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ABSTRACT
ESTIMATION AND TESTING IN DYNAMIC, NONLINEAR PANEL DATA MODELS
By

Margaret Susan Loudermilk

This dissertation consists of three chapters that address issues of estimation and testing
in dynamic, nonlinear panel data models. Chapter 1 deals with an example of the peculiar
difficulties that can arise in estimation of nonlinear models. Many economic variables occur
as fractions and percentages. In these cases, the [ractions instead of the level values are the
variables of interest. Estimating models with fractional response variables can present chal-
lenges due to the presence of corner solution outcomes at 0 and 1 and continuous outcomes
in the interval (0,1). Most standard estimation techniques are inappropriate in this setting
because they are designed for variables that are either entirely continuous or take on only
a discrete number of values. This chapter demonstrates an easily implemented method for
estimating fractional response variables and presents an application of the technique to the
determination of firm dividend policy.

Chapter 2 studies the sensitivity and relative performance of average partial effect es-
timates. Typically, partial effects are the quantities of interest for policy analysis. For
linear models, these are often simply the parameter estimates. However, obtaining partial
effects is more complicated for nonlinear models because these estimates will depend on all
of the model’s explanatory variables in a way that is not separable, except in special cases.
Therefore, when some important individual specific explanatory variables are unobserved,
consistent estimates of the partial effects may not be available. Instead, estimates of the
partial effects averaged over the distribution of the unobservables. average partial effects,

may be used as the variables of interest for policy analysis. Current estimation techniques



for dynamic, nonlinear panel data models require strong assumptions on economic models.
Which assumptions are maintained affects generality, ease of computation, and even which
quantities can be estimated, but little evidence exists on the relative performance of dif-
ferent estimation techniques for nonlinear panel data models. Since few economic models
conform to such restrictive assumptions, it is important to know how sensitive estimates in
these models are to econometric specifications. This chapter includes both simulations and
empirical analysis.

Chapter 3 addresses a more general problem of testing the assumption of homoskedas-
ticity in nonlinear models with unobserved effects. As a practical matter, heteroskedasticity
is of little concern in linear models since it does not affect consistency or unbiasedness of
estimators, and standard errors can easily be corrected to perform inference. However, in
many nonlinear models the presence of heteroskedasticity is of greater consequence because
it changes the functional form of the estimator. The class of tests known as score tests is
ideal for cases in which the alternative hypothesis is complicated or computationally diflicult
because it only requires estimation under the null for implementation and is invariant to a
many alternative hypotheses. Thus, such a test can be formulated for the null hypothesis of
homoskedasticity against a general alternative that encompasses many prevalent specifica-
tions of the variance as special cases or locally invariant alternatives. In this chapter, a test
for heteroskedasticity is proposed for two dynamic latent variable models, namely the panel

probit and fractional response models, and applications of the test are presented for each.
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CHAPTER 1

Estimation of Fractional Dependent Variables in Dynamic Panel

Data Models with an Application to Firm Dividend Policy

Many economnic variables occur as fractions and percentages. Examples include firm market
share, employer 401(k) contribution match rates, and TV Nielsen ratings. In these and
similar cases, the fractions, instead of the level values, are the variables of interest. For
example, market size varies across industries, but market share remains a meaningful measure
of concentration and market power regardless of the absolute market size. What differentiates
these variables from an econometric standpoint is that they are not probabilistic outcomes,
yet they possess both two-corner solution outcomes and continuous outcomes in the interval
(0.1). Consequently, most standard models are inappropriate for estimation. The approach
presented in this paper provides a consistent estimator for fractional dependent variables with
panel data in the presence of both lagged dependent variables and unobserved heterogeneity.
The technique is then applied to firm dividend policy, which demonstrates the potential
effects of ignoring the unique nature of fractional response variables.

In cross-sectional settings, fractional response models have used the standard logit frame-
work under quasi-maximum likelihood estimation (QMLE) to address misspecification issues
as proposed by Papke and Wooldridge (1996) or a linear model using the log-odds trans-
formation. However, the log-odds framework is not appropriate for estimating models that
have a fractional dependent variable with a substantial number of observations at either zero
or one, as is the case in the application undertaken in this paper. In panel data settings with

unobserved effects, the argument that provides consistency of the “fixed effects™ logit model



estimated by conditional maximum likelihood does not carry through when the dependent
variable is fractional, evidently making the logit QMLE approach inconsistent for estimation
with fixed effects. The consistency of this estimator appears to be entirely a consequence of
the logistic distribution’s functional form and depends on the binary nature of the dependent
variable. (See Wooldridge (2002), p.491 for an illustration of the logit case.)

Estimation of dynamic, nonlinear panel data models is complex even without the addition
of a fractional dependent variable. Using logit or probit models in a panel data setting
introduces an “incidental parameters” problem since in nonlinear models with unobserved
effects it is not possible to separate the unobserved effects from the maximum likelihood
estimates (MLE) of the explanatory variables’ parameters, and, except in special cases,
no known transformations will eliminate the unobserved effects. Chamberlain (1992) and
Wooldridge (1997), for example, present transformations for some multiplicative models. For
fixed effeet models, the number of parameters for the unobserved effeets will inerease with
the number of cross-sectional observations, N, making consistent estimation impossible with
a fixed number of time periods, T. MLE is still consistent as the number of time periods
approaches infinity. but typically in panel settings the number of cross-sectional observations
tends to infinity while the number of time periods is small. In random effects settings, the
joint likelihood of the dependent variable (yy;. ..., yn¢) can no longer be written solely as the
product of the marginal likelihoods of the dependent variables, y;¢, and will require bivariate
integration (Baltagi 2001, Hsiao 1986). Thus, to deal with unobserved heterogeneity in
nonlinear models, typically either a distribution for the unobserved effect must be specified
or a semiparametric approach will be necessary.

Semiparametric approaches allow consistent estimation of model parameters without as-
sumptions on the distribution of the unobserved effects, but a major limitation of these

approaches is their inability to estimate partial effects or average partial effects (APEs).



Even if one is only interested in parameters, currently, semiparametric approaches have
some limitations. Honore and Kyriazidou (2000a) consider semiparametric estimation of
different types of tobit models with individual specific effects, but the approach requires all
of the regressors to be strictly exogenous. This prevents inclusion of lags of the dependent
variable. Honore and Kyriazidou (2000b) extend the estimation to a logit framework that
allows for lagged dependent variables but with assumptions on strictly exogenous covariates
that eliminate the use of time dummy variables. Honore and Lewbel (2002) provide an al-
ternative semiparametric estimator that allows for general predetermined regressors instead
of only lagged dependent variables that achieves v/N consistency by assuming that at least
one of the regressors is independent of both the errors and the unobscrved effect. In ad-
dition, semiparametric methods are subject to the usual bias-variance trade-off present in
nonparametric methods.

If a lagged dependent variable is included as a regressor when unobserved heterogeneity
is present, ordinary least squares estimation (OLS) will be inconsistent since the lagged
dependent variable will be correlated with the time invariant unobserved effects. Fixed effects
estimation will also be inconsistent with fixed T. Monte Carlo evidence from Heckman (1981)
shows that the bias created by incidental parameters is quite significant in dynamic médvls.
In these cases, consistent estimation will depend on the treatment of the initial condition, y;g.
There are three prevalent parametric methods for dealing with initial conditions in nonlinear
models. One approach treats the initial conditions as nonrandom. Another method is to
specify a distribution for the initial condition given the unobserved effect so that the joint
density of the {y;;} can be written as f(yg.....yrlz.¢) = f(y1. . vy 2. ¢) f(yolz,¢). In
addition, Heckman (1981) suggests approximating the conditional distribution of the initial
condition to avoid having to find it.

This paper follows the methodology proposed by Wooldridge (2005a) to deal with the



initial conditions problem in dynamic, nonlinear panel data models and will use a tobit
specification with corner solutions at both zero and one to estimate fractional dependent
variables. While the approach addresses some problems present in other models, it retains
many of the usual drawbacks of parametric models including the need to specify a conditional
distribution for the unobserved heterogeneity, referred to herein as the auxiliary distribution.
In addition, the model requires the explanatory variables other than the lagged dependent
variable to be strictly exogenous; however, it does allow for the use of time dummies.

An application to firm dividend policy is presented to provide a concrete example where
the fractional response panel data estimator is appropriate and careful treatment of fractional
response variables has potentially important policy implications. The application considers
the determination of the share of payouts to firms™ shareholders made as share repurchases
versus traditional cash dividends. This is an ideal example since 1) share repurchases as a
fraction of total payouts is defined on the interval [0, 1]; 2) dividend policy theory suggests
that both unobserved heterogeneity and state dependence are relevant in determining share
repurchases; 3) the variables of interest are not considered to be endogenous in the current
literature; and 4) a substantial fraction of observations are observed at both corner solution
outcomes. The estimation demonstrates that conclusions drawn when neglecting the dual
corner solutions can be misleading.

This chapter proceeds as follows: Section 2 presents the econometric model for dynamic
panel data with fractional dependent variables in the presence of unobserved effects. Model
specification. calculation of quantities of interest, estimation, and computational issues are
all addressed. Section 3 presents an application of the technique to firm dividend policy

theory, and section 4 contains conclusions.



1.1 Dynamic Fractional Response Model With Unob-

served Effects

1.1.1 Model Specification

Specification of the model begins with a latent variable setup that allows for two corner
solution outcomes, zero and one.
vir = 2ty + 9(Yie-1)p + ¢i + ug (1)

witl (23 Yi 41+ Yio- ;) ~ N(0.02) (2)

0 if y; <0
yie=9q yy if 0<yh<1

1 i oy >1

\

This is sometimes referred to as the “Two-Limit” or “Doubly-Censored” Tobit Model. z;
is comprised of strictly exogenous regressors, c¢; represents the unobserved effect. and u;;
is a normally distributed error term. For notational simplicity, let g; ;1 = g(yit—1).- The
function g(.) allows the effect of y;; 1 to differ depending on its realization in the previous
period. For example, the lagged dependent variable might have a different effect if in the
previous period there was a corner solution instead of an intermediate value. Such a case
is easy to imagine for market share applications in which a firm engages in some degree
of competition when it has a positive share but not all of the market. the firm acts as a
monopolist at one corner, and has exited the market or is considering entry at the other.
Using the latent variable setup above, the density of y;; given zj, g;+ 1, and ¢; can be

derived as follows

Y = Gir1p—
P(yit = 0|z 9ig—1.¢;) = <I’( iy~ g1l 1)

Ou



ity + 9it-1p+¢i— 1
Pt = it gig-1.c)) = ® ( : (4)
Ou
Yit — ZitY — Git—-1P — G4
Plyit <ulzit-9ig-1.¢1) = ® ( - ' l) (5)
Ou
OP(yit < ylzir-git-1.¢) 1, (!/it — ZitY ~ Git-1P — 01') ()
()y Oy Ou

To simplify notation further, define wjp = (z4.9;4-1) and 3 = (7. p) which, together with

(3) - (6). specify the density of y; given (24,95 ¢—1.¢;) as

—witll — q)l[y“zol q> (u'itB +0i - 1)1{3/“:1]

Ou

Stlyitheip.c; 0) = @ (

Tu
. T0<y; <1
X [Ld) (.Uit —wid - (‘,’)] [0<y;p<1] o
Ou Ou

where # represents the vector of parameters.

1.1.2 Estimation

Wooldridge (2005a) proposes estimation of dynamic, nonlinear pancl data models with un-
observed heterogeneity by modeling the distribution of the unobserved effect conditional on
the initial value and any exogenous explanatory variables. There are several advantages
to specifving the distribution of ¢; conditional on y;5. These include the ability to choose
a flexible auxiliary distribution, the ability to specify the auxiliary distribution such that
standard software packages can be used for estimation, and the fact that average partial
effects are identified and can be estimated with little difficulty. These features are described
in greater detail below.

Under the assumptions that the dynamics of the conditional distribution are correctly
specified and z; = (21, ..., ;1) is strictly exogenous conditional on ¢;, the joint density of

(Yi1-----yiT) given (yio. zi. ¢;) is given by

T
Sit o virlyio- sieei) = [ fewirlwie. cin6) (8)
t=1



The idea behind the methodology is that since the density of (y;1, ... y;7) given (50, =i, ;)
is already available under these assumptions, only the density of ¢; given (y;9.2;) needs to
be specified in order to proceed with estimation. In addition, this density is not restricted
by the assumptions used above to derive the density of (y;1, ..., v;) given (y;0. =i, i), so it
can be chosen based on convenience, flexibility, or any other criteria.

In order to construct the likelihood function, it is necessary to integrate over the distribu-
tion of the unobserved effect ;. This requires specification of the density of ¢ given (yjo, 2;)
with parameter vector 4, denoted h(clyg. 2;;8). Given h(c|yig, z;9) is a correctly specified

model for the density of ¢; given (y;o. 2;), the log likelihood function is

T
1i(6.6) = log / T T fe(yitlwis, ci:6) | h(clyio, 2 6)de (9)
t=1
N T
L= log / I 1 fe(wielwie, ci:6) | h(clyio, 233 6)de (10)
i=1 t=1

In general, the quantities of interest in Tobit models will be E(y|w) and E(y|w.0 < y < 1),
as well as the partial effects of the explanatory variables. Using properties of the normal

distribution, the conditional expectations are given by

B — 1 1—wyB—c¢ — w8 — ¢
E(yislwie, ;) = @ (u ith + ¢ ) N [q;( Wit (l> 3 q;( Wit m)]
Ou Ou Tu

x  E(yit|lwit.c; 0 < yip < 1) (11)
where
— w3 = —w03 — ¢
PO<y<llz) = [q) (l_i'l_(’) ) (..“_”l___(_‘_)] (12)
Ou Ou
and
—wpy L?—-(.'i 1 —“’it‘j_c‘i
, Ju ) 4 ( Ou )
E(yitlwit. ;.0 < yip <1) = wpB+¢; + o0y (13)



Combining these terms and defining &; = @ (M) Py = @ (1—_—"'1&) o) =

au Ou
—w:s3—c: —w;p3—c;
P (_'iurg) and 6o = ¢ (1_1u) produces

[ Ju

wpd +c¢ — 1

Elyiluse. ) = @ ( ) (w4 e) [Py — By 4 oulor — 0o (14)

Ou

Notice that the expression in (13) is clearly analogous to that of F'(y;¢|w;s. ;. y;¢ > 0) in the
standard Tobit model where the typical Mills Ratio is replaced by a similar quantity for the
interval between the two corners.

Then, by taking derivatives of the conditional mean equation with respect to the ex-

planatory variables, the partial cffects are given by

OFE (y;|w;s. c; wipB+c; —1 ’ )
ﬁ;'—"——') =2y (L'—> + 7y [Py — Py + l(u:,»,/i +¢; + zit) (01 — 09) (15)
U Ty Ty

Tu

2
OE(yitlwir. c;,0 < yiy < 1) Y2it [ G2 — &1 ¢ — &
p =7- )+ V| T (16)
Ozt ou \ P2 — & Py — ¢y
(lovac) P9,
DE(yit|wit. e P91 wipid +e; — 1 /
R LS AL A . + . Oy — Dyl ---
it Ou ¢ Ou pgl't_l[ 2 l]
/
P9 t-1 , 4
+ :7 (wigB + i + git-1)(d1 — ¢2) (17)
u
! 2
OE(yithwit, ¢;, 0 < y;ip < 1) ' Pig-19i4-1 ( d2 — &1 ' 9 —
o =PGis_1— it g—ag ) (18)
MYit-1 Ou Py -9 Py - P

However. the partial effects cannot be estimated due to the presence of the unobserved effect.
Instead. the partial effect averaged across the distribution of the unobserved effect. the APE.

can be estimated in the following way

m(z.yt-1.¢:0) = Elyitlzie. yie-1. ] (19)
p(ztyr-1) = Eej[m(zr.ye-1.0i:0)] = E{E[m(zt.ye-1.::0)wio- =]} (20)

= Fk [/ m(zt. yt—1. ;- Oh(elyo. z:0)de|  (21)



This provides a v N consistent estimator

N
. 1 -
izt yi-1) = < ) Elm(ze. yi—1.¢:0)|yi0. =il (22)
N

1=1
from which the APEs can be obtained by taking derivatives with respect to z; and y;_1.

N

zty1) _ 1 ) OE[m(zt. yt-1.¢i:0)|yio. =i] (23)
a:,‘t N im1 a:it
. N ;
Opi(zt.ue-1) _ 1 ) OE[m (et yt-1.¢i:0)|yio. zi] (29)
Wi t-1 N~ i t-1

1.1.3 Computational Issues

Estimation of the model can be carried out using standard software that allows for two-limit

random effects Tobit specifications if the density of ¢; is specified in the following way
/
cilyio. zi = ag + a1yip + a9z + a; (25)

with ¢; ~ N (0,03). Including the entire vector z; along with y;o allows the unobserved
heterogeneity to be correlated with both the initial condition and the exogenous variables.
This distribution for the unobserved effect is similar to that employed in the random effects
probit model proposed by Chamberlain (1980) but uses the full vector z; instead of the time
averages of the exogenous variables to allow for more general correlation. Substitution for

¢; produces

—ZiY — Git_1P — O — Q1Y) — Q92 — A5
P(yis = Olwis. 2. io. a;) = ‘I)( itY — Git—-1P 0 1Yi0 2% z) (26)

Oy
2itY + git—1p + Qo + ayyip + a2z +a; — 1
P(yis = 1w, 25, gig.a;) = @ ( = (27)
u

OP(yir < ylwit. zi. gig- ;) _ i¢ (yn — ZitY — Git—1P — QO — QY0 — a23; — Gi) (28)
L

Ay s Oy
The log-likelihood function is then obtained by integrating the density of (y;i..... y;T) given

Wit 25, gins @;) against the distribution of a;
ity <i- 9i0, @y) a8 i

N T
1 a
L=Y log / I T fewiehwie. 2. vio, aiz 6) - (0_(.) da (29)
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t=1 a



This log-likelihood function has the same form as that for the random effects Tobit model

with the explanatory variables wjs. z;.yi0. By iterated expectations and defining ®; =

Ou Ou Ou

& (—u,vitﬂ—no—(‘tlyio—(\qzi), (i)2 - d (l—wﬁ—ao—alyio—(\q.’,i)’ c‘bl — o (—u‘it.’?-—nQ—-nly“()—ﬂz:i)’
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on ) and oy, = 0y + 04, the conditional mean function, defined

as f1(zt.ys—1) in (19), can be written as

wipid + ag + aqyig + a0z — 1

r(w;t, 2;.y;0:0) = @ ( ) + (wiB + ag + aryo + agz) -

Ov

X [(iJQ - (i)l] + oy [(1‘3] - (,;2] (30)

and the APEs are given by

w,; 0—b N —

ol

Since the distribution of ¢; is now fully specified in terms of observables and a normally

dr(u’lhzu’/lﬂ 0 ' 1 ZB

] (wit3 + ap + aryio + 02z;) (@52 - 6.’7)1) + [‘i’z - ‘i’l} } (31)

distributed error. partial effects on P(y;; = 0w, ¢;) and P(y; = 1l|w;, ¢;) can also be
computed.

While standard software can be used to implement the estimator outlined above under
these assumptions on the auxiliary distribution, special programming is required to use more
general specifications of the unobserved effect. In addition, since estimation of the fractional
response variable employs the truncated normal distribution, better convergence properties
should be attainable by exploiting the trimming of the normal distribution’s tails in the

optimization routine.
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1.2 Empirical Application

1.2.1 Dividend Policy Theory

There is a substantial literature, both theoretical and empirical, that investigates the motiva-
tions behind firm payouts to shareholders. A small but growing literature has also developed
addressing the choice of paying dividends either through cash distributions or through share
repurchases. The determination of what fraction of payouts will be made to shareholders
in the form of share repurchases is an ideal application of the dynamic fractional response
model for several reasons. First, a substantial fraction of dividend paying companies make
either 0% or 100% of their payouts in the form of share repurchases in any given year. In
the sample used in this application, over 20% of the observations occur at each corner. In
addition, there are very few concerns raised in the existing empirical literature related to
problems of feedback or endogeneity in the explanatory variables. Also, the concept of state
dependence or persistence in dividend policy is central to the theoretical literature. The
importance of dynamics is based on the work of Lintner (1956) who showed that firms are
reluctant to reduce cash dividend payments since it may be viewed as a negative signal of
future performance. Therefore, share repurchase programs may be used to distribute changes
in carnings that are expected to be transitory while changes in cash dividends may reflect
permanent changes in carnings.  Finally. unobserved firm characteristics are recognized as
potentially important in explaining firms’ dividend policy decisions, but there are few empir-
ical studies that have attempted to use panel data to correct for unobserved heterogeneity.
The most common types of analyses performed in the past have been univariate comparisons
and least squares estimation on averages of firm level annual data. However, recently some
advances have been made in the application of panel data techniques and in addressing other

econometric issues.

11



Jagannathan, Stephans, and Weisbach (2000) propose a number of testable implications
of the hypothesis that firins use share repurchases to distribute temporary cash flows. First,
they expect that firms with greater uncertainty about future cash flows, as measured by the
volatility of operating income, will have a larger percentage of repurchases. Since operating
cash flows tend to be more permanent than nonoperating cash flows, they also predict a
negative relationship between the ratio of payouts from share repurchases and operating
income, and a positive relationship with nonoperating income. In addition, Jagannathan,
et al. argue that share repurchases may be used by management when they believe that
the stock is undervalued, causing the proportion of repurchases to be negatively related to
the market-to-book value of the stock. They provide an analysis of descriptive statistics of
firm characteristics by payout method and perform a multinomial logit estimation to predict
the choice of payout method. In the univariate comparisons, they find that repurchasing
firms have lower operating incomes, higher nonoperating incomes, higher volatility, and
poor stock performance as predicted by theory. The multinomial logit model produces
the same conclusions with the exception that nonoperating income is not significant in the
multivariate analysis. However, it is difficult to interpret how these results generalize to
firms’ choice between dividends and share repurchases unconditionally since a firm’s choice
of whether or not to increase payouts and by what method may be related to unobserved
characteristics.

Fenn and Liang (2001) investigate the relationship between firms’ payout policy and man-
agers’ stock incentives. In general, dividend policy theory suggests that insider ownership
of stock aligns the incentives of management and shareholders, reducing agency problems
and leading to higher payouts of firin cash flows. However, managerial stock incentives may
also influence the composition of payouts to shareholders. Since the value of insiders’ stock

options is negatively related to future dividend payments, stock options create incentives for
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managers to make payments in the form of share repurchases instead of dividends. Fenn and
Liang estimate the ratio of repurchases using a two-limit Tobit model on firm-level averages
of annual data for 1993-1997. They use management shares and stock options, net operat-
ing cash flow, market-to-book ratio. log of assets, debt-to-asscts (leverage), and volatility of
operating income as explanatory variables. Of these, only management options, market-to-
book ratio, and volatility are significant, and all three exhibit a positive relationship with
the pereentage of payments made through repurchases. Their finding of a positive and sig-
nificant coefficient for volatility agrees with that of Jagannathan, et al. (2000), but they find
the opposite relationship between market-to-book ratio and share repurchases. In addition,
Fenn and Liang find a negative sign on operating income, which is also consistent with the
results of Jagannathan, et al., but the coefficient estimate is not significant. Fenn and Liang
also provide an alternative explanation for the role of options in share repurchase decisions.
They suggest that insider stock options could act as a proxy for unobserved characteristics
since firms with substantial growth opportunities may rely more heavily on stock options
in providing executive compensation or may be more uncertain about the timing of invest-
ment opportunities. However, they believe that they have adequately controlled for growth
opportunities through their selection of explanatory variables.

Moh’d, et al. (1995) also study the hypothesis that paying out cash dividends may
reduce agency costs by providing outside monitoring of managers. They use an 18 year
balanced panel of firms and include both industry effects and dynamics in their analysis.
However, since they apply weighted least squares to the panel without instrumenting or using
a transformation such as fixed effects or first differencing, their estimates will be inconsistent
if unobserved effects are present.

Manos (2002) is perhaps the first paper in this literature to deal with sample selection

directly. The study analyzes dividend payouts for a panel of firms from the Bombay Stock
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Exchange using a Tobit model. Manos finds evidence of sample selection and applies a
Heckman correction. It is uncertain to what degree Manos’ results may generalize to firmns
on the US stock exchanges.

The application presented in this paper looks at some of the most commonly cited de-
terminants of firm dividend policy to assess how estimates of these factors, as well as policy
analysis, may be impacted by correcting for dual corner solution outcomes, dynamics, and
unobserved heterogeneity. Since OLS estimation has been a prevalent method of analysis of
firm dividend policy in the past, the estimation performed in this paper will begin with OLS
as a basis of comparison for the results obtained after addressing these issues. Subsequently,
the model will be angmented to take into account unobserved effects and dynamics within a
linear model, as suggested by theory. Finally, the fractional response panel data model will
be implemented to address the econometric problem arising from the presence of two corner

solution outcomes.

1.2.2 Data

The data come from Compustat’s Industrial Annual and Industrial Quarterly databases
for 1992-2002 and includes all companies active during this period without missing data.
This data set exhibits a large number of share repurchase outcomes at each corner with
approximately 37% at zero and 25% at one. However, the number of obscrvations per firm
varies due to a combination of entry, exit, and missing data. Therefore, a sample was
created by dropping all firins that were not present at the beginning of the sample and
treating attrition as an absorbing state, meaning any observations following a period in
which the firm was not observed were dropped. Here t = 0 refers to 1992 so firms that did

not appear in both 1992 and 1993 were dropped. The underlying assumption when treating
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attrition in this manner is that at t = 1 the data represents a random sample and that
any sample selection occurs through exit after this point. Implications of the unbalanced
panel for estimation are addressed along with other estimation issues in section 1.2.3. Four
observations were also dropped with share repurchase ratios that were either negative or
greater than one. These appear to be data entry errors. This leads to a final sample with
11.628 observations on 1,800 firms.

The variables collected include: volatility of earnings, market-to-book ratio, operating
income, non-operating income, dividends, and share repurchases. Volatility of earnings is
defined as the standard deviation of the ratio of quarterly operating income to assets and is
calculated from Compustat Industrial Quarterly File data items 21 and 44. The market-to-
book ratio is defined as the ratio of market value of equity multiplied by shares outstanding
to the book value of equity from Compustat Industrial Annual File data items 24, 25, and 60.
Operating income is the ratio of operating income to assets, Compustat Industrial Annual
File data items 13 and 6. Non-operating income is the ratio of non-operating income to assets,
Compustat Industrial Annual File data items 61 and 6. The share repurchase and dividend
data come from Compustat Industrial Annual data items 115 and 127, respectively. The
share repurchase ratio is then computed as repurchases divided by the sum of repurchases and
cash dividends. A detailed discussion of share repurchase measurement issues can be found
in Jagannathan. et. al. (2000). Volatility, operating income, and nonoperating income are all
expressed relative to assets to control for firm size. All Compustat data items are measured
in millions of dollars. In addition, firm SIC codes were used to construct industry dummy

variables. These definitions as well as summary statistics are provided in the appendix.
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1.2.3 Estimation and Results
1.2.3.1 Ordinary Least Squares

Ordinary least squares estimation if a linear model is often a benchmark due to its theoretical
and computational simplicity as well as the small number of assumptions required for con-
sistency of the estimates. With a panel of data, OLS can be performed on the observations

pooled across the cross-sectional units, i, and the time periods, t. Given the model,

Vit = Yit-1P + 2t + it (32)

pooled ordinary least squares (POLS) coefficient estimates will be consistent under a zero
conditional mean assumption, Ele;|y;¢—1.2i¢) = 0, and a rank condition. No other restric-
tions on the distribution of the error term are required. Use of the OLS model will ignore
functional form issues arising from the doubly-censored nature of the dependent variable.
Since the share repurchase ratio is a fraction, predicted values, especially those for response
probabilities, should always lie in the unit interval in order to be sensible. Predicted values
from POLS can occur outside this interval though because a one unit increase in an explana-
tory variable will always have the same effect on the response probability, regardless of the
starting value. In addition. this specification does not take into account potential firm level
unobserved effects. Ignoring such unobserved heterogeneity, if present, would lead the POLS
estimates to be inconsistent due to omitted variable bias. It is also important to remem-
ber that the zero conditional mean assumption will be violated when a lagged dependent
variable is present if there are time invariant unobserved effects. The violation arises from
the correlation between the unobserved effect, which is a component of ¢;; along with the
idiosyncratic error, and the lagged dependent variable.

In the case of this application, y;; is the share repurchase ratio and z; is made up of the

exogenous covariates (i.e, market-to-book ratio, operating income, non-operating income,
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Table 1.1: Pooled Ordinary Least Squares Regression with Industry and Yearly Dummies

Share Repurchase Ratio Coefficient Estimate
Lagged Repurchase Ratio 0.675
(0.009)
Market-to-book Ratio -0.0001
(0.00003)
Operating Income Ratio 0.063
(0.018)
Nonoperating Income Ratio -0.093
(0.085)
Volatility of Earnings 0.011
(0.114)

Number of observations = 9828
Number of Firms = 1800

R-squared = 0.68

Note: Bold type indicates significance at the 1% level.
Quantity in parentheses is standard error.

and volatility). In order to control for industry level differences, the exogenous variables are
augmented with 10 industry dummy variables: agriculture, mining & construction, manufac-
turing, transportation, retail, wholesale, communications, financial, services. and utility. In
addition, a set of year dummies are included to control for changes occurring over time that
are common to all firms. POLS estimates with heteroskedasticity robust standard errors
are computed for the full sample. The estimates are provided in Table 1.1. The estimated
coeflicients for industry and ycar dummics arc excluded here and in subsequent tables for
brevity. The quantities given in parentheses are standard errors. Market-to-book ratio and
non-operating income both have negative coefficient estimates, and operating income and
volatility both have positive signs. However, only the lagged share repurchase ratio, market-
to-book ratio, and operating income are statistically significant. The result for operating

income is contrary to that obtained by both Jagannathan, et al. and Fenn and Liang, as
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well as that predicted by theory. Overall, the POLS estimation only shows empirical support
for the ideas that low stock prices contribute to a policy of increased share repurchases and

that there is persistence in share repurchase ratios.

1.2.3.2 Linear Dynamic Panel Data Model

Firm dividend theory suggests that both unobserved firm level effects and past dividend
policy are determinants of share repurchase ratios. Therefore, the econometric model should

be modified to include an unobserved effect such that

Vit = Yit—1P + Zigy + ¢ + ujt (33)

where ¢; is a firm specific unobserved effect and uj; is an idiosyncratic error term. Since ¢; is
not observed, estimatation of this model requires a transformation to remove its cffect. The
treatment of attrition as an absorbing state makes first-differencing (FD) a logical choice,

and applying this transformation the model becomes
Ayit = Ayig—1p+ Bzigy + Buyy (34)

where Ax;; = x4 — x;4—1. This removes the unobserved effect, ¢;, as well as any time
invariant regressors, such as industry dummies, from the estimation equation. Since the FD
transformation removes the unobserved effect before estimation, no assumptions need to be
made about the form of ¢;. However, inclusion of Ay; ;_1 violates the zero conditional mean
assumption required for consistency of the FD estimator, E[Auj|Ay;—1,Azi] = 0. Thus,
estimation of this model will require implementation of an instrumental variables procedure.
With first-differencing, (2;. % ¢-2.9;.¢—3..-.,¥i1) are all available as instruments at time f,
but, in order to limit the number of overidentifying restrictions, only (Azit, ¥it—2,Yit—3)
will be used as instruments in the first stage regression. The first-differenced two-stage least

squares (FD 2SLS) estimator corrects the problems inherent in the OLS estimation caused by
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ignoring the effects of unobserved heterogeneity. The estimator shares the desirable features
of the OLS model that no assumptions about the form of the error distribution are needed
for consistency beyond those on the conditional mean and that no assumptions about the
form of the unobserved effects are required. However, it also shares the negative feature
of ignoring functional form problems that can lead to predicted values outside of the unit
interval.

In this application, there may also be concern over using a balanced subpanel for estima-
tion since firm entry and exit are likely to be related to financial performance measures. In
other words. firms that appear in every period may systematically differ from those which do
not. Typically, in the existing literature on firm dividend policy, unbalanced panels are dealt
with either by performing estimation on a balanced subpanel from the data or on firin level
averages of annual data. Use of the latter precludes dynamics in the econometric model.
Even when selection is random or ignorable, estimation on the balanced panel is inefficient
since it is in effect throwing away data. Therefore, it is important to determine if sample
selection is present. Testing for sample selection was not performed in the previous section
because, in addition to the problems with OLS estimation noted above. if unobserved effects
are omitted in the econometric model but are correlated with selection, inference on the
significance of sample selection may be misleading. In order to produce consistent estimates
on an unbalanced panel, selection may be related to z; or ¢; but may not be correlated with
the error term. To test for selection in the panel with attrition, variable addition tests can
be performed like those outlined by Wooldridge (1995, 2002). The most straightforward
method is to include a lead of the selection indicator, s; 41, as a regressor and test for
significance using a t-test. (See, for example, Papke 1994.) The results of this estimation
on the full sample are shown in Table 1.2. The estimates show that the lead variable is

not significant in explaining share repurchases after conditioning on the other regressors and
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unobserved effects. It is now reasonable to conclude that sample sclection is ignorable in the
econometric model. The FD estimator is, therefore, consistent for the unbalanced panel or
a balanced subpanel. After dropping the lead of the selection indicator from the regression,
the FD 2SLS estimates are given in Table 1.3.

The lagged dependent variable is positive and highly significant with a magnitude sim-
ilar to that obtained from POLS, indicating that there is substantial persistence in the
percentage of payouts made through share repurchases even after accounting for unobserved
heterogeneity. The contrast between the other estimates obtained here and under POLS is
striking. The market-to-book ratio. which was significant at the 1% confidence level under
POLS, is no longer significant after controlling for unobserved effects. The coefficient. on
non-operating income has changed in sign from negative to positive and is now highly sig-
nificant. This is the relationship predicted by theory and obtained by Jagannathan, et al.,
but is opposite that obtained by POLS. Volatility has also become highly significant and
has increased substantially in magnitude, making the results under FD 2SLS consistent with
previous results, studies, and theory. Consequently, the results of the dynamic, linear model
suggest that companies use share repurchases to pay out transitory changes in earnings but
do not support a role for stock performance in dividend policy. In addition, the difference
between these results and those of the OLS estimation suggests a potentially important role

for unobserved firm heterogeneity in determining dividend policy.

1.2.3.3 Fractional Response Panel Data Model

Since the OLS estimates and the estimates from the dynamic, linear model support different
but not mutually exclusive theories of the determination of firm payout methods, the natural
question is whether one or the other, both, or neither of these theories will be supported once

the dual corner solutions are accounted for in the estimation. However, in order to address
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Table 1.2: FD 2SLS Estimates Including Lead Selection Indicator

Share Repurchase Ratio

Coefficient Estimate

Lagged Repurchase Ratio 0.726
(0.201)
Market-to-book Value -0.00002
(0.00001)

Operating Income Ratio 0.371
(0.094)

Non-operating Income Ratio 0.385
(0.155)

Volatility of Earnings 0.875
(0.397)

Lead Selection Indicator -0.026
(0.018)

Number of observations = 4736
Number of Firms = 1129

Note: Bold type indicates significance at the 1% level, italics 5%.
Quantity in parcntheses is standard error.

Table 1.3: First-Differenced Two-Stage Least Squares Estimates

Share Repurchase Ratio

Cocfhicient Estimate

Lagged Repurchase Ratio
Market-to-book Value
Operating Income Ratio
Non-operating Income Ratio

Volatility of Earnings

0.606
(0.169)
-0.00002
(0.00001)
0.352
(0.082)
0.538
(0.138)
1.020
(0.352)

Number of observations = 5189
Number of Firms = 1129

Note: Bold type indicates significance at the 1% level, italics 5%.
Quantity in parentheses is standard crror.
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this functional form problem in the context of the model from section 1.1, more restrictions
on the error distribution will be required as well as assumptions about the distribution
of the unobserved effect. For estimation of the dynamic, fractional response model with
unobserved cffects. equation (33) is now the latent variable equation in the two-limit Tobit
model specified in (1). The auxiliary distribution is specified as described in section 1.1.3

such that
¢i = ag+ ayio + a5z + a; (35)

where z; includes the values of the time varying exogenous regressors (i.e., market-to-book
ratio, operating income ratio, non-operating income ratio, and volatility of earnings) in
every time period. The inclusion of the exogenous variables from all time periods will limit
the number of observations to only those for firins with data available in all time periods,
creating a balanced panel for estimation of the fractional response model. Consequently,
testing the ignorability of selection will not be possible for the fractional response model
under this specification of the unobserved effect. However, tests of selection measures such
as the number of periods a firm appears in the sample with alternate specifications failed to
show a significant selection effect.

The results of the estimation are displayed in Table 1.4. While the parameter estimates for
non-operating income and volatility become insignificant once the nonlinearity is accounted
for, a more significant difference between this model and the previous specification is in
the size of the coefficient estimates. The parameter estimate for operating income is now
almost twice as large, and the cocfficient estimate for market-to-book ratio is 100 times
larger. However, all of the coeflicient estimates maintain the same signs. Looking at the
larger implications of the model, it is clear that results that were highly significant under

both of the previous specifications continue to be highly significant here (c.g., a positive
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Table 1.4: Dynamic, Two-Limit, Random Effects Tobit Estimates

Share Repurchase Ratio Coeflicient Estimate
Lagged Repurchase Ratio 0.484
(0.025)
Market-to-book Value -0.002
(0.001)
Operating Income Ratio 0.687
(0.125)
Non-operating Income Ratio 0.192
(0.245)
Volatility of Earnings 1.107
(0.689)

Number of observations = 4530
Number of Firms = 453

Note: Bold type indicates significance at the 1% level.
Quantity in parentheses is standard error.

relationship with operating income) while those that were significant in only one now appear
as marginally significant. This is the case for both market-to-book value and volatility of
carnings with cocflicient estimates just below the 10% confidence level. Thus, what appeared
to be strong empirical support for different theories in the previous models is now far less
conclusive.

Comparing these parameter estimates still provides an incomplete picture of the different
implications of these estimators empirically and, more importantly, for policy analysis since
the quantities of interest for determining the effects of the explanatory variables are the
partial and average partial effects. Under POLS and FD 2SLS. the coeflicient estimates
are also the partial effects. However, in the fractional response model this is not the case.
Instead, the APEs are computed using the parameter estimates from the fractional response
model and equation (31). The APE estimates are shown in Table 5. The directions of the

effects are the same as those for the parameter estimates. but the size of the effects has
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increased by 50-100%. Such a large difference in magnitude could be of great importance in
policy analysis.

Standard errors for the average partial effects can be obtained by the delta method or
bootstrapping. Due to the complicated form of the average partial cffects in the case of
the doubly-censored Tobit model, bootstrap standard errors are more practical. Bootstrap
sampling can also provide asymptotic refinements when the sampling scheme appropriately
recreates the dependence structure of the data. This is possible given a correctly specified
parametric model under certain regularity conditions. (See Andrews 2001.) Bootstrap stan-
dard errors for the APEs, computed with 500 replications, are also included in Table 5. In
addition to the difference in magnitudes, the standard errors show that, in contrast to the

parameter estimates, all of the APE estimates are highly statistically significant.

1.2.4 Specification Testing

A major drawback of using the Tobit model for estimation of a fractional response variable
is that it is only consistent under the assumption of normality of the error distribution.
The empirical relevance of departures from normality, however, depends on the extent of
their effects on the estimation results. This section attempts to address this concern as well
as other issues of misspecification. Another concern raised by this estimation method is
that misspecification of the crror distribution may also causc inconsistency. The fractional
response panel data estimator described above can be implemented under more general
distributional assumptions for the unobserved effect, but this specification has two features
to recommend it. First, as previously discussed, the adoption of this distribution of the
unobserved effect allows estimation to be performed with standard software. In addition,

this class of models is prevalent in current empirical work. To evaluate the impact of such
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specification problems, a functional form test can be performed.
By extending Ramsey’s Reset test to index models, Papke and Wooldridge (1996) derive
a test that can be performed as a general functional form diagnostic for fractional response

models. In this “Reset-type” test, the null model is given by
Yir = Tit€ +a; + uzy (36)
with 7y = (5, ¥it—1.yi0)- The alternative model is then
Wl = 1€+ m(ri€)? + ma(ried)® + ag + uy (37)

and a Lagrange Multiplier (LM) statistic is computed for the null hypothesis 71 = 0,19 =
0. The idea is that if the model has been correetly specified, nonlinear functions of the
explanatory variables will have no additional explanatory power. Table 6 presents the results
of the Reset-type specification test described above. Column 1 shows the estimation results
and Ramsey’s Reset test statistic for the POLS model estimated in section 1.2.3.1. Here
the variables included in x are the lagged repurchase ratio, market-to-book value, operating
income ratio, nonoperating income ratio, and volatility of earnings. The Reset test statistic
clearly indicates rejection of this model specification. This is not surprising given that the
model ignores firm specific unobserved effects and nonlinearities. Column 2 shows estimation
results and the Reset test statistic for the fractional response model from the previous section
using the same set of explanatory variables. The fractional response model takes into account
the effects of the nonlinear responsce probability, lagged dependent variable, and unobserved
heterogeneity, but it is subject to the normality assumption discussed above and specific
assumptions about the distribution of ¢;. The test statistic for this model is substantially
smaller than that for the POLS model, but it still clearly indicates misspecification.

What is the cause of the misspecification problem detected though? Unfortunately, the

Reset test is not helpful in answering this question. One possiblity is that instead of having
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Table 1.6: Reset-type Specification Test

Share Repurchase Ratio POLS RE Tobit  RE Tobit
Lagged Repurchase Ratio 0.675 0.484 0.571
(0.009) (0.025) (0.076)
Lagged Repurchase Ratio? -0.146
(0.081)
Market-to-book Value -0.0001 -0.002 -0.003
(0.00003)  (0.001) (0.002)
Market-to-book Value? 0.0000004
(0.0000002)
Lagged RepurchasesxMarket-to-book 0.004
(0.003)
Operating Income Ratio 0.063 0.687 1.080
(0.018)  (0.125) (0.231)
Operating Income Ratio? -0.994
(0.437)
Lagged RepurchasesxOperating Income 0.103
(0.221)
Non-operating Income Ratio -0.093 0.192 0.547
(0.085) (0.245) (0.528)
Non-operating Income Ratio? -0.415
(0.555)
Lagged RepurchasesxNon-operating Income -0.5635
(0.847)
Volatility of Earnings 0.011 1.107 1.288
(0.114)  (0.689) (1.248)
Volatility of Earnings? -2.708
(9.135)
Lagged RepurchasesxVolatility 1.105
(1.469)
Reset statistic 241.77 147.27 4.26
df 2 2 2
5% critical value 5.99 5.99 5.99

Note: Bold type indicates significance at the 1% level, italics 5%.

Quantity in parentheses is standard error.
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misspecified the crror distribution, there may be nonlinear functions of the explanatory
variables which are significant and have been omitted fromn the model. To test this possibility,
column 3 estimates the fractional response model again including in r quadratic functions of
the explanatory variables and interactions of the lagged dependent variable with the other
explanatory variables. The coefficient estimates for the explanatory variables that were
included in both two-limit Tobit estimations are qualitatively the same in terms of sign and
significance. and they are quantitatively similar in terms of the size of the cocflicient estimates
when the quadratic and interaction terms are added. However, now the model passes the
Reset test. Due to the similarity of the estimation results across both of the linear models,
which are unaffected by assumptions about the form of the errors or unobserved effects, and
the fractional response model as well as the results of the Reset-type functional form tests,
it seems reasonable to believe that inconsistency due to the lack of robustness of the Tobit
model to non-normality of the error distribution is not of great concern in this application.

To test whether it is appropriate to include a firin specific effect, a pooled two-limit
Tobit model was estimated and a likelihood ratio test of the significance of the within-panel
variance was performed. Results of the pooled two-limit Tobit estimation and likelihood
ratio test statistic are provided in Table 1.7. The test clearly rejects the hypothesis of no
unobserved firm eftfects. This is further supported by the differences between the coeflicient
estimates for the pooled Tobit and those obtained from models that account for unobserved
heterogeneity (i.e., RE Tobit and FD 2SLS), as well as by the similarity of the pooled tobit
estimates to those of POLS, which ignores these effects.

Comparing results across all four models estimated provides additional support for the
appropriateness of the fractional response panel data model in this application. Parameter
estimates for the lagged share repurchases are positive and significant across all models and

are similar in magnitude. The parameter estimates are somewhat higher for the POLS
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Table 1.7: Dynamic, Two-Limit, Pooled Tobit Estimates

Share Repurchase Ratio Coefficient Estimate
Lagged Repurchase Ratio 0.962
(0.020)
Market-to-book Value -0.002
(0.001)
Operating Income Ratio 0.138
(0.060)
Non-operating Income Ratio -0.081
(0.203)
Volatility of Earnings -0.471
(0.404)
Likelihood Ratio Statistic 279.49

Number of observations = 4530
Number of Firms = 453

Note: Bold type indicates significance at the 1% level, italics at 5%.
Quantity in parcntheses is standard crror.

and pooled Tobit models though, possibly indicating an upward bias created by neglecting
unobserved heterogeneity. Estimates for market-to-book value are consistently negative and
small in magnitude across models but are substantially smaller under POLS and FD 2SLS in
which the nonlinearity in the dependent variable is not taken into account. The relationship
between nonoperating income and share repurchases predicted by theory is supported by
the results of the FD 2SLS and fractional response panel data model, but under POLS and
pooled Tobit the opposite relationship is obtained. Again, the change in the sign of the
parameter estimate is likely caused by neglecting unobserved heterogeneity. Volatility also
appears to suffer from a substantial downward bias when unobserved effects are ignored. In
summary, estimates are consistent across both the models that are and are not affected by
the assumptions of normality of the error terms and of a specific form of the unobserved

effect when all factors are taken into account.
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1.3 Discussion

This chapter develops a method for estimating fractional dependent variables with panel
data in the presence of unobserved effects and lagged dependent variables. The estimator
allows for a wide variety of specifications for the density of unobserved heterogeneity. Aver-
age partial effects are identified and easy to computable. In addition, a special case of the
estimator can be implemented by standard software that includes routines for random effects
Tobit models. An application of the technique to firm dividend policy also demonstrates the
potential effects of neglecting the doubly-censored nature of fractional responses. Primarily,
this application shows that it is important to recognize that average partial effects are the
relevant quantity for empirical analysis in dynamic, nonlinear panel data models with unob-
served effects. In chapter 2, the robustness of APE estimates to specifications of unobserved
effects and intial conditions is examined further using both simulations and an application
to household brand choice.

Finally. there are several potential extensions to the results presented here. First, in-
corporation of heteroskedasticity into both the structural and auxilliary densities could be
considered. Also, Wooldridge (2000) presents an approach that could extend the methodol-
ogy employed in this paper to allow for feedback to future explanatory variables. It might
also be interesting to investigate how the proportion of observations occurring at corner
solution outcomes affects the differences between the ordinary least squares and dynamic
linear and nonlinear model estimates. In addition, programming the general model to allow
for any auxiliary distribution and to take advantage of potential computational gains would

be desirable.
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CHAPTER 2

An Examination of the Sensitivity of Average Partial Effects in

Panel Probit Models

In nonlinear panel data models, the usual estimates of interest from regression analysis,
partial effects, are not parameter estimates as they typically are in linear models. Instead,
partial effects depend on all of the model explanatory variables, including unobserved effects,
through a nonlinear function. Consequently, nonlinear panel data models are difficult to es-
timate because unobserved effects can not be separated from maximum likelihood estimates
except in special cases. When lagged dependent variables are present, dynamics add another
layer of complexity due to the introduction of initial conditions. Three methods are generally
used for estimation of dynamic, nonlinear panel data models that produce consistent param-
eter estimates: random effects. bias corrected fixed effects. and semiparametrics.! However,
not all of these methods are able to identify partial effects and average partial effects (APEs),
partial effeets averaged over the distribution of the unobscrvables, which are more relevant
empirically and for policy analysis.

Wooldridge (2005b) argues that in the literature too much attention has been given to
identification of paramcters and not cnough to partial cffects. As discussed by Wooldridge,
this criticism is particularly important in the context of latent variable models since only
the sign and relative magnitude of the parameters from these models and the total effect of
covariates on the response probabilities have quantitative meaning. However, there has been

a recent focus in the econometrics literature on estimating limited dependent variable models

1For details on bias correction methods, see Hahn and Newey (2004).
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using semiparametric methods such as those devised by Honore and Kyriazidou (2000), Hon-
ore and Lewbel (2002), and Arellano and Carrasco (2003). Semiparametric methods allow
for agnosticism about the form of the unobserved effect and initial conditions in estimation,
but current methods do not allow for identification of APEs. In comparison, random cffects
(RE) models can indentify APEs but require specification of a parametric model for the
densities of both the unobserved effect and the initial condition. While it is known that
under misspecification of these densities, RE parameter estimates are inconsistent, the be-
havior of the associated average partial effect estimates is generally unknown. Since partial
and average partial effects are typically the true quantities of interest for answering empirical
questions. if average partial effects are relatively insensitive to the specification of unobserved
effects and initial conditions. the focus on more complicated semiparametric methods may
be unnecessary.

This chapter presents an examination of the behavior of average partial cffects through
simulation analysis and an empirical application as a step in filling this gap in the literature.
In addition to addressing an econometric question, understanding the behavior of APEs has
important practical implications. This is illustrated in a statement made by Heckman in his
2001 Nobel Lecture: “Different assumptions about the sources of unobserved heterogeneity
have a profound effect on the estimation and economic interpretation of empirical evidence,
in evaluating programs in place, and in using the data to forecast new policies and assess
the effect of transporting existing policies to new environments.”2 The quote addresses the
need for care in the choice of assumptions employed in econometric modeling of unobserved
heterogeneity in order to obtain valid empirical results. Since the true functional forms of the
distributions of the initial condition and unobserved heterogeneity arc generally unknown, if

RE methods are to be used for policy analysis, it is important to know about the sensitivity

2Heckman, 2001, p.686.
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of quantities of interest to such assumptions and econometric specifications.

Currently, little evidence on the sensitivity of dynamic, nonlinear panel data estimators
to functional form assumptions exists. However, a few studies compare parameter estimates
across methods and parametric specifications for the binary response model. Chintagunta,
et al (2001) compare traditional logit and probit estimation methods for a discrete choice
model of household brand choices with the semiparametric method developed by Honore and
Kyriazidou (2000). They compare the parameter estimates and standard errors produced
by the various models and also perform Monte Carlo experiments to examine the sensitivity
of the estimators to the assumptions made concerning unobserved effects. They conclude
that: 1) All methods lead to significant estimates but that the size of the estimates varies
greatly across specifications; 2) Conditional logit models produce more robust estimates of
the coeflicients on the exogenous variables but produce poor estimates of the coeflicient
on the lagged dependent variable; and 3) Estimates of state dependence greatly depend
on the specification of unobserved heterogeneity. However. Chintgunta, et al assume that
yio is exogenous in all specifications where a lagged dependent variable is included, which
limits the applicability of their results to a broader class of models. Chay and Hyslop
(2000) also compare estimation methods in dynamic, binary response panel data models.
They perform both Monte Carlo experiments and estimate a model of female labor force
participation to assess the performance of random effects, fixed effects, and the Honore and
Kyriazidou methods. In contrast with Chintagunta, et al, Chay and Hyslop include multiple
specifications for the initial conditions in their study. They find that when initial conditions
are misspecified the degree of state dependence tends to be substantially overstated and the
effects of the exogenous covariates are underestimated.

Hyslop (1999) performs a similar comparsion of the linear probability model, a static ran-

dom effects probit model, and a dynamic random effects probit specification in an empirical
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application of female labor force participation and by comparing their prediction capabili-
ties. Hyslop finds that the differences between the parameter estimates depend upon the
speciﬁ(‘ation of the errors and unobserved heterogeneity but are often comparable. Ham
and Lalonde (1996) also conduct a limited comparison of estimates from a duration model
application to job training programs when different assumptions are made about the form
of unobserved heterogeneity. They do not draw any substantive conclusions about the effect
of varying these assumptions though since the focus of their paper is on sample selection
issues.

Thus, all previous studies focus on parameter estimates even though the quantities of
interest in binary response models are typically the conditional response probabilities and
partial effects. Instead, this chapter proposes an examination of the ability of random effects
models with flexible specifeations for the conditional distributions of unobserved heterogene-
ity and intial conditions to produce good estimates of quantities of interest even if the model
is incorrectly specified. This will be accomplished through both Monte Carlo experiments
and an empirical application. The results of the simulation study are abstract and difficult
to put into the proper context alone. Thus, the empirical application helps to clarify the
findings of the simulation. The outline of the chapter is as follows: Section 2 describes the
model specifications to be considered. Section 3 presents the Monte Carlo study. and section
4 examines APE sensitivity in an empirical application. A discussion of the results and

conclusions is presented in section 5.

2.1 Model Specifications

The paper restricts attention to the latent variable model since this is the leading case in

which parameters have no meaningful interpretation. This is also the case most commonly

34



considered in previous studies on parameter estimates. Among latent variable models the
simplest case is that of the binary response model. The dynamic, binary response panel data

model is specified as

vit = UaziB+pyit-1+cituip>0) (1)

Plyie = Urit- yis-1.¢:) = FlraB+pyit—1+¢) (2)
Plyit =0laig. yit—1.¢;) = 1= F(2uB+pyis—1+¢) (3)
Pyt = Uzits Yit-1--¥i0) = Plyie = Urit vit-1) (4)

where F(.) is some well-behaved cumulative distribution function, 7 = 1, ..., N indexes cross-
sectional units, ¢ = 1,...,T indexes time periods, and 1(z;;8 + py;+—1 + ¢; + u;z > 0) is an
indicator function equal to 1 when the expression inside the parentheses is greater than zero
and is equal to zero otherwise. y;; is the dependent variable, z;; represents the exogenous
variables, and ¢; represents unobserved time invariant individual characteristics. u; is an
error term that has zero mean, variance ag, and is normally distributed in the probit case,
F(.) = ®(.), or has a logistic distribution, F(.) = A(.), in the logit case. In empirical
applications, the choice between the logit and probit models is largely based on convenience
since typically there is nothing from economic theory to recommend one form over the other.

However, parameter estimates generally differ by a substantial factor between these models.

The conditional density of y;¢ is then given by
p : 1=
Je(itlwit. yig—1.00) = F (zitB + pyig—1 + i)'t [L = F (xapB + pyig—1 + )] "t (5)

and the log-likelihood function for the traditional dynamic random effects model is given by

N
L=y 10!1/[/'(!/1‘0|-'71w i) [T I Witlvie=1- xies clleglg 9)d P (e;) (6)
i=1

t=1



with h(c;|z;.d) representing the density of ¢; given z; with parameters 4. Average partial
effects are then obtained as the partial effect after “integrating out™ the unobserved effect.
Standard errors for the average partial effects can be obtained by the delta method or
bootstrapping.

From the equation for the log-likelihood function, it is clear that specification of f(y;g|x;. ¢;)
and h(c;|a;, d) is required in order to proceed with estimation. Since the data generating pro-
cesses are unknown and consistency of maximum likelihood depends on correct specification,
it is difficult to determine the best way to proceed. Ideally, specifications for unobserved
effects and initial conditions that are very simple to estimate would lead to good estimates
of quantities of interest even if the true underlying model was quite complicated. To in-
vestigate the feasiblity of such an approach for obtaining estimates of APE’s, several fairly
simple but flexible models for the condtional distributions of ¢; and y;o have been chosen.
Three different specifications of the intial condition are studied. First, the initial condition

is treated as exogenous in the sense that

P(yiol;.ci) = P(yi0)- (7)

The degree to which this assumption is a concern in practice depends on the application.
For example, this assumption may not be distasteful in the context of brand choice, as in
Chintagunta, et al, since the initial brand choice may, in fact, be unrelated to most individual
specific characteristics. This is in contrast to settings such as estimating a wage equation
or labor force participation where this assumption would be difficult to justify at best. Two
specifications also approximate the distribution of the initial condition. Approximation of the
distribution of the initial condition was proposed by Heckman (1981). The approximations

used here are

P(yip = 1z ;) = ®(x;03) (8)
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P(yio = lzi.c;) = @(mo + ni&; + m2ci) (9)

which allow for varying degrees of correlation between the initial condition and individual
characteristics.  The second specification is more flexible because it allows for a separate
intercept and does not impose the same parameter values on the initial period that are
estimated for t > 1. Also. four specifications for the distribution of unobserved heterogeneity

are considered. These are given by 3

cilr; ~ N(vo+¥]&.08) (10)
cilri ~ N(vo+y1&; + vodi® + ¢35, 02) (11)
cilti ~ N(vg+¢|%;. o2erp(N 7)) (12)
cilry ~ N(vg+ & + odi® + 38,5, olexp(N| ;) (13)

The distribution of the unobserved effect in (10) gives rise to what is sometimes called
Chamberlain’s Random Effects Probit Model or the Mundlak-Chamberlain Device and cre-

ates correlation between ¢ and z through the mean?

. The second specification allows for
additional flexibility without attempting to incorporate heteroskedasticity, which compli-
cates estimation, by using a polynomial in the exogenous regressors for the mean function.
The last two specifications contain the same mean functions as previosly described but allow
for exponential heteroskedasticity as well.

In addition to the traditional RE method, models specifying the distribution of the unob-
served effect conditional on the initial condition will be estimated. This approach is proposed

by Wooldridge (2005a). Wooldridge points out that, since the density of (y;1, ..., %) given

(yi0, 77, ¢;) is already available without assumptions on the initial condition, only the den-

2

3For notational convenience, when x; is a vector x7 or :r%3 indicates that each element of the

vector is squared or cubed.
4Mundlak (1978), Chamberlain (1980)
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sity of ¢; given (y;0,x;), denoted h(c|y;p.x.d). needs to be specified in order proceed with
estimation. Therefore, given h(c|y;g, z;;d) the log likelihood function for the random effects

model is

N T
L=Y log / T fwitlvis—1.zie-e) | hleilyio. zi:8)dF(e;) (14)
i=1

t=1

For this method. the distributions of the unoberserved eflect are similar to those used in
the traditional RE sctting but include an additional term taking into account the initial

condition

cilrioyio ~ N(og +a1yio + a2 02) (15)
clricgio ~ Nlog +aryio + aof; + agi® + agi3.02) (16)
ciltivgio ~ N(og+ayyio + oafi olerp(\7?)) (17)
cilricio ~ N(ag + aqyjo + 09F; + 0352 + agdis, 03(1;1:])(/\/1.f'.i2)) (18)

By specifying the distribution of the unobserved effect in this way, correlation is allowed

between the exogenous variables, unobserved eftect, and the initial condition.

2.2 Simulation

Attention in the simulation study is restricted to the probit model with the variance of
Uit 03, normalized to 1 to simplify estimation and comparison of the estimates. A Monte
Carlo study was performed for panels of multiple lengths in both the time and cross-section

dimensions such that 7 = 5,25 and N = 100, 500.% The true data generating process (DGP)

%In every case the magnitudes of N and T specificd maintain the standard asymptotic properties for

pancls since T is small relative to N.
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in the simulation is given by

Vit = T8+ pyig—1+ci + g, t=1,...T (19)

yio = Tioh+ei+u (20)

wiy ~ N(0.1) (21)
N S 2 r 2

cilt; ~ N(vg+ viF.o5(Ao + A15%)) (22)

while estimation is performed using (7)-(9) and (10)-(13) for traditional RE or (15)-(18) for
the method proposed by Wooldridge. Thus, the variance of ¢;|x; in the DGP is heteroskedas-
tic but of a different form than in the estimated specifications, and the form of the initial
condition in the DGP is a combination of the estimated specifications. The simulations
present a comparison of the paramneter and average partial effect estimates produced when
the correet distribution of the unobserved effect is specified. namely normally distributed
unobserved effects, but the moments of the distribution may be incorrectly spcciﬁed.6 In
addition, the degree of state dependence varies while the coefficients on the exogenous vari-
ables remain fixed in order to examine whether the relative size of the parameters influences
the senstivity of the estimates. The parameter values used are 31 = .25, ¥ = 1.5, and
p = 0,0.25. or 0.75. Note that for p=0 no lagged dependent variable is included in the
data generating process (DGP). Estimating this static model, provides a basis of compari-
son for determining the effects of misspecification of the unobserved effect alone. All other
model parameters (7 .e..a?,. A ¢, o and n) will be fixed across designs. The “true” values of
the APEs discussed below were obtained by simulating the partial effects for each case and

evaluating the average at the mean value of the covariates.

SRescarch is ongoing to check the robustness of the results obtained here by assuming a non-normal
distribution for the data generating process of the unobserved effects but performing the estimation using a

normal distribution. Thus, the distribution itself, in addition to the mean and variance, is misspecified.



APE results for the static case (i.e. p = 0) are shown in Table 2.1, which includes 1,000
replications for each of the four panels (A, B, C, and D). Parameter estimates significant
at the 10% confidence level or above are obtained in all cases. and the magnitudes of the
biases are similar across models and panel sizes, as shown in Table B.2 in the appendix. On
average, the parameter estimate for ry differs from its true value by .075 and that for x9
differs by .449. This is approximately 30% of their true values. However, all tests of the
hypothesis /52 = 1.5 are rejected at the 10% level. Similarly, 9 of the 16 cases reject the
hypothesis that 31 = (.25 at the same level. In Table 2.1, estimates are shown in bold print
if they are both significant at greater than or equal to the 5% level and fail to reject the
hypothesis that they are equal to their true value. Estimates shown in italics are similarly
significant at 10%. In contrast, only 2 of 16 APE estimates for x reject the hypothesis that
they are equal to their true value and approximately 1/3 of the APE estimates for x5 fail to
reject this hypothesis. All of the estimated APEs are statistically significant at. the 5% level
with one exception that is significant at 10%. In addition. the bias of all these estimates
is less than the average bias of the parameter estimates as a percentage of their true value.
No particular specification of the unobserved effect appears to provide better estimates than
any other overall. This could be concerning since statistically significant APE estimates are
obtained that are statistically different from their true values in some cases. However, the
differences in magnitude are sufficiently small in all cases that the deviation from the true
value may not be important from an empirical standpoint, particularly since the size of the
bias is not growing either with the sample size or the number of time periods. Also, it is
interesting to note that the APE estimates are most robust to misspecification of ¢; when
the panel is small. As the panel size grows, correct specification of the conditional mean of ¢;
given x; appears to become more important as shown in panel D. However, misspecification

of the conditional variance does not seem to have a great effect on the estimates even as the
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panel size changes.

Tables 2.2 and 2.3 present simulation results for the dynamic case using the traditional
random effects approach where p = 0.25 and 0.75, respectively. Again, 1,000 replications were
performed in each case. The results for the dynamic models are more complicated than those
for the static case and differ slightly according to both the degree of state dependence and
the way in which the density of the initial condition is estimated. The parameter estimates
associated with Tables 2.2 and 2.3 are given in Tables B.3 and B.4 in the appendix.

For p = 0.25, all parameter estimates for x9 are statistically significant and nearly all of
those for x] are as well. p is not well estimated by any model in panel A, which has the
smallest sample size, but the estimates are statisitically significant in most other cases. It is
interesting to note that the bias of the parameter estimates tends to be smallest when the
unobserved effect is specified as in (13), especially for initial conditions specified in columns
(i) and (ii). This corresponds to the most flexible specification for ¢; and the more simple
specifications for y;g, but this effect is smaller in larger panels. Further, no combination
of panel length, intial condition specification, and unobserved effect specification leads to
a set of parameter estimates that are all significant and fail to reject the hypothesis that
they are equal to their true values. The results of the APE estimation are more encouraging
though. Insignificant APE estimates only occur when parameter estimates are statistically
insignificant. Among the statistically significant APEs all fail to reject the hypothesis that
they are equal to their simulated values with one exception, which is for xo in panel B under
specification (13) for ¢; and (i) or (iii) for y;9. In general, the most simple specification for
the initial condition, (i), appears to lead to the “worst” APE estimates since no combination
of unobserved effect specification and panel size leads to all three APEs being simutaneously
well estitnated. In addition, no specification is able to accurately estimate all three APEs

when p = 0.25 for the smallest sample size as the average parital effect of p is only consistenly
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well estimated when T = 25. However, when T = 25 using (10) and (ii) or (iii) all APEs are
consistenly estimated for panel C and with (11) or (12) and (iii) all APEs are consistenly
estimated in panel D.

For p = 0.75, which has a higher degree of state dependence, if the parameter estimates
are statistically significant then the APE estimates are significant and not statistically dif-
ferent from their simulated values at the 10% confidence level or higher. except for rag in
panel B with (12) and (i). However, many fewer of the corresponding parameter estimates
are statistically significant and not significantly different from their true values as indicated
by the bold and italic print. Overall, for T=5 homoskedastic models seem to produce the
best APE estimates. This is seen by observing that for (i)-(iii) and (10)-(12) all three APEs
are consistenly estimated in panels A and B by using (10) or (11) to specify the distribution
of the unobserved effect. Interestingly. for p = 0.75 and T = 25, all three APEs are only
well estimated when (12) and (iii) are specified. This may indicate that the importance of
allowing for heteroskedasticity in the variance of the unobserved effect increases as either
the degree of state dependence, the number of time periods, or both increase. In contrast,
when the number of time periods is small, all specifications for the initial condition and the
conditional mean are able to produce a well estimated set of APEs.

Overall, Tables 2.2 and 2.3 share many similarities. Specifically, almost all APEs are
statistically significant and close to their true values, except those with corresponding in-
significant parameter estimates. In addition, the relative insensitivity of the APE estimates
to misspecification is further emphasized by comparison with the findings of earlier studies on
the sensitivity of parameter estimates. Chintagunta, et al found that parameter estimates for
state dependence varied substantially depending on the specification of unobserved effects.
The results in Tables 2.2, B.3,2.3, and B.4 show variation in the parameter estimates across

the specifications of ¢;|x;. which seems to depend primarily on the specification of the initial
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condition. More importantly, even when parameter estimates vary the most across the distri-
butions of unobserved heterogeneity, the changes in the magnitudes of the APE estimates are
very small. Chay and Hyslop found that when initial conditions are misspecified the effect of
state dependence is overstated and the effects of the exogenous regressors are understated.
Instead, the simulations presented here show that in larger panels all parameter estimates
were underestimated, regardless of the degree of state dependence. In smaller panels, how-
cver, when the initial condition was specified as Py = 1|xg, ;) = (g + n’l.fi + m9c;)
parameter estimates were all understated when the unobserved effects were estimated as
homoskedastic and all overstated when they were heteroskedastic. However, the degree of
variation in the APE estimates was much less, and APEs were more sensitive to the specifi-
cation of the intial condition than that of the unobserved effect.

Table 2.4 shifts to consider the case when the distribution of ¢; depends on the initial
condition in addition to the exogenous covariates. This simplifics estimation and reduces
the number of assumptions required by removing the need to model the distribution of y;q
separately. This is of even greater importance in light of the results above, which show that
APEs are more sensitive to the specification of y;o than ¢;. The results of these simulations,
using the specifications of unobserved heterogeneity described in (15)-(18), immediately show
two other reasons to prefer this method to that of specifying the distributions of ¢;|z; and
yiolri. ci separately. First, there is never a case where 3 is statistically significant and
equal to its true value and the associated APE estimate is not as well. Second, using this
method, a larger number of the estimated APEs are consistently well estimated than under
any single specification for y,g|r;, ¢;. Further, when the degree of state dependence is high,
for every panel size there is a specification for the unobserved effect that leads to all three
APEs being simultaneously consistently estimated. As under the previous method, with

T = 5 homoskedastic specifications for the unobserved effect seem to produce the best APE
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estimates and allowing for heteroskedasticity appears to become more important as the
sample size increases.

The results obtained in this section are fairly abstract. Taken together, they suggest that
if APE estimates are statistically significant, they tend to provide good estimates of their
true expected values despite potential misspecification of the distributions of unobserved
effects and initial conditions. In cases where dynamics are present and a distribution for the
initial condition is specified, there is also a benefit to increased flexibility in the specification
of the initial condition and to allowing for heteroskedasticity in the unobserved effect in
larger panels. Whereas, in smaller panels, simplicity in estimation is more important. In
addition. while the specification of the unobserved effect seems to have only a small effect on
APE estimates, the specification of initial conditions has a large effect on APEs. This may
be a good argument for using the approach in which the distribution of unobserved effects
arc specified conditional on the initial condition and exogenous regressors, as proposed by
Wooldridge. In the following section, a similar approach is used in an empirical application.
The results of the application support the findings described here and make the implications

of the simulation study more concrete.
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Table 2.1: Static Simulation, p=0
DGP ¢;lz; ~ N (g + ¥} 7. 02(Mo + N 7,2))

Estimated Process

APE Estimates

(A) T=5, N=100 T T9

il ~ N(tg + @7 02) 0.041 0.247

(0.018) (0.020)

cilri ~ N(uvg + vl + vor? + v3r, 02) 0.041 0.245

(0.018) (0.020)

cile ~ N (g + 0li o2erp( N 7)) 0.041 0.244

(0.018) (0.020)

cilri ~ N(vg + c‘r'l.'r_,- + L-’rg.fi? + '¢'}3f.i3, agerp(/\'l;fi)) 0.041 0.246

(0.021) (0.022)

Simulated APE 0.037 0.221

(B) T=5. N=500 7] T9

cilri ~ N(vo + V). 02) 0.041 0.247

(0.008) (0.009)

ity ~ N(vg + ¥ + vod;? + i3 o) 0.041 0.244

(0.008) (0.008)

cilry ~ N(vg + v 5. 02exp(N| 3;)) 0.041 0.244

(0.011) (0.010)

eilry ~ N(Wg + 0@ + vod;? + vgr® olexp(M ;)  0.037 0.229

(0.011) (0.033)

Simulated APE 0.033 0.199

(C) T=25. N=100 ry 9

cilri ~ N(eg + 07 02) 0.043 0.254

(0.008) (0.015)

i~ N (Vg + 0h o + vnd? + v ol 0.042 0.255
cilri ~ N(Ug + 0T + vty © + vgdi®oog) . .

(0.008) (0.015)
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Table 2.1 (continued)

Estimated Process APE Estimates
eilri ~ N(vo + v & o2erp(N| 5;)) 0.042 0.253
(0.008) (0.015)
cilai ~ N(vg + v + UTi2 + u’zgfi3,dgvrp(/\'lf;)) 0.037 0.229
(0.011) (0.033)
Simulated APE 0.051 0.304
(D) T=25, N=500 T I2
cilti ~ N(vg + vl 7. 02) 0.042 0.255
(0.004) (0.007)
cilvy ~ N(vo + V1E + vof? + ugi3. 02) 0.042 0.255
(0.003) (0.007)
cilri ~ N(vg + l;"if,‘. 0(2,01'1)(/\’113)) 0.042 0.254
(0.004) (0.007)
cilei ~ N(vo + VT + VT2 + v, UZ(%.r[)(/\'lfi)) 0.041 0.249
(0.004) (0.011)
Simulated APE 0.049 0.292

Quantity in parcntheses is standard error.

Estimates in bold are significant at the 5% level & simulated equals estimated APE (italics 10%).
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Table 2.2: Dynamic Simulation, p = .25

DGP ¢;laj ~ N (v + ¥ Ti,02(Ao + N 72))

Estimated Process

APE Estimates

(i) P(yiolricei) = Plyi)
(A) T=5, N=100 T ) Yt-1
eilri ~ N(vg + v 7o) (0.041) (0.244) (0.037)
0.019) (0.020 0.037
N Gy 8 6
cilri ~ N(vo + v, 0(2,(,'1'];(/\'1 7)) ((())(3)4226) (%%%g) (%(())47((3))
cilri~ N(vg + b'{f,' + UoF? + v E;s, Ugf)rp(/\'lfi)) (()0(())c382) ((())%)311) (%(())582)
Simulated APE 0.037 0.219 0.037
(B) T=5, N=500 T To Yt—1
eilri ~ N(vg + v 5. 02) (0.041) (0.246 (0.042)
0.009) (0.010) 0.017
cilri ~ N(uvg + Ui T + va® + usd®, 0]) (%%31% ) (%%) (%%3% )
cilrg ~ N(vo + ¢ 5. 02eap(N 7)) ((()).(();;75 ) (%%4297) (%%%% )
cilei ~ N(g + VT + vor? + o33, agerp(N| ;) (00'%4377) (%2042%) ((())'%590)
0% . .095
Simulated APE 0.033 0.198 0.033
(C) T=25. N=100 T T Yt -1
cilzi ~ Ny + ¢85 02) (0.045) (0.273) (0.045)
0.008) (0.015 0.018
cili ~ N(vg + U1F; + vad® + vgd3, o) (0.040) ?.0241) (0.(())397 )
0.008) (0.016 0.01
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Table 2.2 (continued)

Estimated Process

APE Estimates

cilxi ~ N(vg + vl 5. o2exp(N) ;) 0.042  0.254 0.042
(0.008) (0.015) (0.018)
cilri ~ N(vg + 15 + vod? + ¢3a;3, o2exp(NjF;))  0.041  0.243 0.039
(0.009) (0.016) (0.019)
Simulated APE 0.050 0.302 0.050
(D) T=25. N=500 T T Yi—1
cilri ~ N(vg + vf . 02) 0.045  0.272 0.045
(0.004)  (0.006) (0.008)
cilr; ~ N(vo + ¢ 5 + vadi® + ¢33, 02) 0.041  0.242 0.040
(0.006)  (0.009) (0.010)
cilri ~ N(vg+ v]ri. a;fearp(/\'l ) 0.042 0.254 0.042
(0.004)  (0.007) (0.008)
cilri ~ N(¥g + U\ F; + vof® + usd3, olexp(M7;))  0.043  0.254 0.043
(0.009) (0.010) (0.017)
Simulated APE 0.048 0.290 0.048
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Table 2.2 (continued)

Estimated Process APE Estimates
(i) P(yio = lzi. ¢;) = ®(x4013)
(A) T=5, N=100 x] 9 Ye—1
cilzi ~ Nl + 618:.00) (0:016) (0.018) (0.05%)
ilis ~ N (g + 45 + o + 33, 02) (%.%31% ) (%%21%) (%%%3,)
. o . J
N o) B G O
cilwi ~ N (v + ¢ + o2 + g3, 03(’11?])(/\’1:fi)) (%(())4228) ((())%%?7) (%(())5916)
Simulated APE 0.037  0.219 0.037
(B) T=5, N=500 T x9 Yt—1
cilTi ~ N(g + ¢4 5. 02) (0.040) (0.241) (0.040)
0.008)  (0.009 0.017
eilvg ~ N(vg + Y15 + hof® + ¢353, 02) (%.%:i% ) ((()).%22"(1) ) (%%%% )
cilr; ~ N(vg + 5. 02exp(N|T;)) (%%31% ) (%.%:g; ) (%%475: )
. . . J
cilwi ~ N(vo + )55 + vox? + v35,°, o2exp(N|7;)) (%%4237) (%%“}521) (%(())%58)
Simulated APE 0.037 0.219 0.037
(C) T=25, N=100 I T9 Yi—1
N i o BT 6
cilry ~ N(¢g + 15 + voi® + 373, 02) (%.%4(1)% ) ((())%711r ) ((()).%41% )
. . J .
cilzi ~ N(vg + ¢ 5. o2exp( M 57)) (%.%%17 ) ((())%Alllr) ((()).%41% )
. . '_) .

conlinued on next page
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Table 2.2 (continued)

Estimated Process

APE Estimates

cilzi ~ N(Vg + U] & + ved? + U3E;3, o2exp(N ;) ((()).'%4131 ) (%%127 ) (%%4235 )
Simulated APE 0.050 0.302 0.050
(D) T=25, N=500 T D) Yt-1
i ~ Nlvo + 6153.00) 0008 (0006) (0:008)
cilTi ~ N(Vg + vl5 + vof® + w33, 02) ((()).%t; ) (%. %7110) (%.(())4151 )
cilti ~ N(ug + U] . o2eap(MF)) (%%%% ) (%%627 ) (%%28 )
A - Y I
Simmulated APE 0.048 0.290 0.048
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Table 2.2 (continued)

Estimated Process APE Estimates
(iii) P(yio = 1|z, ¢;) = ®(ny + 0T + naci)
(A) T=5, N=100 &Iy a9 Yi—1
e M I
cilarg ~ N (Vo + V1 + i + di373, 02) (%%422) (%%%%) (%%‘;%)
. ) o .
eilri ~ N(vo + v i o2exp(N ;) (%%42; ) (%-%%26 ) (%%88% |
cilry ~ N(vg + 5 + 0o + ¢33 a2eap(N) (%%%58 ) (%%355 ) (%11(1% )
Simulated APE 0.037 0.219 0.037
(B) T=5, N=500 Iy €9 Yi—1
cilri ~ N(vg + ¢f5.02) 0.042  0.242 0.051
(0.011) (0.016) (0.031)
cilry ~ N(vg+ l/f'l.l_',j + 2 + g3, rf(zl) ((())%I;(i) (()020);%) ((())%%8")
. . . J
cilri ~ N(wg + vi 7 o2exp(N ;) ((())(2;3?;3 ) ((()).%1559 ) (%(()%% )
cilTi ~ N(uo + i85 + vof;? + a3, 02exp(N| 7)) (%%g‘;) (%204252) ((())%291)
Simulated APE 0.037 0.219 0.037
(C) T=25, N=100 T ) Yi—1
cilri ~ N(vg + v 5. 02) (0.046) 0.272) (0.047)
0.009) (0.016 0.020
S Y - 0
cilrg ~ N(vy + ¢ 5 o2ezp(N ;) (%.%:;% ) ((())%207 ) (%(();;26 )
. Uo .

continued on next page



Table 2.2 (continued)

Estimated Process

APE Estimates

cileg ~ N(ug + 5 + VT2 + ygd;S, agexp(/\'lfi)) 0.044 0.255 0.049
(0.013) (0.019) (0.035)
Simulated APE 0.050  0.302 0.050
(D) T=25, N=500 T T9 Yi—1
cilri ~ N(ug + vf . 02) 0.046  0.273 0.047
(0.005)  (0.008) (0.014)
cilri ~ N(Ug + 9485 + vod i + yai;3, o 0.046 0.272 0.049
(0.007) (0.011) (0.017)
cilvi ~ N(vg + "",lfi' 03('.1‘1)(,\'1 ;) 0.039 0.230 0.044
(0.010) (0.053) (0.022)
cilri ~ NV + ¢\ 5 + vof,® + ¢35, o2exp(M|7;))  0.043  0.255 0.029
(0.007) (0.012) (0.029)
Simulated APE 0.048 0.290 0.048

Quantity in parentheses is standard error.

Estimates in bold are significant at the 5% level & simulated equals estimated APE (italics 10%).
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Table 2.3: Dynamic Simulation, p = .75

DGP cjlz; ~ N(d + (£, 02(Ao + X ;%))

Estimated Process APE Estimates
(i) P(yiolricei) = Pyio)
(A) T=5, N=100 T i) Yt—1
cilri ~ N(vg + v 5. 02) 0.035  0.211 0.100
[ARE] 0 114 Ya
(0.017) (0.026) (0.028)
cilTi ~ N (g + U5 + vadi? + vgr3, 0?) 0.035  0.208 0.099
(0.016) (0.021) (0.034)
cilri ~ N(Vg + ¢ . o2eap(N, 7)) 0.041 0.240 0.120
. e (0.023)  (0.025) (0.061)
cilri ~ N(vg + V{7 + vof + va73, o2exp(N|7;)) 0046 0.247 0.123
(0.031)  (0.040) (0.092)
Simulated APE 0.037 0.219 0.109
(B) T=5, N=500 T] 9 Yi—1
cilzi ~ N(¥g + v 5. 02) 0.035  0.212 0.106
(0.007) (0.012) (0.011)
cilri ~ N(vg + Ui F + wadi? + v3dS, 02) 0.035  0.208 0.102
(AR 0 14 21 344 a
(0.008) (0.010) (0.017)
cilri ~ N(vg + v 5. o2cap(N) 57)) 0.039 0.241 0.127
o e (0.020)  (0.019) (0.063)
cilri ~ N(vg + L":'lfi + T2 + u;'3f,;3,0(2,ezp(/\'1fi)) 0.042 0.219 0.107
(0.022)  (0.021) (0.068)
Simulated APE 0.033 0.196 0.098
(C) T=25. N=100 T I Yt -1
cile; ~ N(vo + ¢4 5. 02) 0.039  0.228 0.113
(0.008)  (0.019) (0.013)
cilri ~ N(uvg + o] 5 + vodi + Vg3, 02) 0.037 0.227 0.111
e ~ N b ’ L (0.008)  (0.020) (0.013)

continued on next page



Table 2.3 (continued)

Estimated Process APE Estimates
cilz; ~ N(vg + ‘l;‘;'lf,-, Ugel‘p(/\’lfi)) 0.044 0.263 0.131
(0.009) (0.015) (0.018)
cilri ~ N(vp + U F + VoFi% + U3, ogerp(/\'lfi)) 0.043 0.253 0.125
(0.009)  (0.017) (0.023)
Simulated APE 0.050 0.299 0.149
(D) T=25, N=500 T 9 Yi-1
cilzi ~ Ny + ¢} 7. 02) 0.038 0.228 0.114
(0.003)  (0.009) (0.006)
cilri ~ Ny + @15 + Pofi® + ¢33, o) 0.038  0.225 0.113
(0.007) (0.011) (0.006)
¢ilwi ~ N(vg + ¢4 5. 02eap(N ;) 0.044  0.263 0.131
(0.004) (0.007) (0.008)
cilTi ~ N(¥g + €45 + voFi? + v3d;3, o2exp(\|£;))  0.043  0.253 0.126
(0.008) (0.009) (0.014)
Simulated APE 0.048 0.288 0.144

continued on next page
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Table 2.3 (continued)

Estimated Process

APE Estimates

(ii) P(yio = 1z, ¢;) = (zi00)
(A) T=5, N=100 T 1 -1
cilai ~ N(vo + 4471.00) (0018) (0.024) (0.027)
E At - S
cilri ~ N(uo + ¢ 7. o2exrp( N 5;)) ((?).'(;;?290 ) (%.%3532 ) (%'10 1640)
cilirg ~ N (G + Y15 + 0o + g3, ogerp(N;) ((%%42?) ((%.%%g)) ((%.10%%))
Simulated APE 0.037 0.217 0.109
(B) T=5, N=500 €1 €9 Yi—1
s o G8h @b
bt~ Mo + 40y 4 02+ bl o) (0:067)  (0.009) (0.017)
ciley ~ N(vg + v i ogeap(N ) (%%% ) (%%?i% | (%})2558 )
S
Simulated APE 0.033 0.196 0.098
(C) T=25, N=100 T 9 U1
alei ~ Nivo + v43i.7) (0:008)  (0.020) 0.013)
R A R Y R 1%
cilti o Vo & 153 caeap0 ) (0008)  (0.01%) (0.018)

continued on next page



Table 2.3 (continued)

Estimated Process APE Estimates

cilri ~ N(ug + 0| & + vof;® + v3d, o2exp(N|5;)) (%.%‘(1)% ) (%%5126 ) ((())..1022% )
Simulated APE 0.050 0.299 0.149
(D) T=25, N=500 Ty 9 V-1
e O
oM drntoasteG B B
Nt G
eila; ~ N(Wo + 015 + vod? + Va3 o2exp(N ;) ((()).%26 ) (%%%% ) ((()).})2165 )
Simulated APE 0.048 0.288 0.144

continued on next page






Table 2.3 (continued)

Estimated Process

APE Estimates

(iii) P(yip = 1z, c;) = ®(o + m T + 12¢y)
(A) T=5, N=100 ] ro Yt—1
cilTi ~ N(vg + 7. 02 (0.035) (0.207) (0.102
0.017) (0.030 0.029)
cilarg ~ N (Vo + 17 + 0o + d3i3, 02) (%%%‘32 ) (%-%g% ) (%%% )
cila; ~ N(vg + v} 5. 02exp(N| ) (%%35% ) (%'%)95?3 ) (% 102752)
cilag ~ N(vo + (/:i.f-z- + U2 + g3, 03(’.’1,‘])()\'1;175)) ((())(())%%) (?)%)i,?}) ((()) 11%23)
Simulated APE 0.037 0.217 0.109
(B) T=5, N=500 xy 9 Yt—1
cilri ~ N(vg + v 7. 02) (0.035) (0.208) (0.108)
0.008) (0.021 0.017
cilrg ~ N(dg + 017 + vod? + ¢33, 02) (% %3}49) (%.%%% ) (% 1()%74)
cilTi ~ Ny + v 5. o2erp( N 7)) (%.(()3219 ) (%})%65 ) (% 102790)
cilti ~ N(vo + vl + vadi? + ysd, o2exp(N ) ((())(312% ) (% 202167 ) ((3)1007531 )
Simulated APE 0.033 0.196 0.098
(C) T=25, N=100 T 9 Yt-1
cilri ~ N(vg + v . 02) 0.039  0.228 0.113
(0.008)  (0.021) (0.014)
il ~ N(vg + )i + vgi? + vgi3, 02) (%%%78 ) ((()).%‘22% ) (%' }) 11:; )
eilzi ~ N(vo + v 7. 02erp( M 5})) (%%3;62 ) (%'%f,,% ) (%.})%95 )

continued on next page
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Table 2.3 (continued)

Estimated Process APE Estimates

cilxi ~ N + )5 + vafi? + Y353, a2eap(N|£;)) (%%li% ) (%%51% ) ((()).})3&% )
Simulated APE 0.050 0.299 0.1498
(D) T=25, N=500 T 9 Yi—1
cilri ~ N(vg + 7. 02) 0.038 0.227 0.114
(0.005)  (0.012) (0.009)
SR I
. I} . .
il ~ N(vo+ v, Ugc—xp(/\'lf.,j)) 0.034 0.198 0.104
(0.011) (0.060) (0.035)
cilri ~ N(Wo + ¢35 + v + Y353, o2exp( N[ 5;)) (%%%% ) (%%515‘3 ) (%%)%31 )
Simulated APE 0.048 0.288 0.144

Quantity in parentheses is standard error.
Estimates in bold are significant at the 5% level & simulated equals estimated APE (italics 10%).



Table 2.4: Dynamic Simulation, ¢;|r;, yio

DGP c;lx; ~ N(vg + ¥ 5. 02 (M + N 7:2))

Estimated Process APE Estimates
p=.25
(A) T=5, N=100 Ty ) Yt-1
cilei yio ~ N(ag + ayyio + 9T, 03) 0.040 0.233 0.036
(0.018) (0.021) (0.039)
cilrivyio ~ N(ag + ayy;p + aof; + c13f,~2 + a4f,~3, 03)
0.049 0.259 0.048
(0.027)  (0.032) (0.069)
_ - 2
cilri yio ~ N(ag + apy;p + agf;. agerp(/\’lari ) 0.050 0.253 0.064
(0.038)  (0.052) (0.111)
, _ _ _ - 2
cilriyio ~ N(ag + aryip + aofi + a38;? + 047, o2exp(Nz;"))
0.056 0.262 0.065
(0.041) (0.042) (0.096)
Simulated APE 0.037 0.219 0.037
(B) T=5, N=500 T ) Yt-1
cilzi yio ~ N(ag + aryio + aof;. ‘7(21) 0.041 0.235 0.038
(0.007)  (0.009) (0.017)
¢ilriiyio ~ N(ag + aryig + aof; + a3d;? + 045, 02)
0.049 0.279 0.046
(0.011)  (0.017)  (0.030)
. _ - 2
cilriyyio ~ N(ag + ey + aody, 0361‘17(/\'111' ) 0.041 0.235 0.038
(0.007)  (0.009) (0.017)
- 2
cilriy yio ~ N(ag + ayyio + agF; + ()3;fi2 + (14.fi3.0,2l(f:1:p(/\’1:1:i )
0.041 0.235 0.038
(0.007)  (0.009) (0.017)
Simulated APE 0.033 0.198 0.033

continued on next page
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Table 2.4 (continued)

Estimated Process APE Estimates
(C) T=25, N=100 | ] Yt—1
cilris yio ~ N(ag + aqyo + agf;, 02) 0.041 0.243 0.040

(0.008)  (0.015)  (0.019)
cilzi-yio ~ N(ag + a1yjo + a2 + a3%;? + a4;3,02)

0.049  0.279 0.046
(0.011)  (0.017)  (0.030)

_ - 2
iz, yio ~ N(ag + aqyio + agof;. ‘7(21(’177(’\,1171' ) 0.043 0.244 0.042
(0.017) (0.038)  (0.048)
_ . _ - 2
cilei, yio ~ N(ag + a1yio + aaf; + g + agdid, 02exp(Mz;”))

0.046  0.272 0.047
(0.014) (0.026)  (0.049)

Simulated APE 0.050 0.302 0.050
(D) T=25, N=500 T T9 V-1
cilri yio ~ N(ag + aqy,p + aod;, 03) 0.039 0.240 0.040

(0.006) (0.011)  (0.014)
cilzi yio ~ N(ag + aqyip + aof; + o372 + 04733, 02)

0.049  0.276 0.045
(0.009)  (0.015)  (0.030)

. _ - 2
cilTi yio ~ N(ag + aqyip + aofy, Ugezp(/\’lzi ) 0.047 0.248 0.040
(0.010) (0.033) (0.019)
. - 2
cilri, yio ~ N(ag + aqyio + agf; + (r3:1'71~2 + (14.’Fi3, ag(:utp(/\'la:i )

0.043  0.280 0.047
(0.010)  (0.019)  (0.025)

Simulated APE 0.048 0.290 0.048

continued on next page
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Table 2.4 (continued)

Estimated Process APE Estimates
p=.75

(A) T=5, N=100 Iy Ty Yt—1

¢ilai, yio ~ N(ag + aryio + aof;. 02) 0.036  0.208 0.100

(0.017) (0.021)  (0.035)
cilriyyio ~ N(og + ongio + 02 + a3 + 0y, 02)

0.046 0.243 0.117
(0.025)  (0.030) (0.061)
_ - 2
cilri yio ~ N(ag + aryo + aof;. 0361p(/\,117i ) 0.042 0.211 0.103
(0.031) (0.036) (0.085)

- 2
3, 0dexp(Mz;"))

0.054  0.248 0.115
(0.035) (0.041)  (0.086)

cilziy yio ~ N(ag + aryio + aof; + azdi? + o

Simulated APE 0.037 0.217 0.109
(B) T=5, N=500 Ty D) Yi—1
cilTi yio ~ N(ag + ayyo + 02@»”2) 0.035 0.210 0.106

(0.007) (0.009) (0.017)
cilri yio ~ N(oag + angio + a2 + oz + agi®, 02)

0.048  0.249 0.120
(0.009)  (0.006)  (0.016)

. _ - 2
cilriyio ~ N(ag + ayy,p + aof;. 0261‘1’(’\,11'1' ) 0.035 0.208 0.105
(0.008) (0.016) (0.019)
_ _ _ - 2
¢ilzi, yio ~ N(ag + aryio + aoF; + a3di? + ag@iS, o2ezxp(Mz;"))

0.035 0.208  0.105
(0.008) (0.016)  (0.019)

Simulated APE 0.033 0.196 0.098

continued on next page
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Table 2.4 (continued)

Estimated Process APE Estimates

(C) T=25. N=100 ) 9 Yt—1

cilrivyio ~ N(ag+ oyip + ”2-’_'1%”2) 0.036 0.213 0.106

(0.008) (0.016) (0.017)
cilricyio ~ N(ag + aryp + agd; + “3-’1 + (111‘1'3. 2)

0.046  0.265 0.129
(0.012) (0.018)  (0.026)

) - 2
¢ilTioyio ~ N(ag + aryip + agf; oerp(Nz;%))
0.037 0.210 0.101

(0.013)  (0.025)  (0.039)
_ _ _ - 2
cilrioyio ~ N(ag + aryip + aoF; + a3f;? + ag g3, o2exp(Nz;"))

0.044  0.262 0.126
(0.012)  (0.023)  (0.041)

Simulated APE 0.050 0.299 0.149

(D) T=25, N=500 T ) Yt-1

cilrisyio ~ N(ag + a1yio + agiy. 02)
0.036 0.214 0.103
(0.002)  (0.007)  (0.006)

cilTioyio ~ N(ag + aryig + aofi + azdi? + a7, 03)

0.044  0.267 0.131
(0.003)  (0.010)  (0.020)

_ - 2
cilriyio ~ N(ag + ayyip + a;. 0'(21('1‘}7(/\,1.’!?1‘ ) 0.038 0.225 0.109
(0.009) (0.036)  (0.020)
cilri i ~ N(og + angio + a2 + a3% + ag 73, a2erp(Na i)

0.045  0.273 0.124
(0.006) (0.015)  (0.022)

Simulated APE 0.048 0.288 0.144

Quantity in parentheses is standard error.

Estimates in hold are significant at the 5% level & simulated equals estimated APE (italies 10%).
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2.3 Application

The empirical application undertaken is a model of household brand choice. In the context
of household brand choice i = 1,.... N represents the household observed, t = 1,...,T is the
purchase occasion observed, ¢; are unobserved time invariant household characteristics, z;;
are observed explanatory variables, and y;; is an indicator variable for whether or not a
specific brand was purchased. Only two brands can be considered with the binary model
previously specified, but it can casily be extended to encompass all brands with a multinomial
specification.

In the dynamic model of brand choice, households are assumed to maximize lifetime
expected utility over two goods: the product under study and a composite good. The product
studied is comprised of multiple brands. Under standard assumptions, microeconomic theory
shows that households will choose the brand, j, that provides both the lowest quality adjusted
price and the highest expected utility. Quality is assumed to depend on observed product
and individual characteristics, whether the brand was consumed in the previous period (i.e.,
habit effects), unobserved time invariant characteristics, and random shocks, ¢;;. With only
two brands, if utility is quasilinear in the composite good, the utility of the good studied
is logarithmic, and a household chooses to consume only brand j in period t, then utility
maximization subject to a household budget constraint with prices, g;;, leads to a brand

choice decision rule given by

yrit = 1 {1461 — 22i¢02 + T1y1i.-1 — Y2¥2i.2-1 — Inquit) + In(gait) + ci + €13t — €2i¢ > 0}

Redefining the variables such that z;; = 214 —29i¢, it = [n(g2it)—In(q1it), and ejp = c1ip—€9;¢

the decision rule can be rewritten as
it = 1{Bxit + pyit—1 + Epit + ci + eip > 0} (23)
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the decision rule can be rewritten as
yit = 1{Bxit + pyit—1 + Epit + i + ;¢ > 0} (23)

This equation now mirrors that of (1). Thus, the underlying microeconomic theory leads to
a simple econometric model of brand choice by assuming that the probability of purchasing
a given brand follows some well-behaved cumulative distribution function as discussed in

Section 2.7

2.3.1 Data

A.C. Nielsen data on yogurt purchases for a sample of households in Sioux Falls, South
Dakota from 1986 to 1988 are used in this investigation.® A.C. Nielsen chose Sioux Falls as
a representative market because its population demographics resemble those of the United
States as a whole and because they were able to monitor purchasing at all major grocery
stores in that area. Sample households were issued magnetized cards that were presented
at the grocery store when checking out. All of the households’ purchases were then scanned
and the information provided to the data collection agency. In addition, the agency collected
household demographic information and information on weekly marketing from grocery lo-
cations.

The full data set consists of 1318 households and 17,679 purchase occasions. Each ob-
servation represents a purchasing occasion and contains a houschold identifier, the date of
purchase, the brand of yogurt purchased (Yoplait, Dannon, Nordica, or other), value per
ounce of store or manufacturer coupons (if used), price per ounce before applying coupons,

indicators for whether the brand had a special display or advertising feature at the time of

“See Chintagunta. ot al (2001) for a detailed discussion of the theoretical model of dynamic, discrete

brand choice.

*1 would like to thank Ekaterini Kyriazidou, Department of Economics, UCLA for providing the data.
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purchase, and data on household characteristics. Nordica has the largest market share for a
single brand with 4,739 purchases followed by Yoplait with 3,813 and Dannon at 1,834. How-
ever, the majority of yogurt purchases are made of “other” brands, including store brands,
which comprise 7,293 purchases together. In order to obtain the largest possible sample,
Nordica and Yoplait will be the brands considered for the analysis. Using this data, vari-
ables for price per ounce in log differences and variables for special displays and features were
created to correspond with the variables p;; and ax;; described at the beginning of section
2.3. The variables for special displays and features are defined as the difference in indica-
tor variables for whether Yoplait or Nordica were featured or on special at the time of the
purchase occasion.

Since some of the specifications to be considered include a lagged dependent variable,
houscholds without at least 3 purchases were dropped from the data set. This creates an
unbalanced panel in which the minimum number of household observations is 3 and the
maximum is 305. The household with 305 observations appears to be an outlier since the
number of purchase occasions is roughly continuous between 3 and 45 per household with
no other observations between 65 and 305. Here t = 0 refers to a houschold’s first purchase
occasion, and the number of time periods in which a household is observed depends on
the number of purchase occasions. In addition, if a household purchases a brand other
than Yoplait or Nordica, all subsequent purchases are treated as a new household with the
next purchase occasion in which Yoplait or Nordica is purchased defined as ¢ = 0. These

modifications lead to a final sample with 1,398 housecholds and 5,618 observations for t > 1.



2.3.2 Estimation

Standard software, such as Stata, can be used for estimation of some models described
in section 2.1, but estimation of these models under most assumptions on the conditional
density of the initial condition, f(yp|z.c), or unobserved heterogeneity, h(c|e), generally
requires special programming to allow for specification of the densities, integration over
the distribution of the unobserved effect, and calculation of the average partial effects with
standard errors. Results for the static brand choice model are shown in Table 2.3.2. All
of the estimates obtained are statistically significant at the 5% level. The magnitude of
the differences between parameter estimates across unobserved effects specifications is 0.02
to 0.06 and 0.0001 to 0.006 for APE estimates. The APE estimates indicate that a 1%
change in the relative price of Nordica or Yoplait leads to a 30% change in the probability
of purchasing a particular brand on average. Also, being on a special display or having an
advertising feature when the other brand does not increases the probability of purchasing that
brand by 8 or 9%. respectively. The estimated effect of a price change on brand choice seems
extremely high unless consumers view different brands of yogurt as very close substitutes.
As in the simulations, the results obtained in the dynamic case show more variance
across different specifications. However, as with the static case, APE estimates vary by
a smaller amount than parameter estimates. The results for P(y;0 = 1|x;,¢;) = ®(x;00)
and P(yjo = 1|z, ¢;) = ®(ng + 1jZ; + 1m2c;) are shown in Table 2.6. Estimates from the
dynamic model indicate a large variance in consumer price sensitivity. After controlling for
past purchase behavior, a 1% change in the relative price between brands leads to a change
of 8%-18% when P(y;y = 1|z;.¢;) = ®(x;03) and of approximately 30% in the probability
of purchase when P(y;y = 1|z;.¢;) = ®(ng + 1} &; +n2¢;). Habit effects are shown to be very

strong in brand choice decisions. Unlike the effect of price, there is little variation across
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Table 2.5: Static Brand Choice

Estimated Process

Cocff. Estimates

APE Estimatces

(1) ejla; ~ N(vg + v 7. 02)

Price -0.998 -0.305
(0.138) (0.009)
Display 0.255 0.078
(0.098) (0.032)
Feature 0.300 0.092
(0.052) (0.022)
(2) cilr; ~ N(vo + ¢35 + vori? + v3a;3.02)
Price -1.060 -0.310
(0.151) (0.011)
Display 0.285 0.084
(0.112) (0.035)
Feature 0.314 0.092
(0.057) (0.025)
(3) cilr; ~ N(vg + V| Fi. o2ezp(N) 7))
Price -0.997 -0.304
(0.138) (0.009)
Display 0.256 0.078
(0.098) (0.032)
Feature 0.300 0.092
(0.052) (0.022)
(4) eila; ~ N(vg + 04 + vod® + vgaS. a2exp(N 7))
Price -1.056 -0.309
(0.151) (0.010)
Display 0.280 0.082
(0.112) (0.035)
Feature 0.316 0.092
(0.057) (0.025)

Note: All estimates are significant. at the 5% level.

Quantity in parentheses is standard error.
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specifications in the cffect of previous brand choice on current brand choice. Purchasing
a particular brand in the previous period leads to an estimated increase in the probability
of purchasing the same brand of 36-38%. The effect of a special display on brand choice
is essentially unchanged from the static case, varying only between 8 and 10%, and the
probability of purchasing a brand when it has an advertising feature is estimated to be 12-
16% in the dynamic case. The results from Table 2.6 show that there is substantial variation
in the APE estimates across specifications for y;o for some variables. In addition, there
is some variation across specifications for unobserved heterogeneity. The variation is small
across different specifications of the mean and larger across specifications of the variance.
Table 2.7 shows the estimates obtained by specifing the distribution of the unobserved
effects conditional on the initial condition and the exogenous regressors. The APE estimates
for lagged brand choice are not statistically significant, and the other estimates are similar
to those obtained by the other models. However, the variance of the parameter estimates
is larger than in Tables 2.5 or 2.6. The APE estimates indicate that a 1% change in the
relative price leads to a 29-37% change in the probability of purchasing a particular brand.
Also, being on a special display or having an advertising feature when the other brand does
not increases the probability of purchasing that brand by 6-9% or 9-11%, respectively.
Thus, the results of the empirical application mirror those obtained in simulations. Pa-
rameter estimates tend to vary more across specifications of the unobserved effects than
APE'’s for both the static and dynamic models. APE’s are relatively insensitive to the spec-
ification of unobserved effects but tend to vary by a larger amount with the specification of

initial conditions.
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2.4 Discussion

The results of the simulations and empirical analysis suggest that average partial effects are
relatively insensitive to the specification of unobserved heterogeneity, and simple, flexible
specifications do a good job of estimating quantities of interest even when the true distribu-
tion of the unobserved effects differs from that estimated. However, average partial effects
appear to be considerably more sensitive to the specification of initial conditions, and this
problem does not scem to be easily solved by choosing a more flexible specification for the
distribution of the initial condition. This concern can be mitigated to an extent by using
the approach of Wooldridge (2000a) though.

Ongoing research on this topic includes simulation evidence on the performance of APE
estimates, specified as previously described, when the unobserved heterogeneity is actually
non-normally distributed. For example, the data generating process for the conditional
distribution of the unobserved effect could be specified as a mixture of normals where both the
mean of the conditional distribution and the mixing probabilities depend on the exogenous
regressors.  In addition, efforts are being made to improve the computation time of the
models described in the paper. Substantial reductions in the computation time are likely to

require a change to estimation by simulation methods.
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Table 2.6: Dynamic Brand Choice, c;|z;

(1) (iii)
Estimated Process Coeff. Est. APE Est. | Coeff. Est. APE Est.
(1) cilay ~ N(¥o + ¢ 7. 02)
Lagged Brand Choice 1.792 0.378 1.830 0.377
(0.047) (0.054) (0.048) (0.095)
Price -0.842 -0.177 -1.539 -0.317
(0.152) (0.022) (0.157) (0.056)
Display 0.392 0.082 0.447 0.092
(0.108) (0.025) (0.109) (0.032)
Feature 0.695 0.146 0.588 0.121
(0.058) (0.026) (0.058) (0.036)
(2) eilari ~ Nt + @17 + voiy? + Y33, 02)
Lagged Brand Choice 1.750 0.362 1.783 0.363
(0.055) (0.060) (0.056) (0.105)
Price -0.831 -0.172 -1.520 -0.309
(0.176) (0.025) (0.181) (0.064)
Display 0.406 0.084 0.493 0.100
(0.124) (0.028) (0.125) (0.038)
Feature 0.706 0.146 0.563 0.115
(0.066) (0.030) (0.066) (0.040)
(3) cilrj ~ N(v + v{ ;. o2exp(N| %;))
Lagged Brand Choice 1.772 0.375 1.791 0.372
(0.047) (0.037) (0.045) (0.077)
Price -0.392 -0.083 -1.243 -0.108
(0.151) (0.030) (0.162) (0.054)
Display 0.466 0.099 0.476 0.111
(0.108) (0.022) (0.128) (0.036)
Feature 0.771 0.163 0.579 0.149
(0.058) (0.020) (0.062) (0.035)

70

continued on next page



Table 2.6 (continued)

(i) (iii)
Estimated Process Coeff. Est. APE Est. | Coeff. Est. APE Est.
(4) il ~ N(Wg + 015 + voi® + ¢33, a2eap(N;)
Lagged Brand Choice 1.731 0.360 1.748 0.369
(0.055) (0.041) (0.051) (0.081)
Price -0.379 -0.079 -1.133 -0.102
(0.173) (0.034) (0.144) (0.057)
Display 0.482 0.100 0.451 0.103
(0.124) (0.025) (0.116) (0.040)
Feature 0.783 0.163 0.557 0.141
(0.066) (0.023) (0.062) (0.038)

Note: All estimates are significant at the 5% level.

Quantity in parentheses is standard error.
Column (i) P(y;0 = 1]z, ¢;) = (®(z0)
Column (iii) P(y;jo = 1]z, ;) = ®(no + l}’l.‘t_,' + n9c;)
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Table 2.7: Dynamic Brand Choice, ¢;|2;. y0

Estimated Process Coceff. Estimates

APE Estimates

(1) ¢;li, yio ~ N(ag + a1yig + asdi, o?)

Lagged Brand Choice 0.439 0.090
(0.760) (0.126)
Price -1.801 -0.371
(0.158) (0.073)
Display 0.411 0.085
(0.109) (0.019)
Feature 0.532 0.110
(0.058) (0.009)
(2) ¢ilzi, yio ~ N(ag + aryio + aof + a3f® + ayd®, 02)
Lagged Brand Choice 0.421 0.085
(0.858) (0.143)
Price -1.775 -0.360
(0.183) (0.080)
Display 0.442 0.090
(0.126) (0.021)
Feature 0.548 0.111
(0.066) (0.009)
_ - 2
(3) cilzi.yio ~ N(ag + aryio + aofy, o2exp(Mz;”))
Lagged Brand Choice 1.339 0.092
(0.664) (0.196)
Price -4.215 -0.289
(0.128) (0.055)
Display 0.910 0.062
(0.086) (0.031)
Feature 1.271 0.087
(0.048) (0.026)

continued on next page
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Table 2.7, continued

Estimated Process Coeff. Estimates APE Estimates
_ _ _ - 2

(4) cilziyio ~ N(ag + ayio + aof; + a3® + agd;S, o2exp(Nz;"))

Lagged Brand Choice 1.390 0.102
(0.691) (0.194)

Price -4.034 -0.297

" (0.138) (0.067)

Display 0.989 0.073
(0.096) (0.035)

Feature 1.239 0.091
(0.051) (0.030)

Note: Bold type indicates significance at. the 5% level.

Quantity in parentheses is standard error.
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CHAPTER 3

A Score Test for Heteroskedasticity in Dynamic Latent Variable

Models

3.1 Introduction

In linear models heteroskedasticity does not affect consistency or unbiasedness of estimators
and can easily be corrected for in standard errors in order to perform inference. However, in
many nonlinear models the presence of heteroskedasticity is of greater consquence because
it changes the functional form of the estimator. For this reason, the ability to test for
heteroskedasticity in nonlinear models is important. The difference between the two cases

can be seen by first observing that given a linear panel data model
E(yitlzi, ci) = zitB + ¢ (1)

with the partial effect of z on 3 given by

OE(yitlzi-ci) _

Br,- 3 (2)

does does not depend on any features of the distribution of the unobserved effect, ¢;. In
addition, it is simple to consistenly estimate /3 by fixed effects, as discussed in chapter 1. In
some cases, such as a random-coctticient model in which there are individual specifie slope
coeflicients

E(yitlzi, Bi. ci) = zitBi + ¢ (3)
it is not possible to estimate the individual parameters, /3;, in the traditional panel setting

with small T. However, under the assumption that F(;3;|x;;) = E(3;) for 24 = x4 — 25, it
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is still possible to consistently estimate average partial cffects using FE. When a nonlinear
model is considered though, such simple solutions are no longer available. The simplest case

is that of a panel probit model, given by
Plyit = lzjt..c;) = P(zieB+c;) (4)

Again. the partial effects conditional on ¢; will not depend on any features of the dis-
tribution of the unobserved effect, but, without knowing a value of the individual specific
effect at which to evaluate the partial effect, these quantities can not be obtained. The APE,
however, will depend on the entire distribution of ¢; given z; in general. The importance of
the assumptions made about the form of this distribution for consistently estimating APEs
was shown in chapter 2. For cases in which ignoring potential heteroskedasticity in the un-
observed effect may affect estiation of the APEs having a test for heteroskedasticity which
is easily implemented could be important.

General test procedures are difficult to construct for dynamic, nonlinear panel data mod-
els with unobserved heterogeneity though. As explained by Wooldridge (2005b), it is not
possible to identify the effect of covariates on the variance, dVar(y|r. c)/0z, averaged over
the distribution of the unobserved effect as it is the average partial effect. Consequently, to
learn anything about the conditional variance it must be modeled directly.! Thus, tests for
heteroskedasticity in limited dependent variable models are generally obtained on a case-by-
case basis under specific assumptions about the structure of the unobserved effects. This
paper will focus on testing the null hypothesis of homoskedasticity through exclusion restric-
tions using a score test. This simplifies estimation by avoiding the need to estimate the model

as heteroskedastic, which would be necessary using Wald or likelihood ratio statistics. In or-

1See Wooldridge (2005b) for further explanation and examples using Poisson regression and duration

models.



der to accomplish this. a parametric form for the unobserved hetcrogeneity will be specified.
Throughout the paper. normality of the distribution of the unobserved effect and a given
specification for its conditional mean are maintained. Clearly, one can question the validity
of these assumptions and their effect on the proceedure. As many authors have noted, the
validity of standard test statistics will depend on the auxiliary assumptions made.2 How-
ever. the benefit of this approach is that, by assuming normality and formulating the test
through exclusion restrictions, estimation of the restricted model is possible via traditional
random effects methods for both the probit and tobit. In addition, the specification of the
conditional mean can be made more flexible without any substantive changes to the test
proceedure as long as it is a function of the exogenous covariates and the initial condition
and is linear in parameters. In theory, the assumption of normality of the unobserved effect
could also be tested either before or after testing for heteroskedasticity, but this is beyond
the scope of this paper.

The remainder of the chapter proceeds as follows: Section 1 constructs the score test
for the dynamic, panel probit model. Section 2 extends the test to the case of a fractional
dependent. variable, and section 3 presents applications of the test to both the dynamic

probit and fractional response models. Section 4 concludes.

2Sce White (1981, 1989). Bera and Jarque (1982), Pagan and Hall (1983), Godfrey (1987), ct al.
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3.2 Score Test for Heteroskedasticity in the Dynamic

Probit Model

The dynamic, panel probit model will be maintained as the model of interest throughout

this section. Consider the dynamic, panel probit model of chapter 2 the following form

Vit = L3+ pyig—1 +¢i +uip > 0) (5)
wit| (2 Yit—1. - Yio. ;) ~ N(0,1) (6)

Using the latent variable setup above, the density of y;; given ., y;s—1, and ¢; can be

derived as follows

Pluit = Ui yip—1.¢i) = P+ pyig—1 + i) (7)

P(yit =0lrite yig-1.¢i) = 1= @il + pyit—1 + i) (8)
This leads to a conditional density for y;; given (. yit—1.¢;) of
, ; 1-y;
JeWitlzit yig—1.0i:0) = @ (2B + pyig—1 + i)Vt [1 = @ (2B + pyig-1+ )] "t (9)

with 6 = (3.p).
Following the method proposed by Wooldridge (2005a) and given h(c|y;g. x;:0) is a cor-

rectly specified model for the density of ¢; given (y;0.:x;), the log likelihood function is

T
1i(0,8) = log / I st Witlrie vig—1.c:0) | h(elyio. iz 8)de (10)

t=1

Defining ¥ = | []_[,]:1 f(y1,|;r,~,,y,-‘,_1,c;())] h(c|x;. yin: 0)de, the score is given by s;(6.0) =

I (0.8) Ol;(0.6
(4 (.(, {). (—‘—(—-—)) where

e,
. N [T
Ni(6.0) 1 of (yitlrit- yig—1.:0) |
o0 = Z -\I—I / H 90 /l(( I.l‘,’. Yio: 5)(1(,‘
1=1 [ t=1
! N [ T .
N;(0,8) 1 . v | Oh(elrioyigid) o
9% z; v / rl—[l Fidlzit-yie 1.0:8) | ——————dc
1= =
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Then a test statistic can be constructed by evaluating the score at the resticted parameter

values suggested by the null hypothesis and evaluating

N N /N
S= Y& ss/ Y s ~xd (11)

where q is the number of constraints imposed and §; = §;(#, ) denotes the score evaluated
at the restricted estimates. Notice that when the statistic is computed, the 1/¥ terms will
cancel so that only the portion of the derivates appearing within the brackets needs to be
evaluated in order to obtain it. The outer product form of the asymptotic variance shown in
(11) has the advantage of not requiring additional calculations for estimation of the variance
matrix and is invariant to reparameterizations. However, the nominal size of the test can be
distorted in many cases such that it over rejects the null hypothesis. The expected Hessian
form is often a better alternative as an estimate of the asymptotic variance when it is easy
to obtain since it is always positive definite if it exists, is invariant to reparameterizations,
and has smaller size distortions in many cases. Thus, the estimate of the variance matrix
used may affect computational simpicity, finite sample properties, and the power of the test.

To make the test operational, more structure needs to be imposed on the unobserved
effect. As explained above, a correctly specified model for the density of ¢; given (y;0,7;) is
needed. For this test proceedure, normality of the conditional distribution of the unobserved
effect and a specification for the conditional mean are maintained. The conditional mean
is only restricted to be a function of the exogenous covariates and the initial condition
and to be linear in parameters. Assuming normality of the unobserved effect is neccessary
in order to obtain estimates of the restricted model parameters through standard random
effects maximum likelihood estimation. A test of the distributional assumption could also
be implemented either before or after testing for heteroskedasticity but is not addressed in

this paper.
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Under the assumption that ¢;|y;0, ; = a0+a'1.f,' +agy;o+a;, where 7; is the time average
of the exogenous variables and a; is an individual specific, zero mean, normally distributed

error term,

Pyit = Urit.yie-1.0;) = @ (2B + pyig—1 + oo + Q|5 + agyio + ¢;) = ®f  (12)

It

ot 1 - @] (13

This specification for the unobserved effect is often referred to as the Mundlak-Chamberlain
device and allows for correlation between the exogenous variables and unobserved heterogene-
ity through the conditional mean. In addition, the conditional variance of the unobserved
effect is assumed to be given by a function g(z;, y;0; ¥) such that homoskedasticity is obtained,
Var(a;) = 0(21. when exclusion restrictions are imposed on the parameters, y. This implies
that under the null the combined error term will have constant variance, u + a ~ N(0,02),
as well. These restrictions on the variance of the unobserved effect encompass several com-
monly used structures for heteroskedasticity. This includes exponential, linear, and quadratic
heteroskedasticity as special cases as given by g(r;.yi0:7) = exp(yo + v1; + y2u0)? and
9(zi.yio:v) = (Yo + Mzi + vu0)F, k = 1.2, respectively. For all three cases. the exclusion
restrictions 1.y = 0 imply g(y9) = 0(2,. Note that now in h(c|z;.y;0;9), 6 = (a.v) where
« are the parameters of the conditional mean and +y are the parameters of the conditional
variance and that a; ~ N(0, g(x;,yi0:77)). Under these assumptions the log-likelihood can

be written as

5 1 a
1(8,5) = lo g ’ d 14
N / tzl_llft ( g(Ii-yio;7)>0< g(l'z'ayio;'Y)) ’ (14

Now the null hypothesis of heteroskedasticity can be tested by applying the exclusion re-

strictions. Under these restrictions the log likelihood function becomes
T 1 a
1i(0.5) =1 ~)o(%)d 15
(0.9 =tog{ [ |TL (3) (%) (15)
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While this is not cquivalent to the random effects probit maximum likelihood estimator,

consistent parameter estimates can be obtained from the random effects probit with r;;,

Yit—1. 1. Tj, and y,o as explanatory variables.

After some algebra, the score for the unrestricted model, s;(f, d), with variance function

9T ¥i0:7) = giv zit = (Tity Yir-1), w; =

¢ (a/\/9;) = da can be written as

(1.5, yi0),

v = (dp) a =

(ag,aq,a9), and

a(6.8) _ 1 / (0= ®5) 052 | (_1_) d 16
o 7 _tl;ll q,}—yt [1 _q)f]ut i $ada (16)
i [T ]
al;(6.6) 1 / (vt — ®f) D fw; ( 1 ) P
EN v t=l—[1 q)}—yt [1-®/]" i ¢ada (17)
X [T 2
ol; (0.6 1 ; V43
e Ly Loy o) (145) (%) tudat 19

Details for the test

following sections.

3.2.1 Panel Probit with Exponential Heteroskedasticity

Assume that g(z;,yi0:7) = exp(10+7, i +72vi0)°

variance

under exponential and quadractic heteroskedasticity are given in the

1;(6,0) = log / Hf (

) (e

exp(yo0 + Y1 Zi + Y2¥i0)

Y0 + 11T + Y2Yi0

. Under this specification of the conditional

))da (19)

Then heteroskedasticity in the unobserved effect can be tested as Hy : y; = 0,9 = 0. Under
the null, the restricted model estimates can be obtained from the usual random effects probit
estimator with variables @4, y; ¢—1. 1.4, y;0 as shown in (15). For v = (7. 71, 72), the score
for the unrestricted model can be shown to be

Sl

Ni(8.8) / l-I yt —®f) dpat
00 t=l"b —Ut [1_(1)]]’»’!

(%) bada (20)
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- [T
a;(0.6) 1 / (vt — ®5) ppwi ( 1 )
_ - — | ¢ada 21
da v { l:__-[ 1-y [1- <I>f]yt Vi (21)
i(8.9) 1 d Bt [1— ] a®\ (_ wi
e {/ 117 | () () ooty
(23)
Imposing the exclusion restrictions 7v;,v9 = 0, this reduces to
o(0.9) 1 / ﬁ (e = 27) 052 | (i) p (i) da (24)
oo v = (I)f bt [1 _ ‘I’f]yt_ Oq Ta
o :
al;(6.6) 1 / (yt — ®5) dfw; (1) (a)d 0
= — — — 5
Oa v { Ltzl_[l @}—yt [1 _ (I>f]l/t~ Oa ¢ Oq ¢ (25)
a0.5) 1 [ T vis - a2\ [ w a
20 - [firise](o2) (2)e(2)e)

3.2.2 Panel Probit with Quadratic Heteroskedasticity

Now consider g(x;, yi0;v) = (vo + 7| % + Y2yi0)?

density of y;; will be the same as those given in (12) and (13) above. Then

o]

a

1
(v + Y& + 72yo)) ¢ (

(Yo + 7% + 7290

. The response probability and conditional

)) da} (27)

Again, the restricted parameter estimates can be obtained from random cffects probit esti-
mation on xj, ¥ ¢—1, 1, T;, yi0, and the null hypothesis of homoskedasticity can be expressed

through the exclusion restrictions v; = 0,y = 0.

ol0.0) _ 1 T (yt — ®f) dp2t - 1 \u 98
pY) \p{/ t=l_[1‘1>}yt[1—q’f]yt_ (m>¢aa (28)
a0.0) 1 T (we—@p)opw | [ 1
da TII_{/ l:[q,l—yt 1 — &, (75:) Gada (29)
t=1%f [ ] )
Bl;(6.6 1 LI —y; 2 i
R P [ T
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Imposing the exclusion restrictions, this reduces to

al;(8. ) 1 / (yt — 5) 052t (1) (a)
,, - — a8 —)o(=)da (31)
a0 4 tl;ll (p} "h-o f]yt- Ja o
. [T ]
aly(#.0) 1 (yt-q’f)(bf‘wi 1 a
. T 9 / P ETE (a)‘l’(a—a)‘“ (32)
=1 @y 7 [1 =g
al(0.8)

2
Yit [1 _ ¢ | Vit B Y (B a :
O [1- o] (1+03)( Ug)qﬁ(aa)da (33)

>

Il
S| o=
—~
—~

Ll
Il
—

3.3 Score Test for Heteroskedasticity in the Dynamic

Fractional Response Model

In this section, the test statistic is extended to the case of fractional dependent variables.

Recall from chapter 1 the dynamic fractional response model given by

Y =Tt + yig—1p+ ci + ug

2
wit(Ti Yit—1, - Yio. &) ~ N(0,03)
4

0 if y5,<0

yit=19 yi il 0<yh<1

1 if oy >1

\
With the conditional mean of ¢; defined as

’ .
cilyio-ri = ag+aijr; +agyip +a; (35)

This leads to the response probabilities

-
—TyY — Yit- 1P — Q) — Q1T — a0 — @; \ )
P(yit = Olyit-1.7i. yio.a;) = ® ( . ) = &y (36)
u
TigY + Yit-1p 0o + ”'lfi + ooyio+a; =1\
P(yit = Hyit-1.7i Yio. a;) = @ ( . =& (37)
u
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OP(yit < ylyie—1.7i Yio, @) _ Ly (yit — TitY — Yit-1P — G0 — 01 Ti — Q2yig — G

Ou

1
Jdy Ou ) = Zéy (38)

From which the density of y;¢|y; t—1.x;. yi0. a; can be written as

q,é[yitzolq){[yit=1] i(p£[0<yit<1]
Oy

ft(Witlyit—1. 75 vip. ;3 0) = (39)

By using this density in place of (13), the test outlined above can be implemented. Under
the restricted model the log-likelihood function is obtained by integrating the density of

(i1« - wiT) given (yj—1.7, yio- ;) against the distribution of a;

1(0.6) = log { [ [T Al . 0.0:6) Lo( L) (40)

t=1

Thus, the log-likelihood function has the same general form as in (15) above, and the re-
stricted model parameter estimates can be obtained from the random effects two-limit tobit.
The score for the unrestricted model follows similarly to that of the dynamic probit and is
given by

‘,110

[HF (—0) (1[y,, - 0]— + 1]y = 1]— +1(0 < yir < 12
(-5

M

T 1 s
[Er (—) (~1[yu = 0]3'161 - Uy = 1]—62 + 100 < yar < 1]au

-3 [f] - 2) (258

\—/
<
2
1S

——rt
=
—
N

where
Ou
€1 = (—zity — yit—1p — ao — Q] T; — a2yip — ;)
/] —
€9 = (Tiv +Yit—1p + g + Q)T + agyjp +a; — 1)
! —
€3 = (Yit — TitY — Yit—1P — Q9 — Q1T; — agy;o — ;)

A = (i) ba
9i
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The score test for heteroskedasticity can then be computed for any form of the conditional
variance such that a; ~ N(0,g(z;,y;0;7y)) where the variance is constant under the null
hypothesis. In this case, the variance is assumed to exhibit exponential heteroskedasticity

as specified in section 3.2.1.

3.4 Empirical Applications

3.4.1 Dynamic Probit Model: Persistence of Union

Membership

Wooldridge (2005a) estimates a simple model of union membership to illustate the method
used above for simultaneously dealing with initial conditions and unobserved heterogeneity
in nonlinear, dynamic panel data models. Here, the same application is used to demonstate
the test for heteroskedasticity in this setting derived above. The data consists of observations
on 545 working men over an 8 year period from 1980 to 1987 with indicator variables for
union status, y; = 0,1, and marital status, z;; = 0,1. Applying the dynamic probit model

to union membership,

Plyit = Hyiz—1. - ¥i0 13- ¢) = Plpyi -1 + B + ¢3) (45)

In addition, a set of year dummies are included to control for changes occurring over time
that are common to all workers. Estimation of the restricted model, can be carried out using
standard software that allows for random effects probit specifications, and the density of ¢;
is specified as ¢; = ag + a}z; + agyio + a; and a; ~ N(0, 02).

The parameter estimates under the restricted model are given in Table 3.1. Only the
estimated coefficients for the primary variables of interest are included for brevity. The

quantities given in parentheses are standard errors. Given these parameter estimates, the
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Table 3.1: Restricted Estimates for the Dynamic Probit Model

Union Membership Coeflicient Estimate
Lagged Union Membership 0.875
(0.094)
Marital Status 0.168
(0.111)
Test Statistic 10.31
df 7
5% critical value 14.07

Number of observations = 4360
Number of workers = 545

Note: Bold type indicates significance at the 19 level, italies 5%.
Quantity in parentheses is standard error.

scores of the unrestricted model are evaluated at the restricted estimates and the score
statistic calculated. The statistic is also shown in the table and is distributed X%, making
the critical value for the test approximately 14 at the 5% level. Thus, the test fails to reject

the null hypothesis of homoskedasticity.

3.4.2 Dynamic Fractional Response Model: Determination of Firm

Dividend Policy

The dividend policy application from chapter 1 will be used to demonstrate the test as applied
to the fractional response model. Recall that in this application y;; is the share repurchase
ratio, x;; is made up of the exogenous covariates (i.e, market-to-book ratio, operating income,
non-operating income, and volatility), and ¢; is a firm specific unobserved effect. In order to
control for industry level differences, the exogenous variables are augmented with 10 industry

dummy variables. In addition, a set of year dummies are included to control for changes
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occurring over time that are common to all firms.3 As before, estimation of the restricted
model, (40), can be carried out using standard software that allows for two-limit random
effects tobit specifications if the density of ¢; is specified as in (35) and a; ~ N(0. 02). Here z;
includes the time averages of the exogenous regressors (i.e., market-to-book ratio, operating
income ratio, non-operating income ratio, and volatility of earnings).

The parameter estimates under the restricted model are given in Table 3.2. Only the
estimated cocfficients for the primary variables of interest are included for brevity. The
quantities given in parentheses are standard errors. Given these parameter estimates, the
scores of the unrestricted model are evaluated at the restricted estimates and the score
statistic calculated. The statistic is also shown in the table and is distributed X%, making
the critical value for the test approximately 11 at the 5% level. Therefore, the test clearly
rejects the null hypothesis of homoskedasticity with a value above 24. This may imply that
the model is heteroskedastic.

However, rejecting homoskedasticity is also potentially compatible with inclusion of a
regressor that is correlated with the error due to omitted variables or measurement error.

Consider the following probit model in which the i and ¢ subscripts have been supressed

n = am+7y2 +ug >0) (46)

Z1M91 + 2m92 + 12 (47)

Y2

where yo is continuous and (uj,v) has a zero mean, bivariate normal distribution and is
independent of z. Thus, y9 is endogenous if u; and vg are correlated. In this case, if only
(46) is estimated the test statistic could reject the null hypothesis of constant variance even
if 17 and vy are homoskedastic. It is possible to estimate this model and test for exogeneity

of y2 by using a two-step procedure such as that of Rivers and Vuong (1988). Given the

3For additional details on firm dividend policy theory and data set construction see sections 1.2 and A.
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Table 3.2: Restricted Estimates for the Dynamic Fractional Response Model

Share Repurchase Ratio Coefficient Estimate
Lagged Repurchase Ratio 0.483
(0.025)
Market-to-book Value -0.002
(0.001)
Operating Income Ratio 0.644
(0.120)
Non-operating Income Ratio 0.185
(0.243)
Volatility of Earnings 1.032
(0.666)
Test Statistic 24.33
df 5
5% critical value 11.07

Number of observations = 4530
Number of firms = 453

Note: Bold type indicates significance at the 1% level, italies 5%.
Quantity in parentheses is standard error.

joint normality of (uy,v9) and Var(uy) =1

up = wivg + €1 (48)

where e is normally distributed and E(e1) = 0. Now

y1=1(z1m + 7y2 +wivg +e1 > 0) (49)

and eq|z.yo. 9 is normally distributed with zero mean and constant variance. Since v is
not observed, this model is estimated in two steps: 1) Perform an OLS regression of yo
on = and save the residuals, vp; and 2) Estimate the probit model of y; on 21, y9, and 5.
The exogeneity of yo is then tested with the usual t-statistic for the hypothesis w; = 0.

However, if y9 is endogenous the usual standard errors and t-statistics will not be valid, and
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the asymptotic variance of the two-step estimator can be dervied using standard results for

maxumuin likelihood estimation.

3.5 Discussion

This paper presents a score test for heteroskedasticity in the dynamic probit and tobit panel
niodels with unobserved heterogeneity through the use of exclusion restrictions. While the
test is derived under the assumption of normally distributed unobserved heterogeneity and
requires specification of the conditional mean. it leads to a computationally simple test that
is straightforward to implement. This is demonstrated through an application of the test to
a model of firin dividend policy using the dynamic, fractional response model.

There are several avenues open for additional research. The power properties of the test
need to be studied and an evaluatation of its performance against different types of het-
eroskedasticity should be performed. In addition, a test for non-normality of the conditional
distribution of the unobserved effect might also be developed along similar lines, which would

allow testing for this underlying assumption.
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APPENDIX A

Chapter 1 Summary Statistics & Variable Definitions

Table A.1: Compustat Quarterly & Annual Data Summary Statistics

Variable Mean Std. Dev. Min Max
Share Repurchase Ratio 0.281 0.362 0.000 1.000
Market-to-book Value 6.191 154.095 -533.895 10,473.960
Operating Income Ratio 0.148 0.173 -1.419 4.864
Non-operating Income Ratio 0.001 0.026 -0.388 1.080
Volatility of Earnings 0.013 0.021 0.000 0.541
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Table A.2: Industry Dumiy Variable Definitions
Industry Dummy 4-digit SIC Code

Agriculture 0000-1000

Mining & Construction 1000-1099, 1200-1799

Manufacturing 2000-3999
Transportation 4000-4799
Communications 4800-4899
Utility 4900-4999
Wholesale 5000-5199
Retail 5200-5999
Financial 6000-6799
Services 7000-8999
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APPENDIX B

Chapter 2 Summary Statistics & Parameter Estimates

Table B.1: A.C. Nielsen Yogurt Data Summary Statistics
Variable Mean Std. Dev. Min Max

Brand 1.23 1.24 0 3
Yoplait price per oz 0.10 0.01 0.04 0.13
Yoplait special 0.01 0.11 0 1
Yoplait featured 0.03 0.18 0 1
Dannon price per oz 0.07 0.01 0.04 0.08
Dannon special 0.04 0.19 0 1
Dannon featured 0.17 0.38 0 1
Nordica price per oz 0.08 0.01 0.06 0.10
Nordica special 0.00 0.00 0 0

Nordica featured 0.03 0.18 0 1
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Table B.2: Parameter estimates for Table 2.1

Estimated Process

Coeflicient Estimates

(A) T=5, N=100 T T

clei ~ Nbo £ 0173 70) (0:078)  (0.102)
cilzi ~ N(¥o + ¥ T; + Yoz + ¥38;3.02) (%.})?725) (h%%% )
cilei ~ N (o + ¥ &i, o2ezp(N| ;) (%})7;17 ) (}).32022 )
cilr ~ N(o + ¥ + azi? + v32;3, o2exp(N ;) (g.. %) ((1)}1)2)
(B) T=5, N=500 T a9

N b 6%
cilzi ~ N + v % + oz + U353, 02) (%.1021) (10-%143)
cilri ~ N(vo + v %, ogerp(M £;)) (%.})?6 ) (%.%1545 )
cilz; ~ N(vo + v 5 + ¥ofi® + 38,3, c2exp(N £;)) (g: ! 311) (52823)
(C) T=25, N=100 r] x9

cilzi ~ N+ 51,00) 005  (0043)
eilrg ~ N(o + v175 + doii? + ¢33, 02) (%.107381 ) (h%ii )
cilzi ~ N(yg + ] &, o2exp(N| ;) (%})g% ) (}).%f;é )
cile; ~ N (o + ] %i + ¥ofi® + U323, oJexp(N ;) (g: },'ﬁ) (10.%331 )
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Table B.2 (continued)

Estimated Process Coefficient Estimates
(D) T=25, N=500 T )
cilri ~ N(¢ + 55, 02) 0.177 1.061

(0.014)  (0.020)

cilz; ~ N(Wo + W& + vafi® + 33, 0?) 0.176 1.062
(0.014)  (0.019)

cilxi ~ N (W + V&, 02exp( M 5;)) 0.175 1.051
(0.015)  (0.020)

cilzi ~ N(¥o + v 5 + vod;? + v35;3. o2eap( M| £;)) 0175 1.051
(0.016)  (0.020)

Quantity in parentheses is standard error.
Estimates in bold are significant at the 5% level & 3 cquals its truc value (italics 10%).
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Table B.3: Parameter estimates for Table 2.2

Estimated Process

Coefficient Estimates

(i) P(yiolzi, ¢i) = P(yio)
(A) T=5, N=100 T T2 Yt—1
cilzi ~ N(Wo + P}, 02) 0.172  1.028 0.159
(0.080) (0.100) (0.164)
cilrg ~ N(Wg + ¢4 + voii? + ¢33, 02) 0.174  1.046 0.152
(0.081)  (0.104) (0.162)
cilzi ~ N(wg + ¢4 5, 02exp(N 7)) 0.187  1.106 0.187
(0.026) (0.214) (0.319)
il ~ N(vo + ¢ + Podi2 + Y373, oge:np(/\'l.f,-)) 0.245 1.284 0.253
(0.174) (0.327) (0.448)
(B) T=5, N=500 I 9 Yi—1
eilry ~ N(vo + @i, 02) 0.172  1.018 0.176
(0.056)  (0.044) (0.083)
cilzi ~ Ny + U455 + vofi? + ¥3i;3, 02) 0.174  1.033 0.157
(0.079)  (0.105) (0.167)
cilTi ~ N(vo + 1, o2exp( M E;)) 0.215  1.1238 0.205
(0.032) (0.207) (0.316)
el ~ N(Wg + ¥\ T + i + g3, o2exp(N|£;))  0.261  1.348 0.252
1 a 1
(0.160)  (0.309) (0.520)
(C) T=25, N=100 I ) Yt-1
cilzi ~ N(Wo + 4. 02) 0.176  1.054 0.174
(0.032)  (0.042) (0.071)
cilTi ~ N(Wg + ¥4 i + YoFi® + w33, 02) 0.175 1.056 0.173
(0.033)  (0.047) (0.075)
cilzi ~ N(Wg + ¥ 5. o 2exp(N| ;) 0.176  1.056 0.175
(0.031)  (0.044) (0.070)
cilzi ~ N + ¢ 5; + vod® + v3d;3, o2exp(Ny£;))  0.179  1.069 0.173
(0.039)  (0.061) (0.085)
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Table B.3 (continued)

Estimated Process Coeflicient Estimates
(D) T=25, N=500 T ) Yt—1
Mo TR
cila; ~ N(vg + ¥ + vor® + y35;3, 02) 0.177  1.052 0.173
(0.041)  (0.025) (0.054)
cilzi ~ N(vg + ¢} o2exp(N| 7)) (%107145 ) (5%52% ) (%107:»3 )
eilx; ~ N(Ug + V)T + vod;® + Y3533, o2exp(Ni£;))  0.183  1.070 0.179
(0.052) (0.045) (0.079)

conlinued on nezt page
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Table B.3 (continued)

Estimated Process

Coeflicient Estimates

(i)

P(yio = 1|4, ¢;) = ®(z500)

(A) T=5, N=100

&I I Yt-1

cilzi ~ N (v + ¥, 02) 0.161  0.977 0.156
(0.067) (0.091) (0.150)

cilr; ~ N(dg + 175 + voi + ¢33, 02) 0.166  0.990 0.143
(0.072)  (0.090) (0.155)

cilzi ~ N(vg + ¥, &, o2exp( N 7;)) 0.180  1.040 0.194
(0.104)  (0.196) (0.315)

il ~ N(o + yF; + Vo2 + Y373, (7 exp(Mj;))  0.204 1.161 0.205
(0.144)  (0.245) (0.466)

(B) T=5, N=500 r] T2 Yt—1

eilr; ~ N (o + ¢, 02) 0.160  0.970 0.163
(0.039)  (0.040) (0.074)

cilzi ~ N(Uig + Y| 35 + v + ¢35, 02) 0.163  0.985 0.142
(0.068)  (0.097) (0.161)

cilri ~ N(vg + -z,")ifi.a?,e:rp(z\'lfi)) 0.190 1.099 0.217
(0.103)  (0.245) (0.406)

cilzi ~ N(Vg + Y| i + vof;? + Y353, o2exp(M7;)) 0212 1.196 0.242
(0.139) (0.241) (0.426)

(C) T=25, N=100 x] ) Yi-1

¢ilzi ~ N(vg + 4. 02) 0.175  1.045 0.172
(0.031)  (0.043) (0.067)

cilxi ~ N(Vo + ¥ 7 + vodi? + ¢35, 02) 0.176  1.046 0.171
(0.033)  (0.045) (0.073)

eilw; ~ N(whg + o] ;. 02exp(N| 7)) 0.176  1.043 0.172
(0.031)  (0.043) (0.070)

cilzy ~ N(vg + Y& + VoF;? + Y33, age:rp(/\’lfi)) 0.181 1.058 0.180
(0.058) (0.057) (0.097)
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Table B.3 (continued)

Estimated Process Coefficient Estimates
(D) T=25, N=500 r] T2 Yt—1
cilzi ~ N(uo + |5, 02) 0.173  1.040 0.173
(0.014)  (0.019) (0.031)
cilw; ~ N(ug + )T + vof;® + v353, 02) 0.176  1.041 0.173
(0.048)  (0.024) (0.059)
cilxi ~ N(vg + ¥ 5, 02exp( N 7)) 0.173  1.040 0.173
(0.014)  (0.019) (0.030)
cilzi ~ N(Wg + Y| + voii? + y3d;3, olexp( N %)) 0.172 1.059 0.182
(0.026)  (0.046) (0.061)

continued on next page
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Table B.3 (continued)

Estimated Process

Coefficient Estimates

(iii)

P(yio = 1|zj,¢;) = ®(no + m; + mac;)

(A) T=5, N=100

T 2 Yt-1

¢ilxi ~ N(¥g + ¥ 7. 02) 0.176  1.033 0.206
(0.080) (0.110) (0.205)

cilr; ~ N(¥g + {7 + voi® + Y33, 02) 0.190  1.118 0.201
(0.121)  (0.195) (0.402)

cilzi ~ N(¥o + ¢| T, o2exp( Ny ;) 0.251 1.234 0.481
(0.178) (0.312) (0.512)

cilri ~ N(vo + ¥ + P2 + i3S, (72«:51)(/\'1:5,-)) 0.297 1.435 0.482
(0.208) (0.373) (0.560)

(B) T=5, N=500 x] T Yi—1
cilvg ~ N(do + )7, 02) 0.180  1.017 0.223
(0.062)  (0.055) (0.156)

cilzi ~ N(Ug + |3 + ¥oii? + ys;3, 0?2) 0.196  1.150 0.218
(0.103)  (0.200) (0.395)

cilx; ~ N(¥g + | ;. 02exp(N| 7)) 0.250  1.277 0.537
(0.190)  (0.305) (0.481)

cilzi ~ N(Wo + ¥| 5 + voii? + Y3z, o2exp(N| %)) 0.259  1.177 0.374
(0.144) (0.253) (0.402)

(C) T=25, N=100 I ) Yt-1

cilzi ~ N(Wo + ] 7. 02) 0.179  1.056 0.185
(0.034)  (0.048) (0.083)

cilxi ~ N(¥g + U] & + Uod® + Y353, 02) 0.182  1.072 0.196
(0.037)  (0.048) (0.097)

¢ilzi ~ N(¥g + ¥ T;. a2exp(N| ;) 0.182  1.066 0.201
(0.038)  (0.062) (0.114)

cilTi ~ N(wg + ¥ & + voF® + Y353, o2exp(\y7;))  0.189  1.083 0.202
(0.067) (0.074) (0.147)

continued on nezxt page
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Table B.3 (continued)

Estimated Process Coefficient Estimates
(D) T=25, N=500 T ) Yt-1
i M s B 6B B
Nt W 6
cilei ~ N(v + ¢ 7. 02exp(N £;)) pler  Lo%y o2
cilzi ~ N(Uo + VAT + 0oF? + ¥35;3, o 2exp(N £;)) (%}g}) ) (5%85% ) (%.1191% )

Quantity in parcntheses is standard error.
Estimates in bold are significant at the 5% level & 3 cquals its true value (italics 10%).
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Table B.4: Parameter estimates for Table 2.3

Estimated Process Coefficient Estimates
() P(yiolzi, ¢;) = P(yio)
(A) T=5, N=100 T 9 Yt—1
cilri ~ N(vg + ¥ 7, 02) 0.174 1.310 0.503
(0.085)  (0.109) (0.178)
eilry ~ N(g + ¢ 7 + o + 353, 02) 0.174  1.044 0.499
(0.082)  (0.107) (0.171)
cilz; ~ N(¥p + ¥ 3. o2exp(N| ;) 0.193 1.118 0.562
(0.114)  (0.212) (0.333)
eilrg ~ N(vo + 15 + VT2 + Y33, 02 Prp()\'l:fi)) 0.238 1.269 0.593
(0.172)  (0.300) (0.452)
(B) T=5, N=500 T o Yt_1
eilr; ~ N(¥o + ¢ 5, 02) 0.169 1.014 0.509
(0.035)  (0.048) (0.075)
cilzy ~ N(Vg + ¢35 + voii? + Y373, 02) 0.17 1.023 0.504
(0.040)  (0.059) (0.087)
cilTi ~ N(ug + | i, o2exp( M| 7)) 0.187  1.148 0.671
(0.113)  (0.220) (0.364)
cilei ~ N(Wg + 43 + v + v33;3, o2exp(N ;) 0.259  1.323 0.640
(0.148) (0.291) (0.429)
(C) T=25, N=100 1 o Y1
cilzi ~ N(Wg + | 7. 02) 0.178 1.054 0.524
(0.035)  (0.046) (0.077)
eilzi ~ N(¥o + ¢4 + vof? + v3E3, 02) 0.174 1.056 0.523
(0.035)  (0.048) (0.078)
cilx; ~ N(vg + ¥} &. o2eap(N| 7)) 0.177 1.054 0.526
(0.035)  (0.047) (0.074)
cilzi ~ N(wg + 9] T; + voF? + Y353, 02exp(\|%;))  0.179  1.061 0.522
(0.044)  (0.049) (0.084)

continued on next page
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Table B.4 (continued)

Estimated Process Coeflicient Estimates
(D) T=25, N=500 T ) Yt—1
cilzi ~ N(vg + |7, 02) (0.176) (1.051 0.525
0.015)  (0.021) (0.034)
SRR Y N I
e e i) B M
Ul . .
cilzs ~ N(Wg + ¢4 % + vod;? + vgs,3, o2exp(N| 5;)) (%})Z%) (B%5287 ) (%%25%)

continued on next page
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Table B.4 (continued)

Estimated Process

Coefficient Estimates

(ii) P(yio = llz;, ¢;) = ®(z408)
(A) T=5, N=100 ] I9 Yi—1
alzi ~ N(o+ ¥idi.og) ©.090) (0,001 (0367)
N artrastl gl o, g,
cilri ~ N(vg + ¥4 5, 02exp(N| 7)) (% %52 ) (})'2?73 ) (%%11% )
cilrg ~ N(vg + U5 + i + ¢, o2erp(N 7)) ((0021%)) ((})12?3)) ((%5317551))
(B) T=5, N=500 T ) Yi—1
e R
cilzi ~ N(vg + )8 + ;2 + Y3E;3, 02) (%})%26) (%%2%) (%%)8821)
cilzi ~ N(vo + ¢, oexp( N 7)) ((2 11%:2) (B(}%zi ) (()0.%842?)
cilr; ~ N(vo + viT; + Vo2 + 03113,02€xp(A’]:E,-)) 0.205 1.193 0.660
(0.098) (0.239) (0.475)
(C) T=25. N=100 I ") Yt-1
ciles ~ Ny + ¥75.02) ©o%s)  (00i)  (0070)
. 9 . .
S
cilzi ~ N(vg + ¥ 5. 02exp( N ;) (%h% ) (10(()343 ) (%%173 )
cilzg ~ N(vg + 9|5 + vag® + U3, oexp(N| 7;)) ((())})286 ) (10%%%) ((())?)28% )
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Table B.4 (continued)

Estimated Process Coefficient Estimates
(D) T=25, N=500 x] 9 Yt-1
clei ~ N(o + ¥181.7) 000 (G.020) o
cilri ~ N(ug + ¥ 5 + ¥ofi? + v33,3, 02) 0.173 1.039 0.523
(0.031)  (0.024) (0.045)
cilr; ~ N(vo + v 5. 02exp(N| 7)) 0.173 1.038 0.522
(0.015)  (0.020) (0.034)
cilri ~ N(vg + 'l/fi I; + ‘l/)2f,'2 + '(,/1317,'3, Ugel'p(/\/lfi)) (%})Zﬁ) (10(())424;) (%%25%)

continued on nert page
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Table B.4 (continued)

Estimated Process Coefficient Estimates
(iii) P(yio = 1]z, ¢;) = ®(no + mT; + nocy)
(A) T=5, N=100 x 9 Yt—1
cilzi ~ N(¥o + ¥} %;.02) 0.175 1.029 0.528
(0.086) (0.114) (0.199)
cilry ~ N(vo + ¢15 + PoTi2 + Y33, (Tg) 0.181 1.144 0.508
(0.124)  (0.220) (0.380)
cilzi ~ N(uo + ¥] 5, 02exp( N 7)) 0.255  1.283 0.827
(0.187)  (0.335) (0.495)
cilri ~ N(yp + 47 + Vo2 + g3, (Tg(f.’II]I(All.’I,T,‘)) 0.288 1.420 0.791
(0.201)  (0.356) (0.508)
(B) T=5, N=500 ] ) Yi—1
ciley ~ N(io + 17, 02) 0.174 1.015 0.537
(0.041)  (0.056) (0.133)
cilxy ~ N(Wo + Y| F; + bodi? + ¢33, 02) 0.186 1.181 0.581
(0.120)  (0.219) (0.375)
cilzi ~ N (v + 9 5, 02exp( M 7)) 0277  1.343 0.874
(0.190)  (0.342) (0.488)
cilri ~ N(Wg + Y)F; + vodi? + v3di3, o2exp(M£;)) 0313 1.572 0.763
(0.193)  (0.320) (0.551)
(C) T=25, N=100 T T2 Yt-1
cilzi ~ N + 7. 02) 0.179 1.055 0.528
(0.036)  (0.049) (0.087)
cilTi ~ N(Vo + ¥ + voF® + 333, 02) 0.176 1.059 0.536
(0.036)  (0.049) (0.091)
¢ilzi ~ N(wo + ¥ 7, 02exp( M 5))) 0.181 1.063 0.555
(0.036)  (0.056) (0.115)
cileg ~ N(vo + Y15 + YoT2 + Y3 E3, age:tp()\’lfi)) 0.182 1.069 0.558
(0.039)  (0.061) (0.135)

continued on next page
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Table B.4 (continued)

Estimated Process Coeflicient Estimates
(D) T=25, N=500 4| ) Yt-1
cilri ~ N(vo + ¥, 02) 0.176 1.052 0.531
(0.020)  (0.026) (0.060)
cilri ~ N(ig + 6] + 0o + Y353, 02) 0.178 1.054 0.534
(0.031)  (0.025) (0.048)
cilri ~ N(vo + ¢ T o2eap(N5;)) 0.179 1.056 0.558
(0.025)  (0.038) (0.103)
cilzi ~ N(vp + V)& + Vo2 + Y33, U?lezp(/\'lf,j)) 0.185 1.072 0.557
(0.052)  (0.048) (0.116)

Quantity in parcntheses is standard error.

Estimates in bold are significant at the 5% level & 3 equals its true value (italics 10%).
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Table B.5: Parameter Estimates for Table 2.4

Estimated Process Coeflicient Estimates
p=.25
(A) T=5, N=100 T €9 Yt—1

ciliyyio ~ N(ag + ayyio + agfi, o)
0.176 1.037 0.163
(0.084) (0.119)  (0.184)

cilzi,yio ~ N(ag + a1yio + aoF; + ags? + agd;3, 02)

0241 1.237  0.245
(0.160)  (0.311)  (0.375)

cilrisyio ~ N(ag + aqyip + agF;. 03"1‘7'(/\';'7:‘2))
0.299 1.469 0.307
(0.240) (0.449) (0.628)

} ) . - 2
cileiogio ~ N(ag + aryio + aof + ag#;? + ag7 o2exp(Mz;"))

0.384 1.593  0.423
(0.269) (0.445) (0.611)

(B) T=5, N=500 T 9 Yt-1

cilTi, yio ~ N(ag + ayyio + agfi, o)
0.178 1.031 0.164
(0.029)  (0.044)  (0.075)

cilri yio ~ N(ag + aryio + aof; + (13;1_‘,’2 + (l4fi3. Ug)

0.190 1090  0.181
(0.046) (0.082)  (0.133)

) - 2

eilzioyio ~ N(ag + ayyip + aody. o2exp(M ;"))
0.178 1.028 0.164
(0.029)  (0.045)  (0.074)

_ _ _ -2
cilziyio ~ N(ag + aryio + aofi + a3%;® + ayz® o2exp(Ma;))

0.178  1.028  0.164
(0.029)  (0.045)  (0.074)

continued on next page
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Table B.5 (continued)

Estimated Process Coeflicient Estimates

(C) T=25, N=100 T z Yt-1

cilriyio ~ N(ag + aryio + 0oy, 02)
0.180 1.060 0.174
(0.039)  (0.058)  (0.089)

cilri yio ~ N(ag + a1y + asfi + a3f;® + ayi;3, 0?)

0.190  1.090  0.181
(0.046) (0.082) (0.133)

_ - 2
cilziyio ~ N(ag + aryio + agf; o2exp(Nz;"))
0.194 1.102 0.181
(0.076) (0.140)  (0.206)

_ - _ - 2
cilrivyio ~ N(ag + aryio + aof; + a3%;2 + ay;3, ogexp(/\'lx,j )

0.189  1.114  0.197
(0.064) (0.113)  (0.217)

(D) T=25, N=500 T ) Yt-1

¢ilTiyio ~ N(ag + ayip + aafy, o)
0.178 1.058 0.170
(0.031)  (0.041)  (0.082)

cilzi yio ~ N(ag + aryio + aof; + a3f® + aadi3, 02)
0.191 1.093 0.183
(0.053) (0.086) (0.127)

) _ - 2
eilzi, yio ~ N(ag + aryio + agFy, o2exp(Nz; "))
0.196 1.115 0.189
(0.078) (0.155) (0.101)

_ - - - 2
¢ilTioyio ~ N(ag + aryio + aof; + a3f;® + aqd;S. o2exp(Njz;"))

0.187 1.106  0.196
(0.063) (0.106) (0.088)

continued on next page
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Table B.5 (continued)

Estimated Process Coefficient Estimates
p=.75
(A) T=5, N=100 xr €9 Yt—1
cilTi, yio ~ N(ag + aryi + agF;, 02)
0.178 1.035 0.497
(0.088) (0.118)  (0.181)
cilzi, yio ~ N(ag + aryio + aof; + a3i;® + ayz;3, 02)
0.232 1.207 0.596
(0.142)  (0.258) (0.361)
_ - 2
cilriyyio ~ N(ag + aqyio + ooy o2erp(Ma; "))
0.289 1.403 0.691
(0.244) (0.411) (0.605)
¢ilzi, yio ~ N(ag + ayig + aof; + a3ii? + ag73, o2exp(Nz ))
0.344 1.549 0.749
(0.237)  (0.390) (0.594)
(B) T=5, N=500 T Io Yi—1
cilTi, yio ~ N(ag + ayyio + agf;. 02)
0.173 1.029 0.519
(0.035)  (0.051)  (0.085)
(1|7u Yiog ~ N(“O + ay;0 + af; + (‘312 + T 3 2)
0.204 1.058 0.511
(0.041) (0.061)  (0.099)
cilrivyio ~ N(ag + ajyo + a2f;.0 Plp(/\llz )
0.168 1.029 0.516
(0.035)  (0.054)  (0.092)
cilricyio ~ N(ag + aryio + aof; + agf;? + ey, 026TP()\13‘3 )
0.168 1.029 0.516
(0.035)  (0.054)  (0.092)

continued on next page
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Table B.5 (continued)

Estimated Process Coefficient Estimates

(C) T=25, N=100 ) 9 Yi—1

cilriyio ~ N(og + aqyip + agr;. ”3)
0.177 1.058 0.527
(0.38)  (0.051)  (0.084)

cilri yio ~ N(ag + ayyip + aoF; + 03:17,-2 + a4f,~‘5. 03)

0.191  1.095  0.535
(0.059)  (0.090) (0.117)

) - 2
¢ilzi. yio ~ N(ag + eqyio + agfi. o2exp(Nz;))
0.198 1.128 0.540
(0.079) (0.170) (0.208)

) ) 3 - 2
¢ilTioyio ~ N(ag + aqyi + aof; + ags® + ayd;3, o2exp(Niz;"))

0.185 1102  0.534
(0.061) (0.098)  (0.195)

(D) T=25, N=500 T ) Yt—1

cilxi.yio ~ N(ag + a1y + aady. a2)
0.175 1.056 0.509
(0.011)  (0.023)  (0.027)

cilzicyio ~ N(ag + ayio + agf; + agd;? + a4, 02)

0.190 1.090 0.537
(0.048)  (0.081) (0.107)

cilTi yio ~ N(ag + ayyp + ag;. UZFTP(/\';J’:??))
0.196 1.200 0.551
(0.063) (0.044) (0.099)

-2
7 = = =« e /
cilai, yio ~ N(ag + ayyio + aodi + agd;® + agd;S, o2erp(Nz;"))

0.187 1117  0.5/4
(0.044) (0.036)  (0.109)

Quantity in parentheses is standard crror.

Estimates in bold are significant at the 5% level & 3 equals its truc value (italics 10%).
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APPENDIX C

Chapter 3 Summary Statistics

Table C.1: Union Membership Data Summary Statistics
Variable Mean Std. Dev. Min Max

Union Membership 0.244 0.430 0 1

Marital Staus 0.439 0.496 0 1

110



BIBLIOGRAPHY

(1] Arellano, M. and S. Bond, 1991, Some Tests of Specification for Panel Data: Monte
Carlo Evidence and an Application to Employment Equations, The Review of Economic
Studies, 58, 277-297.

(2] Arellano, M. and R. Carrasco, 2003, Binary Choice Panel Data Models with Predeter-
mined Variables, Journal of Econometrics, 115, 125-157.

(3] Baltagi, B.H., 2001, Econometric Analysis of Panel Data, 2nd Edition, New York, NY:
John Wiley & Sons.

(4] Bera, A.K. and C.R. McKenzie, 1986, Alternative Forms and Properties of the Score
Test, Journal of Applied Statistics, 13, 13-25.

[5] Bera, A.K., Jarque, C.M., and L.F. Lee, 1984, Testing the Normality Assumption in
Limited Dependent Variable Models, International Economic Review, 25, 563-578.

(6] Breusch, T.S. and A.R. Pagan, 1979, A Simple Test for Heteroskedasticity and Random
Coefhlicient Variation, Econometrica, 47, 1287-1294.

(7] Breusch and Pagan, 1980, The Lagrange Multiplier Test and its Applications to Model
Specification in Econometrics, Review of Economic Studies, 47, 239-253.

(8] Chamberlain, G., 1980, Analysis of Covariance with Qualitative Data, The Review of
Economic Studies, 47, 225-238.

[9] Chay, K. and D. Hyslop, 2000, Identification and Estimation of Binary Response Panel
data Models: Empirical Evidence using Alternative Approaches, mimeo., University of
California at Berkley Department of Economics.

[10] Chintagunta, P., Kyriazidou, E. and J. Perktold, 2001, Panel Data Analysis of House-
hold Brand Choices, Journal of Econometrics, 103, 111-153.

(11] Davidson, R. and J.G. MacKinnon, 1984, Model Specification Tests Based on Artificial
Linear Regressions, International Economic Review, 25, 485-502.

[12] Engle, R.F., 1984, Wald, Likelihood Ratio, and Lagrange Multiplier Tests in Econo-
metrics, Handbook of Econometrics, 2, ed. Z. Griliches and M.D. Intriligator, Elsevier
Science Publishers: New York, 775-826.

[13] Fenn, G.W. and N. Liang, 2001, Corporate Payout Policy and Managerial Stock Incen-
tives, Journal of Financial Economics, 60, 45-72.

(14] Godfrey, L.G., 1981, On the Invariance of the Lagrange Multiplier Test with Respect
to Certain Changes in the Alternative Hypothesis, Econometrica, 49, 1443-1455.

(15] Hahn, J. and W. Newey, 2004, Jackknife and Analytical Bias Reduction for Nonlinear
Panel Models, Econometrica, 72, 1295-1319.

(16) Ham. J.C. and R.J. Lalonde, 1996, The Effect of Sample Selection and Initial Conditions
in Duration Models: Evidence from Experimental Data on Training, Econometrica, 64,
175-205.

111



(17] Hausman, J.A. and G.K. Leonard, 1997, Superstars in the National Basketball Associ-
ation: Economic Value and Policy, Journal of Labor Economics, 15, 586-624.

(18] Heckman, J.J., 1981, The Incidental Parameters Problem and the Problem of Initial
Conditions in Estimating a Discrete Time-Discrete Data Stochastic Process, in Struc-
tural Analysis of Discrete Data with Econometric Applications, ed. C.F. Manski and D.
McFadden, MIT Press: Cambridge, MA, 179-195.

(19] Heckman, J.J., 2001, Micro Data Heterogeneity, and the Evaluation of Public Policy:
Nobel Lecture, Journal of Political Economy, 109, 673-748.

[20] Honore, B.E., 1993, Orthogonality Conditions for Tobit Models with Fixed Effects and
Lagged Dependent Variables, Journal of Econometrics, 59, 36-61.

(21] Honore, B.E. and E. Kyriazidou, 2000a, Estimation of Tobit Type Models with Indi-
vidual Specific Effects. Econometric Reviews, 19, 341-366.

[22] Honore, B.E. and E. Kyriazidou, 2000b, Panel Data Discrete Choice Models with Lagged
Dependent. Variables, Econometrica, 68, 839-874.

(23] Honore, B.E. and A. Lewbel, 2002, Semiparametric Choice Panel Data Models Without
Stictly Exogenous Regressors, Econometrica, 70, 2053-2063.

[24] Honore, B.E. and E. Tamer, 2003, Bounds on Parameters in Dynamic Discrete Choice
Models, Working Paper, Princeton University.

[25] Horowitz, J.L., 1997, Bootstrap Methods in Econometrics: Theory and Numerical Per-
formance, in Advances in Economics and Econometrics: Theory and Applications, 3,
ed. D.M. Kreps and K.F. Wallis, Cambridge: Cambridge University Press, 188-222.

[26] Hsiao, C., 1986, Analysis of Panel Data, Cambridge University Press: Cambridge.

[27] Hyslop, D.R., 1999, State Dependence, Serial Correlation, and Heterogeneity in In-
tertemporal Labor Force Participation of Married Women, Econometrica, 67, 1255-1294.

[28] Jagannathan, M., Stephans, C., and M. Weisbach, 2000, Financial Flexibility and the
Choice between Dividends and Stock Repurchases, Jounral of Financial Economics, 57,
355-384.

[29] Lechner, M., 1995, Some Specification Tests for Probit Models Estimated on Panel
Data, Journal of Business €& Economic Statistics, 13, 475-488.

[30] Lee, C.J., 2000, Dynamic Unobserved Effects Model for Continuous and Binary Re-
sponse, Dissertation, Michigan State University.

[31] Lintner, J., 1956, Distribution of Incomes of Corporations among Dividends, Retained
Earnings, and Taxes, American Economic Review, 46, 97-113.

[32] MacKinnon, J.G., 1992, Model Specification Tests and Artificial Regressions, Journal
of Economic Literature, 30, 102-146.

[33] Maddala, G.S., 1983, Limited-Dependent and Qualitative Variables in Econometrics,
Cambridge University Press: Cambridge.

112



(34]

39

[36]

37]

[38)

39]

[40]

[41]

[42]

[43]

(48]

[19]

Manos, R., 2002, Dividend Policy and Agency Theory: Evidence on Indian Firms,
University of Manchester Institute for Development Policy and Management, Finance
and Development Research Programme Working Paper No.41

Manski, C.F., 1987. Semiparametric Analysis of Random Effects Linear Models from
Binary Panel Data, Econometrica, 55, 357-362.

Moh'd, M.A., Perry, L.G. and J.N. Rimbley, 1995, An Investigation of the Dynamic
Relationship between Agency Theory and Dividend Policy, The Financial Review, 30,
367-385.

Moon, C.G., 1988. Simultaneous Specification Test in a Binary Logit Model: Skewness
and Heteroskedasticity, 17, 3361-3387.

Mundlak, Y., 1978, On the Pooling of Time Series and Cross Section Data, Economet-
rica, 46, 69-85.

Papke, L.E., 1994, Tax Policy and Urban Development: Evidence from the Indiana
Enterprise Zone Program, Journal of Public Economics, 54, 37-49.

Papke, L.E. and J.M. Wooldridge, 1996, Econometric Methods for Fractional Response
Variables with an Application to 401(k) Plan Participation Rates, Journal of Applied
Econometrics, 11, 619-632.

Rivers, D. and Q.H. Vuong, 1988, Limited Information Estimators and Exogencity Tests
for Simultaneous Probit Models, Journal of Econometrics, 39, 347-366.

Savin, N.E. and A.H. Wurtz, 1999, Power Tests in Binary Response Models, Economet-
rica, 67, 413-421.

Wooldridge, J.M. (1991), On the Application of Robust Regression-Based Diagnostic
Models of Conditional Means and Conditional Variances, Journal of Econometrics, 47,
5-46.

Wooldridge, J.M. (1991), Specification Testing and Quasi-Maximum-Likelihood Esti-
mation, Journal of Econometrics, 48, 29-55.

Wooldridge, J.M., 1995, Selection Corrections for Panel Data Models under Conditional
Mean Independence Assumptions, Journal of Econometrics, 68, 115-132.

)] Wooldridge, J.M., 1997, Multiplicative Panel Data Models without the Strict Exogeneity
Assumption, Econometmc Theory 13, 667-678.

Wooldridge, J.M., 2000, A Framework for Estimating Dynamic, Unobscrved Effects
Panel Data Models with Possible Feedback to Future Explanatory Variables, Economics
Letters, 68, 245-250.

Wooldridge, J.M., 2002, Econometric Analysis of Cross Section and Panel Data, MIT
Press: Cambridge, MA.

Wooldridge, J.M., 2002, Inverse Probability Weighted M-Estimators for Sample Selec-
tion, Attrition, and Stratification, Portuguese Economic Journal, 1, 117-139.

113



[50] Wooldridge, J.M. (2005a), Simple Solutions to the Initial Conditions Problem in Dy-
namic, Nonlinear, Panel Data Models With Unobserved Heterogeneity, Journal of Ap-
plied Econometrics, 20, 39-54.

[51] Wooldridge, J.M. (2005b), “Unobserved Heterogeneity and Estimation of Average Par-
tial Effects,” in Identification and Inference for Econometric Models: Essays in Honor
of Thomas Rothenberg, D.W.K. Andrews and J.H. Stock (eds.), Cambridge: Cambridge
University Press.

152] Wooldridge, J.M. (2005¢), Fixed-Effects and Related Estimators for Correlated
Random-Coeflicient and Treatment-Effect Panel Data Models, The Review of Eco-
nomics and Statistics, 87, 385-390.

114



‘H“l”lH T

3 02845 5180




