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Abstract

In this paper we proposc and implement a methodology of testing and cstimation in a panel
data context with GARCH effects. In order to determine the presence of GARCH effects
and poolability of the mcan and variance cquations, we proposc simple tests based on OLS
and [.SDV residuals. The estimation of the model is based on direct maximization of the
log-likelihood function by numerical methods. A Monte Carlo study is conducted in order
to evaluate the performance of this MLE estimator for various relevant designs. As an
illustration, we present two empirical applications. We investigate whether investment in a
panel of five large U.S. manufacturing firms and inflation in a panel of four Latin Amcrican
countries exhibit GARCII effects. The results strongly suggest that the error processes can
indced be modcled as conditionally heteroskedastic in both cascs.

Resumen

En este articulo se propone e implementa una metodologia para pruebas de hipdtesis y
estimacion en un contexto con datos panel y electos GARCH. Para determinar la presencia
de efectos GARCH asi como el agrupamiento (pooling) de las ecuaciones de la media y la
varianza, s¢ proponen pruebas simples basadas en los residuales OLS y LSDV. La
estimacion del modelo esta basado en la maximizacion directa de la funcion dc
verosimilitud por métodos numéricos. También se realiza un andlisis de Monte Carlo con el
objeto de evaluar el desempefio del estimador MLE para varias configuraciones relevantes
dc paramctros. Como ejemplo, se presentan dos aplicaciones empiricas. Se investiga si la
inversion en un panel de cinco grandes empresas manufacturcras dc Estados Unidos y la
inflacién en un panel de cuatro paises latinoamericanos presentan efectos GARCH. Los
resultados sugicren fucrtementc que en ambos casus los procesos de error pueden
modelarse como procesos con heterocedasticidad condicional.



LiIntroduction

ARCH modeling has proven to he one of the most useful new time series tools

of the last 15 years. The ability 10 model the conditional variance of a stochastic
process with ARMA methods has allowed for greatly improved testing of
hypotheses aboult the real effects ol risk/uncertainty. Further, while OLS estimalor is
still best linear unhased in the presence of conditional heteroskedasticity, the non-
linear GARCII estimator can provide large elliciency gains over OLS.

In this paper we consider GARCH estimation and testing in panels with
moderate values of N (number of cross-sections) and T (number of time periods).
The reasons to study GARCH cffects in pancls with country data arc compelling.
First, uncertainty is likely to have greater real effects in countries where insurance
markets arc not well developed, which is to say in developing countries. Howcver,
these countries rarely produce long time series of data for researchers to exploit. To
study the rcal cffcets of risk/uncertainty in the developing world, we may nced a
panel GARCH model.

Second, rccent results on co-integration testing in pancls have made lesting
long run economic relationships via panel data more attractive. In some cases,
results using panel tests differ from the older time series results. For example,
scveral recent papers find evidence in favor of PPP using panel data, where previous
time series studies show much less support. It is possible that the switch from a
single long time series to scveral pooled shorter time serics can reduce the efficiency
of least squares relative to GARCH. It therefore would be valuable to be able to test
panel regressions of financial data for GARCH effects and have a morc ellicient
panel estimator available if the error term is found to be conditionally
heteroskedastic.

In section 2 helow we review the development of GARCH models and
discuss how panel GARCII fits into the overall framework. Section 3 derives our
basic panel GARCH estimator under the assumption of total paramctcr homogeneity.
Section 4 discusses several generalizations that relax some of the homogeneity
assumptions. Section 5 describes a testing procedure that could bc used to
delermine exactly whal type of panel GARCII model is appropriate for any given set
of data. Section 6 presents the results of the Monte Carlo simulation on the [inite
sample performance of the MLL estimator. In section 7, we provide two simple
cmpirical cxamples by investigating if investment in a panel of five large US
manufacturing firms and inflation in a pancl of four Latin American countries.
exhibit GARCH effects. Finally, section & concludes by reviewing our contribution
and making some suggestions for [uture work.
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2. Arch and Garch Modeling

In many financial data, the phenomenon of volatility clustering is often observed.
Volatility clustering simply means that the occurrence of large residuals is correlated
over time. Engle’s (1982) ARCH model atlacks volatility clustering by assuming
that the conditional variance of today’s error term, given the previous errors, follows
a moving average process. Engle shows that the cfficiency gain from using ARCH
estimation instead of least squares can be extremely large when the degree of
conditional serial dependence in the error variance 1s severe.

The effects of ARCH estimation on empirical results can be dramatic. For
example, as several studies report, the effect of money growth on interest rates is
estimated to be positive in OLS regressions using data from the 1970s and 80s. This
result had been referred to as the disappearing liquidity effect. Ilowever, Grier &
Perry (1993) show that there is strong conditional heteroskedasticity in the data and
using ARCII estimation reverses the sign of the liquidity effect back to the expected
negative one.

Two important extensions of the Fngle model are Bollerslev’s (1986)
GARCH model, and Engle, Lillien & Robbins® (1987) ARCII-M model, where the
conditional variance is used as an explanatory variablc in the equation under study.
GARCII allows the conditional variance of the error term to follow an
autoregressive-moving average (ARMA) process, and the GARCH(1,]1) model] has
become the most commonly used specification in empirical applications. Bollerslev
shows that any arbitrary ARCH model can be well approximated by the
GARCH(1,1) specilication.

ARCH-M allows the testing of economic hypotheses about the real ellects of
risk or uncertainty. Fluctuations in the conditional variance of the error term can be
considered as fluctuations in the predictability of the process. A high conditional
variance implies less predictability. or more risk/uncertainty. ARCH-M modcls are
uscd to mcasurc and test the significance of time varying risk premia in financial
data.

Bollcrslev, Engle & Wooldridge (1988) introduce the multivariate GARCH
model where the conditional covariance matrix H at time t (for thc GARCH(1,1)
case) Is given as:

vech(H,) = C + Avech(e, &, )+ Bvech(H, ) (1)

Ilere vech refers to the column stacking opetator of the lower portion of a
symmetric matrix, &, , is the vector of crrors at time (-1, and A, B, and Care
coefficient matrices. In the three variable case, this covariance structure requires
estimating 78 coefficients. To simplily, Bollerslev, Engle & Wooldridge assume that
matrices A and B are diagonal, which in the tri-variate case reduccs the number of
coefficients to be estimated to 18. Bollerslev (1990) introduces a further
simplification, the constant correlation model, further reducing the estimated
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parameters in the tri-variate case to 12. Given the large number of coefficients to be
estimated, even with simplifying assumptions, 10 date multivariatc GARCH models
consider only a small number of variables.

While the majority of GARCII applications are in [inance (see Bollerslev,
Chou, and Kroner 1992 for a review), the technique is useful in macro and
development economics as well. Recently, Grier and Perry (1996, 2000) usc a
multivariatc 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 poal is to extend the utility of GARCH modeling in economics by
introducing a tractable methodology for GARCH estimation and testing in a panel
data setting. The extension of GARCH modeling to panels is important for two
reasons. First, the real effects of uncertainty should be greatest in countries where
there is a lot of [(luctuation in uncertainty and where it is difficult to use
futures/insurance markets to hedge. Specifically, we have in mind developing
countries, which rarcly have long country-specific time series data available. To test
for the real effects of uncertainty where they are likely 10 be most important requires
pooling several countrics into a single data set and then estimating the time varying
conditional variances. Our panel GARCII estimator can accomplish exactly that.

Second, the recent switch from time series to panel approaches for testing
economic theories may well exacerbate conditional heteroskedasticity problems in
the data.

The shorter time series that typically are pooled to create a panel data set
encompass more recent data, and more rceent data tends to show greater volatility
clustering. As older observations are discarded and the sample becomes more
heavily weighied with more recent data, the strength of GARCH effects grows, as
does the efficiency gain from using a GARCH estimator.

For example, suppose that the years 1981 — 85 contain a large amount of
volatility clustering in most countries. For a 100 year, single country time series,
volatility clustering occurs in 5% of the sample. Tor a 20 year, 10-country panel
covering the 1970s and 1980s, volatility clustering occurs in 50% of the sample. To
the extent that switching from a time series to a panel approach piles up more
observations that are conditionally heteroskedastic, least squares becomes less and
less efficient compared to GARCH estimation.

3.The Basic Model

This section describes the specification and estimation of a simple panel data model
with a time varying conditional variance. At this stage we assume complete
parameter homogeneity across individuals in the panel. In the next section this
assumption is relaxed to allow for some forms of parameter heterogeneity. We
consider the following peneral pooled regression model:
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V, =S p+ey,  +x, fru,, i-L.N, =17 (2)

u, =0,&,. &,~NIDO,)), (3)
where, N and T are the number ol cross sections and time periods in the panel
respectively, y, is the dependent variable, u is the common intercept
coefficient, x,, is a row vector of explanatory variables of dimension £, f isa k by 1
veetor of cocfficients, w, is the dislurbance term, and ¢ is the AR parameter. We
assume Lhat ¢ <1. Under the assumplion ¢ = 0, the process given by equation (1)

becomes stalic. A general process [or ¢, is given by the following GARCII (p, g):

9 »
2 2 2 : 2
o-il =a+ Z },mui‘l—m + é‘no'f',l—u ? (4)

m=| n—1

which, can be expressed more compactly as

o, =a+ MLy, + B(L,Sa] ()

">

where, « is a common intercept coefficient, y and & arc colunn vectors of

dimensions ¢ and p respectively, and A(L,y), and B(L,d) are polynomials in the
lag operator I.. The previous equations, arc simply cxtcnsions of Bollerslev’s (1986)
GARCH process to each cross-scction in the panel. Notice that, if B(L,0)=0 we
have an ARCH (g) process as in Engle (1982), and if A(L,y)=B(L,0)=0 we have
conditionally homoskedastic disturbances. The model defined by equations (2) and
(5) will be referred to as Model A. From thcorem (1) in Bollerslev (1986), the
condition A(1) + B(1) <1 will assure that the GARCH (p, ¢) given by equation (5) be
stationary for each cross-section in the panel. We assume that this condition holds
although we should remark that the underlying non-negativity restrictions

6,.7, 20 are sufficient but not necessary to ensure non-ncgativity of the

conditional variance.

Englc (1982) has pointed out that in a pure time series context, each
observation is conditionally normally distributed but the vector of T observations is
not jointly normally distributed. In fact, the joint density is the product ol the
conditional densitics for all 7 observations. The previous statement applies directly
to each cross-sectional unit in the panel considercd in Model A. Thus, extension to
the panel data case is straightforward as long as the disturbances in thec model are
assumed to be cross-sectionally indcpendent.

For observation (i, ), the conditional density is:
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_ (}"il —H- @JU—I - x/l ﬂ)z

6
20, (a.y.5) ©

F %, B.a,y,8) = ey (x.y.6)) ' exp

which implies, undcr the previous cross-sectional independence assumption, the
tollowing log-likelihood function:

NT 18 1Sy, =y, —x, B) ,
[=— In(27) - In(c: (e, 7,8)) - ! ! . 7
) O 2y It ()=, 3D, (e y.5) )

Even though the OLS estimator in equation (2) is still consistent and the most
efficient among the class of linear estimators, the MLE estimator based upon (7) is a
more efficient non-lincar estimator. In addition, by using MLE we can obtain the
parameters of both the conditional mean (equation 2) and conditional variance
(equation 5) simultancously.

In fact, from MLE theory we know that under regularity conditions the MLE
estimator of the parameter vector 8 =(w, 8'.a,¥',4") 1s consistent, asymptotically
efficient and asymptotically normally distributed. In spite of these general resulls,
we investigate the finite sample performance of the MLE estimator relative its OLS
counterpart by Monte Carlo simulations for a few designs. We present lhese results
in Section 6 below.

In this paper we will pursue direct maximization ol (7) by numcrical
methods as given in the Oplimization module of the GAUSS computer program. The
asymptotic covariance matrix of the MLE estimator will be approximated as the
inverse of the outer product of the gradient vectors of /, cvaluated at actual MLE
estimates.

Finally, it i1s important to notice that the previous setling can be extended to
the ARCH-M class of modcls in which the conditional variance enters into the
conditional mean regression. In this case, equation (2) becomes:

J’,,=ﬂ+¢}f,-,~1+x,,,3+,»00,—,+u,-,, i=L.. N, 1=1L..T (8)

4.Relaxing The Homogeneity Assumption

Model A can easily be modified to allow for different forms of parameter
heterogeneity. In principle, it is possible 10 have heterogeneity in intcreepts and/or
slopcs 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 allow lor
heterogeneity in intercepts in the mean and variance equations. In addition to Model
A, we consider the following 3 models:
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(M) Individual effects in the mean equation and full parameter
homogeneity in the variance cquation (Modcl B).
(i) Individual effects in the variance equation and full parameter
homogencity in the mean cquation (Modcl C)
(i)  Individual effects in both the mean and variance equations (Model
D).
The mean and variance equations for Model D are given by

Vit :l"i+¢yil—l+xilﬂ+uil? i=L...,N, =1..T (9)
ol =a;, + A(L.y)u; + B(L.5)o]. (10)

with z, and a, representing the corresponding individual specific effects. In this
casc, thc full paramecter vector 9=(u, f4.a',y'.6')Y has 2N+k+p+g+1)
elements since x and a are vectors of dimension N with typical elements x, and

, respectively. If these individual-specific effects are treated as fixed, the basic
model given in the previous section applies directly to this case with no
modifications other than including dummy variables in both the mean and variance
equations. With a relatively small number of cross-sections (V) and explanatory
variables (%), and small orders for the GARCII process, estimation of Model D
becomes feasible. For example a GARCH (1, 1) with 5 cross scctions and 2
explanatory variables, implies estimating 15 parameters.

Model B considers individual cffects in the mecan cquation and a common

inlercept cocfficicnt in the variance equation (@, =«). In this case there are

a.

(N +k+ p+g+2) paramcters to be estimaled. The same number of parameters
would have (o be estimated in the case of Model C. In the example given before,
Models B and C require estimating a total of 11 parameters. Noticc that Mode] A
would require estimating 7 parameters only.

If the cross-section dimension of the sample (V) is not small, however, the
number of parameters to estimate can become unusually large. In this situation it
might be convenient to sweep out the individual cffects if they are found significant
in order to reduce the number of parameter to be estimated. For instance, consider N
= 20 as might be the case of a sample of Latin Amcrican countries. In this case,
Models B and D imply estimating a total of 26 and 45 parameters respectively and
50 initially removing individual effects in the mean would reduce those numbers by
20 in both cases.



R. Cermedio-K. Grier/Modeling GARCH processes in Panel Datu

5. Testing Some Relevant Hypotheses

Given that we have considcred 4 possible model specifications and several possible
ARCH or GARCH orders for the conditional vaniance process within cach modcl,
testing for individual elfects and the order of the GARCH process simultaneously
can become fairly complicated.

In this papcr wc propose the following methodology to identify the
appropriate model. T'irst, we test for the presence of individual effccts in the mean
equation. Next, we test for ARCH effects and determine if there are individual
effects in the conditional variance process. Finally, after choosing among the
models, we cstimate a few ARCH and GARCH specifications by maximum
likelihood and attempt to select the one that best {its the data.

5.1.Testing for individual effects in the mean equation.

Given that OLS and LSDV estimators arc still the best linear estimators, we propose
testing for the presence of individual effects in the mean equation using OLS and
I.SDV estimation results for this equation. Wec can use the standard F-test, with (N-
1) and (ZN-N-k-1) degrees of freedom in the numerator and denominator
respectively. It should be remarked that this test is valid asymptotically irrespective
of the process followed by the conditional variance.

5.2.Testing for ARCII effects

In the second step, we use LSDV or OLS (according to whether individual cffects
were found or not in the mean equation) squared residuals to test for ARCIT effects.
Specifically, we try to find the aulo regressive pattern of the squarcd residuals on the
basis of cstimated partial auto correlation coefficients. We use the statistical
significance of these coefficients, as a criterion to set a preliminary order for the
ARCII process. Similarly, we can test the null of conditional homoskedasticity or
ARCH (0), against ARCH () for a few relevant values of ;. This can be done with

LM-test statistics based on the previous squared residuals and referred to the ;((2[.,

distribution. Finally, we test for individual effects in the previous ARCH process by
mcans of a usual F-test,

5.3.8electing the appropriate model for the conditional variance
After choosing an appropriate model specification, we can perform maximum

likelihood estimation ol a [ew relevant ARCH and GARCH specilications and
determine the one that best fits the data. For nested hypothesis, the likelihood ratio
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test appears to be appropriate to discriminate among the different specifications for
the conditional variance.

6.Finite Sample Performance Of The Garch MLE Estimator

It is well known that in the context of time series GARCH models, the (non-linear)
MLE cstimator not only has dcsirablc asymptotic properties but also it is more
efficient than the OLS estimator. Little is known, however, on the finite sample
performance of the MLE estimator relative to its OLS countcrpart in linite samples,
particularly in panel data. In this section we present some Monte Carlo results that
shred light on the performance of the MLE estimator in pancls with GARCH errors.
In particular, we study the bias and precision of the MLE and QLS estimators of the
parameters of the conditional mcan cquation (cquation 2). Also, we study the
performance of the MLE estimator of the parameters in the variance equation
{equation 4) [or relatively small time dimenstons. In all cases we try to establish the
patterns of the bias and precision of the estimators as 7 increascs for given &, and as
the persistence in the variance processes increases given 7 and N.

6.1.Monte Carlo design

The data-generating model is defined by equation (2) and equation (4) given before.
Notice that the error term in the mean equation is drawn from a normal distribution
with mean zero and variance that changes over time according to equation (4). FFor
practical purposes we limit the simulation study to the pooled regression modcl and
to the cascs of ARCH (1) and GARCH (1,1) errors.

IFor the conditional mean, we consider separately the static and dynamic cases.
In the static casc, only one exogenous regressor with coefficient f =1 enters the
mean cquation. In the dynamic case, we consider a pure AR (1) process without
exogenous regressors. In this case, the AR parameter ¢takes the alternative values
{0.5, 0.8}. In this way wc rcpresent moderate and high persistence of the AR (1)
process respectively. We set the parameter values pz=a =1 (thc intercept of the
mean and variance equations respectively) for all cascs. For the ARCII (1) process,
we consider that y, (the coefficient on the term ) takes on the allernative values
{0.2. 0.5, 0.9}, representing low, moderate and high persistencc of the conditional
variance process, For the GARCH (1,1) proccss, we sel y, = 0.1 (the coefficient on
the term ;') for all cases, but we allow &, (the coefficient on the term &) to
take on the vatues {0.1, 0.4, 0.8}.

Finally, we have set the number of trials in each Monte Carlo cxperiment (o

1000. Given that not always the program that solves the model numerically will
achieve convergence, the final number of (valid) trials is less than 1000. This
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happens particularly in the GARCH (1.1) model. The results are presented in lablcs
Al through A 18 in the Appendix.

6.2.Paunel ARCH results (static mean case)

In fables Al trough A3 we present the results for the static mcan casc. Lhe first
observation is that as 7T increascs given N the OLS and MILE estimators of the
intercept and slope coefficients in the mean equation improve on a mean squared
error criterion. Although we do nol observe a clear pattern in the bias of both
estimators, their standard errors clearly diminish with 7. Secondly, when comparing
the O1.8 and MLEL estimators, we {ind that thec MLE outperforms the OI.S estimator
in terms of precision and mean squared error. In terms of bias, though, we do not
find a clear superiority of one estimator over the other.

Regarding the MLE estimator of the variance coefficients a and y, (intercept
and ARCH (1) coefficient respectively), in both cases we obscrve improvements in
precision and mean squared error as 7' increases. This last result is despite the biases
do not show a clear pattern.

Given T and N we next explore some patterns as the persistence of the ARCH (1)
process is increased. We should note that the biases of both coeflicients are generally

negative when the true y, equals 0.2 (Table Al). For a true y, of 0.9, the bias in the
intercept remains ncgative while the bias in the ARCH (1) coefficient becomes
positive (Table A3). We should also note that the biases increase as the persistence
of the ARCH process is increased and that the bias in the ARCH (1) coefficient

becomes much larger than that of the intercept. For example, for the casc y, =0.2
(Table A2), the biases of the intercept and slope coeflicients of the variance equation
are 2% and 3.3% of their respective true parameter values in the smallest sample
considered (N=5, T-20). For the biggest samples these biases are reduced
substantially. For the case y, =0.9 (Table A3), those biases reach 1.9% and 9.4%
respectively in the smallest sample (N=5, 7=20) and 0.5% and 2.3% in the biggest
sample (N=20, T=100).

Regarding precision, it is interesting to note that when y =02 the MLE
estimator of the intercept is more precise than that of the slope. However, as the
persistence of the ARCH process is incrcased the standard error of the intercept
coefticicnt tends to increase while that of the slope tends to decrease. When
7, = 0.9, we find that the MLE estimator of the ARCH paramcter is generally morc
precise than that of the intercept. On a mean squared error criterion, except for the
smallest sample size considered the MLE cstimator of the variance coefficients
appears to be quite acceptable in all cases.

Turning back to the mean equation, it is worth mentioning that although the
MLE estimator is better than its OLS counterpart, the MLE estimator of the intercept
cocfticicnt shows quite larpe mean squared errors as percentage of the true
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parameter values. In fact, this estimator performs quite poorly in the smallest sample
(N5, 1-20) where its mcan squarcd crror reaches 13.9%, 17.1% and 21.4% for the

cases of ¥, =0.2,0.5,0.9 respectively.

6.3.Panel ARCH results (dynamic mean case)

Tables A4 trough A9 show the results [or the ARCH (1) process in the dynamic
mean case. We find that both the OLS and MIL.E estimators of the coefficicnts of the
(dynamic) mean equation become morce precise as T increases. Also the biases get
smaller as 7 increases except in the cases of the smallest samplcs (N=5) and most
persistent ARCH process (7, =0.9). Ovcrall, both estimators improve as T increases
showing smaller mean squarcd crrors in all cases. Differently than in the static case,
in this case we observe that the MLE estimator of the intercept and AR parameters
in the mean equation clearly outperlorms the OLS estimator in terms of both bias
and precision.

Regarding the MLE cstimators of the ARCH equation in the dynamic mean case,
we find that their precision increases with the sample size although the biases do not
show a well defined pattern. On a mean squared error criterion, we find
improvement in the MLE estimators of both paramctcrs (intercept and ARCH (1)
coefficients) as thc sample size increases in all cases. When looking at the
performance of these estimators as the persistence of the ARCII process increases

given the sample sizes, we observe that for true ARCH (1) coefficients y, =0.2,0.5

the biases of the MLE estimators are generally negative. For y = 0.9, the bias of the
intercept coefficient becomes negative while the bias of the ARCH (1) cocflicient
bececomes positive. Another pattern that we find is that as the persistence of the
ARCH process is increasced the standard error of the intercept coefficicnt of the
variance equation generally increascs while the standard error of the ARCH
coctficient generally decreases.

(Overall, on a mean squarcd error criterion, we find that the results for the MLE
estimator of the variance equation are acceptable, except perhaps in the cases (N=5,
7=20) were it ranges from about 4% to 11% of the true parameter values.

In the dynamic mean case, wc also compare the performance of the MLE
estimator of the coellicients of the mean and variance equations as the persistence in
the mean process (paramcter @) is increased from 0.5 to 0.8. We find that the mean
squared crror of the variance coefficients does not change much. However, we
observe noticeable changes in the performance of the estimators of the mean
equation. In general, we find that the MLE estimator of the intercept of the mean
equation becomes biased and less precise while the MLE cstimator of the AR
parameter (¢ ) becomes less biased and more precise, Interestingly. we find a similar
pattern for the OLS estimator of both parameters. This result is different than in the
case of dynamic panel data models with homoskedastic disturbances where as the
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process becomes more persistent the OLS estimator of the AR parameter becomes
morc biased and less precise.

6.4.Panel GARCH results (static mean case)

The Monte Carlo results for the static mcan case with GARCH errors are presented
in Tables A10 trough Al2. We observe that the MLE and OLS estimators ol the
coefficients of the mean equation (¢ and #) improve as 7 increases in terms of
standard errors and mean squared crrors. Also the MLE estimators of the previous
cocfficients are less hiased that their OLS counterparts in most cases. In terms of
precision, the MLE estimators outperform the OLS cstimators except in a few cases.
A similar result is found in terms of mean squared errors.

Concerning the MLE estimators of the coefficients in the varlance equation
(a,7,,9,), we find that when the true parameter of the GARCH coefficient (J,)
takes the values 0.1 and 0.5, (Tables A10 and Al1l) their biases do not exhibit a clear
pattern as 7 increases. Similar results arc found for the standard error and mean

squared error of the MLE estimator of &,. In contrast the MLE estimators of the
intercept and ARCH parameters (o and y, ) improve in terms of standard errors and

mcan squarcd errors as T increases. When the true parameter &, = 0.8, we observe
that the MLE estimators of all variancc cocfficients become less biased and more
precise. It should be pointed out, however, that the MLE estimator of the intercept
and GARCII coefficient in the variance equation is particularly highly distorted in
the cases &, =0.1,0.4 . In fact, the bias of the GARCH coefficient could be as high
as 50.1% of the true parameter value (Table A10, case N=20, 7=50). Similarly, the
standard error of this coefficient could be as high as or even higher than two times
the truc parameter value (Table A10). Only in the case &, =0.8 and for the largest
samples, the MLE cstimator of the variance parameter seems to be reliable (Table
A12).

6.5.Panel GARCH results (dynamic mean case)

The Monte Carlo results {or the model with dynamic mean and GARCH (1,1) errors
are presented in Tables A13 trough A18. In this case we find that the MILE and OLS
estimators of the parameters in the mean equation (u and ¢) improve on a mean
squared error critcrion as /' increases for given N. Also, in most cases both
estimators become less biased and more precise as 7 increases. When comparing
both estimators we find that except in a few cases the MLE estimator is less biased
and more (or equally) precise than the OLS estimator.
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For the MIE estimators of the variance coefficients, except in the case
&, =0.1, we find that they perform generally better (less biased and more precise) as
T increases. More specifically, for the case 9, =0.1 (lables A12 and A16) the MLLE
estimators of the intercept (@) and ARCH (y,) parameters generally improve on a
mean squared error criterion as I increases. The MILFE estimator of the GARCH
parameter (J,) does not show the previous pattern except in the cases for N=20
which correspond to the largest samples studied. When looking at specitic valucs of
biases and standard errors we find that the MLE estimators of @ and y, perform
reasonably well in the cases where the true GARCH coefficient 4, =0.1 (i.e. the
true GARCH process is not highly persistent), particularly if A=10 or higher. This is
not the case, however, lor the MLE cstimator of &, which performs poorly in terms
of bias and precision (Table A13). It is important {0 mention that in this case, the
MLE estimators are more rcliablc for the mean equation than for the variance
cquation since in the former case we observe a better performance than in the later
case in terms of mean squared error. We should also mention that the MLE estimator
of the slope coefficient in the mean equation (¢ ) performs better than the MLE
cstimator of the intercept coefficient ().

When looking at more persistent GARCH processes, given 7 and N, we
observe that the mean squared error of the MLE estimators ol the slope in the mean
equation (@) and the ARCH coefficient in the variance equation ( y, ) remains at the
same values or even decreases. For the intercepts in the mean equation ( z) and
variance equation ( « ), we find that the mean squared error increases. In particular, it
should be noticed that for the case &, = 0.8, the mean squared error of o could be as
high as 11 times the true parameter value (Tables A15 and A18). On the other hand,
it should be noticed that the performance of the MLE estimator of &, improves as
the persistence of the true GARCH process increases. The previous results show a
trade olY concerning the reliability ol the MLE estimator ol the dilferent parameters
in the variance equation. 'or a low level of persistence (i.e. 8, =0.1) the MLL
estimator of this parameter is likely to be unreliable even if the sample is large. In
this case, the bias of the intercept is negative while the bias of the GARCH
coefficient ts positive. For a medium level of persistence (o, =0.4), the MLE
estimator of &, becomes more reliable (less biased and more precise) while the
MLE cstimator of the intcreept (&) becomes more biased and less precise. It is
important to note that in this case the sign of the bias changes compared with the
prcvious case, appearing a positive bias for the intercept and a nepative onc for the
GARCH cocftlicient. For 8, =0.8, we can get morc rcliable cstimates in the case
GARCH parameter bul in most cases the MLE estimator of the intercept of the
(GARCH process will be unreliable. In this case, the intercept coefficient exhibits a

12
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much higher positive bias while the bias of the GARCH cocfficicnt beccomes less
negative.

Finally we should note that as the persistence of the GARCH process
increases, the MLE estimator of the intercept of the variance equation becomes less
precise while the MLE estimator ol the GARCH parameter becomes more precise.

7.Empirical Applications

In this section we illustrate the applicability of the panel GARCH estimation and
testing methodology proposed in section 5. Using very simple frameworks, we
investigate whether the uncertainty associated to investment in a panel of five large
U.S. manufacturing firms, and inflation in a pancl of four Latin Amecrican countrics
can in fact be captured with ARCH or GARCH models.

7.1.Investment in a panel of five large U.S manufacturing firms

Here we use the well-known Grunfeld investment data sct.! This is a pancl of 5
firms and 20 years. For each firm and for every year we have observations on gross
investment (), market value of the [irm (F), and valuc of the stock of plant and
equipment (C). The values of the variables F and C correspond to the end of the
previous year. We believe that the uncertainty associated to the invesiment process
is time dependent. The model is specified as follows:

], =u +BF, +p,C, +u,, i=l..5r=1...20 (11)
2 ¢ 2 N 2
O-i: = ai + Z(snoi—,l—l T zymui_,l—m (12’)

n=] =]

Notice that we allow for heterogeneity only through individual effects in both the
conditional mean and conditional variance equations. We begin by testing for

individual elfects in the mean equation. The compuled statistics F, 5;, =38.956 and

,};(2“ =126.292 are high enough as to reject the null hypothesis of no individual

effects in the mean equation.” Next we attempt to identify ARCH effects using the
squared residuals from LSDV estimation of the mean equation given the previous
cvidence against no individual effects. We compute the partial autocorrelation
coefficients of the squared residuals (Table 1).

" These data are taken from Greene (1997, p. 650, Table 15.1).
2 The regressions required to calculate these statistics are reported in the first two panels of Table 2.
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TABLE I:
Estimated partial auto-correlation cocfficients on squarcd LSDV residuals
(investment data)

Coefficient t-ratio p-value
PACT 0.5225% 4.0745 0.0000
PAC(2) -0.0925 -0.6633 0.7455
PAC(Y) 0.0519 0.3542 0.3621
PAC(H) 0.0728 ().4862 03139
PAC(S) 0.2325° 1.5168 0.0664
PAC(6) -(.1233 -0.7816 0.7817
PAC(TY 0.1293 0.7731 0.2207
PAC(8) 0.0482 02828 0.3889
PAC(9) 0.1245 0.6978 0.2435
PAC(10) -0.1638 -0.9763 0.8342

LSDYV estimated squared residuals are used since there is evidence of individual eftects in the mean
cquation. The symbols *, ~ and © indicate respectively 1%, 5% and 10% significance levels.

In these data, only the first partial autocorrelation coefficient is statistically
significant at the 0.05 level. We thus consider that the conditional variance of the
crror process follows at most an ARCH(1). Next, we try to determine if this MA(1)
in the squared residuals has individual effects. The computed statistics

F,

(
null hypothesis of no individual cffeets in the ARCH process as they reject it at the
5% significance level but not at the 1%.

Our preliminary results suggest that we have individual effects in the mcan
equation. They also suggest that it is likely that the conditional variance follows an
ARCH (1) with possible individual effects. Therefore we choose preliminarily
Models B and D as the best possible specifications. In Table 2 we present maximum
likelihood estimation results for the previous specifications. For comparison we also
consider Model A, which corresponds to a pooled regresston model whose
conditional variancc follows an ARCH(1) process, and present OLS and LSDV
estimates of the mean equation.

ags) =2.960 and x), =11.864 do not provide compelling evidence against the
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TABLE 2:
Panel estimation results for Investment with ARCH effects

Constant Ly L Ha [TH Ls ¥ C Log-
) likelihood
QLS estimates  -48.0297 0.1051 0.3054 +624.9927
Mean equation  (-1.0854) (LLO661Y  (7.0180)*
o’ ~16194.677
LSDV e¢stimates -76.0668 -29.3736 -242.1708 -57.8994 92.538s 0.1060 0.3467 <561 8468
Mean equation (-0.9342)  (-1.4408)°  (S.77I8)T  (-2.9636)* (23339 (7.4728)*  (11.5096)*
o’ =4777.2951
ARCH(Q1ly -37.4254 0.1087 03338 -584 816>
Pouled (-6.6876)* (40.3168)*  (13.2096)
Regression
{Model A)
ol =796.6344+1.55930}
(1.5385)° (2.9566Y
ARCH(1): 169425 -32.2124 =198.2478 60.1395 123.2265 0.1406 0.2991 -556.9984
Individual (0.223%) (-4.0328)*  (-10.6223)* (-8.0113)* (3.8153)* (127917  (5.7756)*
ElTects in mean only
(Model D)
ol =161.6394+1.160118",
(1.0614) (4.0227)*
ARCH{1): 242.356Y 12,6154 -51.2771 -9.8486 231.1292 0.0691 0.0314 -307.7838
Individual (6.1002)* (2.2186)  (-2.3148)  (-1.6494)*  (6.1284)* {9.6805)* (1.2391)
Eflects in mean and variance
(Meodel M)
o} =1676.0896+ 72.9596+ 676.51321 58.7863+ 5388.1957+ 0.76184,",
(1.3733)° (L.6793)" (1.993%y" (1 7674)" (1.6958) (3.3328)°

These vesults 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 equation for the
conditional variance process. Values in parenthesis are t-ratios and the symbols *, ~, ¥ indicate
significance levels of 1%, 5% and 10% respectively. Standard errors for the OLS and LSDV
estimates are robust to hetcroskedasticity.

As noted above, the data reject the null hypothesis of no individual effects in
the mean equation at the 0.01 lcvel. This can be seen in Table 2 either by comparing
either panels one and two (ols vs. Isdv) or by comparing panels three and four
(ARCH(1) poolcd vs. ARCII(1) with individual mean effects). Further, the data
reject the null hypothesis of conditional homoskedasticity, also at the 0.01 lcvel.
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This can be scen either by comparing panels onc and three (ols vs. ARCH(l)
pooled), or panels two and four (Isdv vs. ARCH(1) with individual mcan cffects) in
Table 2. Finally the data also reject the null hypothesis of no individual effects in
the conditional variance equation at the 0.01 level (as seen by comparing panels 4
and 5 in Table 2). Our preferred model is thus the final estimation in Table 2:
ARCII(1) with individual effects in hoth the mean and conditional variance
cquations.

From the reported results, we can see that modeling the conditional variance
of the panel changes the values of the coellicicnts on the explanatory variables in the
mean equation, The coefficient on C, the value of the firm’s plant and ¢quipment is
10 times smaller and much less signilicant in our preferred model than in the OLS,
LSDV or ARCH(1) pooled specifications. The coefficient on F, the firm’s market
capitalization is about 40% smaller but still significant at the 0.01 level.’ In the
example, Ltherc is strong evidence of conditional heteroskedaslicily, and modeling it
changes the results of interest.

7.2.Inflation in a panel of four Latin American countries

Here we study inflation in 4 countries: México, Colombia, Venezuela, and Uruguay,
with yearly observations on inflation rates (7) during the period 1950-1998.* As in
the casc for investment, we consider that inflation uncertainty can bc well
approximated by a GARCII process. The model for inflation is specified as a simple
AR(1) process with time trend:

T, =4 +0+ P, tu,, i=1..,41=1.,39 (13)

Vid 4
2 2 9 .
o, =a; 25"{7‘-‘,_1 + zymul.l-—m (]4)

n=l w=1

As in the model for investment given in thc previous section, we allow for
heterogeneity only (hrough individual effects in hoth the conditional mean and
conditional variance equations. Testing for individual effects in the mean equation

yiclds the computed statistics F, ,,, =3.154 and gz}, =9.528, which are

significant at the 5% bul not at the 1%. In this case, we do not find strong evidence
agaiost the null of ne individual effects in the mean equation perhaps because the
four countries considered in this study have similar inflationary patterns. For

? It is also interesting to note that including the individual effect in the conditional variance changes
the model from possibly non-siationary (ARCH coefficient > 1.0 ) to clearly stationary (ARCH
coeflicient of 0.76).

' These duta are compiled from the International Monetary Fund’s (IMF) International I'inancial
Statistics. Data Bases 1699,

16
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convenience, we will proceed to estimate the mean equation as a pooled regression
model and use OLS squarced residuals to test for ARCH effects in the next step.
However, given the results in the tests for individual effects, estimation of the
relevant pooled ARCH / GARCH models will also be performed after removing
individual effects in the mean equation.

As betfore, we compute partial auto-correlation coefficients on the squared
residuals for the first 10 lags. We find that lags 4 and 6 are statistically significant at
the 1%, while lags 2 and 8 are significant at 2.1% and 8.9% respectively. These
results are shown in Table 3.

TABLE 3;
Estimated partial auto-correlation coetticients on squared OLS residuals
(inflation data)

Cocfficient t-ratio p-value
PAC(1) -0.1240 -1.0052 0.1591
PAC(2) 0.3610" 2.0646 0.0214
PAC(3) -0.1123 -0.5642 0.2872
PAC(4) 1.3782% 6.3942 0.0000
PAC(5) -0.6196" 22704 0.0132
PAC(6) 1.7393* 5.6468 0.0000
PAC(7) 01473 -0.3957 0.3468
PAC(S) -0.7549” -1.3611 0.0890
PAC(9) -0.0912 -0.1677 0.4337
PAC(I0) -0.1106 -0.1952 0.4229

OLS estimated squared residuals are used since there is evidence of no individual effects in the mean
equation. The symbols *, * and ° indicate respectively 1%, 5% and 10% significance levels.

We find much morc persistence in the squared errors in this cxample than in
the previous case, and will account for it by using GARCH(L.1) model of the
conditional variance. We also pre-test lor individual effects in the conditional
variance in a variety of models without ever finding any evidence against the
hypothesis of homogeneity,  We thus restrict the analysis to homogeneous
conditional variance equations. However, given that we do obtain at least a weak
rejection of the hypothesis of no individual effects in the mean equation, we will
estimate our models to the data both before and after removing individual specific
effects. We consider the ARCH (1) and GARCH (1,1) cases. Table 4 presents the
maximum likelihood estimation results.

Whether individuals effects are removed from the mean equation or not, the
data reject conditional homoskedasticity in favor of an ARCII(1) model. and also
reject the ARCH(1) model in favor of the GARCH(1,1) model. Since in the
GARCH(1,]) context, pre-sweeping any individual effects has virtually no impact
on the maximized valuc of the likclihood function, our preferred model is given in
panel 5 of Table 4, which is a GARCH(1,1) conditional variance with no individual
effects either in the mcan or conditional variance cquation.
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The model shows moderate persistence in both the mcan of inflation (lagged
inflation has a cocfficient of .82) and in its conditional variance (ARCH coefficient
of .55 and GARCH coefficient of .40). Relative Lo the least squarcs cstimates in
panel 1, the GARCH(1,1) cstimates show a slightly larger (.82 compared to .75)
coefficient on lagged inflation and a smaller and less significant coellicient on the
time trend. While much more work needs to be done before any strong statements
can be made, these results suggest thal modeling conditional heteroskedasticity in
pancl data may affect the outcome of panel unit root tests.

Another interesting result here is that there is significant time-varying
inflation uncertainty in these data and that the effect of an inflation shock on the
conditional variance of inflation is sizeable, lasting for several years.

18
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Panel estimation results for Inflation with ARCH and GARCH effects

TABLE 4:

constant T 0 Log-likelihand
OLS estimates 2.2614 0.7587 0.1670 -809.5858
Mean cquation + (0.5044) (15.5362)* {1.7019)
o’ =273.4331
OLS estimales 0.0000 06682 0.2541 -804 8217
Mean equalion - (0.0000) (11.9525) {2 S16R)*
2 - .
o =260.1947
ARCH(1): 22,8399 0.9776 02277 -787.9334
Pouled regression (-1.6972)* (28.4543)* (2.4925)*
{Modcl A+)
o =95.2079+1.18822°,
(12384 (G4747)
ARCIK]): 1.94490 1.0235 0.1717 -787.2574
Pouoled regression (24791)* (26.0731)* (2.2102)*
(Model A-)
o] =95.2152+1.16824.
(3.0673)* (4.0929)*
GARCIKL.1): 0.6619 0.8240 0.0653 -748.6255
Pooled regression (0.6373} (16.3027)* 11.2858)
{Mode]l A+)
5 .
o =9.5079+0.55606 +0.40524.,
{2.2908)" (8.3754)* {6.1130)*
GARCIHI(L.1): -1.7896 0.7499 0.1261 -718.3421
Paoled regression (-2.3765)" (11.8703)* (2.1306)*

(Model A-}

o! =11.9058+0.554467, +0.396507,

(2.3528)

(7.6565)

(5.5673)

These results have been obtained by direct maximization of the log-likelihood function by numcrical
methods. For each model we show the mean coefficients followed by the estimated equation for the
conditional variance process. Values in parenthesis are (-ratios and the symbols *, », °, indicate
significance levels of 1%, 5% and 10% respectively. The symbols + and — in the first column indicate
that estimation is performed before and aficr removing individual effects in the mean equation.
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8.Conclusion

In this papcr we have proposed and implemented a mcthodology for the estimation
of, and testing for, GARCH ellects in panel data sets. Our method consists of the
following steps: (i) testing for individual effects in the mean equation. (ii) Testing
for ARCH effects using squared LSDV or OLS residuals (depending on whether
individual effects are found or not in the previous stage), and testing for the presence
of individual effects in the ARCII process. (iii) Estimating a few relevant GARCH
specifications by maximum likelihood and comparing them by means of LR tests il
they are nested.

'The results of the Monte Carlo study suggest that the MLE cstimator of the
coefficients ol the mean cquation is generally less hiased and more precise relative
to their OLS counterpart. We also find that the patlerns of bias and precision in
panels with GARCH errors can be quite different from standard results in dynamic
pancls with non-correlated disturbances and that getting reliable estimates of the
parameters of the GARCH process can be problematic in some cases.

The results of the empirical applications strongly suggest that the uncertainty
associated with investment decisions (in the panel of 5 large U.S. manufacturing
firms) as well as inflation (in the panel of 4 L.atin American countries), can be well
approximated by a pooled conditionally heteroskedastic error process. Our results
show that accounting for this volatility clustering in the data may materially change
the estimated effects of variables of interest.

Straightforward, but important, extensions of this work include panel
GARCH-M models where the effects of uncertainty on the conditional mean can be
tested, and panel GARCH modcls with cxogenous variables in the conditional
variance equation.

20
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TABLE 1A: Monte Carlo results for static mean model and ARCIT (1) errors (V) — 02)

"~ OLS _ MLE
Sample | Coeff. | Value Bias (%) S, (%) MSE (%) | Bias (%) Sd. (%) MSE (%)

Dev. Dev.
N=5 7 1 00048 05 02261 226 00512 5.1 |-00044 -04 02163 21.6 00468 4.7
T=20 Vi | 0.008 09 03939 394 0.1553 155]/0.0053 0.5 03731 37.3 0.1392 139
a 1 -0.0195 -2.0 02001 200 0.0404 4.0
y 0.2 -0.0066 -3.3 0.1556 77.8 0.0243 122

I .-

=3 7 1 -0.0092 -09 0.1439 144 00208 2.1 |-0.0077 -0.8 0.1379 13.8 00I9T 19
=50 Vi I 00212 2.1 02420 242 00590 59 (00176 1.8 02304 230 0.0534 53 .
a 1 00028 -03 0.1275 128 0.0163 16
7, 02 -0.0057 2.9 0.0996 498 0.0100 5.0
N=5 7] I 0.0016 02 0.10ST 105 00110 1.1 | 0.0009 0.I 0.0999 10.0 0.0i0C0 1.0
T=100| g I 00013 -0.1 0.1796 18.0 0.0323 32 [-0.0006 -0. 0.1711 17.1 0.0293 29
o ! 0.0057 06 0.0952 9.5 00091 09
7 0.2 -0.0036 -1.8 0.0696 348 0.0049 2.5
N=10 7 i 00017 02 0.1582 158 00250 2.5 |-0.0031 -0.3 0.1529 153 0.0234 23 °
T=20 Vi I 0.0033 03 028115 28.1 0.0791 7.9 | 00075 0.8 02711 27.1 00736 7.4
03 | 0.0005 0.1 0.1480 148 0.0219 2.2
y 0.2 -0.0026 -1.3 0.1104 552 00122 6.] :
] H
N=10 i ] 0.0032 03 00930 9.8 0.009 1.0 | 00032 03 00934 93 00087 09!
T=50 B | -0.0006 -0.1 0.1742 174 00303 3.0 [-0.0007 -0.1 0.1678 168 0.0281 2.8 :
a I -0.0005 -0.1 0.0883 88 0.0078 0.8
¥, 0.2 -0.0030 -1.5 0.0685 343 0.0047 2.4
"N=10]| u [ 00016 02 00720 7.2 0.0052 0.5]0.0019 02 00693 6.9 00048 0.5
'T=100| g I <0.0005 -0.1 0.1224 122 0.0150 1.5 |[-0.0009 -0.1 0.1175 11.8 0.0138 1.4
o [ -0.0017 -0.2 00634 63 00040 04
¥, 0.2 -0.0021 -1.1 0.0496 24.8 0.0025 1.3
=20 1 1 0.0051 05 01178 11.8 0.0139 14 | 00058 06 01131 113 0028 13
T=20 i 1 -0.0038 -04 0.1978 198 0.0391 39 |-0.0049 -0.5 0.1894 189 00359 36
a | -0.0040 -0.4 0.1009 10.1 00102 1.0
7, 02 -0.0025 -1.3 0.0774 38.7 0.0060 3.0
N =20 7, 1 -0.00153 -0.1 00697 70 00049 035 [-00021 -02 00665 67 00044 024
| T-50 8 1 00072 0.7 0.1224 122 00150 1.5 | 00072 0.7 0.1182 11.8 00140 1.4
a 1 -0.0034 -03 0.059% 6.0 00036 0.4
7, 0.2 0.0012 06 0.0479 240 00023 1.2
N =20 J7, 1 "0.0033 0.3 00505 5.1 00026 03 [0.0033 0.3 00487 49 0.0024 02
T=100| g3 1 -0.0058 -0.6 00878 88 0.0077 08 |-0.0059 -06 0.0852 85 00073 07
a I 0.0001 0.0 00442 44 00020 02
y, 02 -0.0027 -1.4 0.0343 172 0.0012 06
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TARIE 2A: Monte Carlo resulls lur static mean model and ARCII (1) crrors (Y| = 0.5 )
OLS ] MLE -
Sample | Coeff. | Value Bias (%) Sud. (%) MSE (%) | Bias (%) Std. (%) MSE (%)
Dev. Dev.

N=5 7. 1 0.0067 0.7 02787 279 0.0777 7.8 |0.0166 1.7 02266 227 0.0516 5.2
T=20 g3 1 -0.0019 -02 0.5038 504 0.2539 254|-00252 -2.5 04130 413 0.1712 17.1
a i 0.0070 0.7 0.2483 248 00617 62

7, 0.5 -0.0223 -45 02065 41.3 0.0432 8.6

N=S§ J7; i -0.0020 -02 0.1704 (7.0 0029 29 [-0.0005 -0.1 0.1301 130 00169 1.7 |
T=50, g 1 0.0045 0.5 0.3130 313 00980 9.8 | 0.0000 0.0 0.2363 23.6 00559 3506
a i 0.0090 0.9 0.1489 149 00223 22

7\ 0.5 -0.0029 -0.6 01245 249 00155 31

N-3 U I 0.0035° 04 01292 129 00167 1.7 00035 04 01024 102 00105 11
T-100| g 1 0.0024 -02 02211 22.1 00489 49 (-0.0032 -0.3 01717 172 00295 3.0
a 1 -0.0030 -0.3 0.0982 9.8 0009 10

7, 0.5 -0.0005 -0.1 0.0867 17.3 0.0075 1.5

N=10| u [ 1-0.0147 -1.5 02010 20.1 00406 4.1 |-0.0078 -08 0.1617 162 00262 2.6 |
T=20| g l 0.0342 34 03554 355 0.1275 12800225 23 0.289 290 0.0844 84
a i -0.0124 -12 0.1673 16.7 0.0281 28

¥, 0.5 -0.0017 -0.3 0.1392 278 0.0193 39

N=10| u 1 0.0077 0.8 0.123] 123 00152 1.5 [ 0.0057 0.6 0.0955 9.6 00092 09
T=50| g 1 -0.0062 -0.6 02228 223 0.0497 50 |-0.0036 -04 0.1708 17.1 00292 29
a 1 0.0041 04 01016 102 00103 1.0

3 0.5 -0.0076 -1.5 0.0883 17.7 0.0079 1.6

N=10| u [ 0.0042 0.4 0081 89 00079 08 | 0000 01 00724 72 00052 0.5
T=100| g | -0.0032 -03 0.1559 156 00243 24 | 0.0007 0.1 0.1241 124 0.0154 |5
a 1 -0.0014 -0.1 00695 7.0 00048 05

7, 0.5 -0.0011 -02 00619 124 00038 0.8

N=20 )7, 1 0.0072 0.7 0.1345 135 00187 1.8 [0.0075 08 01062 106 0.0113 1.1
T=2| g I -0.0064 -0.6 0.2367 23.7 00561 56 |-0.0113 -1.1 0.1873 187 00352 35
o 1 0.0004 00 0.1162 11.6 00135 1.4

7, 0.5 -0.0047 -0.9 00964 193 00093 19

N=20| u i 0.0042 0.4 0.0956 9.6 00092 09 | 00036 04 00732 73 00054 05
I'=s0| g 1 -0.0041 -04 0.1576 158 0.0249 2.5 {-0.0032 -03 0.1224 122 00150 15
a | -0.0030 -03 0.0691 69 0.0048 0.5

¥, 0.5 -0.0035 -0.7 0.0602 120 0.0036 0.7

N=20| u i 0.0024 02 00628 63 00030 03 | 00008 0.1 00487 4.9 00024 0.2
T=100| g [ -0.0041 -04 01112 111 00124 12 |-00017 -02 0.0841 84 00071 0.7
o 1 -0.0015 -02 0.0488 4.9 00024 0.2

¥ 0.5 0.0013 03 0.0437 87 00019 0.4
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TABLLE 3A Monte Carlo resulls lor stalic mean model and ARCH (D errors () = 0.9 )
: | OLS T _ h MLE |
Samplc | Coeff. | Value | Bias (%) Std. (%) MSE (%) | Bias (%) Sl (%) MSE (%]
i Dev. Dev. )
N 3 1 ] 200271 -2.7 0.7243 724 0.5253 325 |-0.0056 -0.6 02489 249 0.0610
T~ 20 B 1 0.0338 3.4 12232 1223 14974 14975 00123 1.2 04626 463 02141
a I -0.0187 -1.9 0.2951 295 0.0875
y 0.9 0.0845 94 02315 25.7 0.0607
: | = R .
N=35 7, ] 00083 -0.8 03396 340 01154 115 [-0.0037 -04 0.7431 143 0.0205
T =50 B ! 00234 23 05930 593 03522 352100131 1.3 02468 247 0.061]
a | 00165 -1.7 01705 17.1 0.0293
¥ 0.9 0.0367 4.1 01519 169 0.0244
"N -5 ot 0.0030 03 02369 237 00562 356 [ 0.0022 02 01008 101 00102
T 100 g i 0.0095 1.0 04063 406 01656 166 [-0.0013 -0.1 01719 17.2 0.029
o ] -0.0008 -0.1 0.1189 119 0.014
, 0.9 0.0i127 14 0.1072 119 00116
I -
N0 u [ 0.0018 02 04282 428 0.1834 183 [-0.0043 -04 0.1648 165 00272
T-20 gl 0.0197 2.0 0.8894 889 0.7914 791 | 0.0070 0.7 03024 302 00915
a l -0.0270 =27 0.1908 19.1 0.0372
5 0.9 0.0901 100 0.1561 17.3 0.0325
|
N i 1 0.0003 0.0 02569 257 00660 66 |-00004 0.0 01027 103 00105
T 0. g | 0.0090 0.9 04365 43.7 0.1906 19.1 | 0.0030 03 0.1745 17.5 0.0305
o I -0.0087 -0.9 0.1144 114 00132
v, 0.9 0.0330 3.7 0.1002 11.1 0011
N - 10 7 I -00005 -0.1 0.1836 184 00337 34 | 0.0045 05 0.0679 6.8 00046 |
'T-100|  p I 0.0064 0.6 03083 308 00951 95 |-00044 -04 01188 119 0014
@ | -0.0057 -0.6 00815 82 0.0067
7 0.9 0.0136 1.5 00762 85 0.0060
N=20| u ] -0.0038 -0.4 02757 276 00760 7.6 |00053 05 01229 123 0015
T=20 B 1 00139 14 04968 497 02470 247 |-0.0052 -0.5 02147 215 0.0161
a 1 00171 <17 0.1342 134 0.0183
¥, 0.9 0.0767 85 0.1086 121 00177
N 20| u | ] 000735 07 0181 188 0.0354 35 }0.0024 02 00732 73 0.0054
T 50 Vi ! 00196 2.0 03272 327 0.1074 107 1-0.0024 -0.2 0.1252 125 0.0157
x I 0.0006 0.1 0.0831 8.3 0.0069
7, 0.9 0.0312 35 00730 8.1 0.0065
N=20]| U 1 -0.0018 -02 0.1218 122 00148 1.5 |-0.0004 0.0 00484 48 0.0023
r=t100| g I 0.0023 02 02042 204 00417 42 | 00014 0.1 00847 &5 0.0072
i a 1 -0.0053 -0.5 0.0574 57  0.0033
! v, 0.9 0.0205 23 00540 60 0.0033




R Cermepio-K. Grier/Modeling GARC{ procvesses in Punel Data

TABLE 4AMonte Cardu results tor dynamic mean model ( ¢ =0.5 yand ARCH (D ecrors ( ) — 02)

i OLS _ MLL _ ___
[ Sample | Coett. | Value Bias (%) Sid (%) MSLC (") Bias (%) Sd. (%) MSE (%)
i Dev. Dev. o

N=35 J7; [ 00561 56 02222 222 00525 53 [0.0493 45 02112 211 00470 47
T=20 & 0.5 |-0.0276 -55 00940 188 0009 1.9 [-00250 -50 00895 17.9 0.008 1.7
@ 1 00142 -1.4 02017 202 00409 4.1

2 02 00014 -57 01505 753 0.0228 114

CN=5 ] "w | 1 [00237 24 0.1394 139 0.0200 2.0 |00206 21 01329 (33 00181 1.8
T=50 ¢ 0.5 |-0.0108 -22 0.0605 12.1 0.0038 0.8 |-00095 -1.9 00573 115 00034 0.7
a 1 0.0015 02 01247 125 00155 16

2 02 -0.0107 -54 0.1016 50.8 0.0104 3.2

N-35 7, 1 00134 13 0.1008 10.1 00103 10 | 00i16 12 00948 95 00091 09
T=100| 4 0.5 |[-0.0061 -12 00444 89 0.0020 04 |-00053 -I.I 00410 82 0.0017 03
a | 0.0064 06 00914 91 00084 08

7, 0.2 -0.0046 -23 00681 34.1 0.0047 24

N=10[ u 1 0.0218 22 0.1608 16.1 00263 2.6 | 0.0i8F 18 0.1535 154 0.0239 24
T=20 é 05 |-00110 -22 0.0687 13.7 0.0048 1.0 |-0.008%8 -1.8 0.0659 132 0.0044 09
a 1 -0.0011 -0.1 0.1524 152 00232 23

7, 02 -0.0049 -2.5 0.1135 568 0.0129 6.5

N=10| u 1 00173 1.7 0.1039 104 00111 1.1[00155 1.6 00947 95 00092 09
T=50 p 0.5 |-0.0073 -15 0.0450 9.0 00021 04 |-00065 -13 00408 82 0.0017 0.3
a l 0.0016 02 00900 90 00081 08

¥, 0.2 -0.0047 -2.4 0.0703 352 0.0050 2.5

N=10 T, ] 0.0092 09 00694 69 00049 05 ] 00083 08 00648 65 0.0043 04 |
T=100} 4 0.5 [-0.0040 -0.8 0.0302 6.0 0.0009 02 |-0.0035 -0.7 0.0276 5.5 00008 0.2
a 1 -0.0001 00 00622 62 00039 04

¥, 0.2 -0.0033 -1.7 0.0488 244 00024 12

N=20| u 1 ]00153 15 01077 108 00018 12 [0.0126 13 0.1014 10.1 00104 10
T=20 ¢ 0.5 |-0.0051 -1.0 00469 94 00022 04 |-0.0039 -08 0.0437 87 0.0019Y 04
a i -0.0053 -0.5 0.0986 9.9 0.0097 1.0

7 0.2 -0.0011 -0.6 0.0764 382 00058 29

N=20| u 1 0.007t 0.7 0.0691 69 00048 05 | 0.0060 06 0.0657 66 00044 04
T =50 ¢ 0.5 |-0.0024 -0.5 0.0294 59 00009 0.2 [-0.0022 -04 00274 55 0.0008 0.2
a [ -0.0053 -0.5 00592 59 00035 04

2 0.2 0.0018 09 0.0481 24.1 00023 1.2

N=20| u 1 0.0030 03 00524 52 00028 0300022 02 00494 49 00024 02
T=100| g4 0.5 |[-0.0014 -0.3 0.0227 45 0.0005 0.1 1-0.0010 -0.2 00212 42 00005 0.1
o 1 0.0002 0.0 00441 44 00019 02

7, 0.2 -0.0032 -1.6 0.0356 17.8 0.00(3 0.7

24




R.Cermenio-K. Grier/Modeling GARCH processes in Panel Data

TADBLE A Monte Carlo resulls lor dynamic mean mnode) [¢ =0.5 yand ARCH (l}errois 1 ) = 0.5) .
oLS MLE T
Sample | Coeft. | Valme | Bias (%) SWd. (%) MSE (%) | Bias (%) Std. (%) MSE (%)
Dev. 7 Dev.
N=35 T, 1 0.0546 5.5 02760 27.7 00797 80 | 0.0377 3.8 02112 21.1 00160 4.6
T=20 ¢ 0.5 |-0.0243 -49 0.1160 232 0.014i 2.8 |-00168 -34 0.0870 174 0.0078 16
a ! 0.0076 0.8 02518 252 0.0635 6.4
y 0.5 -0.0306 -6.1 02126 425 0.0461 9.2
| .
N=5 | u [ 00292 29 0.1838 184 00347 3.5 | 00170 1.7 012835 128 00167 1.7
T =50 é 0.5 |-0.0149 -3.0 00813 163 00068 14 [-0.0090 -1.8 00333 107 00029 06
a [ 0.0099 1.0 01506 151 00228 23
y 0.5 -0.0067 -1.3 0.1274 255 0.0163 3.3
| .
"N 5 7 I 0.0124 12 0.1306 13.1 00172 1.7 | 00078 08 00913 91 00084 038
T- 100} 4 0.5 |[-0.0049 -1.0 00587 11.7 0.0035 0.7 [-0.0031 -0.6 00377 7.5 00014 03
a 1 -0.0023 -02 0.0995 10.0 0.0099 1.0
¥ 0.5 -0.0014 -03 0.0873 175 0.0076 1.5
1
N=10| wu 1 0.0333 33 02029 203 00423 42 [ 00261 26 0.1442 144 00215 22
T=20 ¢ 05 [-0.0149 -3.0 00864 (7.3 0.0077 1.5 [-0.0109 -22 0.0589 11.8 0.0036 0.7
a [ 00118 -1.2 0.1670 16,7 0.0280 2.8
¥ 0.5 -0.0049 -1.0 0.1459 292 0.0213 43
I .
N=10 i 1 0.0237 24 01324 132 00181 [1.8]0.0140 14 0.080 89 0.0081 08
T =50 ¢ 0.5 |-0.0095 -1.9 0.0584 117 00035 0.7 ]-0.0047 -0.9 00375 7.5 0.0014 03
o ] 0.0025 03 0.10l6 102 0.0103 1.0
¥, 0.5 -0.0072 -1.4 0.0867 17.3 00076 1.5
N=10| u 1 00002 1.1 0012 10.1 00104 10 ] 00065 0.7 00645 65 006042 03 |
r=1001 4 0.5 |[-0.0043 -09 00455 9.1 0.0021 04 [-0.0024 -0.5 00265 53 00007 C.I
a 1 -0.0016 -02 0.0698 7.0 0.0049 053
7, 0.5 -0.0019 -0.4 0.0629 126 0.0040 0.8
N =20 U ] 00163 1.6 0.1472 147 00219 22 [0.0078 08 0.1033 103 00107 1.1
T=20 p 0.5 |-0.0065 -1.3 00629 12.6 0.0040 08 [-0.0023 -0.5 00419 84 00018 04
x 1 -0.0020 -02 0.1174 11.7 00138 14
7, 0.5 -0.0073 -1.5 0.0957 19.1 00092 18|
N=20| u ] 0.0083 0.8 00999 10.0 00100 [0 | 0.0061 0.6 00648 65 00042 04
T =50 & 0.5 |-0.0029 -06 0.0443 89 0.0020 04 [-0.0018 -04 0.0271 54 0.0007 0.1
a 1 -0.0044 -04 00698 7.0 0.0049 0.5
7, 0.5 -0.0030 -0.6 0.0610 122 0.0037 0.7
N=20 u 1 0.0031 03 007635 7.6 0.0058 0.6 00002 00 00435 44 00019 0.2
T=100| 4 0.5 [-0.0012 -02 0035§ 7.1 0.0013 03 ]-0.0001 0.0 0018 37 00003 0.1
a 1 -0.0006 -0.1 0.0493 49 00024 0.2
¥, 0.5 0.0009 02 00433 87 00019 04




R.Cermefio-K. Grier/Modeling GARCII processes in Fanel Data

TABLF 6A: Monte Carlo results for dynamic mean model { ¢ =0.5 } and ARCH (1) errors (y, = 0.9 )

OoLS MLE _
Sample | Coeff. | Value Bias (%) Std. (%) MSE (%) Bias (%) Std. (%) MSE (%)
Dev. Dev.

N=5 T, 1 0.0710 7.1 04415 442 02000 20.0| 0.0249 25 0.1956 19.6 0.0389 3.9
T=20 ¢ 0.5 |-0.0379 -7.6 0.1610 322 00273 355 [-00124 -25 00706 14.1 0.0051 1.0
o 1 -0.0025 -0.3 02927 293 0.0857 8.6

7, 0.9 0.0386 4.3 0.2523 28.0 0.0651 7.2

N= 7 1 0.0518 52 03038 304 00950 95 [0.0192 19 0.1194 119 00146 1.5
T =50 ¢ 05 |[-0.0234 -47 01238 248 00159 32 [-0.0077 -1.5 0.0445 89 00020 04
a I -0.0109 -1.1 01650 165 0.0273 2.7

7, 0.9 0.0183 20 0.1577 17.5 00252 28

N=5 u [ 0.0597 60 02719 272 00775 7.8 | 00086 09 0078 79 00063 06
T=100{ 4 0.5 |-0.0267 53 0.1212 242 00154 3.1 [-0.0033 -0.7 00298 6.0 00009 0.2
a [ -0.0012 -0.1 0.1146 11.5 00131 1.3

¥, 0.9 00093 1.0 0.1084 120 00118 13

FN=10 | 1 0.0661 6.6 03571 357 0.1319 13.2]0.0088 09 01262 126 00160 1.6
=20 é 0.5 |[-0.0309 -62 0.1479 29.6 0.0228 4.6 |-0.0039 -0.8 00465 93 00022 04
a 1 -0.0139 -1.4 01922 192 00371 37

7, 09 0.0448 50 0.1632 181 00286 3.2

N=10 | u [ 0.0481 48 02508 25.1 0.0652 6.5 | 0.0069 07 00758 7.6 00058 06
I'=50 & 0.5 |[-00212 -42 01111 222 00128 26 |-0.0037 -0.7 00291 5.8 0.0009 02
o l -0.0077 -0.8 0.1167 11.7 0.0137 (4

¥ 0.9 0.0242 2.7 0.1088 12.1 0.0124 14

N=10 | u ] 0.0185 1.9 02133 21.3 00450 4.6 [ 00035 04 00578 58 00034 03
r=100] ¢ 0.5 |-0.0081 -1.6 0.1009 202 0.0102 20 |-0.0004 -0.1 00212 42 00005 0.1
a 1 -0.0045 -0.5 00801 80 00064 06

7, 0.9 0.0092 1.0 00780 87 00062 0.7

N=20 7 1 0.0325 33 0.2806 28.1 0.0798 80 [ 0.0087 09 00869 &7 00076 038
T=20 & 0.5 |-0.0158 -3.2 0.1162 232 00138 2.8 |-0.0041 -0.8 0.0312 62 0.0010 02
o ] -0.0201 2.0 0.1274 (2.7 00166 1.7

7 0.9 0.0503 56 0.1152 128 00158 1.8

N=20| u 1 0.0273 2.7 02295 230 0.053¢ 53 [00043 04 00569 57 0.0033 0.3
I'=50 & 0.5 |[-0.0145 -29 01072 214 00117 23 [-00015 -03 00210 42 00004 0.1
a I -0.0013 -0.1 0.0817 82 0.0067 07

7 0.9 00230 26 0.0752 84 0.0062 07

N-20 u 1 0.0217 22 02119 212 00454 45 | 0.0018 02 0.0391 39 006015 02
IT=100f 4 0.5 |-0.0107 -2.1 0.1024 20.5 00106 21 |[-0.0007 -0.1 00146 2.9 0.0002 00
a 1 -0.0064 -0.6 00575 5.8 0.0033 03

” 0.9 00164 1.8 0.0556 62 00034 04




R Cermeno-K Grier/Modeling GARCH processes in Panel Data

TABLE 7A: Mante Carlo results Lor dyiumic mean model ( ¢ =08 ) und ARCH (1) errors ()/l = 02) .
OLS ' MI.E ]
Sample | Coeff. | Value | Bias (%) oWd. (%) MSLE (%) | Bias (%) Std. (%) MSE (%)
Dev. Dev. )
N5 7, ] 0.0965 9.7 02735 274 00841 84 | 0.0829 83 02620 262 0.0755 7.6
T-20 ¢ 0.8 [-0.0195 2.4 00499 62 0.0029 04 [-00170 2.1 0.0478 60 00026 03
o I 0.0176 -1.8 0.1996 200 0.0401 4.0
y 0.2 00083 42 01497 749 0.0225 113
1
| N-5 )7 ] 0.0459 4.6 0.1889 189 00378 3.8]00395 4.0 071827 183 0.0350 35
T=50 ¢ 0.8 |-00087 -1.1 0.0352 44 00013 02 |-0.0075 -09 0.0339 42 00012 02
a [ 0.0006 -0.1 0.1249 125 00156 1.6
y 0.2 -0.0086 -43 0.1020 51.0 00105 53
! .
N=5 7] 1
T-100| 4 0.8
74 |
' 0.2
N=10| u [ 0.0376 3.8 0.1938 19.4 0.0390 3.9 | 0.0312 3.1 0.18%4 185 0.0353 3.5
T =20 p 0.8 |[-0.0075 -09 00349 44 00013 0.2 [-00060 -08 00335 42 00012 0.2
a I -0.0038 -0.4 01516 152 00230 23
a 0.2 00024 -12 01134 567 00129 6.5
N=10| u i 0.0304 30 0.1367 13.7 00196 2.0 | 0.0260 26 01258 126 00165 1.7 -
I'=50 ¢ 0.8 |[-0.0055 -0.7 0.0253 32 0.007 0.1 [-0.0047 -0.6 00234 29 0.0006 O.|
a ] 0.0008 0.1 0.0899 9.0 00081 038
2 0.2 -0.0037 -19 0.0761 351 0.0049 2.5
N=10| u 1
T=100| 4 0.8
o |
¥, 0.2 " |
N=20 | H ] 0.0204 2.0 0.1251 125 00161 1.6 | 00173 1.7 0.1188 119 00144 14
T=20 ¢ 0.8 |-0.0031 -04 00229 29 00005 0.1 [-00025 -0.3 00217 27 00005 0.1
a I -0.0065 -0.7 0.0984 98 00097 10
v, 0.2 _ 0.0001 0.1 0.0760 38.0 00058 29
N=20| u I 00125 1.3 00936 94 00089 09 00111 1.0 0.0897 9.0 00082 08
T=50 & 0.8 |-0.0020 -03 00170 2.1 00003 00 |-00119 -02 00162 20 0.0003 0.0
a I -0.0057 -0.6 0.0593 59 0.0035 04
v 0.2 0.0022 1.1 0.0482 24.1 00023 12
N=20| u i o
T=100 ¢ 08
a I
7, 0.2




R.Cermenio-K. Grier/Modeling GARCH processes in Panel Dutu

TADBLE 8A: Moante Carlo results for dynamic mean model ( ¢ =0.8 yand ARClI (1) errors (Y = 0.5 )
ors Bl MLE
Sample | Coeff. | Valuc Bias' (%) Std. (%) MSE (%) | Bias (%) Std. (%) MSE (%)
Dev. Dev.
N=35 7 ! 00760 7.6 03176 318 01066 107]0.0507 5.1 02455 246 00628 63
T=20 p 0.8 |-00144 -1.8 0.0557 7.0 00033 04 |-0009 -1.2 0.0427 53 00019 02
o I 0.0024 02 02499 250 00625 6.3
y 0.5 -0.0255 -5.1 02091 41.8 00444 89
' - .
N=3 J7; 1 0.0630 63 02305 231 00571 5.7 [0.0353 3.5 0,675 168 00293 29
| 1=50 ¢ 08 {-00129 -1.6 00433 5S4 00020 03 |-0.0073 09 0.0306 38 0.0010 0.1
' a 1 0.0075 0.8 0.1506 151 0.0227 23
¥ 0.5 -0.0049 -1.0 0.1273 255 00162 3.
] ]
N=35 J7] 1
1T=100 ¢ 0.8
a 1
¥, 0.5
N=10] u I 0.0522° 52 02150 21.5 00490 4.9 [0.0367 3.7 0.1600 16.0 0.0269 2.7
T=20 ¢ 0.8 |-0.0098 -12 00379 47 00015 02 [-0.0065 -0.8 00276 3.5 00008 0.1
o 1 -0.0135 -14 0.1662 166 0.0278 2.8
¥, 0.5 -0.0030 -0.6 0.1445 28.9 00209 4.2
N=10| x [ [00363 36 0.1630 163 00279 28 [00242 24 01176 [1.8 0.0i44 14|
Clr =50 ¢ 0.8 |-0.0063 -0.8 00298 3.7 00009 0.1 ]-00039 -0.5 00211 2.6 0.0005 0.1 :
a | 0.0016 02 0.1011 10.1 00102 1.0
¥, 0.5 -0.0066 <13 0.0865 17.3 00075 1.5
N=10 1 i i
T=100 ¢ 08
o |
i 7 0.5
N =20 7, 1 0.0225 23 01616 162 00266 27 |00103 1.0 01194 (19 00144 1.4
T =20 é 0.8 |-0.0038 -0.5 00287 36 00008 0.1 |-0.0014 -02 00204 26 00004 0.l
a 1 -0.0029 -03 0.1170 11.7 00137 14
7, 0.5 -0.0067 -13 0.0958 192 0.0092 1.8
N=20| u ] 00176 1.8 0.1194 119 00146 15 | 00130 1.3 0.0811 81 00067 07
T =50 ¢ 0.8 |[-0.0030 -04 00220 28 0.0005 0.1 [-0.0021 -03 0.0145 1.8 00002 00
a 1 -0.0046 0.5 00698 7.0 0.0049 0.5
7 0.5 -0.0028 -0.6 0.0609 122 0.0037 0.7
N 20 | a | e
T 100 ¢ 0.8
a ]
7 0.5

28




R Cermenio-K. Grier/Modeling GARCH processes in Panel Datu

TABLE 2A: Monie Curlo results tor dynamic mean model ( ¢ ~-0.8 yand ARCH (1) errors (), = 0.9 )
' or§ ] MLE |
Sample | Coeff. | Value | Bias (%) Sid. (%) MSE (%) | Bias (%) Std (%) MSC (%)
Dev, Dev. i
N 3 T 1 0.0992 99 04816 482 02418 24200295 30 02007 20.1 0.0411 4.1
T-20 ¢ 0.8 -0.0204 -26 00750 %4 00060 0.8 |-00063 -0.8 0.0308 39 00010 0.
o 1 -0.0078 -0.8 02937 294 0.0863 86 !
y 0.9 0.0419 47 02340 282 00663 74 ;
l .
N=35 7] 1 0.0927 93 0.3566 357 0.1357 13.6] 0.0277 2.8 0.1319 132 00182 I8
1T=50 ¢ 0.8 0.0177 -22 00594 74 00038 05 |-00048 -D6 00208 26 00005 Ol
o I -0.0115 -1.2 0.1653 165 00274 2.7 |
¥, 0.9 0.0189 2.1 0.1578 17.5 0.0252 2.8
N=5 i ] o
T=100 # 0.8
(74 |
7, 0.9
N=10 J7 1 0.0882 8.8 0409 410 0.1755 17.6{ 00146 15 0.1264 126 0.0162 1.6
I'=20 ¢ 0.8 -Q.0170 2.1 0.0734 92 0.0057 0.7 |-0.0027 -0.3 0.0183 23 0.0003 0.0
u l -0.0168 -1.7 0.1915 192 0.0370 3.7
¥, 09 0.0481 5.3 0.1639 182 0.0292 3.2
N=10 H 1 0.0700 7.0 02809 28.1 00838 84 | .0078 0.8 00841 84 00071 0.7
T=2350 @ 0.8 00128 -1.6 0.0508 6.4 0.0027 03 |-00016 -0.2 00135 1.7 00002 0.0
o ] -0.0083 -0.8 0.1165 11.7 0.0137 14
7, 0.9 0.0247 2.7 0.1091 12,1 0.0125 14
N=10 M ]
T=100 @ 0.8
o ]
¥, 0.9
N=20 J7 1 0.0350 3.5 02707 27.t 00745 7.5 | 0.0084 0K 0.0830 83 0.0070 0.7
T=20 ¢ 0.8 -0.0070 -09 00442 55 00020 03 |-0.0016 -02 00I15 14 0.0001 0.0
o 1 00209 -2.1 01278 128 0.0168 1.7
7, 0.9 0.0514 57 (0.115 128 0.0160 1.8
N =20 At ! 0.0417 42 02742 274 00769 7.7 | 0.0043 04 0.0616 62 00038 04
T 50 ¢ 0.8 -0.0088 -1,1 00520 6.5 0.0028 0.4 |-0.0006 -0.1 0.0095 12 00001 00
o ] -0.0014 -0.1 0.0814 8.1 00066 0.7 .
¥, 0.9 0.0230 2.6 0.0730 83 00062 0.7
N=20 7] ]
T=100 ¢ 0.8
(24 1
' 0.9




R Cermefio-K. Grier/Modeling GARCI{ processes in Panel Datu

TABLE A Mente Carlo results for static mean model und GARCH (! yerrors (| = 0.1 .5, = 0.1)

oLs MLL

Sample | Coeff. | Value | Bias (%) Std. (%) MSE (%) | Bias (%) Std (%) MSE (%)
Dev. Dev.

N=5 u 1 -0.0049 -0.5 02258 226 0.0510 5.1 [-0.0056 -06 02253 225 00508 5.1

T=20| § 1 0.0081 0.8 03933 393 0.1547 155|0.0080 0.8 03884 388 0.1509 5.1

e [ -0.0632 -6.3 02776 27.8 0.0810 8.1

2 0.1 00171 17.1 0.1240 1240 0.0157 15.7

3, 0.1 0.0147 147 0.1770 1770 0.0315 3LS5

N=5 i 1 -0.0051 -09 01439 144 00208 2.1 |[-0.0099 -1.0 0.1428 143 0.0205 21 |

=50 p 1 0.0210 2.1 02418 242 00589 59 | 0.0224 22 02402 240 00582 58

a ( 0.0499 -50 02661 266 00733 73|

7 0.1 0.0038 3.8 00795 795 0.0063 6.3 I

5 0.1 0.0296 296 01962 1962 0.0394 394

N=5 u 1 0.0017 02 0.1052 105 00111 .1 ]00027 0.3 0.1046 105 00110 1.1

T=100| £ i -0.0017 -0.2 0.1799 180 00324 32 |-0.0032 -0.3 0.1793 17.9 0.0522 3.2

o | 00527 -53 02578 258 0.0692 6.9

¥ 0.1 0.0007 07 00570 570 00033 331

5, 0.1 0.0430 43.0 02018 2018 0.0426 4261

N=10| x 1 0.0008 0.1 0.1528 [53 0.0233 23 | 00003 0.0 01540 154 00237 24

T=20| 2 I 00026 03 02605 26.1 0.0679 6.8 | 0.0029 03 02622 262 00688 69

a 1 -0.0480 -4.8 02662 266 00732 73

a 0.1 0.0049 49 00848 848 00072 7.2

S, 0.1 ) 0.0241 24.1 0.1911 1911 0.0371 37.1

N=10]| [ 0.0021 02 01054 105 0011L 1.1 [000I9 02 0.1034 103 00107 1.1

T=50| 8 [ -0.0026 -0.3 0.1800 18.0 0.0324 32 |-00022 -02 0.1776 178 00315 32

e 1 -0.0512 -5.1 02561 256 0.0682 6.8

7\ 0.1 -0.0007 -0.7 0.0550 550 00030 3.0

5 0.1 0.0426 426 0.2009 2009 0.0422 422

N=10]| & I -0.0015 0.2 00735 7.4 00054 05 |-0.0009 -0.1 00725 7.3 00053 0.5

T=100] A 1 0.0058 0.6 0.1231 123 00152 1.5 | 00047 05 0.1216 122 00148 |5

p | -0.0646 -6.5 02389 239 00612 61 |

e 0.1 -0.0002 -02 0.0401 40.1 00016 1.6

3, 0.1 0.0530 53.0 0.1948 1948 0.0407 40.7;

N =20 1 i -0.0018 -02 01101 1.0 00121 1.2 |[-0.0035 -04 0.1093 109 00120 1.2

T-20| & 1 0.0045 0.5 0.1842 184 00339 34 (00065 0.7 0.181 183 00336 34

a 1 -0.0607 -6.1 02679 268 0.0755 76

7 0.1 0.0027 2.7 0.0651 651 00042 4.2

3, 0.1 00476 47.6 02052 2052 0.0444 444

N=20| pu [ ]-00015 -02 00733 73 00054 0.5 |-0.0008 -0. 00722 72 00052 0.5

T 50| 4 ] 0.0055 0.6 0.1229 123 00151 15 | 00048 0.5 0.1207 121 00146 1.5

a 1 -0.0609 -6.1 02410 24.1 00618 62

¥ 0.1 0.0003 03 0.0413 413 00017 1.7

. 3, 0.1 0.0501 50.1 0.1946 1946 0.0404 404

N-20| 1 0.0026 03 00550 55 00030 03 | 0.0024 02 0.0539 54 0.0029 05

T=100| # 1 -0.0016 -02 00924 92 00085 09 [-0.0014 -0.1 0.0%7 91 00082 08

o [ -0.0357 -3.6 02014 20.1 0.0418 42|

¥l 0.1 00015 -1.5 00292 292 0.0009 09

S, 0.1 0.0302 302 01657 1657 00284 284
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R.Cermeno-K. Grier/Modeling GARCH processes in Panel Data

TABLE 11A:Mounte Carlo results for static meun model and GARCIL (1, 1) errors (), = 0.1.8, = 0.4

] oLs MLE ]

Sample | Coeff. | Value | Bias (%) SW. (%) MSE (%)| Bias (%) Std. (%) MSE (%)

Dev. Dev.

N=5 i i 00125 13 02812 28.1 0.0792 79 [00209 2.1 02855 286 00819 8§82
T 20 4 I {-0.0117 -1.2 05095 S1.0 02597 26.0-0028% -29 05195 520 02707 27.1
a 1 02796 280 0.5733 57.3 04069 40.7

” 0.1 0.0251 251 0.1223 223 00156 156

5, 0.4 _ -0.1767 442 02682 671  0.1031 25.8

N 5 i [ [-0.0016 -02 0.1678 168 00282 2.8 [-00022 -02 01623 162 00263 2.6

T=50| f 1 0.0035 0.4 03096 310 0.0959 9.6 | 00039 04 03017 302 00910 9.
o 1 0.1848 185 0.5515 552 0.3384 338

7\ 0.1 0.0098 9.8 0.0739 739 0.0056 5.6

8, 04 __|-0.1001 -25.0 02754 689 0.0858 21.5

N-5 1 [ 0.0038 04 01293 129 00167 17 [000a33 04 01285 129 00165 17
T=100| Z I |-00024 -02 02195 220 00482 48 [-0.0043 -04 02184 218 00477 438
o ! 01025 103  0.5042 504 02647 265

7 0.1 0.0065 6.5 00533 533 00029 29

3, 0.4 . -0.0596 -14.9 02651 663 0.0738 18.5

N=10 [ u [ [-00006 -0.1 02024 202 00409 4.1 [-0.0017 -02 02010 20.I 00404 4.0
T=20| 2 I [-0.0014 -0.1 03717 372 0.1382 13.8/-0.0002 0.0 03687 369 0.1359 13.6
o ! 02022 202 0.5551 555 03490 349

¥ 0.1 0.0188 18.8 00841 841 00074 74

5, 0.4 -0.1198 -30.0 02792 698 0.0923 23.)

N-10| [ 00041 04 01292 129 0.0167 1.7 [0.0030 03 0.1284 128 00165 17
T=50| A 1 [-0.0026 -03 02194 21.9 00481 48 [-00019 -02 02194 219 0.0481 438
a 1 0.1173 117 0.4809 481 0.2450 24.5

¥\ 0.1 0.0085 85 00567 567 0.0033 33

S, 0.4 , 1-D.0691 -17.3 0.2508 627 0.0677 169

N=10]| u I 0.0066 0.7 00885 89 0.0079 038 |00065 07 00874 87 00077 038
T 100 B I [-0.0071 -0.7 0.1526 153 00234 23 |-00064 -06 0510 151 00228 23 |
a 1 0.0919 92 04377 438 02000 200
7 0.1 -0.0007 0.7 0.0396 39.6 0.0016 16

) 0.4 7 -0.0475 -11.9 02300 575 0.0552 13.8

N=20] x | | 0.0033 03 0.1447 144 0.0208 2.1 [ 00054 05 03413 141 0.0200 2.0
T 20| g I [-0.0021 -0.2 0.2423 242 0.0587 59 ]-0.0052 -0.5 02403 240 00578 3.8
P 1 01212 121 05295 53.0 02951 295

¥ 0.1 0.0147 147 00612 612 00040 4.0

3, 0.4 00755 -18.9 02702 67.6 00787 197

N=20| I | 00065 0.7 00884 88 00079 0800061 06 00875 88 00077 08

T 50| p I [-0.0070 -0.7 0.1528 153 0.0234 23 {-0.0073 -0.7 0.1513 151 00229 23
a 1 00841 84 04516 452 02110 21

¥ 0.1 -0.0004 -04 00389 389 0.0015 15

: S 0.4 -0.0447 -11.2 02392 598 0.0592 148
"N=20| u 1 0.0060 0.6 00652 65 00043 04 | 00067 07 00638 64 00041 04

T-100] ¢ I 1-00072 -07 0.1137 114 00130 13 [-0.0091 -0.9 0.1117 112 00126 1.3
P l 00410 41 03358 33.6 0.1145 115!

71 0.1 0.0021 21 00266 266 0.0007 0.7

3, 0.4 -0.0239 -6.0 0.1773 443 00320 80
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R.Cermefio-K. Grier/Modeling GARCH processes in Panel Data

TABL) 12A Monte Carla results for static mean model and GARCH (4, 1) errors (7, = 0.1.0; = 0.8)

! i oLS ___ MLE _
Sample | Cocff. | Value | Bias (%) Sid. (%) MSL (%) | Biass (%) Sd (%) MSE (%)
Dev. Dev.
N=5 p T [-00206 -2.1 06286 629 03956 396 | 00327 33 05866 587 03452 345
T=20| g I | 00399 4.0 1.1784 1178 13903 139.0|-00601 -60 1.1212 112.1 12607 126.1
P ! 22554 2255 24110 241.1 10.8999 10900
7 0.1 0.0238 238 0.0102 1102 00127 127
o | 08 | 02958 -37.0 0.2861 358 0.1694 21.2
N=5 P I ]-0.0133 -13 03979 398 0.1585 159 [-0.0202 2.0 03746 375 0.1407 141
T-50| 4 I | 00386 39 06838 689 04756 47.6 [ 00468 4.7 06470 647 04208 421
o l L1120 1112 1,9224 1922 49323 4932
7 0.1 00164 164 00652 652 00045 45
3, 0.8 _ -0.1395 -17.4 02267 283 00708 8.9
N=: u 1 | 0009 05 02795 280 00782 7.8 [00I55 1.6 02671 267 . 00716 72
T=100| A 1100021 02 04773 477 02279 228 [-0.0120 -12 04553 455 02075 208
a [ 04304 430 11743 1174 15642 1564
e 0.1 00054 54 00441 441 00020 20
| s | 08 ) 0.0517 65 01464 183 0.0241 3.0
N-10 | u i [-00014 -0.1 04847 485 02350 235 [-0.0099 -1.0 04606 46.1 02122 212
=20 § I 0.0083 0.8 0.8069 807 06512 651 (00158 1.6 07672 767 05889 589
@ | 1.3767 137.7 21804 2180 66494 664.9
¥ 0.1 00287 287 00798 798 00072 72
3 0.8 -0.1805 -22.6 02570 32.1 00986 123
N=10] g 1 [0.0104 1.0 02812 281 00792 79 [00118 12 02697 270 00728 73
T-50| p I {-0.0005 -0.1 04808 481 02312 23.1 [-0.0031 -03 04591 459 02108 21.
P I 04002 40.0 11495 1150 14815 1482
2 0.1 00051 5.1 00403 403 00017 1.7
J, 0.8 -0.0493 -62 (.1443 18.0 0.0233 29
N=10]| u T [00024 02 032093 209 00438 44 [0.0022 02 02017 202 00407 41
T=10! 2 I |00065 0.7 03604 360 01299 13000036 04 03478 348 01210 121
a ] 0.1725 173 06912 691 05075 50.8
7 0.1 0.0037 37 00301 300 00009 09
5, 0.8 -0.0218 2.7 00905 113 00087 1) !
N-20| u I [-0.0084 -08 03091 309 0.0956 9.6 | 00014 0.0 02959 296 00876 8.8 |
T=20| § I 0.0312 3.1 05502 550 03037 304 | 00079 08 05262 526 02769 277
@ | 0.6662 666 1.6466 164.7 3.1551 3155
2 0.1 0.01S1 151 0.049 496 00027 27
3, 0.8 -0.0859 -10.7 01884 23.6 00429 54
N-201 u I (00019 02 0209 210 00439 44 [00018 02 01992 199 00397 40
r=501] 7 I {00064 06 03625 363 01315 13.2]00048 05 03436 344 0.1181 118
a [ 0.1847 185 0.6845 685 0.5026 50.3
7 0.1 00041 41 00294 294 00009 09
N 0.8 -0.0236 -3.0 00873 10.9 0.0082 1.0
N 20| u 1 0.0048 05 0.1342 134 00180 18 [00020 02 0.1259 126 00159 16
T=100| 2 I |-00050 -0.5 02393 239 00573 57 |-0.0005 -0.1 02254 225 00508 S
a | 0.0799 8.0 03623 362 0.1376 13.8
71 0.1 -0.0005 -0.5 00206 206 00004 04
5, 0.8 -0.0084 1.1 0.0507 6.3 0.0026 0.3 |
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R.Cermefo-K. GrieriModeling GARCH processes in Panel Data

TAB) F. 13A; Monte Carlo results for dynumic mean mod] (¢ = 0.5 ) and GARCH {1.1) errors { y =01.8 =01

- OLS MLF. ]
Sample | Coeff. | Value | Bias (%) Std. (%) MSL (%) | Bias (%) Std (%) MSE (%)
Dev. Doy,
N=5 | u 1 00527 53 02132 213 00482 438 [ 00486 49 0209 210 00464 4.6
T=20 P 0.5 -0.0261 -52 00885 (7.7 0.0085 1.7 |-0.0242 -4.8 0.0871 74 0.0082 16
@ | -0.0485 -4.9 02783 278 00798 80
7 0.1 0.0084 84 01185 1185 0.0141 14.1
5, 0.1 00113 113 0.1687 168.7 0.0286 28.6
~ 3 2 | 00221 22 01325 133 00181 18| 00206 21 0.1335 134 00i82 13
T=50| ¢ 0.5 |[-0.0100 -20 00566 113 00033 0.7 |-00092 -1.8 00566 113 00033 07
a 1 -0.0434 43 02599 260 0.0694 69
2 0.1 -0.0005 -0.5 0.0807 80.7 0.0065 6.5
S 0.1 00278 278 0.1948 1948 00387 387
N=5 | u 1 00122 1.2 00960 9.6 00094 09| 00110 1.T 00957 96 0.0093 09
T 100 ¢ 0.5 |-0.0055 -1.1 00414 83 00017 03 ]-0.0048 -1.0 00410 82 00017 03
a | -0.0556 -5.6 0.2587 259  0.0700 7.0
71 0.1 -0.0013 -1.3 00565 565 0.0032 32
5, 0.] _ 0.0474 474 02017 2017 00429 42.9]
N=10{ u [ 00214 21 01479 148 00223 22| 0.0193 19 0.1467 147 0.0219 22
T=20| ¢ 0.5 |-0.0096 -1.9 00622 124 0.0040 038 [-0.0085 -1.7 00621 124 00039 038
a | -0.0512 -5.1 02698 270 0.0754 7.5
7\ 0.1 0.0020 2.0 0.0870 870 0.0076 7.6
s | 01 0.0282 282 0.1958 1958 00391 39.1
N-10] u [ 0.0080 08 00943 94 0009 09 | 00066 0.7 00927 93 0.0086 09
T=50| ¢ 05 [-0.0037 -0.7 00404 81 0.0016 03 {-0.0029 -0.6 00398 80 00016 03
a 1 -0.0439 -44 02517 252 00653 6.5
Y, 0.1 00003 03 00567 567 0.0032 32!
3, 0.1 00362 362 0.1948 (948 0.0393 39.3
N=10] x [ 00068 07 00709 7.1 00051 05| 00068 0.7 00690 69 00048 05
T=100| ¢ 05 |-0.0025 -0.5 00291 58 0.0009 02 |-0.0024 -0.5 00284 57 00008 02
a I 00561 -5.6 02327 233 00573 57
7 0.1 0.0000 0.0 0.0395 395 00016 1.6
5, 0.1 00456 456 0.1889 1889 0.0378 37.8
N=20 | u 1 0.0088 0.9 01063 106 0014 LI | 00110 .1 0.103%9 104 00109 1. :
T-20| ¢ 0.5 1-00043 -0.9 00446 89 00020 04 |-0.0050 -1.0 0.0436 87  0.0019 0.4
a | -0.0633 -63 02712 27.1 0.0775 78
71 0.1 00017 1.7 0.0652 652 0.0042 4.2
5 0.1 00494 494 02069 2069 0.0453 453
N=20| 4 I 00062 0.6 00706 7.1 00050 0.5 | 0.0058 06 00689 69 0.0048 05
T=50| ¢ 05 [-0.0024 -05 00298 60 0.0009 02 |-0.0024 -0.5 0029 58 0.0008 02
@ 1 -0.0546 -5.5 02374 237 00594 5.9
2 0.1 00001 0.1 00423 423 00018 1.8
3, 0.1 0.0454 454 0.1903 1903 0.0383 383
N=20] u [ 00040 04 00494 49 00025 03 | 0.0042 04 0.0475 48 00023 02
T=100| ¢ 0.5 |-0.0009 -02 0.0209 42 00004 0.1 |-0.0009 02 00199 40 00004 0.1
a I -0.0280 -2.8 0.1949 195 0.0588 3.9
2 0.1 -0.0018 -1.8 00295 295 0.0009 09
5 | o 0.0245 24.5 0.1604 1604 0.0263 263




R.Cermefio-K. Grier/Modeting GARCH pracesses in Panel Data

TADLE 14A: Moute Carlo results for dynamic mean model (¢ =0.5 Y and GARCII (1.1} errors ( ) — 0.1 .(5| =04)
OLS _ MLE ]
“Sample | Coeff. | Valve | Bias (%) Sd. (%) MSE (%) | Bias (%) Sd. (%) MSE (%) ]
Dev. Dev.

N-5 1 1 0.0456 4.6 02326 753 00562 56| 00403 4.0 02299 230 00545 55
T-20 ¢ 0.5 |-0.0194 -39 0.0885 17.7 0.0082 1.6 {-0.0173 -35 0.089%6 17.9 00083 .7
o 1 0.2911 29.1 05493 549 0.3864 386:

¥, 0.1 0.0220 220 0.1233 1233 00157 15.7

E 0.4 _ o -0.1834 -459  0.2608 652  0.1016 25.4

N=5 u 1 0.0206 2.1 01498 150 0.0229 23 | 0.0209 2.1 0.1480 (4% 00223 22
=50 ¢ 0.5 |[-00104 2,1 00591 i1.8 00036 0.7 |-00104 -2.1 00576 115 00034 0.7
,z i 0.1882 188 05531 553 03414 341!

7\ 0.1 0.0079 79 00758 758 00058 58§ |

5, 0.4 _ -0.1017 -254 02767 692  0.0869 21.7

N=5 11 i 0.028 1.3 0.1041 104 0010 1.1 | 00133 13 01036 104 00105 1.1
T-100| ¢ 0.5 |-0.0057 -1.1 00418 84 00018 04 |-0.0053 -1.1 0.0414 &3 00017 03
a { 0.1281 12.8 05005 501 0.2669 26.7

¥\ 0.1 0.0037 3.7 00541 541 0.0029 2.9

5 0.4 » -0.0667 -16.7 0.2587 64.7 0.0714 179

PN=I10 | u 1 0.0204 2.0 0.1640 164 0.0273 2.7 | 0.0138 1.4 0.1631 163 00268 2.7
T=20 @ 0.5 |-00013 =23 0.0640 128 00042 0.8 |-0.0090 -1.8 00636 127 00041 08
a 1 0.2272 22.7 05496 55.0 0.3537 354

71 0.1 0.0171 17.1 0.0855 855 0.0076 7.6

5, 0.4 -0.1310 -328 02707 677 0.0905 226

N=10| u [ 0.0080 0.8 01024 102 0.0105 1.1 | 00068 0.7 00999 100 00100 1.0
I'= 50 ¢ 0.5 |-0.0036 -0.7 0.0407 8.1 0.0017 03 |-0.0032 -0.6 00398 80 0.0016 03 |
a ] 0.1614 16.1 0.5084 508 0.2845 28.5

¥\ 0.1 0.0040 4.0  0.0545 545 0.0030 3.0

5 | 04 . -0.0847 -212 02623 656 0.0760 190

N=10| I 0.0073 0.7 0.0773 7.7 00060 0.6 | 0.0063 0.6 00756 7.6 00058 06
T=100] ¢ 0.5 |-0.0025 -0.5 0.0294 59 00009 02 |-00021 -04 00287 57 00008 02
a I 00924 92 04252 425 0.1893 189

7 0.1 0.0027 2.7 00387 387 00015 1.5

s | 04 -0.0493 -12.3 02261 56.5 0.0536 134

N=20]| I 0.0129 [.3 0.1151 113 0.0134 13 | 00095 1.0 03121 11.2 00127 13
T-20 ¢ 0.5 |-0.0054 -1.1 0.0451 9.0 0.0021 04 |-00041 -0.8 00440 88 0.0019 04
a 1 0.1517 152 05168 517 02901 29.0

7 0.1 0.0135 135 0.0645 64.5 00043 43

L s, 0.4 7 -0.0915 -22.9 0.2657 664 00789 1971
N=20| u i 00077 0.8 00722 72 00053 05 00070 07 00713 7.1 00051 05
T=50 $ 0.5 |-0.0023 -0.5 0.0288 58 00008 02 |-0.0018 -04 00281 56 0.0008 02
e | 0.0908 9.1 04477 448 02087 209

7 0.1 -0.0006 -0.6 0.0388 388 00015 1.5

5, 0.4 -0.0481 -12.0 02374 594 0.0587 147

IN=20] u ] 0.0045° 0.5 0.0535 54 0.0029 03 | 00045 0.5 00518 52 00027 03
T-100| ¢ 05 {-00009 -02 0.0211 42 00004 0.1 [ -0.0008 -02 00202 4.0 0.0004 0.1
a 1 0.0688 6.9 03356 356 0.1312 13.]

7\ 0.1 -0.0004 -0.4 00286 286 0.0008 03 |

S, 0.4 -0.0345 -86  0.1887 472 0.0368 92 ;
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R Cermeiio-K. Grier/Modeling GARCI processes in Panel Data

TADLLE 15A:Monte Carlo results for dynamic mean model (¢ = (.5 ) and GARCH (1,1} errots (71 =0.1.8, =08)

OLS _ . MLE

Sample | Cocff. | Value Bias (%) Std. (%) MSE (%) | BRias (%) Std. (%) MSE (%)

Dev. » Dev.

N=>5 P 1 0.038 3.9 03727 373 01404 140] 0.0402 40 03520 352 0.1256 126
T=20| ¢ 0.5 |-0.0215 -43 0.0889 17.8 00084 1.7 |-0.0223 -45 00861 172 00079 16
a 1 23415 2342 24830 2483 11.6476 1164.8

2 0.1 0.0255 255 01142 1142 00137 137

5 | 08 -03054 -382  0.2930 366 0.1792 224

N-5 | u 1 00284 28 0.2432 243 00399 60 | 00245 25 02302 230 00536 54
T=50| ¢ 0.5 |-0.0107 -2.1 0.0614 123 00039 08 |[-0.0100 -20 00574 (15 00034 07
a I 10790 107.9 19828 1983 50958 509.6

7 0.1 0.0138 138 0.0634 634 00042 42

S 0.8 -0.1334 -16.7  0.2278 285  0.0697 8.7

N =3 P 1 0.0[50 15 0.1649 165 00274 27 [ 00142 14 01591 159 00255 26
T 100] ¢ 0.5 |-00046 -09 00417 83 0.0018 04 |-00041 -08 00400 80 00016 0.3
a | 0.5017 502 12984 1298 19375 193.8

7 0.1 00072 72 00428 428 00019 19

8 0.8 -0.0608 -7.6  0.1567 196 00282 3.5

N=10| u ] 00306 3.1 02722 272 0.0750 75| 00148 |5 02582 258 00669 6.7
T=20| ¢ 0.5 |-0.0139 -28 0.0645 129 0.0043 09 [-00111 -22 00616 123 00039 038
a [ 14001 1400 2.1211 2121 64596 646.0

7l 0.1 0.0313 31.3 00838 838 0.0080 8.0
S 08 -0.1863 -23.3  0.2572 322 0.1009 126

N=-10 [ u 1 0.008T 0.8 01652 165 00273 2.7 | 00073 07 0.1539 (54 00237 24
T=50| o 0.5 |-0.0035 -0.7 00424 85 00018 04 |-0.0024 -0.5 00396 79 00016 03
a ] 04630 463 13161 131.6 19465 194.7

7, 0.1 0.0051 5.1 00426 426 00018 1.8

5, 0.8 -0.0536 6.7 0.1564 19.6 00273 34

N=10] u I | 00700 1.0 0.1241 124 00155 1.6 [ 0.0079 08 0.1166 1017 00136 1.4
IT-100] ¢ 0.5 |-0.0026 -0.5 00308 62 00010 02 |-00019 -04 0.0285 57 00008 02
P ] 0.1895 190 06673 667 04812 48.1

¥\ 0.1 0.0020 20 00287 287 0.0008 0.8

8, 0.8 _ 00213 -2.7 00837 105 0.0075 09

N=20| u 1 00197 20 0.1807 181 00330 33 | 0.0241 24 0.(757 17.6 00315 32
T=20) ¢ 0.5 ]-0.0046 -09 0.0461 9.2 0.0021 04 |-0.0054 -1.1 0.0447 89 00020 04
a | 0.6058 60.6 1.5930 159.3 29046 290.5

71 0.1 0.0155 155 0.0509 509 0.0028 2.8

S, 0.8 -0.0808 -10.1 0.1873 234 00416 5.2

N=20| g I 00130 13~ 0.1185 119 0.0142 14| 00116 {2 01129 113 00129 13
T-5| ¢ 0.5 |-0.0036 -0.7 00293 59 00009 02 |-00032 -06 00278 56 00008 02
a ! 0.1922 192 07300 730 0.5698 570

71 0.1 0.0047 47 00299 299 00009 09

3, 0.8 - -0.0248  -3.1  0.0932 (1.7 00093 12

N=20| 4 1 0.0074 0.7 0.0847 85 00072 0.7 | 0.0077 08 0.0797 80 00064 06
T=100! ¢ 0.5 [-0.0009 -02 00221 44 00005 0.1 [ -0.0008 -0.2 00200 4.0 00004 0.1
a | 0.0608 6.1 03435 344 0.1217 122

7 0.1 -0.0004 -04  0.0203 203 00004 04

s 0.8 -0.0060 -0.8 00468 59  0.0022 03




R.Cermeiio-K. Grier/Modeling GARCH processes in Punel Dara

TADLL 16A:Monte Carlo results for dynamic mean mude) (¢ =0.8)umd GARCH (L, Iy errors 1y, — 0.1.6, =0.1)
' ' OLS MLL .
Sample | Coeff. | Value Bias (%)  Sud (%) MSE ()| Bias (%) Sud (%) MSE (%)
Dev. Dev.
N=3 1 1 0.0933 9.3 02679 268 0.0804 BO | 00857 B6 02634 263 0.0767 7.7
T -20 ¢ 08 001890 -24 00487 6.1 00027 03 |-0.0175 -2.2 0.0482 6.0 0.0026 0.3
o { -0.0692 -9 02956 296 0.0922 92
v 0.1 00134 134 01188 118% 0.0143 143
S 0.1 _ 0.0249 249 0.1890 189.0 0.0364 36.4{
+_‘ﬁ=—5" i 1 00438 44 0.1831 183 00354 35 00420 42 0.1852 185 0.0361 3.6
=50 @ 08 -0.0083 -1.0 00340 4.3 0.0012 0.2 | -0.0080 -1.0 0.0343 4.3 0.0012 0.2
x 1 -0.0425 -4.3 0.2537 254 0.0062 66
7\ 0.1 0.0015 1.5 0.0812 812 0.0066 6.6 :
] 3 0.1 {00257 257 0.1888 1838 0.0363 363
N=5 u 1 0.0249 25 0.1357 136 00190 19| 00243 24 0.1333 133 00184 1.8
T- 100 ] 0.8 -0.0047 -0.6 0.0254 3.2 00007 0.1 | -0,0045 -06 0.0248 3.1 0.0006 0.1
a 1 -0.0626 -6.3 02628 263 0.0730 7.3
71 0.1 -0.0003 -0.3 0.0557 557 0.0031 3.
5 0.1 . 0.0521 52.1 0.2057 2087 00450 450
N= 1|0 1t 1 00377 38 0.1825 183 0.0347 35| 0035 3.6 0.1802 180 00338 34
T-=20 1] 08 00070 -09 00331 4.1 00011 0.1 |-0.0067 -0.8 0.0329 4.1 0.0011 0.1
« 1 -0.0474 -47 02633 263 00716 72
2 0.1 00040 40 00876 8§76 0.0077 7.7
5 0.1 0.023_57 235 0189 1896 0.0365 365
N 10 i 1 0.018% 19 0.1304 13.0 0.0174 1.7} 0.0182 1.8 0.1284 128 0.0168 1.7
T=30 ¢ 0.8 -0.0036 -05 00238 3.0 0.0006 0.! [-00035 -0.4 0.0236 3.0 0.0006 0.1
a 1 004192 49 0.2574 257 0.0687 6.9
2 0.1 0.0002 02 0.0566 56.6 0.0032 32
d, 0.1 00406 40.6 02012 201.2 0.0421 12.1
N=10 i 1 0.0154 1.5 0.1005 10.1 00103 1.0 ] 00130 13 0.0983 9.8 0.0098 1.0
T=100 @ 0.8 -0.0027 -0.3 0.0179 22 00003 00 |-0.0022 -03 0.0175 22 0.0003 0.0
a I -0.0551 -55 02310 231 00564 56
71 0.1 0.0005 0.5 00395 395 00016 )6
8 0.1 0_.0445 445 0.1880 188.0 0.0373 373
N=20 i 1 00185 19 0.1256 12,6 00161 1.6 00195 20 0.1236 124 00156 1.6
T--20 ¢ 0.8 -0.0037 -0.5 0.0221 28 0.0005 0.1 |-0.0039 -0.5 0.0218 2.7 0.0005 0.1
a 1 00544 -54 02589 259 0.0700 7.0
7 Q.1 0.0029 29 00649 649 0.0042 4.2
8 0.1 7 0.0413 413 0.1958 1958 0.0400 400
N =20 H I 0.0144 14 00945 95 00090 09| 00147 15 0.0927 93 00088 0.9
T=50 ¢ 0.8 -0.0025 -03 0.0170 2.1 00003 0.0 ]-0.0026 -0.3 0.0167 2.1 0.0003 0.0
a 1 00578 -58 02402 240 00610 6.1
2 0.] 00002 0.2 00424 424 00018 18
! 3, 0.1 0.0479 479 0.1933 1933 0.0397 39.7
1N =20 P 1 00079 08 00706 7.1 0.0050 05 { 00076 0.8 00682 638 0.0047 053 |
T =100 P 0.8 -0.0011 -0.1 00130 16 00002 00 |-00011 -0.1 00126 1.4 0.0002 0.0'!
@ ] -0.0279 -2.8 0.1928 193 0.0380 3.8
71 0.1 -0.0016 -le 0.0293 293  0.0009 0.9
L 5 0.} 0.0243 243 0.1582 1582 0.0256 256
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TABLE | 7A:Monte Carlo results for dynamic mean madel (¢ = 0.8 ) und GARCH (1.1) errors (7, =0.1.8, =04,

OLS MLE

Sample | Cocff. | Value | Bias (%) Std. (%) MSE (%)| Bias (%) St (%} MSE (%)
Dev, Dev. ;

N=53 1 I 0.06%6 7.0 02855 286 00864 86| 00613 61 02795 279 00818 82
T=20 # 0.8 |-00129 -1.6 0.0482 6.0 00025 03]-0.0114 -14 00477 6.0 00024 03
a 1 0.2827 283 0.5570 557 0.3902 39.0

” 0.1 0.0252 252 0.1228 1228 0.0157 157

3, 0.4 -0.1808 -452 02623 656 0.1015 254

N=5 1 [ 003501 5.0 0.1986 199 00419 42} 00438 44 01982 198 00412 4.1
T =50 ¢ 0.8 |[-00101 -1.3 0.0352 4.4 00013 02]-0.0091 -1.1 00352 44 00013 02
a J 0.1846 185 0.5498 550 03364 33.6

7\ 0.1 00109 109 00762 762 0.0059 5.9

5, 0.4 -0.1027 -25.7  0.2747 687 0.0860 21.5

N=5 4 1 06318 32 01455 146 0.0222 22| 00339 34 01446 145 00221 22
T=100] ¢ 08 |-00058 -0.7 0.0259 32 00007 0.1]-00064 -08 00255 32 00007 0.l
a 1 0.1200 12,06 0.5062 S0.6 02706 27.1

) 0.1 0.0058 SR 0.0544 544 00030 30

J; 0.4 ) -0.0689 -17.2 0.2636 659 0.0743 186

N 10| I 0.0365 37 0.01950 195 0.0394 39| 00305 3.1 01956 196 00392 39
T=20 ¢ 0.8 |-0.0076 -1.0 00327 41 00011 0.1]-00067 -08 00326 41 00011 0.1
p ! 0.2334 233 0.5388 539 03448 345

7 0.1 0.0201  20.1 0.0865 86.5 0.0079 79

5, 0.4 -0.1368 -342 02660 665 00895 224

IN=10| wu 1 0.0189 1.9 0.1377 138 00193 19 0.0071 .7 0.1324 132 00178 18
T -50 é 0.8 | -0.0036 -0.5 0.0241 3.0 00006 0.0|-00032 -04 0.0233 29 00006 0.
a 1 0.1620 162 0.5079 S0.8 02842 284,

7\ 0.1 0.0050 50 00547 547 00030 3.0

5, 0.4 , -0.0860 -21.5 02634 659 00768 192

N=10] ! 0.0160 1.6 0.1064 106 00116 1.2( 00147 1.5 0.1040 104 00110 1.1
T=100] ¢ 0.8 [ -0.0027 -03 00182 23 00003 00[-00025 -03 00177 22 00003 00
a | 0.0931 93 04326 433 0.1958 196

¥ 0.1 0.0030 3.0 0.0388 388 0001S 15

5, 0.4 00498 -12.5 02303 576 0.0555 139

N-20| & ! 00200 20 0.1352 135 00187 19] 00172 17 01332 133 O00I8 18
T =20 ¢ 0.8 | -0.0036 -0.5 00224 28 00005 0.1]-00032 -04 00223 28 00005 0.1;
a ] 0.1588 159 0.5142 514 0289 29.0

¥ 0.1 0.0148 148 00647 647 00044 4.4

3, 0.4 -0.0960 -24.0 02635 659 0.0786 197

N=201 g I 0.0128 1.3 00945 95 006091 09] 00119 12 00937 94 00089 09
T 50 ¢ 0.8 [-0.0019 -02 00165 2.1 00003 0.0]-0.0017 -02 00163 20 00003 00
py ! 00975 98 04417 442 02046 205

71 0.1 0.0004 04 00384 384 00015 15

8 0.4 -0.0523 -13.1 02336 584 0.0573 143

N 2] & [ 0.0085 09 00742 74 00056 06| 0.0083 08 00711 7.1 00051 05
T=100] ¢ 08 |[-00012 -02 00132 17 00002 0.0]-000(1 -01 00126 1.6 0.0002 00'
w 1 0.0678 68 (0.3555 1356 0.1310 13.1:

7 0.1 -0.0002 -02 0.0286 286 00008 0.8

5, 0.4 -0.0340 -85 0.1889 472 00368 9.2
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TARLF 18A:Monte Carlo results for dynamic mean model (¢® = 0.8) and GARCIL (). 1y errors (7 = 0.1.6, = 0.8)

OLS , MLE _

Sample | Coeff. | Value | Bias (%) Sw. (%) MSE (%)| Bias (%) Sd. (%) MSE (%)

Dev. Dev.

N=5 1t ] 0.0767 7.7 04185 419 0.1810 181| 00580 58 0.3900 390 0.1555 156
T=20 @ 0.8 |-00160 20 0049 62 00027 03 |-0.0149 -1.9 00481 60 00025 03
a l 2.3853 2385 24567 2457 117255 11726

2 0.1 0.0278 278 0.1104 1104 00130 130

5, 0.8 -0.3128 -39.1  0.2912 364 0.1827 228

N=5 u 1 0.0621 62 02921 292 00892 &9 | 00518 352 02737 274 00776 7.8
I'=50 ¢ 0.8 | -00107 -1.3 0.0367 4.6 00015 02 [-00097 -12 0.0344 43 00013 02
a ] 11091 1109 1.9913 199.1 5.1956 5196

¥ 0.1 0.0147 147 00633 633 00042 42
S, 08 ‘ ©|-0.1387 -17.3 02319 290 00730 9.0 |

N-5 r 1 0.0471 4.7 0.1964 196 0.0408 4.1 | 00409 41 01856 186 0.0361 3.6
T=100] ¢ 08 |-00074 -09 00277 3.5 00008 01 |-0.0062 -0.8 00259 32 00007 0.
2 l 0.4302 430 L1119 111.2 14213 142]

7l 0.1 0.0045 4.5  0.0415 415 00017 1.7

S, 0.8 -0.0509 64 0.1373 172 0.02i5 27

N=10| u 1 0.0469 47 02954 295 0.0895 90 | 0.0298 3.0 0.2807 28.1 0.0797 80
T=20 ¢ 0.8 |-0.0085 -1.1 00340 43 00012 02 |-0.0070 -0.9 00329 41 000/l 01 |
a ! 1.4252 1425 2.1623 2162 6.7067 6707 !

¥ 0.1 0.0310 31.0 0.0828 828 00078 78

5, 0.8 -0.1888 -23.6 0.2599 325 01032 129

N=-10| u [ 00199 2.0 0.1939 194 0.0380 38 | 00181 1.8 0.1832Z 183 00339 34
T=50| B 08 |[-0.0037 -0.5 0.0253 32 00007 0.1 |-0.0030 -04 00239 30 00006 0.1
a I 0.4922 492  1.3344 1334 20228 202.3

" 0.1 0.0060 6.0 0.0428 428 00019 19

3, 0.8 -0.0575 <72 0.1577 19.7 0.0282 35

N=10]| g 1 0.0196 2.0 0.1488 149 00225 23| 00160 1.6 0.139 140 00198 20
T-100] ¢ 0.8 |-0.0028 -0.4 00195 24 00004 0.1 [-0.0022 -0.3 00178 22 00003 00
a | 0.1900 19.0 0.6639 664 04769 477

71 0.1 0.0021 2.1 0028 286 0.0008 0.8

3, 0.8 -0.0215 -2.7 0.0832 104 00074 09

N =20 2 ] 0.0246 2.5 0.1969 197 0.0394 39 | 0.0220 22 0.1884 88 00360 3.6
T -20 ¢ 0.8 |[-0.0027 -0.3 0.0239 3.0 0.0006 0.1 |-0.0020 -0.3 00226 28 00005 0.1
. ! 0.5926 59.3  1.5927 159.3 2.8880 288.8

2 0.1 0.0159 159 00508 508 0.0028 28

3, 0.8 -0.0802 -10.0 0.1900 23.8 0.0426 53

N=20] u 1 0.0193 1.9 0.1388 139 0.0196 20 | 00183 1.8 0.1329 133 00180 138
T=50 ) 0.8 |-0.0027 -0.3 00178 22 0.0003 00 |-0.0025 -03 00169 2.1 00005 00
a ] 02033 203 07252 725 05672 56.7

¥ 0.1 0.0052 52 00300 30.0 00009 09

5, 0.8 -0.0264 -33 00926 116 00093 12

N=20| u ] 00118 1.2 01017 (02 00105 LI | 00115 12 00949 95 00091 09
T=100) ¢ 0.8 |[-0.0012 -02 00139 1.7 00002 0.0 {-00011 -0.1 00128 1.6 0.0002 0.0
| a | 0.0639 64 03441 344 01225 123
-y 0.1 -0.0002 02 00203 203 00001 04

S 0.8 -0.0064 -0.8 00468 59  0.0022 03
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