameters,
incidental parameters only appear in the probability law of a �nite number
of random variables, while structural parameters appear in the law of every
random variable. As we will see below, incidental parameters can cause max-
imum likelihood estimates of the structural parameters to be inconsistent.
One way of solving this is the orthogonal parameter approach. This trick
boils down to diagonalizing the information matrix, by �nding a suitable
reparametrization of the incidental parameters.

2 panel data models

In all models below, N denotes the number of agents and T denotes the
number of observations on each agent.

2.1 Linear Panel

yit = vi + �xit + �it (1)

�it � i:i:d: N(0; �2) (2)

This is the easiest model. In this model, � can be estimated consistently
by �rst di�erencing the model, thereby loosing the so called �xed e�ects vi.
However, the maximum likelihood estimator for �2 is inconsistent, but this
can be easily adjusted for (refer the example by Neyman & Scott (1948),
the �rst occurrence of �xed e�ects).

2.2 Dynamic Linear Model

yit = vi + �yit�1 + �xit + �it (3)

�it � i:i:d: N(0; �2) (4)

This model arises for instance in cross-country growth models, addressing
the question of growth rate convergence. The �xed e�ect vi can then be
interpreted as the country speci�c time invariant factors a�ecting the level
of GDP. In this model there is persistence through vi and partially through
yit�1. The problem is that maximum likelihood estimates for both � and �2

are inconsistent, because the persistent error terms are correlated with the
lagged dependent variable through vi. First di�erencing does not help in
this case. The standard method to solve these inconsistencies is to take an
instrumental variable approach. We will return to another method to solve
this problem, the orthogonal parameter approach.
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2.3 Panel Count Data

yit � Poisson(vie
�xit) (5)

One could think for example as y being annual patent �lings for �rm i
(Hausman, Hall & Griliches (1984)). This model looks easy, but is not.
It su�ers from the incidental parameters problem, leading to inconsistent
estimates. Again a way to solve this is the orthogonal parameter approach.

2.4 Panel Probit Logit

yit � Bernoulli(F (vi + �xit)) (6)

with F some known distribution function. This is equivalent to Pr(yit =
1jvi; �; xi1 � � � xiT ) = F (vi + �xit). For F equal to the normal distribution
function, we get the probit model, and when F is logistic we get the logit
model. This model is a fundamental one, because a lot of models can be
reduced to this one.

If the vi are treated as random e�ects, one can get consistent estimates
of � by integrating vi out. However, if the vi are treated as �xed e�ects,
maximum likelihood in general gives inconsistent estimates. If F is logistic,
there is a solution. In this case there is a su�cient statistic for vi when � is
known, Si =

PT
t=1 yit. Then the likelihood of the data yi1 � � � yiT conditional

on Si does not depend on vi. Other distributions F are not known to have
a su�cient statistic for vi and this problem is still unsolved.

2.5 Dynamic Panel Probit Logit

A dynamic version of the model in the previous subsection is

yitjyit�1 � Bernoulli(F (vi + �xit + 
yit�1)) (7)

with F some known distribution function. This model is still unsolved.

2.6 Panel Duration data

Let
yit � Exponential(vie

�xit) (8)

so that yit has hazard vie
�xit . For panel duration models of this, proportional

hazards, type, consistent estimates are available under some mild regularity
conditions.
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2.7 Dynamic Panel Duration data

One could imagine that having experienced a spell of unemployment might
have a negative e�ect on the chance of leaving a second spell of unemploy-
ment. This scarring e�ect is captured by the parameter 
 in the following
dynamic panel duration model.

yitjyit�1 � Exponential(viy


it�1e

�xit) (9)

For this model maximum likelihood gives inconsistent estimates.

2.8 Multiple Discrete State Process

Multiple discrete state processes are an extension of the probit / logit model.
In this case the outcome of one process a�ects the outcome of another pro-
cess. One might think of the amount of tissues you buy depending on the
amount you bought last period, but also on whether or not you had a baby
in the previous period;

y1itjy1it�1; y2it�1 � Bernoulli(F (vi + �xit + 
y1it�1 + �y2it�1)) (10)

As one can imagine, this complicates the analysis even further, compared to
the standard probit or logit model.

3 Methods of Analysis

One can take di�erent approaches to attack the consistency / incidental
parameters problems, described above. In this lecture these methods are
reviewed. Three approaches will be distinguished:

1. Likelihood methods

2. Bayesian methods

3. Sampling Bayes and Data Augmentation

3.1 Likelihood methods

Let L(�); � 2 � denote the log-likelihood. The data having occurred, we
can think of the likelihood as the probability of the data conditional on
unknowns called parameters. We take the logarithm of this function for
mathematical convenience. The derivatives of this log-likelihood function to
� play a key role in the analysis of the maximum likelihood estimator. The
score is de�ned as the �rst derivative to � , @L

@�
. This score has the following

fundamental property:

E�=�0

h@L
@�

i
= 0 (11)
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Suppose you have a data generating process, described by a parameter �.
The property above means that when you have di�erent realizations of this
process with � = �0, i.e. di�erent data sets, and for each data set you draw
the log-likelihood, then on average the slope of the log-likelihood function
evaluated at the true parameter �0 equals 0. The negative Hessian is de�ned
as

�@2L

@�2
(12)

Related to this is the Information, de�ned as

�E
�
@2L

@�2

�
= I(�) = E

�
@L

@�

�2
: (13)

The maximum likelihood estimator of �, �̂, is the solution of the likeli-
hood equations, the �rst order condition that the score equals 0;

@L

@�̂
� 0: (14)

This estimator has the following properties

p
n(�̂ � �0) � N(0; I(�0)

�1); n!1: (15)

This means that the quantity
p
n(�̂ � �0) has a limit in distribution that

is a normally distributed random variable. This is the distribution after
repeatedly taking an in�nite sample from the data generating process with
parameter �0. Because the mean of this distribution equals 0, the estimator
is consistent. It can also be proven that this estimator is asymptotic e�cient
(see for example Davidson & MacKinnon (1993)).

As an example of how maximum likelihood works, consider a random
sample drawn from an Exponential(vexi�) distribution. For instance, this
sample could be observations on durations t. Then the contribution to the
likelihood of observation i equals

li = vexi�e�ve
xi�ti : (16)

Taking logs gives the log-likelihood contribution of observation i,

Li = log v + xi� � vexi�ti: (17)

We also have
@Li

@v
=

1

v
� exi�ti: (18)

Combined with the fact that the expectation of ti equals
1

vexi�
, we get the

general property stated above that in repeated sampling of t with xi; � and
v �xed, you get on average @Li

@v
= 0, or

E
h@Li

@v

i
= 0: (19)
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To get the maximum likelihood estimate for v, we construct the likelihood
equations and solve for v.

@L

@v
=

n

v
�
X
i

exi�ti = 0; (20)

v̂ =
nP
exi�ti

: (21)

We can now lower the dimension of our maximization problem by one, by
substituting the above maximum likelihood estimate of v (which is a function
of �) into the log-likelihood function2. Solving the likelihood equations,
which now only depend on �, gives the maximum likelihood estimate for �.

3.2 Bayesian methods

We now consider the same example from a Bayesian perspective. Again
we have n independent observations on n individuals with covariates xi
and parameter pair (v; �). Because these observations are drawn from an
Exponential(vexi�) distribution, the likelihood of this data set is

l = vne
P

i
xi�e�v

P
i
exi�ti : (22)

Central in doing Bayesian inference is Bayes' rule:

P (�jdata) = P (dataj�) � P (�)=P (data) (23)

in which � denotes the vector of parameters to be estimated. In Bayesian
jargon, P (�jdata) is called the posterior, P (�) the prior and P (dataj�) the
classically familiar likelihood. P (data) does not depend on the parame-
ters and just serves as a scaling factor to let the posterior integrate to 1.
The posterior is a mixture of the prior believes about the parameters and
the "current information", ie. the data. In this way one can continuously
accumulate information about the parameters, because the posterior can
serve as the prior as soon as new information becomes available. Note that
the speci�cation of the prior believes about the parameters is a subjective
matter, which should be done without taking notice of the data. Objective
Bayesians propose to take uninformative priors, stating that the parame-
ters could be anywhere in the parameter space, but this has not ended the
discussion between Bayesians and frequentists.

Let's proceed by taking the following prior, denoted by �(v; �) / 1
v
.

Then the posterior equals

P (v; �jdata) / vn�1e
P

i
xi�e�v

P
i
exi�ti : (24)

2This procedure is called concentrating the likelihood, or pro�ling the likelihood in

statistics
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If we are interested in the parameter �, we can integrate out v from the
above expression:

P (�jdata) / e
P

i
xi�
Z
vn�1e�v�dv; � =

X
i

exi�ti: (25)

In the 1-dimensional case (just 1 �), you can graph P (�jdata). However,
what to do in case of a higher dimensional posterior? In case of 15 �'s it is
at least hard to integrate all other 14 �'s out in order to graph the posterior
distribution of the one � you are interested in. This is where computer
intensive methods like sampling and data augmentation come into play.

3.3 Sampling Bayes and Data Augmentation

Suppose you have a posterior p(�1; �2jdata), �1; �2 both parameter vectors,
and you are interested in �1. In this case, you can proceed by integrating
out �2;

p(�1jdata) =
Z
p(�1; �2jdata)d�2: (26)

Now suppose you cannot integrate, for instance because �2 is of very high di-
mension. The solution then is to sample from the distribution p(�1; �2jdata),
using the Gibbs sampler. To do this, �rst construct the so called component

conditionals. In the example above these are:

p(�1j�2; data)
p(�2j�1; data)

Using these component conditionals, we can construct a Gibbs sequence of
random variables

�02; �
0
1; �

1
2; �

1
1; : : : ; �

k
2 ; �

k
1 : (27)

The initial value �02 is chosen, and the rest of the sequence is obtained
iteratively by alternatively sampling from

�j1 � p(�1j�j2; data)
�j+12 � p(�2j�j1; data):

Under certain regularity conditions, the sequence �j1; �
j
2 converges to a sta-

tionary distribution, which turns out to be the joint distribution p(�1; �2jdata).
Therefore, for k large enough, each �k1 is an observation (correlated with
�k�11 ) of the marginal distribution. One way to obtain a sample from
the marginal distribution is to generate m independent Gibbs sequences
of length k and using the �nal observation of each sequence.

Consider for example the bivariate normal distribution with parameters
�1; �2; �1; �2 and �. The analytical expression for this distribution is quite
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di�cult. The component conditionals are univariate normal

p(y1jy2; data) � N

�
�1 +

��1�2
�22

(y2 � �2); �
2
1(1� �2)

�

p(y2jy1; data) � N

�
�2 +

��1�2
�21

(y1 � �1); �
2
2(1� �2)

�
:

These distributions can be easily sampled from in order to construct Gibbs
sequences. It is very illustrative to plot this sequence. In the 2-dimensional
case the 99% region of a uni- modal distribution is an ellipse. The chain
passes through this ellipse, exploring the region where the probability is non-
negligible. Suppose now we have sampledm independent observations yk1 ; y

k
2

by the way described above. These observations can be used to estimate
the marginal densities. The common sense thing to do would be to take a
histogram kernel smoother approach. However, this is not the most e�cient
thing to do. Most e�cient is to use the quantities p(y1jy2) because these
carry more information about p(y1) than the yk1 's alone. By de�nition we
have that

p(y1) =

Z
p(y1; y2)dy2 =

Z
p(y1jy2)p(y2)dy2: (28)

This is an average of p(y1jy2) at any point y1. We know the quantities
p(y1jy2) by de�nition of Gibbs sampling. This leads to the estimator

p̂(y1) =
1

m

mX
i=1

p(y1jyi2) (29)

i.e. substitute all the �nal observations of the m sequences yj2 you have sam-
pled in the known component conditional and average over all m sequences.
This method is called the Rao-Blackwell method.

In a way, Gibbs sampling boils down to conditionals determining the
marginals. As Casella & George (1992) show, the Gibbs sequence of one
of the random variables can be seen as a Markov chain, with the transi-
tion probabilities determined by the component conditionals. Like above
consider the bivariate case Y1; Y2, with marginal probabilities pY1(y1) and
pY2(y2). Using the laws of conditional probability you get for pY1(y1) (and
analogously for pY2(y2))

pY1(y1) =

Z
h(y1; t)pY1(t)dt; (30)

where h(y1; t) is a function of the component conditionals. The above equa-
tion de�nes a fixed point integral equation, for which pY1(y1) is the unique
solution. Gibbs sampling works because the iteration scheme in the limit
equals the above equation, i.e. as k !1

pY k
1
jY 0

1

(y1jy01)! pY1(y1)

p
Y k
1
jY k�1

1

(y1jt)! h(y1jt):
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Now consider a simple probit model

y 2 f0; 1g; P (yi = 1j�; �; xi) = �(�+ �xi); (31)

where �(_) denotes the cdf. of the standard normal distribution. The likeli-
hood of a sample of n observations equals

l(�; �) =
nY
i=1

�(�+ �xi)
yi � �(�+ �xi)

1�yi : (32)

Taking an uninformative prior, �(�; �) / 1, implies that the posterior is
proportional to the likelihood. This posterior is a mess, as are to component
conditionals, so Gibbs sampling is a bad idea. However, consider the latent
regression belonging to the above probit model,

y�i = �+ �xi + �i; �i � i:i:d: N(0; 1): (33)

In the model yi = 1 i� y�i > 0. Suppose now we sampled from p(�; �; y�1 ; : : : ; y
�
njdata).

We don't have to know the analytical expression for this posterior, because
the component conditionals follow in an intuitive way.

1. p(�; �jy�1 ; : : : ; y�n; xi; data) = p(�; �jy�1 ; : : : ; y�n; xi) because the data are
redundant when y�1; : : : ; y

�
n are known. Given the latent regression and

the uninformative prior, this conditional is equal to

p(�; �jy�1 ; : : : ; y�n; xi) =
1p
2�

n e
� 1

2

P
i
(y�i����xi)

2

:

Note that � and � enter quadratically in this expression, ie. they
have a multivariate normal distribution. The posterior means of �
and � equal their Least Squares estimate, while the posterior variance
equals the Least Squares covariance (X 0X)�1. To sample from this
multivariate normal distribution, univariate normal distributions can
be used, applying the Choleski decomposition of the covariance matrix.

2. p(y�1 ; : : : ; y
�
nj�; �; data). These y�i 's are independent. Now consider

p(y�1 j�; �; data). This is a left (y1 = 1) or right (y1 = 0) truncated nor-
mal distribution with appropriate mean �+� xi and variance equal to
1. So to sample from the component conditional p(y�1; : : : ; y

�
nj�; �; data)

you can sample n times from the appropriate truncated normal distri-
butions.

The above described technique is called Data Augmentation. This works
because the Gibbs procedure also works when you take the component con-
ditionals block-wise. In other words, the �xed point integral equation also
holds if you consider a pair (Y;Z) as one random variable.
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4 An Application

The above described technique of sampling of posterior distributions by data
augmentation and Gibbs is particularly convenient in models with a simple
latent structure (that is to say you wish you would have observed more).
The probit model in the example above is a good example of this. Another is
the classical optimal job search model. In this model, job o�ers are assumed
to arrive following a Poisson process. Each job o�er is a random draw from
a conveniently chosen and parameterized job o�er distribution. It will be
shown that using the simple latent structure, inference is relatively simple
(Lancaster (1997a)).

An agent in this model is supposed to maximize the expected present
value of future income streams over an in�nite horizon. The optimal policy
can be expressed by a reservation wage �, which satis�es the optimality
condition

� = b+
�

�

Z 1

�

�F (w) dw; (34)

where b is the bene�ts level, � is the job o�er arrival rate, � the discount
rate and �F = 1 � F , F being the cumulative wage o�er distribution. The
wage o�er distribution is assumed to be log-normal with parameters � and
�. This equation has a unique solution. If the wage o�ered is higher than �,
the job is accepted and the agent will have this job in�nitely long, otherwise
the agent rejects and waits for the next o�er (sequential search).

In econometric practice, what is observed are n pairs (w; t) of the du-
ration of search t and the accepted wage w. Let � refer to the parameters
�; �; � and �. Because t has an exponential (� �F (�)) distribution, and wjt a
truncated log-normal distribution, it easily follows that the likelihood for a
sample of n observations (wi; ti) equals

l(w; tj�) = �ne��
�F (�)

P
i
ti
Y
i

f(wi); b < � < min
i

wi: (35)

This is a very di�cult expression, not only because �(�) now enters the
kernel of the likelihood. This will not be solved by taking appropriate priors.
Assume that we take the prior �(�) / 1. Then the above likelihood equals
the posterior distribution of �. Data augmentation enables us to sample
from this distribution. What we will do is point out this procedure when �
is treated as a parameter, i.e. there is a reservation wage �, but this is not
necessarily formed by the optimality condition stated above.

We augment the data by the unobserved variables s and u1; : : : ; us. The
variable s denotes the number of rejected o�ers, and u1; : : : ; us denote the
values of these o�ers. We now want to sample from p(�; �; s; ujw; t). Consider
the (block-wise) component conditionals.

1. p(�; �js; u; w; t). It follows that under full observability (i.e. we observe
all wage o�ers, accepted or not), the likelihood function may be taken

10



as

l(s; u; w; tj�; �) = �n+Se��T
n+SY
i=1

f(vi);

u = max
i
fb;max

j
ujig < � < min

i
wi = w; (36)

where S equals
Pn

i=1 si, T equals
Pn

i=1 ti and vi is the i'th observed
o�er, rejected or not. This likelihood can be easily derived using stan-
dard probability theory. For instance, the probability p(ujs; w; t) is
the o�er distribution truncated on the right at � and the distribution
of sjw; t is a poisson distribution. Now, if � and � are stochastically
independent a priori, then they also are a posteriori. This means that
sampling from p(�; �js; u; w; t) is easy. The posterior of � is equal to
the prior distribution restricted to the interval (u;w). The posterior
of � can also be derived straightforwardly.

2. p(s; uj�; �; w; t). As noted above, ujs; w; t is the o�er distribution trun-
cated on the right at � and sjw; t is a poisson distribution. Therefore
this posterior is a product over n agents of a poisson distribution for
si and si draws from the o�er distribution truncated on the right at
�. Therefore, sampling is easy: �rst sample s and then sample from
this truncated o�er distribution.

In case the optimality condition is enforced, � disappears as a parameter
and � is identi�ed. The output of the Gibbs sampler described above can now
be used to sample from the posterior in this case, p(�js; u; w; t). However,
the point we want to make here is that the latent structure of the job-search
model causes data augmentation to be very applicable. Considering the
number of rejected o�ers and their values produces common distributions in
an intuitive way.

A striking outcome of the Bayesian analysis of the job-search model using
Gibbs sampling and data augmentation is that the parameters a posteriori
appear to be far from being normally distributed, as is assumed in the
classical maximum likelihood context.

5 Incidental Parameters

The last part of this lecture was meant to be on the incidental parameters
problem and the orthogonal parameters approach to this problem. In panel
data models with common parameters (say K) to all agents and individual
speci�c �xed e�ects (say N), direct application of maximum likelihood to
all N + K parameters can lead to inconsistent estimates of the common
parameters as the number of individual speci�c parameters goes to in�nity.
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In case the �xed e�ects fi are likelihood orthogonal to the common
parameters �, possibly after reparametrization of the �xed e�ects, the in-
cidental parameter problem disappears, because separate inference can be
made on �. In this case

@2 log l

@fi@�
= 0: (37)

In many cases, likelihood orthogonality cannot be achieved. In these cases
the frequentist approach is to try to �nd a reparametrization of fi, f

�
i such

that

E

�
@2 log l

@f�i @�

�
= 0: (38)

In this case, f�i and � are parameter or informational orthogonal. This is
weaker than the �rst condition, the second achieves on average what the �rst
does identically. The second condition is equivalent to block-diagonality of
the information matrix. There are two intuitive reasons why information or-
thogonality works. First, block diagonality of the information matrix means
that asymptotically fi and � are independently distributed, so that separate
inference can be done. Secondly, if fi and � are information orthogonal, it
can be showed that maximum likelihood estimates of � hardly depend on
fi.

The Bayesian approach to incidental parameters would be to integrate
them out with respect to an uninformative prior. However, this is no guar-
antee for consistent estimates. The uniform prior needs to be carefully cho-
sen. The frequentist orthogonal parameters approach can help. It turns out
(Lancaster (1997b)) that integrating out orthogonalized �xed e�ects with re-
spect to an uninformative prior solves the incidental parameters problem in
a number of econometric models, eg. the dynamic linear panel data model.
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Dqdo|vlv ri Prqhwdu| Srolf| Uxohv
Wkh QDNH ohfwxuhv ri Plfkdho Zrrgirug

Uhsruw e| Wklmv Nqdds

Mxqh/ 4<<;

4 Lqwurgxfwlrq

Wkh ohfwxuhv wkdw surihvvruZrrgirug wdxjkw dw wkh uhfhqw Zdjhqlqjhq yhuvlrq ri
wkh qdnh zrunvkrs zhuh/ lq hvvhqfh/ derxw prqhwdu| srolf| uxohv1 Exw udwkhu
wkdq wdnlqj d sduwldo dssurdfk/ wkh| lqyroyhg wkh frqvwuxfwlrq ri d frpsohwh
pdfur prgho dqg vxephujhg wkh furzg ri olvwhqhuv lq wkh uljrurxv Urwhpehuj�
Zrrgirug phwkrgrorj| +dv dovr ihdwxuhg lq Urwhpehuj dqg Zrrgirug/ 4<<5/ iru
h{dpsoh,1

Prqhwdu| srolf| uxohv ghvfuleh wkh ehkdylru ri d fhqwudo edqn*v prqhwdu|
srolf|/ hlwkhu h{ dqwh dv d srolf| dqqrxqfhphqw ru h{ srvw dv d udwlrqdol}dwlrq
ri wkh edqn*v dfwlrqv e| hfrqrplvwv1 Wkh fxuuhqw lqwhuhvw lq srolf| uxohv lv
iurp wkh vlgh ri fhqwudo edqnhuv dv zhoo dv dfdghpld1 Wkh fhqwudo edqn qhhgv
dq h{solflw frqfhswxdo iudphzrun ehfdxvh ri lqfuhdvhg dxwrqrp|/ dqg ehfdxvh
pdq| ri wkh rog jxlghsrvwv/ vxfk dv prqhwdu| wdujhwv dqg h{fkdqjh udwh jrdov/
kdyh ehfrph revrohwh1 Dovr/ suhfrpplwphqw wr d uxoh pd| eh d ehwwhu zd|
wr lpsohphqw d srolf| wkdq kdskd}dugo| �{lqj wkh udwh ehfdxvh ri wkh zd| lq
zklfk frqvxphu h{shfwdwlrqv duh d�hfwhg1

Lq dfdghplfv/ wkh frppxqlv rslqlr qrz lv wkdw prqh| pdwwhuv/ qrw vr pxfk
dv wkh lqvwljdwru ri vkrfnv/ exw pruh lq whupv ri wkh sursxovlrq ri h{rjhqrxv
vkrfnv wr wkh hfrqrp|1 Ghyhorsphqwv lq prghoolqj qrz doorz iru d plfur0
irxqghg dqdo|vlv ri wklv sursxovlrq wkdw zdv qrw srvvleoh lq wkh sdvw1 Wkrvh
dqdo|vhv riwhq fdoo iru wkh irupxodwlrq ri frqvxphuv* h{shfwdwlrqv derxw prqh0
wdu| srolf|/ zklfk duh gl!fxow wr irupxodwh zlwkrxw d uxoh1

D zhoo0nqrzq h{dpsoh ri d prqhwdu| srolf| uxoh lv e| Wd|oru +4<<6,/ zkr
jlyhv wkh ghvluhg lqwhuhvw udwh dv d ixqfwlrq ri wkh vwhdg|0vwdwh lqwhuhvw dqg
lq dwlrq udwh +u� dqg ��,/ wuhqg rxwsxw |� dqg wkh dfwxdo uhdol}dwlrqv ri wkhvh
yduldeohv=

u
w
@ u� . �� . !

�
+�

w
� ��, . !

|
+|

w
� |�

w
, 1 +4,

Lq wkh Xqlwhg Vwdwhv/ d uxoh olnh wklv lv wkrxjkw dssolfdeoh wr wkh |hduv ri Yrofnhu
dqg Juhhqvsdq/ 4<:< wloo qrz1 Qrwlfh wkdw wkh yduldeoh wkdw lv cgrfwruhg* lv wkh
lqwhuhvw udwh/ lqvwhdg ri wkh xvxdoo| dvvxphg djjuhjdwh prqh| vxsso|1 Wklv lv
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wkrxjkw pruh lq olqh zlwk wkh dfwxdo sudfwlfh ri prqhwdu| srolf|> dovr/ srolf|
dlphg dw u grhv qrw ghshqg rq d vwdeoh ghpdqg iru prqh|1

Lw zrxog eh rxwvlgh wkh vfrsh ri wklv uhsruw wr ixoo| uhsolfdwh surihvvru Zrrg0
irug*v ohfwxuhv1 E| ohdylqj rxw wkh qrq0hvvhqwldo sduwv/ zh zloo wu| wr uhsolfdwh
wkh jlvw ri wkh vwru|/ uhihuulqj wkh lqwhuhvwhg uhdghu wr Urwhpehuj dqg Zrrgirug
+4<<:/ 4<<;, iru wkh ghwdlov1 Lq wkh qh{w vhfwlrq/ zh orrn dw wkh plfur0irxqghg
pdfur prgho wkdw vhuyhv dv wkh zrunkruvh iru rxu dqdo|vlv1 Vhfwlrq 6 vkrzv
krz wklv prgho qdwxudoo| vsdzqv d fulwhulrq e| zklfk wr mxgjh wkh rxwfrph ri d
srolf|0uxoh1 Wkh ihdvlelolw| ri gl�huhqw uxohv lv glvfxvvhg lq vhfwlrq 7/ dqg lq vhf0
wlrq 8 zh orrn dw vhyhudo frxqwhuidfwxdov uxq ryhu wkh shulrg 4<:<�<81 Vhfwlrq
9 frqfoxghv1

5 D pdfur prgho

Wkh dlp ri wklv vhfwlrq lv wr vkrz wkh frqvwuxfwlrq ri d vlpsoh pdfur prgho/
zklfk h{klelwv wkh lqwhusod| ehwzhhq lq dwlrq/ djjuhjdwh surgxfwlrq/ dqg wkh
lqwhuhvw udwh1 Wkh hfrqrp| lv wdnhq wr eh d frqwlqxxp ri krxvhkrogv/ lqgh{hg
rq ^3> 4`1 Hdfk krxvhkrog ixqfwlrqv olnh d |hrpdq iduphu/ surgxflqj rqh jrrg
dqg wudglqj lw zlwk rwkhu krxvhkrogv1 Prqh| lv lqwurgxfhg lq wkh prgho lq wkh
Vlgudxvnl0zd|/ e| pdnlqj krxvhkrogv olnh lw shu vh1 Wkh xwlolw| ri djhqw m lv
jlyhq e|

Xm

w
@ H3

+
4[
w@3

�w

%
x
�
fm
w

�
� y

�
|m
w

�
.z

#
pm

w

S
w

$&,
+5,

zkhuh |m
w
lv djhqw m*v surgxfwlrq dqg fm

w
lv d FHV djjuhjdwh ri wkh gl�huhqw

surgxfwv frqvxphg e| wkh djhqw=

fm
w
@

�]
4

3

fm
w
+},

��4

� g}
� �

��4

zkhuh � A 41 +6,

Lw iroorzv wkdw wkh pdunhw iru jrrgv lv prqrsrolvwlfdoo| frpshwlwlyh1 Wkh ixqf0
wlrqv x dqg z duh lqfuhdvlqj dqg frqyh{/ dqg y lv lqfuhdvlqj dqg frqfdyh1 Iurp
wkh xwlolw| ixqfwlrq zh vhh wkdw zrunlqj fdxvhv glvsohdvxuh dqg wkh srvvhvvlrq
ri prqh| lv ydoxhg srvlwlyho|1 Wkh sulfh lqgh{ S

w
frpelqhv wkh sulfhv ri jrrgv/

S m

w
/ lq olqh zlwk wkh frqvxpswlrq lqgh{ lq irupxod +6,1
Lw lv dvvxphg wkdw djhqwv kdyh dw wkhlu glvsrvdo wkh xvh ri ulvn0iuhh erqgv wkdw

sd| uhdo lqwhuhvw u
w
1 Wkh Ilvkhu sdulw| frqglwlrq lpsolhv wkdw qrplqdo lqwhuhvw

l
w
vdwlv�hv

4 . l
w
@ +4 . u,

S
w.4

S
w

1 +7,

Wkxv/ djhqwv fdq vkliw zhdowk wkurxjk wlph lq wkh irup ri erwk prqh| +pm

w
, dqg

erqgv +em
w
,1 Wkh exgjhw frqglwlrq wkdw jrhv zlwk wkh sureohp lv

em
w.4

.
pm

w

S
w

@ +4 . u, em
w
.

pm

w�4

S
w

. |m
w
� fm

w
/ +8,
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nhhslqj lq plqg wkdw dw wlph w/ wkh ghflvlrq lv pdgh krz pxfk prqh| wr krog
qrz dqg krz pdq| erqgv wr nhhs xqwlo wkh qh{w shulrg1

Ehfdxvh wkh djhqwv duh erwk surgxfhuv dqg frqvxphuv/ pd{lpl}lqj wkhlu
xwlolw| jlyhv wkh htxloleulxp ri wkh hqwluh hfrqrp|1 Wkh sureohp lv vroyhg e|
dqdo|}lqj wkuhh vxe0sureohpv=

41 jlyhq wrwdo h{shqglwxuh/ doorfdwh dfurvv wkh gl�huhqw jrrgv1

51 jlyhq wkh uhyhqxhv iurp vxsso|lqj wkh jrrgv/ �qg dq lqwhuwhpsrudo sodq
iru ifm

w
j dqg ipm

w
j1

61 �qg wkh rswlpdo sulflqj +ru vxsso|0, ghflvlrq hdfk shulrg1

Sureohp 4 lv wkh vwdqgdug prqrsrolvwlf frpshwlwlrq sureohp/ dqg uhqghuv

fm
w
+}, @ fm

w

�
S
w
+},

S
w

�
��

+9,

Sureohp 5 lv vroyhg e| vxevwlwxwlqj +8, lq +5, dqg gl�huhqwldwlqj zlwk uh0
vshfw wr pm

w
dqg em

w
1 Wklv jlyhv wzr h!flhqf| frqglwlrqv1 Iluvw/ wkh xvxdo Hxohu

vprrwklqj htxdwlrq

x3
�
fw
m

�
@ � +4 . u

w
,H

w

k
x3

�
fm
w.4

�l
+:,

krogv1 Vhfrqgo|/ ghihuulqj frqvxpswlrq rqh shulrg dqg xvlqj wkh iuhhg0xs prqh|
wr lqyhvw lq erqgv vkrxog eh xwlolw|0qhxwudo/ vr wkdw4

z3+Pm

w
@S

w
,

x3+fm
w
,

@ 4� 4

4 . l
w

@
l
w

4 . l
w

1 +;,

514 Iulfwlrqohvv htxloleulxp

Wr vroyh sureohp 6/ zh qhhg wr dvvxph d w|sh ri sulfh0vhwwlqj ehkdylru1 Dvvxph
�uvw wkdw sulfhv duh shuihfwo|  h{leoh1 Djhqwv vroyh wkh sureohp

pd{
S

m

w

�m
w

3
CS m

w
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w
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S m

w

S
w
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4
D� y
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C|

w
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w

S
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D

zkhuh �m
w
lv wkh pdujlqdo xwlolw| ri dgglwlrqdo prqh| uhyhqxh5 dw wlph w/ dqg |

w

lv dqg lqgh{ iru wrwdo frqvxpswlrq/ |
w
@

U
4

3
fm
w
gm1 Wkh i1r1f1/ wdnlqj lqwr dffrxqw

wkdw S
w
dqg |

w
duh qrw d�hfwhg e| fkdqjhv lq S m

w
/ lv

S m

w
@

�

� � 4

y3
�
|
w

�
S

m

w

Sw

�
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�
�m
w

1

4
Wklv frqglwlrq pd| eh irxqg e| wdnlqj +5,*v �uvw rughu frqglwlrq z1u1w1 6

�

|
/ dqg xvlqj

wkh Hxohu htxdwlrq +:, dqg wkh Ilvkhu sdulw| +7,1

5
Wkhuh krogv wkdw b

�

|
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�

�
S
�
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Ehfdxvh lq htxloleulxp/ doo djhqwv dfw wkh vdph/ zh fdq vxevwlwxwh lq wkdw fm
w
@|

w
/

pm

w
@ P

w
dqg S m

w
@ S

w
iru doo m1 Wklv ohdgv wr wkh uhgxfhg irup pdfur prgho

zlwk wkuhh htxdwlrqv1

Wkh �uvw htxdwlrq uhodwhv prqh| ghpdqg dqg zlwk lqwhuhvw dqg lqfrph=
dq op0w|sh htxdwlrq1

z

3

+Pw@Sw,

x
3

+|w,
@ lw

4.lw

, P
w
@S

w
@ O+|

w
> l
w
, OP

Wkh vhfrqg htxdwlrq lv uhplqlvfhqw ri dq lv htxdwlrq

x

3

+|w,

Sw

@ � +4 . l
w
H, x

3

+|w.4,

Sw.4
LV

Wkh wklug htxdwlrq lv wkh djjuhjdwh vxsso| uhodwlrqvkls

y3 +|
w
, @x3 +|

w
, @ ��4

�

DV

Zh vhh wkdw djjuhjdwh vxsso| lv frqvwdqw dqg lqghshqghqw ri prqhwdu| srolf|1
Wklv lv gxh wr wkh dvvxpswlrq ri sulfh  h{lelolw| pdgh hduolhu1 Wkh �uvw wzr
htxdwlrqv ri wklv prgho duh qrw lq xhqfhg e| wkdw dvvxpswlrq dqg zloo vwloo krog
odwhu rq/ zkhq zh fkdqjh lw1

Wkh plfur0irxqgdwlrqv ri wklv prgho doorz xv wr lqwurgxfh vkrfnv wr gl�huhqw
sduwv ri wkh hfrqrp| lq d vwudljkwiruzdug zd| +udwkhu wkdq wxfnlqj wkhp rq wr
wkh uhgxfhg irup htxdwlrqv,1 Zh lqwurgxfh wkuhh w|shv ri vkrfnv=

� �
4w
/ vkrfnv wr �vfdo srolf|/ dgghg wr wkh ixqfwlrq x1

� �
5w
/ suhihuhqfh ru whfkqrorj| vkrfnv/ dgghg wr wkh ixqfwlrq y1

� �
6w
/ vkrfnv wr wkh whfkqrorj| ri wudqvdfwlrqv/ dgghg wr wkh ixqfwlrq z1

Dvvxplqj wkh vkrfnv dqg wkhlu h�hfwv rq wkh hqgrjhqrxv yduldeohv duh uhd0
vrqdeo| vpdoo/ zh fdq uhzulwh wkh prgho lq d orj0olqhdu dssur{lpdwlrq
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w
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w
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w
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w
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w
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w
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w.4
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w.4
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5w
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�|
w
@ |V

w
DV

Wkh qrwdwlrq lv dv iroorzv= �|
w
lv orj+|

w
@|�

w
,/ dqg �u

w
lv orj+4.l

w
,�orj+4.l�,/ zkhuh

wkh ydoxhv zlwk d vwdu duh wkh htxloleulxp vroxwlrqv1 Ixuwkhu/ �
w
lv wkh lq dwlrq
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udwh orj+S
w.4@Sw, dqg � wkh fxuydwxuh ri wkh xwlolw| ixqfwlrq x dw |

w
@|�

w
16 Wkh

glvwxuedqfhv duh dvvxphg wr vkrz xs dv wkh whupv �
4w dqg �5w/ dqg wkh DV

htxdwlrq vkrzv wkdw rxwsxw lv sxuho| d ixqfwlrq ri wkh glvwxuedqfhv1

515 Iulfwlrqv lq sulfh vhwwlqj

Zh qrz iroorz Fdoyr +4<;6, e| dvvxplqj wkh iroorzlqj nlqg ri iulfwlrq lq wkh
vhwwlqj ri sulfhv= udwkhu wkdq ohwwlqj doo surgxfhuv fkdqjh wkhlu sulfhv hyhu|
shulrg/ d sulfh pd| eh fkdqjhg zlwk suredelolw| 4��1 Zlwk suredelolw| �/ wkh
sulfh pxvw vwd| wkh vdph dv odvw shulrg1

Zkhq d surgxfhu lv jlyhq wkh rssruwxqlw| wr fkdqjh wkh sulfh/ wkh sulfh wkdw
lv vhw lv qrw qhfhvvdulo| wkh vdph dv wkh rswlpdo sulfh lq wkh iulfwlrqohvv prgho1
Wklv lv ehfdxvh wkhuh lv d srvlwlyh suredelolw| � wkdw qh{w wlph/ wkh sulfh fdqqrw
eh fkdqjhg/ vr wkdw lw krogv iru pruh wkdq rqh shulrg1 Wkxv wkh surgxfhu zloo
zdqw wr pd{lpl}h dq h{suhvvlrq olnh

pd{
S

m

w

H
w

+
4[
n@3

�n�n�+S m

w
> S

w.n>|w.n> �w.n> �5>w.n,

,

zkhuh � lv wkh csur�w*0ixqfwlrq17 Orj0olqhdul}lqj wkh deryh h{suhvvlrq durxqg
|
w
@|�

w
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516 D srolf| uxoh lq wkh prgho

Wkh v|vwhp DV0LV deryh fdq eh dphqghg zlwk d srolf| uxoh iru wkh lqwhuhvw udwh/

�u
w
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Xvlqj wklv uxoh/ zh fdq jhw ulg ri wkh �u
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dqg vxevwlwxwlqj lq wkh uxoh/ zh kdyh d v|vwhp wkdw pd| eh uhsuhvhqwhg dv
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w
1 +<,

E| lqyrnlqj udwlrqdo h{shfwdwlrqv/ zh fdq zulwh

}
w
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w

@ +L�D,�4F
4[
l@3
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H
w
v
w.l

zkhuh wkh odvw vwhs krogv li
���+L�D,�4E

��� ? 41 Dvvxplqj d YDU surfhvv iru
wkh vkrfnv/ wklv jlyhv d xqltxh erxqghg vroxwlrq iru wkh v|vwhp1 Wklv vroxwlrq
vkrzv krz wkh hfrqrp| zloo g|qdplfdoo| uhvsrqg wr d vhulhv ri vkrfnv iv

w
j1

Dq lpsruwdqw srlqw qhhgv wr eh pdgh khuh1 Hyhu| wlph wkh prqhwdu| srolf|
uxoh lv vxevwlwxwhg lq zh pxvw kdyh dvvxphg wkdw wkh uxoh lv nqrzq dqg fuhgleoh>
rwkhuzlvh lw grhv qrw zrun1 Zrxog wkh fhqwudo edqn wdnh wkh vdph dfwlrqv e|
vxusulvh/ wkh h�hfwv zrxog eh gl�huhqw1 Wkxv/ suhfrpplwphqw e| wkh edqn lv
fuxfldo iru wkh rxwfrph1

6 D udqnlqj fulwhulrq

Zlwk wkh wrrov zh kdyh ghyhorshg/ zh fdq dqdo|}h wkh zrunlqjv ri wkh hfrqrp|
xqghu gl�huhqw srolf| uxohv1 Wr frpsduh wkh ghvludelolw| ri wkh gl�huhqw rxw0
frphv/ d zhoiduh fulwhulrq pxvw eh vshfl�hg1 Ehfdxvh ri wkh plfur0irxqgdwlrqv
ri rxu prgho/ wklv fulwhulrq fdq eh irxqg uhodwlyho| vwudljkwiruzdugo|1 Zh frxog/
iru lqvwdqfh/ orrn dw wkh pd{lpdqg ri wkh frqvxphuv lq irupxod +5,1

Ehfdxvh zh zloo eh orrnlqj dw vwhdg| vwdwhv/ dq htxlydohqw phdvxuh lv irxqg
e| orrnlqj dw wkh h{suhvvlrq iru rqh shulrg/
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w
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w
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5>w

�
g} . z

�
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w

s
w

> �
6>w

��
1

Jlyhq wkdw frqvxphuv duh lghqwlfdo doo dujxphqwv duh djjuhjdwh yduldeohv1 Lq
htxloleulxp/ f

w
@ |}

w
iru doo }1

D qxpehu ri dvvxpswlrqv jr lqwr wkh frqvwuxfwlrq ri d fulwhulrq iurp wklv
h{suhvvlrq1 Iluvw ri doo/ wkh p

w
@s

w
0whup lv qhjohfwhg/ irfxvlqj dwwhqwlrq rq wkh

uhdo vlgh ri wkh hfrqrp|1 Ixuwkhupruh/ zh zloo orrn dw rqo| d vhfrqg rughu
Wd|oru h{sdqvlrq durxqg d vwhdg| vwdwh zlwk }hur glvwxuedqfhv1 D qxpehu ri
rwkhu dvvxpswlrqv zloo iroorz gxulqj wkh frqvwuxfwlrq1

9



Zh vwduw zlwk wkh whupv lqyroylqj x +�,1 Gh�qh a| @ orj +|
w
@|�,/ wkhq lw lv

srvvleoh wr zulwh wkh h{sdqvlrq dv

x
�
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w
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4>w
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5
a|5
w

�
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5
x
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w

.x
f�
|�a|

w
�
4>w

.
4

5
x
��
�5
4>w

.R
����6

4>w

���
Iurp wklv/ zh fdq ljqruh wkh whupv wkdw duh lqghshqghqw ri srolf| +w1l1s1/ whupv
wkdw gr qrw fkdqjh dv wkh srolf| uxoh lv fkdqjhg,/ dqg wdnh h{shfwdwlrqv wr �qg

H +x, @ x
f
|�

�
H +a|, .

4

5
+4� �,H +a|,5 .

4

5
+4� �, ydu +a|, . �fry +a|> �f

w
,

�
. w1l1s1.R

����6���
zkhuh �f

w
� �x

f�
�
4>w
@x

ff
|�1

D vlplodu frpsxwdwlrq fdq eh pdgh iru wkh vhfrqg whup/ lqyroylqj y +�,/
zklfk frphv rxw dv

y
|
|�^H +a|, .

4

5
+4 . $,H +a|,5 .

4

5
+4 . $,ydu +a|,� $fry +a|> �|,

.
4

5

�
��4 . $

�
H iydu

}
+orj |}

w
,j` . w1l1s1.R

����6���
zkhuh �|

w
@ �y

|�
�
5>w
@y

||
|�1

Wzr ixuwkhu dvvxpswlrqv qrz idflolwdwh wkh vxppdwlrq ri wkhvh wzr whupv1
Iluvw ri doo/ dvvxph wkdw x

f
@ y

|
1 Wklv phdqv wkdw wkh vwhdg|0vwdwh ohyho ri

rxwsxw lv dozd|v h!flhqw/ lq vslwh ri wkh vkrfnv1 Wklv pd| eh fdxvhg e| wkh xvh ri
rwkhu lqvwuxphqwv1 Vhfrqgo|/ dvvxph wkdw rwkhu srolf| lqvwuxphqwv duh dgmxvwhg
vxfk wkdw H +a|, @ 3 uhjdugohvv ri prqhwdu| srolf|1 Wklv juhdwo| vlpsol�hv wkh
fulwhulrq/ zklfk pd| qrz eh zulwwhq dv

Z @ �x
f
|�

5

5
97 +� . $,ydu +a| � a|v,� ~} �
Yduldelolw| ri wkh rxwsxw jds

.
�
��4 . $

�
H +ydu

}
+orj |}

w
,,� ~} �

Glvshuvlrq ri rxwsxw ohyhov

6
:8

.w1l1s1.R
����6���

Wkh whup wkdw txdqwl�hv wkh lpsdfw ri wkh glvshuvlrq ri rxwsxw ohyhov lv rqo|
lqyrnhg zkhq wkhuh lv vrph vruw ri sulfh uljlglw| fdxvlqj wkh glvshuvlrq1 Xqwlo
qrz zh kdyh qrw pdgh dq| dvvxpswlrqv derxw wkh zd| lq zklfk sulfhv duh vhw1
Zh zloo xvh wkh Fdoyr0phfkdqlvp zh kdyh xvhg ehiruh wr doorz iru vrph uljlglw|1
Wklv phdqv wkdw hdfk shulrg/ d iudfwlrq � ri wkh surgxfhuv fdqqrw fkdqjh wkhlu
sulfh1

Wkh dsshdudqfh ri Z fkdqjhv vrphzkdw diwhu wkh Fdoyr0uxoh lv xvhg1 Lw qrz
uhdgv

Z @ �x
f
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Khuh/ O pd| eh ylhzhg dv wkh dfwxdo vwdelol}dwlrq orvv/ dqg ��5 dv wkh dyhudjh
udwh ri orvv1 Lw wxuqv rxw wkdw

O @
+4� �,5

�

�
� . $

��4 . $

�
ydu +a| � a|v, . ydu +�, 1

Wkh uhvxow wkdw wkh orvv ixqfwlrq xowlpdwho| ghshqgv rq d zhljkwhg dyhudjh
ri wkh yduldwlrq lq rxwsxw dqg wkh yduldwlrq lq lq dwlrq lv qrw xqidploldu lq
pdfurhfrqrplfv1 Lw kdv riwhq ehhq dvvxphg zlwkrxw d plfur0irxqgdwlrq wkdw
vxfk d fulwhulrq frxog eh uhohydqw1 Wkh dgydqwdjh ri wklv irup lv wkdw wkh
zhljkwv ri wkh wzr yduldwlrqv duh jlyhq e| wkh prgho/ udwkhu wkdq slfnhg e| wkh
hfrqrplvw1

Qrwh wkdw zh vwduwhg rxw e| rplwwlqj orvvhv gxh wr prqhwdu|  xfwxdwlrqv/
orrnlqj rqo| dw surgxfwlrq dqg frqvxpswlrq1 Krzhyhu/ wkh fulwhulrq wkdw zh
irxqg vkrzv wkdw wkhuh vwloo lv dq dyhuvlrq wr lq dwlrq +erwk lq ohyho dqg lq
yduldwlrq,1

7 Ihdvlelolw| ri srolf| uxohv

Qrz wkdw zh kdyh d fulwhulrq e| zklfk zh fdq udqn wkh gl�huhqw uxohv/ zh pljkw
zdqw wr orrn iru wkh uxoh wkdw plqlpl}hv lw1 Wklv zrxog eh wkh uxoh wkdw fdxvhg
}hur lq dwlrq lq hyhu| shulrg1 Krzhyhu/ zh pxvw wdnh lqwr dffrxqw wkdw rqo| d
olplwhg dprxqw ri lqirupdwlrq derxw wkh hfrqrp| lv nqrzq/ vr wkdw lq sudfwlfh
lw pd| qrw eh srvvleoh wr irupxodwh d uxoh wkdw surgxfhv � @ 31

Zh djdlq srvw d yhuvlrq ri rxu pdfur prgho/ ohdylqj rxw wkh OP htxdwlrq8

exw dgglqj d srolf| uxoh1

�
w
@ ��|

w
. �H

w
�
w.4

DV

�|
w
@ � 4

�

^u
w
�H

w
�
w.4 � uq

w
` .H

w
�|
w.4 LV

u
w
@ !

�
�
w
. !

|
�|
w
. t

w
SU

zkhuh �|
w
@ |

w
� |v

w
lv ghyldwlrq lq rxwsxw dqg uq
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w
.H

w
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w.4

� |v
w

�
lv wkh

frpelqhg h�hfw ri doo glvwxuedqfhv1 Wkh uxoh SU doorzv iru dq h{rjhqrxv vkrfn
t
w
e| wkh srolf| pdnhuv1

8
Wkh OP htxdwlrq ghwhuplqhv wkh ghpdqg ri prqh| exw grhv qrw lq xhqfh wkh uhdo hfrq0

rp| lq wklv prgho1

;



Zh fdq qrz h{solflwo| zulwh grzq d v|vwhp vxfk dv +<,1 Wkhuh krogv wkdw�
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Iurp khuh zh fdq dqvzhu d qxpehu ri lpsruwdqw txhvwlrqv1 Rqh txhvwlrq pljkw
eh zkhwkhu wkh hfrqrp| kdv d ghwhuplqdwh udwlrqdo h{shfwdwlrqv vroxwlrq1 Wkh
dqvzhu olhv lq wkh surshuwlhv ri pdwul{ �E= li erwk hljhqydoxhv olh lqvlgh wkh xqlw
flufoh vxfk dq htxloleulxp h{lvwv1 Lw fdq eh vkrzq wkdw wklv frqglwlrq lv vdwlv�hg
li !

�
A 4 dqg !

|
� 3> wklv lv qrw d qhfhvvdu| frqglwlrq/ krzhyhu1

Dqrwkhu txhvwlrq/ jlyhq wkdw d vroxwlrq h{lvwv/ pljkw eh zkdw wkh h�hfw ri
wkh ruljlqdo vkrfnv �

4
/ �

5
dqg �

6
zrxog eh rq rxwsxw dqg lq dwlrq1 Wkh dqvzhu

wr wkdw txhvwlrq fdq eh irxqg e| h{dplqlqj wkh h�hfw ri wkh �*v rq uq
w
dqg

orrnlqj dw �E dqg �F1
Wkh h�hfwv ri h{rjhqrxv vkrfn t

w
fdq dovr eh ghulyhg iurp wklv v|vwhp1 Lw

dsshduv wkdw d srolf| vwudwhj| wkdw vhwv t
w
@ uq

w
iru doo w zrxog uhvxow lq wkh

plqlpxp srvvleoh orvv fulwhulrq/ iru doo ydoxhv ri !
�
dqg !

|
wkdw jhqhudwh d

ghwhuplqdwh vroxwlrq1 Wkh sudfwlfdo ihdvlelolw| ri vxfk d srolf| lv txhvwlrqdeoh/
krzhyhu1

8 Txdqwl�fdwlrq dqg frxqwhuidfwxdov

Qrz wkdw wkh prgho lv frpsohwhg/ surihvvru Zrrgirug vkrzhg krz zh fdq dqd0
o|}h uhdo0zruog prqhwdu| srolf| lq whupv ri srolf| uxohv/ dqg wu| krz dowhuqdwlyh
uxohv pljkw kdyh iduhg xqghu wkh vkrfnv wkdw dfwxdoo| rffxuhg1 Wkh phwkrgrorj|
uxqv dv iroorzv=

41 Hvwlpdwh dq xquhvwulfwhg YDU prgho ri wkh lqwhuhvw udwh/ wkh lq dwlrq udwh
dqg rxwsxw1

51 Fkrrvh wkh sdudphwhuv ri wkh vwuxfwxudo prgho vr wkdw wkh suhglfwhg uh0
vsrqvh wr prqhwdu| srolf| djuhhv zlwk wkh YDU hvwlpdwh1

61 Xvlqj wkh txdqwlwdwlyh vshfl�fdwlrq ri wkh vwuxfwxudo prgho/ dqg wkh YDU
wr prgho wkh h{shfwdwlrqv/ lghqwli| wkh vkrfnv wkdw dfwxdoo| rffxuhg e|
wkh uhvlgxdov ri wkh htxdwlrqv zkhq �w wr wkh gdwd1

71 Wkh sdudphwul}hg prgho dqg wkh vkrfnv fdq qrz eh xvhg wr vlpxodwh wkh
frqvhtxhqfhv ri frxqwhuidfwxdo prqhwdu| srolf| uxohv iru wkh hyroxwlrq ri
iu

w
> �

w
> |

w
j1

81 Xvlqj wkh fulwhulrq ghulyhg lq vhfwlrq 6/ hydoxdwh wkh zhoiduh frqvhtxhqfhv
ri dowhuqdwlyh srolf| uhjlphv1

<



Wkh shulrg ryhu zklfk wkh dqdo|vlv lv frqgxfwhg lv 4<:<�<81 Wkh prgho wkdw
lv xvhg lv d olwwoh gl�huhqw iurp wkh rqh ghvfulehg deryh/ lqfrusrudwlqj d wzr0
shulrg ghflvlrq odj iru jrrgv sxufkdvhv1 Wklv dgdswlrq zdv pdgh wr dffrprgdwh
wkh gdwd1 Dovr/ wkhuh duh ghflvlrq odjv lq sulflqj e| vxssolhuv/ zklfk gl�hu dfurvv
jrrgv1 Zlwkrxw wkhvh dgdswlrqv/ vkrfnv zrxog d�hfw wkh uhdo hfrqrp| doprvw
lpphgldwho|> wklv lv frqwudglfwhg e| wkh gdwd1

Zh douhdg| qrwlfhg wkdw d uxoh wkdw fdxvhv }hur lq dwlrq zrxog eh lqihdvleoh/
ehfdxvh wkhuh lv qrw hqrxjk lqirupdwlrq wr cixho* vxfk d uxoh1 Zh frxog vroyh
iru wkh ehvw ydoxh ri Z jlyhq wkdw wkh uxoh fdq rqo| ghshqg rq nqrzq yduldeohv1
Krzhyhu/ lw wxuqv rxw wkdw vxfk d uxoh zloo fdxvh qhjdwlyh lqwhuhvw udwhv dw fhuwdlq
srlqwv lq wlph= d sudfwlfdo lpsrvvlelolw|1

Wr dyrlg wklv sureohp/ zh fdq lpsrvh d frqglwlrq wkdw dggv d shqdow| iru
lqwhuhvw udwh yduldelolw| wr wkh orvv0fulwhulrq1 Wkh rswlpdo uxoh wkdw frphv rxw
wklv sureohp lv lqghhg ihdvleoh/ exw qrw yhu| sudfwlfdo dv lw lv yhu| frpsolfdwhg
+lpdjlqh krz lw xvhv doo dydlodeoh lqirupdwlrq wr frph xs zlwk wkh ehvw lqwhuhvw
udwh,1

Wkh uxohv wkdw ydolgdwh uhdo lqwhuhvw duh wkrvh wkdw duh vlpsoh lq vwuxfwxuh/
|hw lpso| d ydoxh iru wkh orvv fulwhulrq wkdw lv forvh wr rswlpdo1 Lq Urwhpehuj
dqg Zrrgirug +4<<;,/ wkuhh vxfk uxohv duh glvfxvvhg=

41 D jhqhudol}hg Wd|oru uxoh= u
w
@ d�

w
. e|

w
. fu

w�41

51 Ghshqghqfh rq odjjhg gdwd= u
w
@ d�

w�4. e|
w�4. fu

w�41 Wklv lv wkh deryh
uxoh lq wkh fdvh zkhuh gdwd ehfrphv dydlodeoh zlwk d odj1

61 Sulfh ohyho wdujhwlqj= u
w
@ dS

w
. e|

w
. fu

w�41 Wklv uxoh fdq dovr eh dssolhg
lq d codjjhg* yhuvlrq1

Lq hdfk fdvh wkh txhvwlrq lv zkdw wkh rswlpdo sdudphwhuv d/ e/ dqg f duh/
zkhwkhu wkh uxoh jhqhudwhv ghwhuplqdwh sdwkv iru wkh vwdwh yduldeohv/ dqg krz
pxfk wkh orvv fulwhulrq lv plqlpl}hg1 Zh orrn rqo| dw wkh uxohv lq fdvh 4/ wkh
rwkhuv pd| eh irxqg lq wkh sdshu1

Iru uxohv lq fdwhjru| 4 zlwk f vhw wr }hur/ wkh rswlpdo ydoxhv duh d @ 5=;;
dqg e @ 3=351 Wklv lv gl�huhqw/ exw qrw vkrfnlqjo| vr/ iurp Wd|oru*v +4<<6,
ydoxhv1 Urwhpehuj dqg Zrrgirug +4<<;, vkrz krz wkh orvv fulwhulrq ehkdyhv
iru gl�huhqw d*v dqg e*v lq d gldjudp1 Wkh ydoxh ri wkh orvv fulwhulrq jhwv yhu|
forvh wr wkdw dwwdlqhg lq wkh rswlpdo fdvh glvfxvvhg deryh1 Uxohv lq fdwhjru|
4 zlwk f xqhtxdo wr }hur lqfoxgh d ihhgedfn phfkdqlvp lq u

w
1 Vxusulvlqjo|/

gldjudpv vkrz wkdw wkh uxoh jhqhudwhv vwdeoh sdwkv iru ydoxhv ri f dv kljk dv 43$
Wklv lv gxh wr wkh idfw wkdw wkh uxoh lv d surplvh wr udlvh lqwhuhvw udwhv/ zklfk
lv qrw qhfhvvdulo| fduulhg rxw1 Wkh rswlpdo ydoxh lv forvh wr wkh suhylrxv rqh=
d @ 4=55/ e @ 3=39 dqg f @ 4=5;1

Iru wkh deryh rswlpdo uxohv/ wkh frxqwhuidfwxdo orvv fulwhulrq lv orzhu wkdq
lw zdv lq wkh uhdo fdvh1 Wklv vxjjhvwv wkdw vrphwklqj fdq eh jdlqhg vwxg|lqj
wkhvh rswlpdo uxohv1

43



9 Frqfoxvlrqv

Dw wkh hqg ri wkh ohfwxuhv/ d qxpehu ri lpsruwdqw frqfoxvlrqv frxog eh gudzq1
Wkh prvw vwulnlqj uhvxow suredeo| lv wkdw d vlpsoh +edfnzdug0orrnlqj, Wd|oru0
w|sh uxoh fdq dfklhyh rxwfrphv wkdw duh qhduo| dv jrrg dv wkrvh dfklhydeoh e|
dq| srolf|1 Wklv vxjjhvwv wkdw wkrvh uxohv fdq eh d ydoxdeoh |hw lqh{shqvlyh wrro
iru fhqwudo edqnv1

Lw lv riwhq vxjjhvwhg wkdw d fhqwudo edqn*v srolf| vkrxog eh iruzdug0orrnlqj/
wkdw wkh edqn vkrxog fduu| rxw csuhhpswlyh vwulnhv* ehiruh d sureohp dfwxdoo|
rffxuv1 Wklv prgho vkrzv wkdw vxfk lv qrw qhfhvvdu|/ dv orqj dv wkh hfrqrplf
djhqwv wkhpvhoyhv duh iruzdug orrnlqj1 Wkh surplvh ri wkh fhqwudo edqn wr udlvh
lqwhuhvw udwhv lq fhuwdlq fdvhv/ odlg grzq lq d Wd|oru uxoh/ lv hqrxjk wr vwrs wkrvh
fdvhv iurp kdsshqlqj1 Wkh fuhglelolw| ri vxfk d surplvh lv/ ri frxuvh/ hvvhqwldo1

Ehfdxvh gdwd riwhq wdnhv wlph wr uhdfk wkh hfrqrplvw/ lw lv uhdvvxulqj wkdw
wkh shuirupdqfh ri wkh uxohv lv exw zhdno| d�hfwhg e| wkh xvh ri odjjhg gdwd1

Uxohv wkdw vshfli| vkruw0whup lqwhuhvw udwhv vkrxog lqfrusrudwh wkh odjjhg
hqgrjhqrxv yduldeoh dv d uhjuhvvru/ zlwk d frh!flhqw odujhu wkdq rqh1 Ehfdxvh
ri udwlrqdo h{shfwdwlrqv/ wklv zloo qrw uhvxow lq lqvwdelolw| ri wkh hfrqrp|1 Wkhuh
lv olwwoh jdlq iurp pdnlqj wkh uxoh ghshqghqw rq uhdol}hg ydoxhv ri djjuhjdwh
surgxfwlrq1

Ri frxuvh doo wkhvh frqfoxvlrqv vwdqg ru idoo zlwk wkh idlwk wkdw rqh sxwv lq
wkh vlpsoh pdfur prgho wkdw wkh| frph iurp1 Krzhyhu/ wkh delolw| ri wkh prgho
wr plplf uhdo gdwd lv hqfrxudjlqj/ dv lv wkh idfw wkdw Wd|oru uxohv fdq yhu| zhoo
h{sodlq sdvw prqhwdu| srolf|1 Wkxv/ dsso|lqj wkhp lq wkh ixwxuh vkrxog qrw eh
d vwhs lq wkh gdun1

Wkh ohfwxuhv wkdw surihvvru Zrrgirug jdyh lq Zdjhqlqjhq zhuh e| qr phdqv
cdq hdv| ulgh/* exw zlwk wklv lpsuhvvlyh olvw ri frqfoxvlrqv zhoo zruwk wkh h�ruw1
Ixwxuh gdwd zloo vkrz zkhwkhu wklv zrun kdv kdg lpsdfw rq wkh zrunlqjv ri/
vd|/ wkh Hxurshdq fhqwudo edqn1

: Uhihuhqfhv

� Fdoyr/ J1/ 4<;6/ �Vwdjjhuhg Sulfhv lq d Xwlolw|0Pd{lpl}lqj Iudphzrun/�
Mrxuqdo ri Prqhwdu| Hfrqrplfv/ 45+6,=6;6�<;1

� Urwhpehuj/ M1M1 dqg P1 Zrrgirug/ 4<<5/ �Roljrsrolvwlf Sulflqj dqg wkh
H�hfwv ri Djjuhjdwh Ghpdqg rq Hfrqrplf Dfwlylw|/� Mrxuqdo ri Srolwlfdo
Hfrqrp|/ 433+9,=4486�453:1

� Urwhpehuj/ M1M1 dqg P1 Zrrgirug/ 4<<:/ �Dq Rswlpl}dwlrq0Edvhg Hfrqr0
phwulf Iudphzrun iru wkh Dqdo|vlv ri Prqhwdu| Srolf|/� QEHU Pdfurh0
frqrplfv Dqqxdo 4<<:/ ss1 5<:�6791

� Urwhpehuj/ M1M1 dqg P1 Zrrgirug/ 4<<;/ �Lqwhuhvw Udwh Uxohv lq dq Hvwl0
pdwhg Vwlfn|0Sulfh Prgho/� plphr/ Dsulo1

44



� Wd|oru/ M1E1/ 4<<6/ �Glvfuhwlrq yv1 Srolf| Uxohv lq Sudfwlfh/� Fduqhjlh0
Urfkhvwhu Frqihuhqfh Vhulhv rq Sxeolf Srolf|/ 6<=4<8�5471
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QUESTIONNAIRE

UTRECHT-COURSES 1999 - 2000

Please circle the number(s) of the course(s) you wish to follow next year and return the form before16
May 1999 to the NAKE Secretariat. In principle a course will only be scheduled once every two years. The
courses marked with a star (*) have been given in the academic year 1998-99 and will therefore not
normally be available in the academic year 1999-2000. Courses in bold face are new (i.e. these have been
proposed recently but have not yet been scheduled).

10-week courses (4 SP = 160 hours)

Teacher(s) Institute Course

1 van den Berg/van Ours/ VU/KUB Applied labour economics
den Butter

2* Peters/Borm MU/KUB Game theory
3 Hartog/Teulings/Theeuwes UVA/EUR Advanced labor economics
4* Palm/Nijman MU/KUB Theory and application of modeling volatility in financial economics
5* Wansbeek RUG Econometrics of panel data
6 Talman/van der Laan KUB/VU General equilibrium model
7 Folmer/de Zeeuw/ LUW/KUB Environmental problems and policy: A) A theoretical introduction

Withagen/Smulders VU/KUB B) Growth and environment

5-week courses (2 SP = 80 hours)

8 ...... .. ....
9 Beetsma MinvEZ Topics in international macroeconomics
10 van Bergeijk c.s. DNB Applied policy analysis
11* Bovenberg KUB Fiscal policy in open economies
12 Brakman/Van Marrewijk RUG/EUR Regional economics, agglomeration and the global economy
13 Brenner RUU A critical view of economic theory
14 Brenner RUU Social economics: Heterodox approaches to economic theory
15* Broer CPB/EUR Dynamic general equilibrium modelling
16 Burrell/Oskam LUW Agricultural policy analysis
17 den Butter VU/WRR Macroeconomic policy modelling
18 Cukierman KUB Central Bank strategy, credibility, and independence

19* van Damme KUB Topics in applied microeconomics: Variable topic
20 van Dijk/Boswijk EUR/UVA Econometric inference in dynamic models with integrated processes
21 Ellman UVA The political economy of transition
22 Ellman UVA The economics of famines
23 van Ewijk/van Wijnbergen CPB/UVA/EZ Economic growth and development: Macroeconomics
24 van Ewijk/Oosterbeek CPB/UVA Economics of education
25 Furth/Van Cayseele UVA/KL Advanced industrial organisation
26* Garretsen/Sterken/Van Ees KUN/RUG Capital market imperfections, investment and monetary policy
27 de Gooijer/Franses UVA/EUR Recent developments in non-linear time series analysis
28 Goyal/Janssen EUR Coordination problems
29 de Gijsel MU Micro-economische onderbouwing van een monetaire economie
30* Gunning/Keyzer VU Current issues in development economics
31 Hartog/Theeuwes UVA Labour economics: A comparative empirical perspective
32 Heijdra/Meijdam RUG/KUB Intertemporal aspects of macroeconomics
33 Heijdra RUG New Keynesian macroeconomics



34 Heijdra RUG The macroeconomics of monopolistic competition
35 Herings KUB Theory of incomplete markets
36* Hommes UVA Nonlinear economic dynamics
37 Houba VU Differential games in economics
38 Houba VU Strategic bargaining and endogenous threats
39 Huizinga KUB International factor movements and international financial markets
40* Jepma RUG/UVA International environmental policies
41 de Jong, E. KUN Exchange rate economics
42 de Jong, F. KUB Economics of foreign exchange markets
43* Keyzer VU Applied general equilibrium models
44* Kloek EUR Visualising data
45 Kooreman/Kapteyn RUG/KUB Intertemporal choice
46 Kooreman RUG The economics of household behaviour
47 van der Laan/Talman VU/KUB Economic equilibrium under price restrictions
48 Magnus KUB Sensitivity analysis in econometics
49* Magnus KUB Optimisation methods in econometrics
50* Maks MU Competition and market coordination
51 Meijdam/Verbon KUB Theories of government debt
52 Morgan UVA History of economic ideas
53* Morgan UVA History and philosophy of economic models
54 Muysken MU Low skilled unemployment, job competition, and overeducation
55 Nijkamp VU Meta-analysis in economics
56 Peters/Storcken MU Social choice theory
57 Pfann MU Optimal investment contingency plans of firms
58* Potters KUB New institutional economics
59 Potters KUB Market micro-structure
60 Reuten UVA Heterodox economics: Marxian political economy
61 Ruys KUB Regulation and privatisation
62 Ruys KUB Competition and cooperation in the non-profit sector
63* Schoonbeek RUG Topics in oligopoly theory
64 Schoorl RUG History of Dutch economic thought
65 Schram/van Winden UVA Experimental economics and the design of mechanism
66 van Soest/Melenberg KUB Applied non-parametric and semi-parametric econometrics
67 Steenge UT Rational choice theory and governance in the public sector
68* Thijssen/Goudriaan LUW/IOO Efficiency and productivity analysis
69 Uhlig KUB Business cycles
70 Verbon KUB Decision-making on intergenerational transfers
71 Vorst EUR Options pricing theory
72 Vorst/van de Sar EUR Behavioral Finance
73 de Vos VU Bayesian views on testing and model selection
74* de Vries/Lucas EUR Financial risk management
75 de Vries EUR Advanced monetary economics
76* Wakker LU/KUB Prospect theory
77 Wansbeek RUG Latent variables and methods of moments estimation
78 Wansbeek RUG Econometric methods in marketing
79 Weddepohl UVA Overlapping generations models
80* van Winden UVA Behavioural modelling of government decision-making
81 van Wijnbergen UVA/MinvEZ Economics of transition
82* Smulders KUB Endogenous growth theory
E01 Sterks RUG Law and economics
E02 Ziesemer MU Topics in international trade
E03 Balder UU Economies with a continuum of agents
E04 Rietveld VU Transport economics
E05 Oosterhaven RUG Infrastructure and economic development


