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Abstract

In this paper we propose and implement a methodology for testing and estimatiing GARCH
effects in a pand data context. We propose smple ests based on OLS and LSDV resduals to
determine whether GARCH effects exis and to test for individud effects in the conditiona
vaiance. Edimation of the modd is based on direct maximization of the loglikdihood function
by numericd methods. Monte Carlo studies are conducted in order to evauate the performance
of this MLE edimator for various relevant designs. We dso present two empirica applications.
We invedigate whether invesment in a pand of five lage U.S. manufacturing firms, or inflation
in a pand of saven Lain American countries exhibit GARCH effects. Our pand GARCH
edimator satisfactorily captures the sgnificant conditiond heteroskedadticity in the data in both
Cases.

Key words: Pand Data Modes, OLS, Least Squares Dummy Variables;, ARCH and GARCH
models, Maximum Likelihood Estimation, Investment, Inflation.

JEL classification: C32, C33.



1. Introduction

GARCH modeling has proven to be one of the most useful new time series tools of the
last 15 years. Modeling the conditiona variance of a stochastic process with ARMA techniques
has dlowed for greatly improved testing of hypotheses about the real effects of risk/uncertainty.
Further, while the OLS egtimator is till best linear unbiased in the presence of conditiona
heteroskedadticity, the non-linear GARCH estimator can provide large efficiency gains over
OoLS.

In this paper we consgder GARCH estimation and testing in panels. In existing
multivariate GARCH models, the number of parameters to be estimated grows rapidly with the
number of objects (N) under study, making them impractical for gpplications with even a
moderate N. We attack the problem directly from a pand perspective, employing assumptions
and techniques common in that literature. A pand GARCH estimator is extremely useful for &
least two reasons. Firdt, uncertainty islikely to be more prevaent and have greater red effectsin
developing countries. However, these countries rarely produce long time series of data for
researchersto exploit. To study the determinants and red effects of uncertainty in the
developing world, we need a paned GARCH model.

Second, the recent trend of using panel data rather than asingle time seriesto test
macroeconomic and financia hypotheses often involves a switch from examining asingle long
time seriesto severd pooled shorter time series. Aswe explain below, this sample change can
sgnificantly reduce the rdative efficiency of the least squares estimator relative to a GARCH
egimator. It is therefore vauable to be able to test pand regressions of financiad datafor
GARCH effects and have a more efficient pand estimator available if the error term isfound to

be conditiondly heteroskedadtic.



In section 2 below we review the development of GARCH mode s and discuss how pand
GARCH fitsinto this overal framework. Section 3 derives our basic pand GARCH estimator
under the assumption of total parameter homogeneity. Section 4 discusses severd generdizations
that relax some of the homogeneity assumptions. Section 5 describes atesting and estimation
procedure to determine what type of panel GARCH mode is appropriate for a given set of data.
Section 6 studies the finite sample performance of the GARCH estimator by way of a series of
Monte Carlo experiments. In section 7, we provide two empirica examples of our procedurein
action, investigating whether either investment in apand of five large US manufacturing firms,
or inflation in apand of seven countries, exhibit GARCH effects. Findly, section 8 concludes by

reviewing our contribution and making some suggestions for future work.

2. ARCH and GARCH Modds

Voldtility clustering, where the occurrence of large resduasis correlated over time, is
frequently observed in financia data. Engle's (1982) ARCH paper models volatility dugtering
by assuming that the conditiond variance of today’s error term, given the previous errors,
follows amoving average process. Engle shows that the efficiency gain from usng ARCH
edimation ingtead of |east squares can be quite large when the degree of conditiona serid
dependence in the error variance is strong.*

Two important extensions of Engle s modd are Bollerdev's (1986) GARCH model, and
Engle, Lillien & Robbins (1987) ARCH-M modd. GARCH modds the conditiond variance of

the error term as an autoregressve-moving average (ARMA) process, and the GARCH(1,1)

! The effects of ARCH estimation on empirical results can be dramatic. For example Grier & Perry (1993) show
that the sign of the coefficients on money growth in an interest rate regression can depend on accounting for the
conditional heteroskedasticity in the data, and Vilauso (2001) shows that the results of Granger causality tests for
money and prices also depend on modelling conditional heteroskedasticity.



model has become the most commonly used specification in empirica applications. Bollerdev
shows that any arbitrary ARCH mode can be well approximated by the GARCH(1,1)
specification.

The ARCH-M modd permits testing of economic hypotheses about the redl effects of
risk or uncertainty. Huctuations in the conditiona variance of the error term are tantamount to
fluctuationsin the predictability of the process. A high conditiond variance impliesless
predictability, or more risk/uncertainty. ARCH-M models are used to measure and test the
sgnificance of time varying risk premiain financid data®

Ballerdev, Engle & Wooldridge (1988) introduce the multivariate GARCH model where
the conditiond covariancemairix H a time t (for the GARCH(1,1) case) isgiven as.

vech(H,) = C+ Avech(e_,e_,) +Bvech(H, ,) @
Here vech refersto the column stacking operator of the lower portion of asymmetric matrix,
€ , isthevector of erorsattime t- 1,and A ,B, and C are coefficient matrices. In the three
variable case, this covariance structure requires estimating 78 coefficients. To smplify,

Bollerdev, Engle & Wooldridge assume that matrices A and B are diagond, which in the tri-
variate case reduces the number of coefficients to be estimated to 18. Bollerdev (1990)
introduces a further smplification, the constant correlation modd, further reducing the estimated
parameters in the tri-variate case to 12. Given the large number of coefficients to be estimated,
even employing extreme smplifying assumptions, existing empirica multivariate GARCH

modds congder only asmal number of varigbles.

2 While the majority of GARCH applications are in finance (see Bollerslev, Chou, and Kroner 1992 for areview),

the technique is useful in macro and development economics aswell. Recently, Grier and Perry (1996, 2000) use a
multivariate GARCH-M model to test for the effects of inflation uncertainty on the dispersion of relative prices and
on real output growth in the US.



Our god isto extend the utility of GARCH modeling in economics by introducing a
tractable methodology for GARCH estimation and testing in a panel data setting. The estimator
is not designed to study the covariance of errors across entities, but rather to modd the common
conditiond variance in agroup of entities. As noted in the introduction, the extension of
GARCH modeling to panelsisimportant for two reasons. Firs, uncertainty is likely to be more
prevaent and have greeter red effectsin developing countries. However, these countries rarely
produce long time series of data for researchersto exploit. Thusto test for the red effects of
uncertainty where they are likely to be most important requires pooling severd countriesinto a
sngle data set and then estimating the time varying conditiond variances. Our panel GARCH
estimator can accomplish exactly that.

Second, the recent switch from time series to pand gpproaches for testing economic
theories may well exacerbate conditional heteroskedagticity problemsin the data. The shorter
time series that typicdly are pooled to create a pand data set encompass more recent data,
which are likely to enjoy greeter volatility clustering. As older observations are discarded and
the sample becomes more heavily weighted with more recent data, the strength of GARCH
effects may grow, as may the efficiency gain from usng a GARCH estimator.

For example, suppose that the years 1981 — 85 contain alarge amount of voldility
clustering in most countries. For a 100 year, Sngle country time series, voldility clustering is
severe in 5% of the sample. For a 20 year, 10-country pand covering the 1970s and 1980s,
severe volatility clustering occurs in 50% of the sample. To the extent that switching from a
time series to a pand approach piles up more observations that are conditionally heteroskedadtic,

least squares becomes less and less efficient compared to GARCH estimation.



3. The Basic Panel GARCH Mod€
This section describes the pecification and estimation of asmple panel datamode with
atime- varying conditiond variance. At this stage we assume complete parameter homogeneity

across unitsin the pand. In the next section this assumption isrelaxed to alow for some forms
of parameter heterogeneity. We consider the following genera pooled regresson modd:
y, =m+fy,  +x,b+u,, i=L..,N, t=1..T 2

uit :Sitelt !

e,~NID(0.), &)
whereN and T are the number of cross sections and time periodsin the pandl respectively, y;, is
the dependent variable, nr isthe common intercept coefficient, X, isarow vector of explanatory
varisblesof dimenson k, b isak by 1 vector of coefficients, u,, isthe disturbance term, and f
isthe AR parameter. We assume thet f | < 1. We also assumethat T is relatively large so that we
can invoke consistency of Least Squares estimators®. Under the assumption f = 0, the process
given by equation (1) becomes static. A general processfor s, isgiven by thefollowing

GARCH (p, 9):

2 — oq 2 J) 2
Sit _a+a gmui,t—m+adnsi,t—n’ (4)

m=1 n=1
which can be expressed more compactly as.
Sif :a+A(L’9)ui2t +B(L’Q)Si$’ (5)
where a isacommon intercept coefficient, g and d are column vectors of dimensions g and p

respectively, and A(L,Qg), and B(L,d) are polynomidsin the lag operator L. The previous



equations, are smply extensions of Bollerdev’s (1986) GARCH process to each cross-sectionin
the panel. Noticethat, if B(L,d) =0 we have an ARCH (q) process asin Engle (1982), and if
A(L,g) = B(L,d) = 0 we have homoskedastic disturbances. The model defined by equations (2)
and (5) will bereferred to asModd A. From theorem (1) in Bollerdev (1986), the condition

A(D) + B(1) <1 issufficient to assure that the GARCH (p, g) given by equation (5) be stationary
for each cross-section in the pand.

Engle (1982) has pointed out that in a pure time series context, each observation is
conditiondly normally distributed but the vector of T observationsis not jointly normally
digtributed. In fact, the joint density is the product of the conditional dendtiesfor dl T
observations. The previous statement applies directly to each cross-sectiond unit in the pand
consdered in Model A. Thus, extension to the pandl data case is straightforward as long asthe
disturbances in the modd are assumed to be cross-sectiondly independent.

For observation (i, t), the conditiond dengty is

(yit - m fyit-l B XitQ)2

f(y./x.,mba,gd) = f(a,gd) " exp- 6
(vi/%.-mb,a,gd) =(20s; (a.gd)) p 257 @.9d) (6)
which implies, under the previous cross-sectiona independence assumption, the following log-
likelihood function:
NT 18 3 18 3 (y, - mfy,,-x,b)?
=- —-I(2p)- 3 & (s’ (@.gd) - 54 & - 1" X D @
2 paamnsiad 222 si(@,gd)

Even though the OL S estimator in equation (2) is il consstent and the most efficient anong

the class of linear estimators, the MLE estimator based upon (7) is amore efficient non-linear

3 For dynamic models with fixed effects andi.i.d. errors, it iswell known that the LSDV estimator is biased in small
T samples, i.e. seeKiviet (1995). Later in section 6, will asses the bias of this estimator vis avisthe non-linear
MLE estimator when we have conditionally heteroskedastic disturbances.



esimator. In addition, by usng MLE we can obtain the parameters of both, the conditiona
mean (equation 2) and conditiona variance (equation 5) smultaneoudly.*

From MLE theory we know that under regularity conditions the MLE estimator of the
parameter vector g =(mb',a,g',d')’" iscongstent, asymptaticaly efficient and asymptoticaly
normally distributed. These excellent asymptotic properties, however do not directly spesk to
the properties of the estimator in sample sizeslikely to be encountered in practice. We thus
provide some evidence on the finite sample performance of this MLE estimator relaiveits OLS
counterpart by Monte Carlo smulationsfor afew designs. We present these results in Section 6
below.

Findly, it isimportant to notice that our modd can be easly extended to the GARCH-M
class of modes in which the conditiona variance enters into the conditiona mean equation and
as0 to modd's where exogenous regressors enter the variance equation. In the former case,
equation (2) becomes:

y, =mtfy, , +x, b+rs, +u,, t=1...T. (8)
In the later case, equation (5) can be reformulated as.

s?=a+AL,gu:+B(Lds}+z.4q, 9)
where z,, isavector of explanatory variables that may or may not include the varigblesin x,,

and g isavector of parameters.

* Wewill pursue direct maximization of (7) by numerical methods as given in the Optimization module of the
GAUSS computer program. The asymptotic covariance matrix of the MLE estimator will be approximated as the



4, Reéaxing the Homogeneity Assumptions
Modd A can easly be modified to alow for different forms of parameter heterogeneity.
In principle, it is possible to have heterogeneity in intercepts and/or dopes in both the mean and
variance regressions. In fact there are 16 distinct combinations. In order to have a manageable
number of cases we only dlow for heterogeneity in intercepts in the mean and variance
equations. In addition to Modd A, we consider the following 3 modds:
() Individua effectsin the mean equation and full parameter homogenety in the
variance equation (Modd B).
(i) Individua effectsin the variance equation and full parameter homogenety in the
mean equation (Modd C)
(i)  Individua effectsin boththe mean and variance equations (Modd D).
The mean and variance equations for Modd D are given by
Y, =m+fy, , +x,b+u,, i=L...,N, t=1..T (10)
s?=a, + AL,g)u? +B(L,d)s 2, (11)
with m and &, representing the corresponding individud specific effects. In this case, the fulll
parameter vector g =(m, b',a’,g',d')' has (2N + k+ p+q+1) dementssnce mand a are
vectors of dimension N with typicd dements m and a, respectively. If these individua-

specific effects are treeted as fixed, the basic mode given in the previous section applies directly
to this case with no modifications other than including dummy variablesin both the mean and

variance equaions. Modd B considersindividud effectsin the mean equation and a common

intercept coefficient in the variance equetion (&, =a). Inthiscasethereare (N+k + p+ q+2)

inverse of the outer product of the gradient vectors of |, evaluated at actual MLE estimates.



parameters to be estimated. The same number of parameters would have to be estimated in the
case of Model C.

If the cross-section dimengion of the sample (N) is not small, however, the number of
parameters to estimate can become unusudly large. In this Stuation it would be convenient to
sweep out the individua effectsin the mean equation if they are found significant in order to

reduce the number of parameters to be estimated.

5. Choosing the Correct Panedd GARCH model

We propose the following methodology to identify the appropriate satistical model.
Firgt, test for the presence of individua effects in the mean equation. Second, test for ARCH
effectsusng OLS or LSDV resduas depending on the resultsin the first step. Third, determine
if there areindividua effectsin the conditiond variance process. Findly, after choosng and
esimating amodd, check its resduds to ensure that there is no remaining conditiona
heteroskedaticity.
51 testingfor individual effects in the mean equation

We propose testing for individua effects in the mean equation using the LSDV estimator
with heteroskedadticity and autocorre ation consstent covariance matrix, along the lines of
White (1980) and Newey and West (1987) estimators applied to pand.®

For models A and B, where the variance processis identical across units, the OLS and
LSDV are dill best linear estimators. However for models C and D the unconditiona variance
will be different across units and the previous estimators will no longer be efficient and inference

based upon them will not be valid. Given that we do not know a priori which is the appropriate

10



mode and that we can have auto correlation problems in practice, it seems convenient to use a
covariance matrix robust to heteroskedadticity and autocorrelation. Specificaly we will test the
null hypothess H,: m =m =--- =m, by means of aWad-test, which will follow a C(ZN_l)
digribution asymptoticaly.
52  testing for ARCH effects and individual effectsin the conditional variance

The second step uses either LSDV or OL S squared residuals (according to whether
individua effects were found or not in the mean equation) to test for ARCH effects. We can use
the estimated autocorreation and / or partid autocorrelaion coefficients to determine the
existence and possible order of ARCH effects. Also, the null hypothesis of conditiona
homoskedasticity or ARCH (0), against ARCH (j) can be tested for afew relevant vaues of .

This can be done via LM-test gtatistics based on the previous squared residuas and referred to

2
the C)

digribution. In practice, rgecting ARCH(O) in favor of alarge number of sgnificant
lags will lead to the estimation of a GARCH modd. Thet isto say, we are testing for ARCH, but
given that a GARCH(1,1) approximates quite well ARCH models of arbitrarily large orders, we
are consdering here as viable adternatives ARCH(1), ARCH(2), and GARCH(1,1).

Findly, wetest for individud effectsin the ARCH processin two ways. First we can test
whether the squared residual's have a constant mean across the cross-sectiond units. Second, we

can regressthe OLSLSDV squared residuas on an appropriate number of lagged squared

residuas with and without individud effects and compare the fits viaan F or Chi-square test.

® Arellano (1987) has extended the White' s heteroskedasticity consistent covariance estimator to panel data but this
estimator is not apropriate here since it has been formulated for small T and large N panels which is not our case.
1



5.3  sdectingthefinal model

After initidly choosing an appropriate conditiond variance mode, based on an andysis
of the squared resduds described above, and estimating the full mode via maximum likeihood,
it isimportant to make sure that al conditiona heteroskedadticty has been captured in the
estimation. We can accomplish thisin two ways. First, we can add additional ARCH or GARCH
terms and check their significance. Second, we can test the squared normdized resduds for any
autocorrelaion pattern. If sgnificant patterns remain, dternative specifications of the

conditiona variance should be estimated and checked.

6. Finite Sample Performance of the Pand GARCH Estimator

It iswell known that in the context of time series GARCH modds, the (nortlinear) MLE
esimator not only has desirable asymptotic properties but dso it is more efficient than the OLS
edimator. Littleisknown, however, on the finite sample performance of the MLE estimator
relative to its OL S counterpart in finite samples, particularly in panel data. This section presents
some Monte Carlo results that shed light on the performance of the MLE estimator in panelswith
GARCH errors. In particular, we study the bias and precison of the MLE and OL S estimators of
the parameters of the conditional mean equation (equation 2) as well as the performance of the
MLE estimator of the parametersin the variance equation (equation 4).
6.1 MonteCarlodesign

The data- generating modd is defined by equation (2) and equation (4) given before,
Notice that the error term in the mean equation is drawn from anorma distribution with mean

zero and a variance that changes over time according to equation (4). For practica purposes the



smulation study is limited to the pooled regresson modd and to the cases of ARCH (1) and
GARCH (1,1) erors.

For the conditiona mean, we consder separately the static and dynamic cases. Inthe
datic case, only one exogenous regressor with coefficient b =1 enters the mean equation. In the
dynamic case, we consder apure AR (1) process without exogenous regressors. In this case, the
AR parameter T takes the dternative values { 0.5, 0.8}, representing moderate and high
persistence of the AR (1) process respectively. The intercepts of the mean and variance

equationsareeach set to 1.0in all cases (mFa =1). For the ARCH (1) process, g, (the
coefficient of u? ;) takes on the dternative values { 0.5, 0.9}, representing moderate and high
degrees of conditiona heteroskedadticity. For the GARCH (1,1) process, we st g, =0.3 (the
coefficient ontheterm u? ) for dl cases, but wedlow d, (the coefficient ontheterm s *,) to

take on the values{0.3, 0.6,} .

Finaly, we have set the number of triasin each Monte Carlo experiment to 1000 but
given that the program that solves the modd numericaly does not ways converge, the find
number of (vaid) tridsis sometimes lessthan 1000. The results are presented in Tables Al
through A8 in the Appendix.

6.2  dtatic pane ARCH results

Tables A1 and A2 contain the results for the static mean, ARCH(1), case. Thefirst
obsarvation isthat as T increases for agiven N, the OLS and MLE estimators of the intercept and
dope coefficients in the mean equation improve on a mean sgquared error criterion. Although we
do not observe a clear patternin the bias of both estimators, their standard errors clearly diminish

with T. Second, when comparing the OLS and MLE estimators (for the mean equation), we find

13



that the MLE outperforms the OL S estimator in terms of precision and mean squared error. In
fact the MLE egtimator consstently has a M SE of about haf of that of the OLS estimator in the

case g, = 0.5, and lessthan hdf inthecase g, =0.9.

Turning to the MLE estimator of the variance coefficients a and g, (intercept and ARCH
(1) coefficient respectively), in both cases we observe improvements in precison and mean
squared error as T increases. However, thereis no obvious patternin the biases. Onamean
sguared error criterion, the MLE estimator of the variance coefficients appears to be quite
acceptable.

Turning back to the mean equation, it is worth mentioning that athough the MLE
estimator is better than its OL S counterpart, the MLE estimator of the intercept coefficient Hill
shows rdlatively large mean squared errors as percentage of the true parameter vaues. Infact, in
the case of the smdlest sample (N=5, T=20) the mean squared error of this estimator 17.1% and
21.4% for thecasesof g, =0.50.9 respectively.

6.3  dynamic panel ARCH results

Tables A3 and A4 show the results for the ARCH (1) process in the dynamic mean case.
Wefind that both the OLS and MLE estimators of the coefficients of the (dynamic) mean
equation become more precise as T increases. Overdl, both estimators improve as T increases
showing smdler mean squared errorsin al cases. Asopposed to our findings in the datic case,
in this case we observe that the MLE estimator of the intercept and AR parametersin the mean
equation clearly outperforms the OLS estimator in terms of both bias and precision.

Regarding the MLE estimators of the ARCH eguation, we find that their precison

increases with the sample size and that the biases generdly become smdler as T increases. On a

14



mean squared error criterion, we find improvement in the MLE estimators of both parameters (a
and g,) asthe sample sizeincreasesin dl cases.

When looking at the performance of these estimators as the persistence of the mean
process as well as the strength of the ARCH process increase, given the sample sizes, we observe
that the biases of the coefficients of the variance equation generdly increase. Also, thebiasof a

becomes negetive while the biasof g, becomes postive. Another pattern that we find is that the

standard error of a increases while the standard error of g, decreases. Overdl, on amean
squared error criterion, we find that the results for the MLE estimator of the variance equation
are quite acceptable.
6.4  static Panel GARCH results

Monte Carlo results for the static mean case with GARCH errors are presented in Tables
A5 and A6. We observe that the MLE and OL S estimators of the coefficients of the mean
equation (1 and b) improve as T increases in terms of standard errors and mean squared errors.
Also the MLE estimators of the previous coefficients are less biased than their OLS counterparts
inmog cases. Interms of precison, the MLE estimators outperform the OL S estimatorsin l
cases. A amilar result isfound in terms of mean squared errors.

Concerning the MLE estimators of the coefficientsin the variance equation (a,g,,d, ),
we find that their biases generdly diminish as T increases. Smilar results are found for the
standard errors and mean squared errors.

When the persistence of the GARCH process is increased, the performance of OLS and
MLE estimators of the mean coefficients worsens in terms of bias and precison, athough the

MLE is ill better than the OLS estimator. Regarding the MLE estimator of the variance

15



coefficients we observe that the bias increases except for the GARCH coefficient (d,). Onthe
other hand, the ARCH and GARCH coefficientsimprove in terms of digperson. On amean
squared error criterion, the estimators of these two coefficients improve while the estimator of
the intercept coefficient worsens.

6.5 dynamic Pand GARCH results

The Monte Carlo results for the model with dynamic mean and GARCH (1,1) errors are
presented in Tables A7 and A8. In this case we find that the MLE and OL S estimators of the
parameters in the mean equation (1 and f ) improve as T increases given N on any criterion
consdered. When comparing both estimators we find that in al cases the MLE estimator isless
biased and more precise than the OL S estimator.

For the MLE estimators of the variance coefficients, except for the ARCH parameter
(d,), wefind that they are generdly lesshiased as T increases. Also, dl MLE estimators of the
variance coefficients perform better both in terms of standard errors and mean squared errors as
T incressesin dl cases consdered.

When we dlow for more persistence in both the dynamic mean and variance processes,
we find that for both the OL S and MLE estimators of the mean equation, the bias of the intercept
coefficient () increases while the bias of the dope coefficient (f ) decreases. The same pattern
isobserved in terms of digpersion. In this case we observe again that the MLE outperforms the
OLS estimator. Regarding the MLE estimators of the variance coefficients, we find that the
intercept coefficient worsens but the ARCH and GARCH coefficients improve on amean
squared error. In fact, the intercept becomes more biased and less precise while the ARCH and

GARCH coefficients become less biased and more precise. Overdl, asthevauesof f and d,

16



coefficients are increased we obtain less rdigble estimators of the intercepts in both the mean

and variance equations. However, the estimators of the dope coefficients in the mean (f ) and

variance equations (g, ,d, ) become morereliable.

7. Empirical Examples

In this section we illugtrate the applicability of the paned GARCH egtimation and testing
methodology proposed in section 5. Specifically we investigate whether the uncertainty
associaed with investment in a pand of five large U.S. manufacturing firms, and inflationin a
pand of seven Latin American countries can in fact be cagptured with ARCH or GARCH models.
7.1  investment in a pand of five large U.S manufacturing firms

Here we use the well-known Grunfeld investment dataset.® Thisisapand of 5 large
U.S. firms over 20 years. For each firm and for every year we have observations on gross
invesment (1), the market vaue of the firm (F), and the vaue of the stock of plant and
equipment (C). Thevaues of the variables F and C correspond to the end of the previous year.
We test whether the conditiond variance of the investment process is time dependent.

The mode is specified asfollows:

l,, =m+b,F, +b,C, +u,, i=1..51t=1..,20 (12)
2 8 2 J 2
S;=a, tq dnsi,t-l ta gl (13)

n=l m=1

Notice that we dlow for heterogeneity only through individua effectsin both the
conditional mean and conditiond variance equations. We begin by testing for individua effects

in the mean equation. The computed Wad gatistic (usng aHAC covariance matrix with lag

® These data are taken from Greene (1997, p. 650, Table 15.1).
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truncation equd t0 2), is c('j) =118.226 , which ishigh enough to dearly reject the null

hypothesis of no individua effects in the mean equation. Next we attempt to identify ARCH
effects using the squared resduals from LSDV estimation of the mean equationWe compute the

partia auto correlation coefficients of the squared residuas (Table 1).

TABLE 1: Egtimated partial auto-correlation coefficients on squared L SDV residuals (investment data)

Coefficient t-ratio p-value

PAC(2) 0.5225* 4.0785 0.0000
PAC(2) -0.0925 -0.6633 0.7455
PAC(3) 0.0519 0.3542 0.3621
PAC(4) 0.0728 0.4862 0.3139
PAC(5) 0.2325° 15168 0.0664
PAC(6) -0.1235 -0.7816 0.7817
PAC(7) 0.1293 0.7731 0.2207
PAC(8) 0.0482 0.2828 0.3839
PAC(9) 0.1245 0.6978 0.2435
PAC(10) -0.1638 -0.9763 0.8342

LSDV estimated squared residuals are used since there is evidence of individual effectsin the mean equation. The

symbols*, * and ° indicate respectively 1%, 5% and 10% significance levels.

In these data, only the firg partid autocorrdation coefficient is datidicaly sgnificant a
the 0.05 levd. It thus appears that the conditiona variance of the error process follows an
ARCH(1). Next, wetry to determineif the conditiond variance equation hasindividua effects
by regressing the LSDV squared residuals on thelr first lag and a set of firm specific intercepts

and then testing whether the intercepts share a common coefficient.
The computed sttistics F, o, =2.960 and 0(24) =11.864 rgect the null hypothesis of no

individua effectsin the ARCH process at the 5% sgnificance level. The modd sdection
process thus suggests that there are individua effects in the mean equation, and that the
conditiond variance follows an ARCH (1) with individua effects, which isour modd D in

section V above.
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TABLE 2: Panel estimation resultsfor Investment with ARCH effects

Constant m; m, m; m, my F C L og-
likelihood
OLSestimates  -48.0297 0.1051 0.3054  -624.9927
Mean equation  (-2.1903)" (8.2850)*  (3.8471)*

s ? =16194.677

LSDV estimates -76.0668  -29.3736 -242.1708 -57.8994  92.5385  0.1060 0.3467  -561.8468
Mean equation (-0.7990) (1gs587)° (-5.0185)* (-3.2350)* (173gg)° (4.7937)* (7.1857)*

S 2 =4777.2951

ARCH(1): -37.4254 0.1087 0.3358 -584.8165
Pooled (-6.6876)* (40.3168)* (15.2096)*
Regression
(Model A)
s 2 =796.6344+1.559302,
(1.5385)° (2.9566)*
ARCH(1): 222.2649 20.6421 -82.6617 -4.8258 230.9331 0.0502 0.1699 -510.6109
Individual (11.6958)* (4.9555)* (-6.4023)* (-0.9006) (21.7843)* (10.4699)* (20.0284)*
Effects in mean only
(Model B)
s 2 =109.4899+ 2.189002,
(3.0355)* (5.3285)*
ARCH(1): 256.4222 24.7232 -51.7389 -0.2614 275.3949 0.0457 0.1518 -503.6508
Individual (8.3794)*  (3.5760)* (-1.9547)~ (-0.0368) (7.8697)* (3.7677)* (3.0724)*
Effects in mean and variance
(Model D)

s/ = 2434.819+ 124.2918+ 594.4582+ 74.3458+ 5852.0537+ 0.9004 0/ ,

(0.9555) (1.8053) (2.5735)* (217797 (2.0792 (2.8303)*

These results are obtained by direct maximization of the log-likelihood function by numerical methods. For each
model we show the mean coefficients followed by the estimated equation for the conditional variance process.
Values in parenthesis are tratios and the symbols *, ~, °, indicate significance levels of 1%, 5% and 10%
respectively. Thet-ratiosfor OLS and LSDV estimates are based on HAC standard errors with alag truncation of 2.
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Table 2 presents maximum likelihood estimates of thismodd. For comparison we aso
consider Model A, which corresponds to a pooled regression model whose conditiona variance
follows an ARCH(1) process, and present OLS and LSDV estimates of the mean equation.

As noted above, the data rgject the null hypothesis of no individud effectsin the mean
equation at the 0.01 level. This can be seenin Table 2 ether by comparing either panels one and
two (OLSvs. LSDV) or by comparing panels three and four (ARCH(1) pooled vs. ARCH(1)
with individua mean effects). The data dso rgect the null hypothesis of conditiona
homoskedadticity, dso a the 0.01 level. This can be seen either by comparing panels one and
three (OLS vs. ARCH(1) pooled), or panels two and four (LSDV vs. ARCH(1) with individua
mean effects) in Table 2. Findly the data rgject the null hypothesis of no individud effectsin
the conditiond variance equation at the 0.01 leve (as seen by comparing pands4 and 5in Table
2). Thefind preferred modd is till Modd D, the findl estimation in Table 2, which can be
described as ARCH(2) with individua effects in both the mean and conditiona variance
equations. We do not find evidence of any significant auto-correlation in the normalized squared
resduas from Modd D, thus ensuring that this specification captures dl conditiond
heteroskedadticity from these data.

From the reported results, we can see that accounting for the conditional
heteroskedadticity in data notably changes the vaues of the coefficients on the explanatory
variables in the mean equation. The coefficientson C (vaue of the firm’s plant and equipment)
and F (thefirm’'s market capitalization) are both around 50% smaller and have smdler t-gatistics

in the preferred modd than in the OLS, LSDV or ARCH(1) pooled specifications, though both

20



coefficients are till significant at the 0.01 level.” In sum we find Significant conditiondl
heteroskedadticity in thiswell-known pandl, and modding it viapand GARCH materidly
affects the results of interest.
7.2. inflation in a pand of seven Latin American countries

Here we study inflation in 7 countries (Argenting, Brasil, Chile, Colombia, México, Peru
and Venezuela) using quarterly observations on inflation rates (p) from 1991.1 to 1999.4.2 As
in the first example, we test whether inflation uncertainty, as represented by the conditiond
variance of the error term, can be well approximated by a GARCH process.

The modd for the mean of inflation is specified as aImple AR(1) process:

p,=m+bp,,+tu,, i=1..71t=1..36 (14)
2 g 2 g 2
Sit _ai + a dnSi,t-l + a gmui,t- m (15)
n=1 m=1

Agan, we dlow for heterogenaty only through individua effectsin the conditiona mean and
conditiond variance equations. Testing for individuad effects in the mean equation yidds the

computed Wad gatigtic (using aHAC covariance matrix with lag truncation equd to 2,) of
Cy = 7.284, whichisinsignificant at any conventional level. In this case, there is no evidence
againg the null of no individud effects in the mean equation.

Table 3 presents the computed partia auto-correlation coefficients of the squared OLS
resdudsfor thefirg 10 lags. Only the firgt autocorrdation is saidicaly sgnificant, leading
again to the preliminary choice of an ARCH(1) modd for the conditiond variance of inflationin
this pand.

"It isalso interesting to note that including the individual effect in the conditional variance changes the model from
possibly non-stationary (ARCH coefficient > 1.0) to stationary (ARCH coefficient of 0.90).
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TABLE 3: Egtimated partial auto-correlation coefficientson squared OL Sresiduals (inflation data)

Coefficient t-ratio p-value
PAC(2) 0.3637** 5.6554 0.0000
PAC(2) -0.0143 -0.2083 04176
PAC(3) 0.0386 0.5640 0.2866
PAC(4) 0.0323 04720 0.3187
PAC(5) -0.0216 -0.3147 0.3766
PAC(6) 0.0210 0.3060 0.3799
PAC(7) 0.0107 0.1566 04379
PAC(8) -0.0041 -0.0601 04761
PAC(9) -0.0182 -0.2661 0.3952
PAC(10) 0.0577 0.8969 0.1853

OL S estimated squared residuals are used since there is evidence of no individual effectsin the mean equation. The
symbol ** indicate 1% significance levels.

Tolook for individud effectsin the conditiona variance equation, we tested the null
hypothesis of equality of the average squared residual across the seven countries and tested the

ggnificance of country specific intercepts in aregresson of the squared resdud on itsfirst lag.

In neither case was there any evidence found in favor of individud effects in the conditiona

variance. The modd sdection procedure here picks an ARCH(1) modd with full parameter
homogendty in both equations (Modd A). Thefirst two panelsin Table 4 show the estimated
inflation process using pooled OLS, then usng Modd A.

Wefind a strong degree of conditiona heteroskedadticity in these data, with a highly
sgnificant estimated ARCH(1) coefficient of around .83. Relaive to OLS, the MLE estimator
finds alarger and more sgnificant intercept term and asmdler AR(1) term in the mean equation.
Thus, even in the rdaively tranquil 1990s, Latin American inflation exhibits strong, though not

very perssent volatility dugtering, indicating thet thereis il subgtantia inflation uncertainty

in the region.

8 These data are compiled from the International Monetary Fund's (IMF) International Financial Statistics CD dated

March 2000.
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TABLE 4: Panel estimation resultsfor Inflation with ARCH effects

constant Pi1 Log-likelihood
OL S estimates 1.0392 0.9065 -1156.3338
M ean equation (0.5216) (9.4187)*
s ? =570.974
ARCH(): 1.8356 0.8195 -926.1028
Pooled regression (3.3807)* (37.2695)*
(Model A)
s 2 =36.2354+0.829702
(8.1457)* (6.1209)*
ARCH(1): 15561 0.8368 -904.5676
Pooled regression (3.33960)* (29.2266)*
(Model A with
lagged inflation in s 2 =9.8704+0.409102, +2.4664p, ,
variance) (4.0068)*  (4.0020)* (5.6897)*

These results have been obtained by direct maximization of the log-likelihood function by numerical methods. For
each model we show the mean coefficients followed by the estimated variance or the estimated equation for the
conditional variance process. Values in parenthesis are t-ratios and the symbol (*) indicates significance level of 1%.
Thet-ratios for OL S estimates are based on HAC standard errors with alag truncation of 2.

7.3.  ishigher inflation less predictablein this pand?

Friedman (1977) and Bdl (1992) argue that higher average inflation rates are less
predictable than lower rates. Here we test that hypothesis with our 7 country panel, using a
smple modification of our pand GARCH egtimator. Specificaly, we include lagged inflation
as aregressor in the ARCH equation. The results appear in the last panel of Table 4 where the
lagged inflation variable is positive and significant.’ Compared to the standard panel ARCH(1)
esimatesin the middle pand, we find that the ARCH coefficient fals from around .8 to around
4, the intercept in the conditiona variance equation fals from around 36 to around 10, and the

maximized vaue of the likdihood function rises from —926 to —904.



8. Conclusons

In this paper, we present and implement a methodology to test for and estimate GARCH
effectsin pand data sets. Our datisticd method conggts of the following steps: (i) Testing for
individud effectsin the mean equation. (ii) Testing for ARCH effects using squared LSDV or
OL S residuds (depending on whether individua effects are found or not in the previous stage),
and testing for the presence of individud effects in the ARCH process. (iii) Estimating the
relevant GARCH specification by maximum likelihood and checking the squared residuds.

We present Monte Carlo results showing that the MLE estimator of the coefficients of the
mean equation isless biased and more precise relaive to their OLS counterpart in practicaly al
cases consdered. Also we find that the MLE estimator of the conditiona variance coefficients
have a quite acceptable performance except for the intercept in the dynamic mean cases with
high persstence of the variance process.

Our empirica gpplications show that the uncertainty associated with investment decisons
(inthe pand of 5 large U.S. manufacturing firms) aswdl asinflation (in the pand of 7 Latin
American countries), can be well gpproximated by a pooled conditionally heteroskedastic error
process. Our results show that accounting for this voldtility clustering in the data can materialy
change the estimated effects of variables of interest.

Straightforward, but important, extensions of thiswork include pand GARCH-M models
where the effects of uncertainty on the conditiona mean can be tested, and the further
development of pand GARCH modds with exogenous variablesin the conditiond variance

equation.

% It should be remarked that all the parameters of the model (mean and variance) are estimated simultaneously by
Maximum Likelihood. Also, for the two ARCH estimations presented here, we have not found evidence of any
significant auto correlation when examining their corresponding squared normalized residuals.



APPENDIX

TABLE 1A:  Monte Carlo results for static mean modd and ARCH (1) errors (g, =0.5)

OLS MLE
Sample | Coeff. Bias (%) Std. (%) MSE (%) Bias (%) Std. (%) MSE (%)
Dev. Dev.

N=5 nr 00067 0.7 02787 279 00777 7.8 00166 17 02266 227 00516 52
T=20 b -00019 -02 05038 504 02539 254 (-00252 -25 04130 413 01712 171
a 00070 07 02483 248 00617 6.2

g -00223 -45 02065 413 00432 86

N=5 n -00020 -02 01704 170 0.029 29 [ -00005 -01 01301 130 00169 17
T=50 b 00045 05 03130 313 0.0980 9.8 00000 00 02363 236 00559 56
a 00090 09 01489 149 00223 22

g -00029 -06 01245 249 00155 31

N=5 n 00039 04 01292 129 0.0167 17 00035 04 01024 102 00105 11
T=100 b -00024 -02 02211 221 0.0489 49 |[-00032 -03 01717 172 0025 30
a -00030 -03 00982 98 0006 10

g -00005 -01 00867 173 00075 15

N=10 nr -0.0147 -15 02010 201 0.0406 41 | -00078 -08 01617 162 00262 26
T=20 b 00342 34 03554 355 012/55 128 | 00225 23 0289% 290 00844 84
a -00124 -12 01673 167 00281 28

g -00017 -03 01392 278 00193 39

N=10 n 00077 08 01231 123 00152 15 00057 06 0095 96 00092 09
T=50 b -00062 -06 02228 223 0.0497 50 [ -00036 -04 01708 171 00292 29
a 00041 04 01016 102 00103 10

g -00076 -15 00883 177 00079 16

N=10 n 00042 04 0.0891 89 0.0079 0.8 00010 01 00724 72 00052 05
T=100 b -00032 -03 01559 156 0.0243 24 00007 01 01241 124 00154 15
a -00014 -01 00695 70 00048 05

g -00011 -02 00619 124 00038 08

N=20 nr 00072 07 01345 135 00181 18 00075 08 01062 106 00113 11
T=20 b -00064 -06 02367 237 0.0561 56 | -00113 -11 01873 187 00352 35
a 00004 00 01162 116 00135 14

g -00047 -09 009%4 193 00093 19

N=20 n 00042 04 0.0956 9.6 0.0092 09 00036 04 00732 73 0004 05
T=50 b -00041 -04 01576 158 0.0249 25 [ -00032 -03 01224 122 00150 15
a -00030 -03 00691 69 00048 05

g -00035 -07 00602 120 00036 0.7

N=20 n 00024 0.2 0.0628 6.3 0.0030 0.3 00008 01 00487 49 00024 0.2
T=100 b -00041 -04 01112 111 00124 12 | -00017 -02 00841 84 00071 0.7
a -00015 -02 0048 49 00024 02

g 00013 03 00437 87 00019 04
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TABLE2A  Monte Carlo results for static mean model and ARCH (1) errors (g, =0.9)

OLS MLE
Sample | Coeff. Bias (%) Std. (%) MSE (%) Bias (%) Std. (%) MSE (%)
Dev. Dev.

N=5 n -00271 -27 07242 724 05253 525 [ -00056 -06 02489 249 00610 6.1
T=20 b 00338 34 12232 1223 14974 1497 | 00123 12 04626 463 02141 214
a -00187 -19 02951 295 00875 88

g 00845 94 02315 257 00607 6.7

N=5 nr -00083 -08 03396 340 01154 115 |-00037 -04 01431 143 00205 21
T=50 b 00234 23 05930 593 03522 352 | 00131 13 02468 247 00611 6.1
a -00165 -1.7 01705 171 00293 29

g 00367 41 01519 169 00244 27

N=5 n 00030 03 02369 237 0.0562 56 00022 02 01008 101 00102 10
T=100 b 00095 10 04063 406 01656 166 | -00013 -01 01719 172 0029% 30
a -00008 -01 01189 119 00141 14

g, 00127 14 01072 119 00116 13

N=10 n 00018 02 04282 428 01834 183 | -00043 -04 01648 165 0.0272 27
T=20 b 00197 20 08894 839 07914 791 | 00070 0.7 03024 302 00915 92
a -00270 -27 01908 191 00372 37

g 00901 100 0.J561 173 0035 36

N=10 nr 00003 00 02569 257 0.0660 66 |[-00004 00 01027 103 00105 11
T=50 b 00090 09 04365 437 01906 191 | 00030 03 01745 175 00305 31
a -00087 -09 01144 114 00132 13

g 00330 37 01002 111 00111 12

N=10 n -00005 -01 01836 184 0.0337 34 00049 05 00679 68 0046 05
T=100 b 00064 06 03083 308 0.091 95 [ -00044 -04 01188 119 00141 14
a -00057 -06 00815 82 00067 07

g 00136 15 00762 85 00060 O.7

N=20 n -00038 -04 02757 276 0.0760 7.6 00053 05 01229 123 00151 15
T=20 b 00139 14 0498 497 02470 247 |-00052 -05 02147 215 00461 46
a -00171 -17 01342 134 00183 18

g 00767 85 0108 121 00177 20

N=20 nr 00073 07 01881 188 0034 35 00024 02 00732 73 0004 05
T=50 b -0019%6 -20 03272 327 01074 107 | -0.0024 -02 01252 125 00157 16
a 00006 01 008331 83 00069 07

g 00312 35 00730 81 00063 07

N=20 n -0.0018 -02 01218 122 0.0148 15 | -00004 00 00484 48 00023 02
T=100 b 00023 02 02042 204 00417 42 00014 01 00847 85 00072 07
a -00053 -05 00574 57 00033 03

g 00205 23 0040 60 00033 04
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TABLE 3A: Monte Carlo results, for the dynamic mean modd (f =0.5) and ARCH (1) errors

(g, =0.5)
OLS MLE
Sample | Coeff. Bias (%) Std. (%) MSE (%) Bias (%) Std. (%) MSE (%)
Dev. Dev.

N=5 n 00546 55 02769 277 00797 8.0 00377 38 02112 211 00460 46
T=20 f -00243 -49 01160 232 00141 28 | -00168 -34 0.0870 174 00078 16
a 00076 08 02518 252 00635 64
g -00306 61 02126 425 00461 92
N=5 n 00292 29 01838 184 0.0347 35 00170 17 01283 128 00167 17
T=50 f -00149 -30 00813 163 0.0068 14 | -00090 -18 00533 107 00029 06
a 00099 10 01506 151 00228 23
g -00067 -13 01274 255 00163 33
N=5 n 00124 12 01306 131 0.0172 1.7 00078 08 00913 91 00084 08
T=100 f -00049 -10 00587 117 0.0035 07 |[-00031 -06 00377 75 00014 03
a -00023 -02 00995 100 00099 10
g -00014 -03 00873 175 00076 15
N=10 n 00333 33 02020 203 00423 42 00261 26 01442 144 00215 22
T=20 f -00149 -30 00864 173 0.0077 15 | -00109 -22 00589 118 00036 07
a -00118 -12 01670 167 00280 28
g -00049 -10 01459 292 00213 43
N=10 n 00237 24 01324 132 00181 18 00140 14 0080 89 00081 08
T=50 f -00095 -19 00584 117 0.0035 07 [ -00047 -09 00375 75 00014 03
a 00025 03 01016 102 00103 10
g -00072 -14 00867 173 00076 15
N=10 n 00112 11 01012 101 0.0104 1.0 00065 07 00645 65 0042 04
T=100 f -0.0043 -09 0.0455 91 0.0021 04 |[-00024 -05 0025 53 00007 01
a -00016 -02 00698 70 00049 05
g -00019 -04 00629 126 00040 08
N=20 n 00163 16 01472 147 0.0219 22 00078 08 01033 103 00107 11
T=20 f -00065 -1.3 00629 126 0.0040 08 [ -00023 -05 00419 84 00018 04
a -00020 -02 01174 117 00138 14
g -00073 -15 00957 191 00092 18
N=20 n 00083 08 00999 100 0.0100 10 00061 06 00648 65 00042 04
T=50 f -0.0029 -06 0.0443 89 0.0020 04 |[-00018 -04 00271 54 00007 01
a -00044 04 00698 70 00049 05
g -00030 -06 00610 122 00037 07
N=20 n 00031 03 0.0763 7.6 0.0058 0.6 00002 00 00435 44 00019 02
T=100 f -00012 -02 0.03%5 71 0.0013 03 [-00001 00 0018 37 00003 01
a -00006 -01 00493 49 00024 02
g 00009 02 00433 87 00019 04
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TABLE4A: Monte Carlo results for dynamic mean mode (f =0.8) and ARCH (1) errors

(9. =09)
oS MLE
Sample | Coeff. | Bias (%) Std. (%) MSE (%) | Bias (%) Sd. (%) MSE (%)
Dev. Dev.
N=5 | I | 00092 99 04816 482 02418 242 | 00295 30 02007 201 00411 41
T=20| f 00204 26 00750 94 00060 08 |-00063 -08 00308 39 00010 0.1
a 00078 -08 02937 204 00863 86
g 00419 47 02540 282 00663 74
N=5 | I | 00027 93 03566 357 01357 136 | 00277 28 01319 132 00182 18
T=50 | f 00177 -22 00594 74 00038 05 |-00048 -06 00208 26 00005 01
a 00115 -12 01653 165 00274 27
g 00189 21 01578 175 00252 28
N=5 | M | 01040 104 03385 339 01254 125| 00126 13 00971 97 000% 10
T=100| f 00194 24 00620 78 00042 05| -00021 -03 00161 20 00003 00
a 00018 -02 01148 115 00132 13
g, 00096 11 01086 121 00119 13
N=10 | ™ | 00882 88 040% 410 0175 176 | 00146 15 01264 126 00162 16
T=20| f 00170 21 0073 92 00057 07 |-00027 -03 00183 23 00003 00
a 00168 -17 01915 192 00370 37
g 00481 53 01639 182 00292 32
N=10 | ™ | 00700 70 02809 281 00838 84 | 00078 08 00841 84 00071 07
T=50 | f 00128 -16 00508 64 00027 03 |-00016 -02 00135 17 00002 00
a 00083 -08 01165 117 00137 14
g 00247 27 01091 121 00125 14
N=10 | ™ | ooz 42 02624 262 00706 71| 00066 07 00667 67 00045 04
T=100| f 00081 -10 00507 63 00026 03| -00008 -01 00108 13 00001 00
a 00048 -05 00802 80 00065 06
g, 00095 11 00780 87 00062 07
N=20 | 1T | 00350 35 02707 271 00745 75 | 00084 08 00830 83 00070 07
T=20| f 00070 -09 00442 55 00020 03 |-00016 -02 00115 14 00001 00
a 200200 -21 01278 128 00168 17
g 00514 57 01156 128 00160 18
N=20 | I | 00417 42 02/42 274 00769 77 | 00043 04 00616 62 00038 04
T=50 | f 00088 -11 00520 65 00028 04 |-00006 -01 00093 12 00001 00
a 00014 -01 00814 81 00066 07
g 00230 26 00750 83 00062 07
N=20| M | oo 42 02783 278 00792 79| 00031 03 00443 44 00020 02
T=100| f 00084 -11 00554 69 00031 04| -00005 -01 00071 09 00001 00
a 00064 -06 00575 57 00033 03
g, 00164 18 00556 62 00034 04
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TABLEBA: Monte Carlo results for satic mean model and GARCH (1,1) errors

(g,=0.3,d, =0.3)
OoLS MLE
Coeff. Bias (%) Std. (%) MSE (%) Bias (%) Std. (%) MSE (%)
Dev Dev.

-00070 -07 03202 320 01026 103| -00077 -08 02831 283 00802 80
00133 13 05585 559 03121 312 00138 14 04790 479 02297 230
01233 123 05271 527 02031 293
-00004 -01 01661 554 00276 92
-00716  -24 02263 754 0.0563 188

-00124 -12 02027 203 00412 41| -00110 -11 01812 181 00330 33
00287 29 03416 342 01175 11.8] 00240 24 03025 302 00921 092
00650 65 04035 403 01670 167
-00026 -09 01094 365 00120 40
-00307  -10 01971 657 00398 133

00021 02 0148 149 00221 22| 00020 02 01312 131 00172 17
-0.0021 -02 02540 254 00645 65| -00018 -02 02244 224 00504 50
00454 45 03105 310 00984 98
-00017 -06 00768 256 00059 20
-00166 -55 01526 509 00236 79

00019 02 02163 216 00468 47| -00010 -01 01978 198 00391 39
00023 02 03709 371 01376 138 00060 06 03383 338 01145 114
00906 91 04497 450 02104 210
-00037 -12 01179 393 00139 46
-00452  -15 02109 703 00465 155

00047 05 01482 148 0020 22| 00018 02 01327 133 00176 18
-00069 -0.7 02523 252 00637 64| -00014 -01 02254 225 00508 51
00498 50 03092 309 00981 98
-00008 -03 00739 246 00055 18
-00198 66 01513 504 00233 7.8

-0.0017 -02 01043 104 00109 11| -00014 -01 0.0911 91 00083 08
00073 07 01752 175 00308 31| 00066 0.7 01526 153 00233 23
00297 30 02110 211 00454 45
00018 06 00527 176 00028 09
-00132 44 01029 343 00108 36

-00032 -03 01567 157 00246 25| -00010 -01 01416 142 00201 20
00074 07 02628 263 00691 69| 00054 05 02338 234 00547 55
00227 23 03525 353 01248 125
-00027 -09 0088 286 00074 25
-00081 -27 01696 565 00288 96

-00023 -02 01035 103 00107 11| -00030 -03 0.0907 91 00082 08
00075 07 01734 173 00301 30| 00092 09 01523 152 00233 23
00171 17 02209 221 00491 49
00001 0O 00545 182 00030 10
-00063 -21 01071 357 00115 38

00029 03 00779 78 00061 06| 00037 04 0.0684 68 00047 05
-00012 -01 01311 131 00172 17| -0002 -02 01143 114 00131 13
00171 17 01482 148 00223 22
-00016 -05 00378 126 00014 05
-00061 -20 00742 247 00055 18

copozleevozlpesogperogeerozloeroglperoglperozloo oy
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TABLE6A: Monte Carlo results for static mean model and GARCH (1,1) errors

(g,=0.3,d, =0.6)
OoLS MLE
Coeff. Bias (%) Std. (%) MSE (%) Bias (%) Std. (%) MSE (%)
Dev. Dev.

00229 23 0609 610 03726 373 00474 47 05120 512 02644 264
-00159 -16 11127 111 12384 123| -00603 -60 09249 925 08591 859
08730 873 15831 1583 32682 327
00080 27 01419 473 00202 6.7
-01271  -21 02294 382 00688 115

-00110 -11 03851 385 01485 148| -00021 -02 02847 285 00810 81
00184 18 07048 705 04971 49.7| 00066 07 05142 514 02645 264
02201 229 07105 710 05573 557
00037 12 00874 291 00077 26
-00310 52 01290 215 00176 29

00059 06 02890 289 0083% 84| 00075 08 02219 222 00493 49
-0.0007 -01 04888 489 02390 239| -00067 -0.7 03750 375 01407 141
00986 99 04131 413 01804 180
00023 08 00611 204 00037 12
-00162 -27 00807 135 00068 11

00011 01 04589 459 02106 211 00067 0.7 03602 360 01298 130
-00128 -13 08453 845 07147 715| -00113 -11 06624 662 04389 439
02708 271 09280 928 09345 934
-00021 -0.7 00931 310 00087 29
-00347 58 01546 258 00251 42

00052 05 02860 286 00818 82| 00074 07 02248 225 00506 51
00007 01 04858 486 02360 236| -00055 -06 03842 384 01476 148
0088 89 04128 413 01783 178
00020 07 00639 213 00041 14
-00141 24 00844 141 00073 12

00161 16 02001 200 00403 40| 00073 07 01472 147 00217 22
-00184 -18 03429 343 01179 11.8| -00043 -04 02516 252 00633 63
00421 42 02647 265 00718 7.2
-00028 -09 00442 147 00020 07
-00041 -0.7  0.0563 94 00032 05

00067 0.7 03281 328 01077 108 00015 02 02497 250 00623 62
-00089 -09 05485 549 03010 30.1| 00033 03 04267 427 01821 182
00005 00 04925 492 02425 243
-00062 -21 00677 226 00046 15
00022 04 00991 165 00098 16

00105 11 01973 197 00390 39| 00108 11 01488 149 00223 22
-00114 -11 03411 341 01165 116/ -00094 -09 02521 252 00636 64
00183 18 02531 253 00644 64
-00047 -16 00426 142 00018 06
00010 02 00538 90 00029 05

00116 12 01430 143 00206 21| 00117 12 01090 109 00120 12
-00146 -15 02508 251 00631 63| -00162 -16 01927 193 00374 37
00185 18 01737 174 00305 31
00011 04 0029 100 00009 03
-00040 -0.7  0.0369 62 00014 02
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TABLE 7A: Monte Carlo results for dynamic mean modd (f = 0.5) and GARCH (1,1) errors
(g,=0.3,d,=0.3)
oLs MLE
Sample | Coeff. | Biass (%) Std. (%) MSE (%)| Biss (%) Std. (%) MSE (%)
Dev. Dev.
N=5 m 00628 63 02670 267 00752 75| 0042 42 02316 232 00554 55
T=20 b 00306 -61 01031 206 00116 23| -00231 -46 00925 185 00091 18
a 01339 134 05363 536 0305 306
o} 00030 -10 01654 551 00274 91
d, 00718 -24 02307 769 00584 195
N=5 m 00284 28 01700 170 00297 30| 00194 19 0149 150 00229 23
T=50 b 00126 -25 00690 138 00049 10| -00086 -17 00591 118 00036 0.7
a 00798 80 04034 403 01691 169
o} 00057 -19 01117 372 00125 42
d, 00357 -12 01943 648 00390 130
N=5 m 00169 17 01240 124 00157 16| 00113 11 01043 104 00110 1.1
T=100| b -00078 -16 00516 103 00027 05| -00050 -10 00415 83 00017 03
a 00292 29 03114 311 00978 98
a 00037 -12 00766 255 00059 20
d, 00083 -28 01547 516 00240 80
N=10 m 00238 24 01893 189 00364 36| 00146 15 01671 167 00281 28
T=20 b 00130 -26 00753 151 00058 12| -00090 -1.8 00657 131 00044 09
a 00878 88 04359 436 01977 198
g 00105 35 01202 401 00146 49
d, 00460 -15 02078 693 00453 15.1
N=10 m 00179 18 01275 127 00166 17| 00131 13 01064 106 00115 1.1
T=50 b 00073 -15 00512 102 00027 05| -00054 -11 00417 83 00018 04
a 00398 40 03010 301 00922 92
g 00023 08 00790 263 00062 21
d, 00200 -67 01482 494 0024 75
N=10 m 00139 14 00860 86 00076 08| 00111 11 00712 71 00052 05
T=100| b -00052 -10 00355 71 00013 03| -00038 -08 00288 58 00008 02
a 00259 26 02201 220 00491 49
e} 00034 -11 00533 178 00029 10
d 00103 -34 01093 364 00120 40
N=20 m 00195 19 01357 136 00188 19| 00124 12 01159 116 00136 14
T=20 b 00074 -15 00544 109 00030 06| -00037 07 00458 92 00021 04
a 00391 39 03611 361 01320 132
o 00020 07 0087 289 00075 25
d 00234 -78 01733 578 00306 102
N=20 m 0009 10 00885 88 00079 08| 00081 08 00753 75 00057 06
T=50 b -00041 -08 0034 71 00013 03| -00034 -07 0020 58 00008 02
a 00164 16 02148 215 00464 46
e} 00002 -01 00523 174 00027 09
d 00094 -31 01064 355 00114 38
N=20 m 00045 04 00658 66 00044 04| 00040 04 00548 55 00030 03
T=100| b 00015 03 0020 52 00007 01| -00014 -03 0026 41 00004 01
a 00111 11 0155 153 00234 23
e} -00026 -09 00383 128 00015 05
d -00048 -16 00758 253 00058 19
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TABLE8A: Monte Carlo results for dynamic mean modd (f = 0.8) and GARCH (1,1) errors
(g,=0.3,d, =0.6)
oLS MLE
Sample | Coeff. | Bias (%) Std. (%) MSE (%) | Bias (%) Std. (%) MSE (%)
Dev. Dev.
N=5 m 00850 85 04440 444 02044 204 00602 60 03653 365 01371 137
T=20 b 00142 -18 00572 72 00035 04| -00098 -12 00465 58 00023 03
a 08140 814 15544 1554 30787 308
o} -00005 -02 01409 470 0019 66
d 01213 -20 02378 396 00713 119
N=5 m 00680 68 03062 306 00984 98| 00434 43 02386 239 00588 59
T=50 b 00141 -18 00445 56 0002 03| -00087 -11 00352 44 00013 02
a 02021 202 06969 69.7 05265 526
e} 00010 03 0092 301 00081 27
d 00282 -47 01326 221 00184 31
N=5 m 00520 52 02216 222 00518 52| 00312 31 01701 170 00299 30
T=100| b 000903 -12 00344 43 00013 02| -00053 -0.7 00252 31 00007 01
a 01176 118 04337 434 02019 202
o} 00030 10 00650 217 00042 14
d -00198 -33 00862 144 00078 13
N=10 m 00540 54 03122 312 01004 100 00399 40 02448 245 00615 62
T=20 b -00104 -13 0039 50 00017 02| -00067 -08 00316 39 00010 01
a 02665 266 09302 930 09364 936
o} 00022 07 01035 345 00107 36
d -00430 -72 01650 275 00291 48
N=10 m 0043 44 02368 237 00580 58| 00276 28 01565 156 00253 25
T=50 b -00067 -08 00333 42 00012 01| -00040 -05 00232 29 00006 01
a 00960 96 04362 436 01995 200
o} -00023 -08 00606 202 00037 12
d -00133 -22 00872 145 00078 13
N=10 m 00292 29 01717 172 00303 30| 00187 19 01211 121 00150 15
T=100| b -00043 -05 00266 33 00007 01| -00030 -04 00175 22 00003 00
a 00366 37 02705 271 00745 75
o} 00010 03 00446 149 00020 07
d -00064 -11 00570 95 00033 05
N=20 m 00273 27 02123 212 00458 46| 00182 18 0162 162 00266 27
T=20 b -00039 -05 0029 37 00009 01| -00020 -02 00216 27 00005 01
a 00559 56 05910 591 03524 352
a -00077 -26 00668 223 00045 15
d, -00057 -09 01111 185 00124 21
N=20 m 00155 15 01563 156 00247 25| 00108 11 01142 114 00132 13
T=50 b -00020 -02 00236 30 00006 01| -00013 -02 00166 21 00003 00
a 00472 47 02801 280 00807 81
a -00003 -01 00448 149 00020 07
d, -00076 -13 00594 99 0003 06
N=20 m 00160 16 01265 127 00163 16| 00074 07 00819 82 00068 07
T=100| b -00023 -03 00207 26 00004 01| -00013 -02 00126 16 00002 00
a 00254 25 01789 179 00326 33
g -00009 -03 00326 109 00011 04
d, -00038 -06 00398 66 00016 03
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