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Abstract 

In this paper we propose and implement a methodology of testing and estimation in a pand 
data context with Gi\.RCH effects. In order to determine the presence of Gi\.RCH effects 
and poolability of the mean and variance equations, we propose simple tests based on OLS 
and LSDV residuals. The estimation of the model is based on direct maximization of the 
log-likelihood fum;tion 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 American 
countries exhibit GARCII effects. The results strongly suggest that the error processes can 
indeed be modeled as conditionally hctcroskcdastic in both cases. 

Resumen 

En este articulo se propone e implementa una metodologia para pruebas de hip6tesis y 
estimacion en LLil contexlo con dalos panel y e1ectos GARCH. Para determinar la presencia 
de efectos GARCH asi como el agrupamiento (pooling) de las ecuaciones de la media y la 
variam:a, se proponen pruebas simples basadas en los residuales OLS y LSDV. La 
estimaci6n del modelo esta basado en la maximizaci6n directa de la funci6n de 
vcrosimilitud par mctodos numcricos. Tambicn se realiz.a lLil amilisis <.it: Monte Carlo con el 
objeto de evaluar el desempefio del estimador MLE para varias configuraciones relevantes 
de paramctros. Como ejemplo, se presentan dus aplicaciones ernpiricas. Se investiga si la 
inversion en un panel de cinco grandes empresas manufacturcras de Estados Unidos y la 
inflaci6n en un panel de cuatro pafses latinoamericanos presentan efectos GARCH. Los 
rcsultados sugicrcn fucrtcmcnte que en ambos casus los procesos de error pueden 
modelarse como procesos con heteroceda.sticidad condicional. 



I.Introduction 

GARCH modeling has proven to be one of the most useful new time series tools 
of the last 15 years. The ability lo model the conditional variam;e of a stochastic 

process with ARMA methods has allowed for greatly improved testing of 
hypotheses aboul lhe real effecls of risk/uncertainly. Further, while OLS eslimalor is 
still best linear unbiased in the presence of conditional heteroskedasticity, the non­
linear GARCII estimator can provide large eiliciency gains over OLS. 

ln 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 effects in panels 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. However, 
these countries rarely produce long time series of data for researchers to exploit. To 
study the real effects of risk/uncertainty in the developing world, we may need a 
panel GARCH model. 

Second, recent results on co-integration testing in panels have made testing 
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, 
several 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 c1 

single long time series to several pooled shorter time series can reduce the e1liciency 
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 more elfo.:ienl 
panel estimator available if the error term is fom1d 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 parameter homogeneity. 
Section 4 discusses several generalizations that relax some of the homogeneity 
assumptions. Section 5 describes a testing procedure that could be used to 
determine exactly what type of panel GARCI-1 model is appropriate for any given set 
of data. Section 6 presents the results of the Monte Carlo simulation on the finite 
sample performance of the MLE estimator. In section 7, we provide two simple 
empirical examples by investigating if invt:stment in a panel of five large US 
manufacturing firms and inflation in a panel of four Latin American countries, 
exhibit GARCH effects. Finally, section 8 concludes by reviewing our contribution 
and making some suggestions for future 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 alla<.:ks 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 efficiency gain from using ARCH 
estimation instead of least squares can be extremely large when the degree of 
conditional serial dependence in the error variance is 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 ARCH estimation reverses the sign of the liquidity effect back to the expected 
negative one. 

Two important extensions of the F.ngle model are Bollerslev's (1986) 
GARCH mo<lel, an<l Engle, Lillien & Robbins' (1987) ARCII-M model, where the 
conditional variance is used as an explanatory variable in the equation under sluc.ly. 
GARCII allows the conditional variance of the error term to follow an 
autoregressive-moving average (ARMA) process, and the GARCH( l, 1) mo<ld has 
become lhe most commonly used specification in empirical applications. Bollerslev 
shows that any arbitrary ARCH model can be well approximated by the 
GAR CH( 1, 1) specification. 

ARCH-M allows the testing of economic hypotheses about the real effects 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 models are 
used to measure and test the significance of time varying risk premia in financial 
data. 

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

vech(H,) = C + Avech(&1 1&; 1) + Bvech(H,_1) (1) 

Here vech refers to the column stacking operator of the lower portion of a 
symmetric matrix, &, 1 is the vector of errors at time t - 1 , and A , B , and Care 
coefficient matrices. In the three variahle case. this covariance structure requires 
estimating 78 coefficients. To simplify, Bull~rslev, Engle & Wooldridge assume that 
matrices A and B are diagonal, which in the tri-variate case reduces 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, to dak multivariate GARCH models 
consider only a small number of variables. 

While the majority of GARCH applications are in finance (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) use a 
multivariate GARCH-M model to test for the effects of inflation uncertainty on the 
dispersion ofrelative prices and on real output growth in the US. 

Our goal 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 1luetuation in uncertainty and where it is difficult to use 
futures/insurance markets to hedge. Specifically, we have in mind developing 
countries, which rarely have long country-specific time series data available. To test 
for the real effects of uncertainty where they are likely to be most important requires 
pooling several countries 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 sho1ter time series that typically are pooled to create a panel data set 
encompass more recent data, and more recent data tends to show greater volatility 
clustering. As older observations are discarded and the sample becomes more 
heavily weighted 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. for a 20 year, IO-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 B"sic 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 folJowing general pooled regression mode]: 

3 
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Y;, =J.t+,py,,_1 +x;,P+u,,, i-l, ... ,N, t=l, ... J' (2) 

(3) 

where, N and T are lhe number of cross seclions and lime periods in the panel 
respectively, y

11 
is the dependent variable, µ is the common intercept 

coefficient, x;, is a row vector of explanatory variahles of dimension k, j3 is a k by 1 

vector of coefficients, u;, is the disturbance term, and ¢ is the AR parameter. We 

assume that .,;, < 1. Under the assumption ,p = 0, the process given by equation (I) 

becomes stalic. A general process for a,, is given by lhe following GARCI I (p, q): 

q Ji 
2_ +' 2 ".I:' 1 

a;, -a L.,.Y111Ui.1-111 + L...u11ai,1-11, (4) 
w=I ,,-J 

whit'.h, can be expressed more compactly as 

(5) 

where, a. is a common intercept coefficient, r and o arc column vectors of 

dimensions q and p respei.::tivdy, and A(L,y), and B(L,8) are polynomials in the 
lag operator L The previous equations, arc simply extensions of Bullerslev's (1986) 
GARCH process to each cross-section in the panel. Nulice that, if B(L,8) = 0 we 

have an ARCH (q) process as in Engle (1982), and if A(L,y) := B(L,o") = 0 we have 
conditionally homoskedastic disturbances. The model defined by equations (2) and 
(5) will be referred to as Model A From theorem (1) in Bollerslev (1986). the 
condition A(l) + B(l) < I will assure that the GARCH (p, q) given by equation (5) be 
stationary for each cross-section in the panel. We assume that this t'.Ondition holds 
although we should remark that the underlying non-negativity restrictions 
0.1. y

1
. ~ 0 are sufficient but not necessary to ensure non-ncgati vit y of the 

conditional variance. 
Engle (1982) has pointed out that in a pure time series context, each 

observation is conditionally normally distributed but the vei.::tor of T observations is 
not jointly normally distributed. ln fact, the joint density is the product of the 
conditional densities for all T observalions. The previous statement applies directly 
to each cross-sectional unit in the panel considered in Model A Thus, extension to 
the panel data case is straightforward as long as the disturbances in the model are;: 
assumed to be cross-sectionally independent. 

For observation (i, t), the conditional density is: 

4 
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(6) 

which implies, under the previous cross-sectional independence assumption, the 
following log-likelihood function: 

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

In fact, from MLE theory we know that under regularity conditions the MLE 
estimator of the parameter vector 0-= (µ, /J', a, y', 8' )' is consistent, asymptotically 
efficienl and asymptotically normally distributed. In spite of these general results, 
we investigate the finite sample performance of the MLE estimator relative its OLS 
counterpart by Monte Carlo simulations for a few designs. We present these results 
in Section 6 below. 

ln this paper we wi II pursue direct maximization of (7) by numerical 
methods as given in lhe 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/, evaluated at actual MLE 
estimates. 

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

Y,, = µ+</>Y;1-1 + x,,P + pCY" +u;,, i = 1, ... , N, L = 1, ... T (8) 

4.Rela.xi11g The Homogeneity Assumption 

Model A can easily be modified to allow for different forms of parameter 
heterogeneity. In principle, it is possibk to have heterogeneity in intercepts and/or 
slopes 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 for 
heterogeneity in intercepts in the mean and variance equations. In addition to Model 
A, we consider the following 3 models: 
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(1) Individual effects in the mean equation and full parameter 
homogeneity in the variance equation (Model H ). 

(ii) Individual effects in the variance equation and full parameter 
homogeneity in the mean equation (Model C) 

(iii) Individual effects in both the mean and variance equations (Model 
D). 

The mean and variance equations for Model D are given by 

i :;: 1, ... , N , I = 1, ... T (9) 

( l 0) 

with µ, and a; representing the corresponding individual specific effects. In this 

case, the full parameter vector 0 == (f.1', /3', a', y', §' )' has ( 2N + k + p + q + 1) 

elements since µ and a are vectors of dimension N with typical elements µ, and 

a; 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 (N) and explanatory 
variables (k), and small orders for the GARCII process, estimation of Model D 
becomes feasible. For example a GARCH (I, 1) with 5 cross sections and 2 
explanatory variables, implies estimating 15 parameters. 

Model B considers individual effects in the mean equation and a common 
intercept coefficient in the variance equation (a; =a). In this case there are 

(N + k + p + q + 2) parameters to be estimated. The same number of parameters 
would have lo be estimated in the case of Model C. In the example given before, 
Models R and C require estimating a total of 11 parameters. Notice that Model A 
would require estimating 7 parameters only. 

If the cross-section dimension of the sample (N) 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 effects 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 American countries. In this case, 
Models Band D imply estimating a total of 26 and 45 parameters respectively and 
so initially removing individual effects in the mean would reduce those numbers by 
20 in both cases. 

6 
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5. Te!i·ting Some Relevant Hypotheses 

Given thal we have considered 4 possible model specifications and several possible 
ARCH or GARCH orders for the conditional variance prOl:ess within each model, 
testing for individual effects and the order of the GARCH process simultaneously 
can become fairly complicated. 

In this paper we propose the following methodology to identify the 
appropriate model. first, we test for the presence of individual effects in the mean 
equation. Next, we test for ARCH effects and determine if there are individual 
effects in the conditional varianl:e process . .Finally, after choosing among the 
models, we estimate a few ARCH and GJ\RCH specifications by maximum 
likelihood and attempt to select the one that best lits the data. 

5.1.Testingfor imlividual 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 
LSDV estimation results for this e4uaLion. We can use the standard F-test, with (N­
I) and (lN-N-k-I) 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/or ARCII effects 

In the second step, we use LSDV or OLS (according to whether individual effects 
were found or not in the mean equation) squared residuals to test for ARCH effects. 
Specifically, we try to find the aulo regressive pattern of the squared residuals on the 
basis of estimated 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 L:an test the null of conditional homoskcdasticity or 
ARCH (0), against ARCH (j) for a few relevant values of j. This can be done with 

LM-test statistics based on the previous squared residuals and referred to the x(\ 
distribution. Finally, we test for individual effects in the previous ARCH process by 
means of a usual F-test. 

5.3.Selecting the appropriate model for the conditional variance 

After choosing an appropriate model specification, we can perform maximum 
likelihood estimation of a fow relevant ARCH and GARCH specifications and 
determine the one that best fits the data. For nested hypothesis, the likelihood ratio 
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test appears to he appropriate to discriminate among the different specifications for 
the conditional variance. 

6.Fi11ite Sample Performance Of Tlte Garch MLE Estimator 

It is well known that in the context of time series GARCH models, the (non-linear) 
MLE estimator not only has desirable 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 counterpart in finite 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 panels with GARCH errors. 
In particular, we study the bias and precision of the MLE and OLS estimators of the 
parameters of the conditional mean equation ( equation 2). Also, we study the 
performance of the MLE estimator of the parameters in the variance equation 
(e4uatiun 4) for rdalivdy small time dimensions. In all cases we try to establish the 
patterns of the bias and precision of the estimators as 'J' increases for given N, an<l as 
the persistence in the variance processes increases given T and N. 

6./.Mollte Carlo design 

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

for the conditional mean, we consider separately the static and dynamic cases. 
In the static case, only one exogenous regressor with coefficient /3 ;;;;;. l enters the 
mean equation. 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 we represent moderate and high persistence of the AR (I) 
process respectively. We set the parameter values µ=a = I (the intercept uf the 
mean and variance equations respectively) for all cases. For the ARCH (1) process, 

we consider that y 1 (the coefficient on the term u;_1) takes on the alternative values 
{0.2, 0.5, 0.9}, representing low, moderate and high persistence of the conditional 
variance process. For the GARCH (1,1) process, we set y1 = 0.1 (the coefficient on 

the term u,2

_

1 

) for all cases, but we allow 8
1 

(the coefficient on the term cr,2_
1

) to 
take on the values {0.1, 0.4, 0.8}. 

Finally, we have set the number of trials in each Monte Carlo experiment Lo 
1000. Given that not always the program that solves the model nwuerically 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 an: present~d in Tables 
Al through A 18 in the Appendix. 

6.2.Punel ARCH result.s (ftatic mean case) 

In 'fables Al trough A3 we present the results for the static mean case. The first 
observation is that as T increases given N the OLS and MLE estimators of the 
intercept and slope coefficients in the mean equation improve on a mean squared 
enor criterion. Although we do not observe a clear pattern in the bias of both 
estimators, their standard errors clearly diminish with T. Secondly, when comparing 
the OJ ,S and MLE estimators, we !ind that the MLE outperforms the OT .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 
1 
(intercept 

and ARCH (1) coefficient respectively), in both cases we observe improvements in 
precision and mean squared error as '/' 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 coe1licienls are generally 
negative when the true r, equals 0.2 (Table A I). For a true y 1 of 0.9, the bias in the 
intercept remains negative while the bias in the ARCH (I) 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 (I) coefficient 

becomes much larger than that of the intercept. .For example, for the case r, = 0.2 
(Table A2), the biases of the intercept and slope coellicienls 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 1 = 0.9 (Table A3), those biases reach 1.9% and 9.4% 
respectively in the smallest sample (N-5, T=20) and 0.5% and 2.3% in the biggest 
sample (N=20, T=l00). 

Regarding precision, it is interesting to note that when r 1 = 0.2 the MLE 
estimator of the intercept is more precise than that of the slope. However, as the 
persistence of the ARCH process is increased the standard error of the intercept 
coefficient tends to increase while that of the slope tends to decrease. When 

y 1 = 0.9, we find that lhe MLE estimator of the ARCH parameter is generally more 
precise than that of the intercept. On a mean squared error criterion, except for the 
smallest sample siLe considered the MLE estimator 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 
coefficient shows quite large mean squared enors as percentage of the true 
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parameter values. In fact. this estimator performs quite poorly in the smallest sample 
(lV-5, :t-20) where its mean squared error reaches 13 .9%, 17. l % Wid 21.4% for the 
cases of y 1 = 0.2,0.5,0.9 respectively. 

6.3.Pa11el ARCH rel·u/t:}· (tlyn"mic: mea11 case) 

Tables A4 trough A9 show the results for the ARCH (I) process in the dynamic 
mean case. We find that both the OLS and MI .E estimators of the coefficients of lhe 
(dynamic) mean equation become more precise as T increases. Also the biases get 
smaller as T increases except in the cases of the smallest samples (N=5) and most 
persistent ARCH process (y1 = 0.9 ). OvcraJl, both estimators improve as T increases 
showing smaller mean squared errors in aJJ 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 outperforms the OLS estimator in terms of both bias 
and precision. 

Regarding the MLE estimators 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 parameters (intercept and ARCH (I) 
coefficients) as the sample size increases in all cases. When looking at the 
performance of these estimators as the persistence of the ARCH process increases 
given the sample sizes, we observe that for true ARCH (1) coefficients y 1 = 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) coefficient 
becomes positive. Another pattern that we find is that as the persistence of the 
ARCH process is increased the standard error of the intercept coefficient of the 
variance equation generally increases while the standard error of the ARCH 
coenicicnt generally decreases. 

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

In the dynamic mean case, we also compare the performance of the MLE 
estimator of the cueilicients of the mean and variance equations as the persistence in 
the mean process (parameter </J) is increased from 0.5 to 0.8. We find that the mean 
squared error 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 estimator 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 homoskcdastic dislurbances where as the 
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process becomes more persistent the OLS estimator of the AR parameter becomes 
more biased and less precise. 

6.4.Panel GARCH resu/t!t" (l'tl1tic mean case) 

The Monte Carlo rt!sults for the static mean case with GARCH errors are presented 
in Tables A 10 trough A 12. We observe that the MLE and OLS eslimators of Lhe 
coefficients of th<:! mean equation ( J..J and /3) improve as T increases in terms of 
standard errors and mean squared errors. Also the MLE estimators of the previous 
coefficients are less biased that their OLS counterparts in mosl cases. In terms of 
precision, the MLE estimators outperform the OLS estimators 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 variarn:e equation 
(a, r 1, 5 1 ), we find that when the true parameter of the GAR CH coetlicient ( J, ) 
takes the values 0.1 and 0.5, (Tables A 10 and A 11) their biases do not exhibit a clear 
pattern as T increases. Similar results arc found for the standard error and mean 
squared error of the MLE r.:stimator of 81 • In contrast the MLE estimators of the 

intercr.:pl and ARCH parameters ( a and y1) improve in terms of standard errors and 

mean squared errors as T increases. When the true parameter 81 = 0.8, we observe 
that thr.: MLE estimators of all variance coefficients become less biased and more 
precise. It should be pointed out, however, that the MLE estimator of the intercept 
and GARCI I coefficient in Lhe variance equation is particularly highly distorted in 
the cases 8

1 
= 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 A 10, case N=20, T=50). Similarly, the 
standard error of this coefficient could be as high as or even higher than two times 
the trne parameter value (Table AlO). Only in the case i>1 = 0.8 and for the largest 
samples, the MLE estimator of the variance parameter seems to be reliable (Table 
A12). 

6.5.Pmu!I GARCH resulll' (dynamk mean case) 

The Monte Carlo results for the model with dynamic mean and GARCH (1,1) errors 
arc presented in Tables A13 trough A18. In this case we find that the MLE and OLS 
estimators of the parameters in the mean equation ( µ and ¢) improve on a mean 
squared error criterion as r increases for given N. Also, in most cases both 
estimators become less biased and more precise as T 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. 

11 
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For the MI ,E estimators of the variance coefficients, excepl in the case 
8 1 = 0.1, we find that they perform generally better (less biased and more precise) as 

T increases. More specifically, for the case ,\ = 0.1 (Tables Al 2 and A 16) the Ml .F. 

eslimators of the intercept (a) and ARCH ( y 1 ) parameters generally improve on a 
mean squared error criterion as 1' increases. The MLF estimator of the GARCH 
parameter ( 81) does not show the previous pattern except in the cases for N-20 
which correspond to the largest samples studied. When looking at specific values or 
biases and standard errors we find lhat lhe MLE estimators of a and r I perform 

reasonably well in the cases where the true GARCH coefficient ,5
1 
= 0.1 (i.e. the 

true GARCH process is not highly persistent)~ particularly if N-=10 or higher. This is 
not the case, however, for the MLE estimator of 61 which performs poorly in terms 
of bias and precision (Table Al3). It is importanl to mention that in this case, the 
MLE estimators are more reliable for the mean equation than for the variance 
equation 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 
estimator of the intercept coefficient ( µ ). 

When looking at more persistent GA RCH processes, given T and N, we 
observe that the mean squared error of the MLE eslim:.ttors of the slope in the mean 
equation ( ¢) and the ARCH coefficient in the variance equation ( y1) remains at the 
same values or even decreases. For the intercepts in the mean equation (µ) and 
variance equation (a), we find that the mean squared error increases. In particular, it 
should be noticed that for the case 8 1 = 0.8, the mean squared error of a could be as 
high as 11 times the true parameter value (Tables Al 5 and A 18). On the other hand, 
it should he noticed that the performance of the MLE estimator of 8 1 improves as 
the persistence of the true GARCH process increases. The previous results show a 
trade off concerning the reliability of the MLE estimator of the different parameters 
in the variance equation. for a low level of persistence (i.e. 8 1 = 0.1) the MLE 
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 is positive. For a medium level of persistence ( 5

1 
= 0.4 ), the MLE 

estimator of '5
1 

becomes more reliable (]es~ biased and more precise) while the 
MLE estimator of the intercept ( a ) becomes more biased and less precise. It is 
important to note that in this case the sign of the bias changes compared with the 
previous case, appearing a positive bias for the intercept and a negative one for the 
GARCH coefficient. For 61 = 0.8, we can get more reliable estimates in the l:ase 
GARCH parameter but in most cases the MLE estimalor 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 or lhe GARCH coefficient becomes less 
negative. 

finally we should note lhal as Lhe persistence of the GAR CH process 
increases, the MLE estimator of the intercept of the variance equation becomes less 
precise while the MLE eslimator of the GARCH parameter becomes more precise. 

7.Empirical Application.5 

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 inilation in a panel of four Latin American countries 
can in fact be captured with ARCH or GARCH models. 

7.1.Jnvestment in a panel offive large U.S manufacturing firms 

Here we use the well-known Grunfcld investment data set. 1 This is a panel of 5 
firms and 20 years. For each firm and for every year we have observations on gross 
investment (I), market value of the firm (J,), and value 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 urn;ertainty associated to the investment process 
is time dependent. The model is specified as follows: 

i = l, ... ,5;t = 1, ... ,20 ( 11) 

l' tJ 

a;~= a,+ I5,,a),_, + Irmui\_,,, (12) 
n=l m=l 

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 effects in the mean equation. The computed statistics F,1,93 ! = 58.956 and 

2)1 l = 12 6. 2 92 are high enough as to reject the null hypothesis of no individual 

effects in the mean equation.2 Next we attempt to identify ARCH effects using the 
squared residuals from LSDV estimation of the mean equation given the previous 
evidence against no individual effects. We compute the partial autocorrelation 
coefficients of the squared residuals (Table l ). 

1 Thcsc data arc uikcn from Greene (1997, p. 650, Table 15.1). 
The regressions required to calculate these star istics are reported in the first two panels of Tab le 2. 
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TARU'.I: 
Estimated partial auto-correlation cm:fficicnts on squared LSDV residuals 

(investment data) 

Cotfficient t-ratio 

l'AC(l) 0.5225~ 4.0785 
PAC(2) -0.0925 -0 f,6JJ 
PAC(]) (l.05I9 (U.~42 
PAC{4) 0.0728 04862 
PAC(S) 0.2325~ 1.5168 
PAC(6) -0.1235 -0.7816 
PAC(7) 0.1293 0 7731 
PAC(8) 0.0482 0 2828 
PAC(9) 0.1245 0.6978 
PAC(IO) -0.1638 -0.9763 

p-value 

0.000() 
O 7455 
036?.l 
03139 
0.0664 
0.7817 
0.2207 
0.3889 
0.2435 
0.8342 

LSDV estimated squared residuals are used since there is evidence of individual effects in the mean 
equation. The symbols*, A and O 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 
error process follows at most an ARCH(l). Next, we try to determine if this MA(l) 
in the squared residuals has individual effects. The computed statistics 

F:.~_941 = 2.960 arid ;c
1
2
4 l = 11.864 do not provide compelling evidence against the 

null hypothesis of no individual effects in the ARCH process as they rejeL:t it at the 
5% significance level but not at the 1 %. 

Our preliminary results suggest that we have individual effects in the mean 
equation. They also suggest that it is likely that the conditional variarice follows an 
ARCH ( 1) with possible individual effects. Therefore we choose preliminarily 
Models Band Das 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 regression model whose 
conditional variance follows an ARCH( 1) process, and present OLS and LSDV 
estimates of the mean equation. 

14 
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TABLE 2: 
Panel estimation results for Investment with ARCH effects 

Constant µ, ~L2 µ_, µ, p5 
... C Log-

likelihood 
OLS estimates -41!.0297 0.1051 o:3os-i. -624.992i 
Mean equation (-10854) (\ I OM,I)• (7.0186)• 

a-?. '""""' 16194.677 

LSDV t:stimall:s -76.06(,11 -2Q J?J(i -2-12.1708 -57.8994 92.5385 0.I06U 0.3467 -561.846!1 
Mean e,1uatio11 (-0.9342) (-1.4408)° (-5,773&)• (-2.9636)* (2.3339)• (7.4728)* ( 11.5096)* 

a 2 = 4777.2951 

ARCH(I)· -37.4254 0.10117 0 3358 -584 81():, 
l'uuh:d (·6.6S76)• (40.3168)* (15.1096)~ 

Regres~ion 
(MuiklAJ 

a-,2 = 796.6344+ l .5593fl,2_1 ( Ul85)" (2.9566 )'' 

ARCH(!) 
Individual 

I 6.9425 -32.2124 • I 98.2478 60.1395 I H22Q5 0.1406 0.2991 ·556.9984 

ARCH(!) 
Individual 

(0.2239) (-4.0328)• (-10 6223)♦ (-8.0l I W (5.8153)" ( 12.7917)" (9.775W 
EITe~ts in mean only 

(Model D) 

a/- = 161.6394+ 1.16011 a}_, 
(1.0614) (4.0227)• 

242.3569 12.6154 ·51.2771 -9.114116 2.11 12Q2 0.0691 0.0314 -507.7838 
(6.l002)* (2.211\6)" {-231'18)" (-16494)" (6.1284)* {9.61S05).. (1.2391) 

Enecls in mean and variance 
(Model 0) 

a,1 = 1676.0896+ 72.9596+ 676.51321 58.7863+ 5388.l 957+ 0.7618£1/_1 (i.J73J)' (1.679J)' (199111)'' (I 767~r (1.6958)' OJ.i28)" 

These results have been obtained hy 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 *. ", u, indicate 
significance levels of 1%, 5% and 10% respectively_ Standard errors for the OI .S and LSOV 
estimates are robust to hctcmskcdasticity. 

As noted above, the data reject the null hypothesis of no individual effects in 
the mean equation at the 0.01 level. This can be seen in Tahle 2 either by comparing 
either panels one and two (ols vs. lsdv) or by comparing panels three and four 
(ARCH(l) pooled vs. ARCil(l) with individual mean effects). FurLher, the data 
reject the null hypothesis of conditional homoskedasticity, also at the 0.01 level. 

15 



N.. Cermeno-K (irier/A1odeling GARCH processes in Panel Data 

This can be seen either hy comparing panels one and three (ols vs. J\RCH(l) 
pooled). or panels two and four (lsdv vs. ARCH(l) with individual mean effects) in 
Table 2. Finally the data also reject the null hypothesis of no individual effects in 
the conditional variance equation at the 0.0 l level (as seen by comparing panels 4 
and 5 in Table 2). Our preforre<l model is thus the final estimation in Table 2: 
ARCil(1) with individual effects in hoth the mean and conditional variance 
equations. 

From the reported results, we can see that modeling the cornlitiunal variance 
of the panel changes the values of the we11icicnts on the explanatory variables in the 
mean eq_ uation. The coefficient on C, the value of the firm's plant and cq uipmcnt is 
IO times smaller and much less significant in our prefened model than in the OLS, 
LSDV or ARCH( 1) pooled specifications. The coefficient on F, the firm's market 
capital i7.ation is about 40% smaller but still significant at the 0.0 I level.1 In the 
example, there is strong evidence of conditional heteroske<lasticity, and modeling it 
changes the results of interest. 

7.2.Injlation in a panel ojfour Latin American countries 

Here we study inflation in 4 countries: Mexico, Colombia, Venezuela, and Uruguay, 
with yearly observations on inflation rates (.1r) during the period 1950-1998.4 As in 
the case for investment, we consider that inflation llncertainty can be well 
approximated hy a GARCI I process. The model for inflation is specified as a simple 
AR(]) process with time trend: 

i = 1, ... ,4;/ = 1, ... ,39 ( 13) 

( 14) 

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

yields the computed statistics ~i.ix,,i =3.154 and z/31 =9.528, which are 
significant at the 5% but nut at the 1 %. In this case, we do not find strong evidence 
against the nuJJ of no individual effect::. in the mean equation perhaps because the 
four countries considered in this study have similar intlationary patterns. For 

3 II is 11.bu interesting to note that including the individual effect in the conditional variance changes 
the model rrom possibly non-stationary (ARCH coefficient> 1.0) to clearly stationary (ARCH 
cnenicicnl of0.76). 
1 Thc:.c Jutu ure compiled from the International Monetary Fund's (IMF) International Financial 
Statistics. Data Bases 1999. 
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convenience, we will proceed to estimate the mean equation as a pooled regression 
model and use OLS squared residuals to test for ARCH effects in the next step. 
However, given the results in the tests for individual effects, estimation of the 
reltwant pooled ARCH / GARCH models will also be performed after removing 
individual effects in the mean equation. 

As before, 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 coetficie-nts on squared OLS residuals 

( inflation data) 

Coefficient t-ratio 

PAC(!) -0.1240 - 1.0052 
PAC(2) 0.3610" 2.0646 
l'AC(3) -0.1125 -0.5642 
PAC('1) 13782* 6 3942 
P/\C(5) -0.61%" -2.2704 
PAC(6) 1.7393• 5.6468 
PAC(7) -0.1473 -0.3957 
PAC(8) -0.7549° -1.3611 
PAC(9) -0.0912 -0.1677 

PAC(IO) -0.1 !06 -0.1952 

p-value 

0.1591 
0.0214 
0.2872 
0.0000 
0.0132 
0.0000 
0.3468 
0.0890 
0.4337 
0.4229 

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

We find much more persistence in the squared errors in this example than in 
the previous case, and will account for it hy using GARCH( I, I) model of the 
conditional variance. w~ also pre-test for individual effects in th~ 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 GJ\RCH (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 ARCH(l) modeL and also 
rc_j cct the ARCH(l) model in favor of the GARCH(l, l) model. Since in the 
GARCH(l, 1) context, pre-sweeping any individual effects has virtually no impact 
on the maximized value of the likelihood function, our preferr~d model is given in 
panel 5 of Table 4, which is a GAR CH( I, I) conditional variance with no individual 
effects either in the mean or conditional variance equation. 
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The model shows moderate persistence in both the mean of inflation (lagged 
inllation has a coefficient of .82) and in its conditional variance (ARCH coefficient 
of .55 and GARCH coefficient of .40). Relative lo the least squares estimates in 
panel 1, the GARCH(l,l) estimates show a slightly larger (.82 compared to .75) 
coefficient on lagged inflation and a smaller and less signifa:ant wdlil:ient un the 
time trend. While much more work needs to be done before any strong statements 
can be made, these results suggest that modeling conditional hctcroskcdasticity in 
panel 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. 
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TABLE 4: 
Panel estimation results for Inflation with ARCH and GARCH effects 

COR8tl1Rt iit-1 0 I .og-likelihood 

OLS estimates 2 2(,16 0.7587 0.1670 -809.5858 
Mean equation + (0.9044) ( I 5jJ(,2)• (1.7019)0 

a2 = 273.4'.B 1 

OLS cslimult>~ 0.0000 () <,(,!!2 0.2541 -804 !!217 
Mean equation • (0.0000) ( I l 9525)" (2 'i~(,R)• 

a 2 = 260. I 947 

ARCll(I): -2.!1399 0.9776 0.2277 -787.93J4 
Pooled regression H 6972)" (28.4543)" (2.4925)' 

(Model A+) 

rr,2 =95.2079+1.1882a/_1 
(·1.BS4)* (3.4747)> 

ARCll(l ): 1,\14')0 1.0235 0.1717 -787.2574 
Puokd regression (2.4791 )* (26.0731 )~ (2.2 I 91)• 

(Model A-) 

a} =95.2152+1.1682a/_1 (5.0673)• (4,0929)" 

GARCll(l. I): U.6619 0.8240 0.0651 -748.6255 
Poo I ed r~gres s ion (0.6373) ( 16JU27)* (l.2958) 

(Model A+J 

a-,2 = 9.5079+ 0.5560d':_l + 0.4052a/_1 
(2.1908)'' (8 .. 1754)* (6.l MO)• 

CARCll(l.J): -l.7896 0.7499 0.1 ?.(,I -7~lU·121 
Pooled regre~sion (-2.J76S)" ( 11.8703)- (:!. IJ06)• 

l~foo:Jt,I A-) 
J = 11.9058+ o.55446 2 + o.3965 a2 <r I (2.3523)• (7.6565)• I-I (5.5673)' ,-l 

These results have been obtained by direct maximization of the log-likelihood function hy numcric1,il 
methods. For each model we show the mean coefficients followed by the estimated equation for the 
conditional variance process. Values in parenthesis arc I-ratios and the symbols *, /\, ", indicate 
significance levels of I%, 5% and 10% rcspcclivcly. The symbols+ and - in the first column indicate 
that estimation is perfonned before and after removing individual effects in the mean equation. 
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8.Condusion 

In this paper we have proposed and implemented a methodology for the estimation 
of, and testing for, GARCH effects 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 arc 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 if 
they are nested. 

The results of the Monte Carlo study suggest that the MLE estimator of the 
coefficients of the mean equation is generally less hiased and more precise relative 
to their OLS counterpart. We also find that the patterns of bias and precision in 
panels with GARCH errors can be quite different from standard results in dynamic 
panels with non-correlated disturbances and that getting reliable estimates of the 
parameters of the GARCH pro(;ess 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 Latin 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 models with exogenous variables in the conditional 
variance equation. 
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TAl:JLI:: IA: Mvnll' C.ufo 10:sults fo1 static inc an moclel and ARC! I (I) ermrs ( y 1 '- 0.2) 
.. .. --

OLS MLE 
Rias (%) Std. (%) MSE°. (%) 

.. 

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

•----•-·· 

4.7 I N = 5 J.l I -0.0048 -0.5 0.2261 22.6 0.0512 5.1 -0.0044 -0.4 0.2163 21.6 0.0468 
T = 20 /3 I 0.0086 0.9 0.3939 19.4 0.1553 15.5 0.0053 0.5 0.3731 37.3 0.1392 13.9 

a 1 -0.0195 -2.0 0.2001 20.0 0.0404 4.0 

Y1 
0.2 -0.0066 -3.3 0.1556 77.8 0.0243 12.2 

N = 5 µ I -0.0092 -0.9 0.1439 14.4 0.0208 2.1 -0.0077 -0.8 0.1379 13.8 0.0191 1.9 ', 
T= 50 /J I 0.0212 2.1 0.2420 24.2 0.0590 5.9 0.0176 1.8 0.2304 23.0 0.0534 5.3 ' 

I 
a I -0.0028 -0.3 0.1275 12.8 0.0163 1.6 

i r, 0.2 -0.0057 -2.9 0.0996 49.8 0.0100 5.0 
--·-· ··••-•-· --····· 

N = 5 µ I 0.0016 0.2 0.1051 10.5 0.0110 1.1 0.0009 0.1 0.0999 10.0 0.0100 1.0 
T= 100 fl I -0.0013 -0.1 0.1796 18.0 0.0323 3.2 -0.0006 -0.1 0.1711 17.I 0.0293 2.9 

a I 0.0057 0.6 0.0952 9.5 0.0091 0.9 . 

Y1 
0.2 -0.0036 -1.8 0.0696 34.8 0.0049 2.5 ! 

N = IO µ 1 -0.0017 -0.2 0.1582 15.8 0.0250 --i-:s -0.0031 -0.3 0.1529 15.3 0.0234 ,, ""' ·1 
... ~ i 

T=2U /J I 0.0033 0.3 0.28115 28.J 0.0791 7.9 0.0075 0.8 0.2711 27.1 0.0736 7.41 
a I 0.0005 0.1 0.1480 14.8 0.0219 2.2 

r, 0.2 -0.0026 -1.3 0.1104 55.2 0.0122 6.1 
: 

N = 10 JL I 0.0032 0.3 0.0980 9.8 0.0096 1.0 0.0032 0.3 0.0934 9.3 0.0087 0.9 I 

T = 50 /3 I -0.0006 -0.1 0.1742 17.4 0.0303 3.0 -0.0007 -0.1 0.1678 16.8 0.0281 2.8 i 
a I -0.0005 -0.1 0.0883 8.8 0.0078 0.8 

Yi 
0.2 -0.0030 -1.5 0.0685 34.3 0.0047 2.4 

-·- ·-
N = 10 µ I 0.0016 0.2 0.0720 7.2 0.0052 o.s- 0.0019 0.2 0.0693 6.9 0.0048 0.5 
T= 100 /J I -0.0005 -0.1 0.1224 12.2 0.0150 1.5 -0.0009 -0.1 0.1175 11.8 0.0138 1.4 

I 

a I -0.0017 -0.2 0.0634 6.3 0.0040 0.4 

Y, 0.2 -0.0021 -I.I 0.0496 24.8 0.0025 1.3 

N = 20 JL I 0.0051 0.5 0.1178 I 1.8 0.0139 1.4 0.005ft 0.6 0.1111 11.1 0.0128 1.3 
T'"' 20 /3 I -0.0038 -0.4 0.1978 19.8 0.0391 3.9 -0.0049 -0.5 0.1894 18.9 0.0359 3.6 

a I -0.0040 -0.4 0.1009 IO.I 0.0102 1.0 

i r, 0.2 -0.0025 -1.3 0.0774 38.7 0.0060 3.0 

I N = 20 Jl I -0.0013 -0. l 0.0697 7.0 0.0049 0.5 -0.0021 -0.2 0.0665 6.7 0.0044 0.4 
I T ·- 50 /J I 0.0072 0.7 0.1224 12.2 0.0150 1.5 0.0072 0.7 0.1182 I I.M 0.0140 1.4 

i a I -0.0034 -0.3 0.0596 6.0 0.0036 0.4 
I 0.2 0.0012 0.6 0.0479 24.0 0.0023 1.2 

Yi 
N =20 -r--- ··crM:n 0.3 0.0505 5.1 0.0026 0.3 0.0033 0.3 0.0487 4.9 

--- . 
0.0024 

.. 

µ 0.2 
T= 100 /J I -0.0058 -0.6 0.0878 8.8 0.0077 0.8 -0.0059 -0.6 0.0852 8.5 0.007:, 0.7 

a I -0.0001 0.0 0.0442 4.4 00020 0.2 

Y1 
0.2 -0.0027 -1.4 0.0343 17.2 0.0012 06 
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TAAI.F 2A: ~lontc Carlo rc,ul Ls fur s\atic mean mcutel and ARC[ I ( 1) errors ( y 1 = 0. 5 ) 
----------0-=--c-L-=-s- MLE 

Sample Coeff. Value Uias (%) Sttl. (%) MSE (%) Uias (%) Std. (%) MSE (%) I 
1-------+--··· 

N ~ 5 
T= 20 

N=5 
T = 50 

N- 5 
T- 100 

N= 10 
T =20 

,__---+---· 
N = 10 
T=50 

µ 

/3 
a 
Y1 

/-I 

/3 
a 
r, 

I 
I 

I 
0.5 

1 
I 

I 
0.5 

Dev. 
0.0067 0.7 0.2787 27.? 0.0777 7.8 0.0166 
-0.00 I 9 -0.2 0.503 8 50.4 0.2539 25 .4 -0.0252 

1.7 0.2266 22.7 0.0516- 5.2 
-2.5 0.4130 41.3 0.1712 17.1 

0.0045 

0.0070 
-0.0223 

0.7 0.2483 24.8 0.0617 6.2 
-4.5 0.2065 41.3 0.0432 8.6 

-0.2 0.1104 11.0 0.0290 2.9 -0.0005 -0.1 0.1301 f3)j 0.0169 Lo/­
o.s 0.3130 J 1.3 0.0980 9.8 0.0000 0.0 0.2363 23.6 0.0559 5.6 

0.0090 0.9 0.1489 14.9 0.0223 2 2 
-0.0029 -0.6 0.1245 2'1.9 0.0155 3 I 

I U.0039 0.4 0.1292 12.9 0.0167 1.7 0.0035 0.4 0.1024 10.2 0.0105 I.I 

l -0.0024 -0.2 0.2211 22.1 0.0489 4.9 -0.0032 -0.3 0.1717 17.2 0.0295 3.0 

I -0.0030 -0.3 0.0982 9.8 0.0096 1.0 
0,5 -0.0005 -0.1 0.0867 17.3 0.0075 1.5 

I -• -0.0147 -1.5 0.20 l O 20.1 0.0406 4.1 -0.0078 -0.8 -(i:t 6 I 7 16.2 -- 0.0262 2.6 
I 0.0342 3.4 0.3554 35.5 0.1275 12.8 0.0225 2.3 0.2896 29.0 0.0844 8.4 

I -0.0 I 24 -1.2 0.1673 16. 7 0.0281 2.8 
0.5 -0.0017 -0.3 0.1392 27.8 0.0 I 93 3.9 

1 0.0077 0.8 0.123 J 12.3 0.0 I 52 1.5 0.0057 0.6 0.0955 9.6 0.0092 0.9 
I -0.0062 -0.6 0.2228 22.3 0.0497 5.0 -0.0036 -0.4 0.1708 17.1 0.0292 2.9 

I 0.0041 0.4 0.1016 10.2 0.0103 1.0 
0.5 -0.0076 - 1.5 0.0883 17.7 0.0079 1.6 

: 

f----,---,--,,-,----,-------c----+·· 
N = 10 µ I 0.0042 0.4 0.0891 8.9 0.0079 0.8 0.00 IO 0. I 0.0724 7 .2 0.0052 

2.4 0.0007 0.1 0.1241 12.4 0.0154 
0.5 
1.5 -_ T = I 00 /J I -0.0032 -0.3 0.1559 15.6 0.0243 

0.5 I 

N =20 
T=20 

N = 20 
, ·1· = 50 

i 

'N =20 
• T= 100 

a 1 -0.0014 -0.l 0.0695 7.0 0 0048 
Y1 0.5 -0.0011 -0.2 0.0619 12.4 0.0038 O.R 

µ 1 0.0072 0.7 0.1345 13.5 0.0181 1.8 0.0075 0.8 0.1062 10.6 0.01 U 1.l 

p I -0.0064 -0.6 0.2367 23.7 0.0561 5.6 -0.0113 -I.I 0.1873 18.7 0.0,52 ,_'; 

a 1 0.0004 o.o 0.1162 11.6 o.ons 1.4 j 

Y1 
0.5 -0.0047 -0.9 0.0964 19.J 0.0091 1.9 I 

I 0.0042 0.4 ••• 0.0956 9.6 0.0092 0.9 0.0036 0.4 0.0732 7.3 0.0054 0.5 
I -0.0041 -0.4 0.1576 15.8 0.0249 2.5 -0.0032 -0.3 0.1224 12.2 0.0150 1.5 

I -0.0030 -0.3 0.0691 6.9 0.0048 0.5 
0.5 -0.0035 -0.7 0.0602 12.0 0.0036 0.7 

I 0.0024 0.2 0.0628 tU 0.0030 0.3 0.0008 O.f - 0.0487 4.9 0.0024 0.2 
I -0.0041 -0.4 0.1112 II.I 0.0124 1.2 -0.0017 -0.2 0.0841 8.4 0.0071 0.7 

I -0.0015 -0.2 0.0488 4.9 0.0024 0.2 
0.5 0.0013 0.3 0.0437 8.7 0.0019 0.4 

-----~--~-----------------..___ _____________ ___, 
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R.C:ermeno-K. Grier!lvlodeling GARCH proc·esses m Panel D"'" 
----------------

T.'\BLI..: 3.1\ Monte C arl,l rcsul b 1111 ,tali C 111,;:111 moJd and ;\ RC M ( I ) CHOl"S ( r I = 0. 9 ) 
;---· 1·· 

I _samp~~r:ff. 
1 ~ N '·· ~ • JI 

Value 

I 
1 

Rias 
\--!!-de;-: --{°-1/1.1_) _·-__ M_-s_-E- (%) Uias (%) ._M_s_~-E--(

0
/c-o )--M-Sr:-~ --(~D) I 

Dev. 
----....,---

-0.0271 -2.7 6.7242 72.4 o.s25-; 52.5 •• -0.0056 -0.6 0.2489 24.9 0.0610 

149.7; 0.0123 12 0.,16)6 463 0.2141 
6.1 
21.4 : T - 20 I f3 

I i a 1 

o.o:n8 3 .4 1.2232 122_3 1.4974 

•• N ··· 5 

T 100 

1 N - 10 
; T - 100 

N = 20 
T = 20 

"N 20 
T 50 

N = 20 
• T= 100 

r, 
f..l 

/J 
a 

0.9 

I 

I 

I 
r, o.9 

f..l ' I 

/J I 

a I 

Y1 0.9 

f..l I 

/J ' I 

a 1 

-0.0083 -0~8 0:3396 34.U 0.1154 
0 0234 2.3 0.5930 59.3 0.3522 

0.0030 0.3 0.2369 
0.0095 1.0 0.4063 

23.7 
,JU.6 

0.0562 
0.16:56 

0.0018 0.2 •• 0.4i82 42.8 0.1834 

0.0197 2.0 0.8894 88.9 0.7914 

fl 0.9 
~1-----,1----------

1-1 I 0.0003 0.0 0.2569 25. 7 

/J ! I 0.0090 0.9 0.4365 43.7 

a 1 

Y1 o 9 

j.J I 

/J l 

a 1 

-0.0005 -0.1 

0.0064 0.6 

o:Ts-36 

0.3083 

I S)i 

30.8 

0.0660 
0.1906 

0.0337 
0.0951 

r, o.9 
·----i------1------------

1-' ! I -0.0038 -0.4 0.2757 27.6 0.0760 
/J I 0.0139 1.4 0.4968 49.7 0.2470 

Cf, 1 
0.9 

1 
l 

I 
0.9 

I 
I 

1 
0.9 

0.0073 0.7 0 1881 

-0.U 196 -2.0 0.3272 

-CL0018 -0.2 0.121s 
0.0023 0.2 0.2042 

18.8 
.'.\2.7 

12.2 
20.4 

0.0354 
0.1074 

0.0148 
0.0417 

-0.0187 -1.lJ 0.2951 29.5 0.0875 
0.0845 9 .4 0.2315 25. 7 0.0607 

11.5 -0.0037 -0.4 0.1431 14.3 0.0205 
35.2 0.0131 1.3 0.2468 24. 7 0.061 I 

-0.0165 -1.7 0.1705 17. I 0.0293 
0.0367 4.1 0.1519 16.9 0.0244 

5.6 0:0022 0.2 
16.6 -0.0013 -0.1 

-0.0008 -0.1 
0.0127 1.4 

0.1008 10.1 0.0102 
0.1719 17.2 0.0296 

0.1189 11.9 O.OM I 
0.1071 11.9 0.0116 

18.3 -0.0043 -0.4 0.1648 16.5 0.0272 

79.1 0.0070 0.7 0.3024 30.2 0.0915 

-0.0270 -2.7 0.1908 19.I 0.0372 
0.090 I I 0.0 0.1 S6 I 17.3 0.0325 

6.6 -0.0004 0.0 0. I 027 10.3 0.0 I 05 
19.1 0.0030 0.3 0.1745 17 .5 0.0305 

8.8 
6.7 

2.1 
6.1 

2.9 
2.7 I 

1.0 

.HI 

1.4 
1.3 

2.7 

9.2 

3.7 
3.6 

I.I I 

3. l I 

1-0.0087 -0.9 0.1144 11.4 0.0132 1.3 
0.0330 1.7 0.1002 JI.I 0.0111 1.2 

3. 11 0.0049 0.5 0.0679 6.8 0.0046 •• o:s 
9.5 -0.0044 -0.4 0.1 188 11.9 0.0141 1.4 

-0.0057 -0.6 U.0815 
0.0136 J .5 0.0762 

7.6 0.0053 0.5 0.1229 

24.7 -0.0052 -0.5 0.2147 

-0.0171 -1.7 0.1342 
0.0767 8.5 0. !086 

3.5 0.0024 0.2 

10.7 -0.0024 -0.2 

0.0006 0.1 
0.0312 3.5 

0.0732 

0.1252 

0.0831 
0.0730 

I .5 -0.0004 0.0 0 0484 
'1.2 0.0014 0 I 0.0847 

8.2 0.0067 0. 7 
8.5 0.0060 0.7 

12.3 0.0151 1.5 

21.5 0.0161 4.6 I 

13.4 0.011:!3 18 
12.1 0.0177 1..0 

7.3 U.0054 U.5 

12.5 0.0157 1.6 

8.3 0.0069 0.7 
8.1 0.0063 0. 7 

4.8 0.0023 0.2 
8.'i (l.0072 0. 7 

-0.0053 -0.5 o.0574 5.7 o.oo:n o :-; 
0.0205 2.1 0.0540 6.0 0.0033 0.4 

···---------'---------------____J 
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R.Cermeno-K. Grier!Modf.!ling Gl1RCII processe:, in Pund Du/u 
- .. 

TABLE 4AMon1c CHrlu re;ults li..,r Llyr1,11nic mean mc,dcl ( tp = 0.5) and All.Ct! ( I) ~mm ( Yi ...:. 0.2) 
-- ~---••. ---· -

(%) I 
-· 

ML[ 
--- --•- ·- ---

I Sample-I Coeff. 
OLS 

Value Bias (%) Std. (%) MSC Bias (%) Std. (%) MSE (%) 

I :~;~~ 
Dev. Dev. 

-· ·-· 

µ -T- 0.0561 5.6 0.2222 22.2 0.0525 5.3 0.0493 4.9 0.2112 21.1 0.0470 4.7 

¢, 0.5 -0.0276 -5.5 0.0940 18.8 0,0096 1.9 -0.0250 -5.0 0.0895 17.9 0.0086 1.7 

a I -0.0142 -1.4 0.2017 20.2 0.0409 4.1 

Yi 
U.2 -0.0114 -5.7 0.1 SOS 75.3 0.0228 11.4 

N = 5 
··-· -· 

I 0.0237 2.4 0.1394 l:L9 0.0200 2.0 2.1 0.1329 13.3 0.0181 1.8 µ 0.0206 
: T ~ 50 
I ¢, U.S -0.0108 -2.2 0.0605 12.1 0.0038 0.8 -0.0095 -1.9 0.0573 11.5 0.0034 0.7 

I :.~;~o 
a I 0.0015 0.2 0.1247 12.5 0.0155 1.6 

Yi 
0.2 -0.0107 -5.4 0.1016 50.8 0.0104 5.2 

µ I 0.0134 L3 0.1008 JO.I 0.0103 1.0 0.0116 1.2 0.0948 9.5 0.0091 6_·9··; 

¢ 0.5 -0.0061 -1.2 0.0444 8.9 0.0020 0.4 -0.0053 - I. I 0.0410 8.2 0.0017 0.3 

a I 0.0064 0.6 0.0914 9.1 0.0084 ·o.s 

Yi 
0.2 -0.0046 -2.3 0.0681 34.1 0.0047 2.4 

1 0.0218 2.2 0.1608 16.1 0.0263 2.6 0.0181 1.8 0.1535 15.4 0.0239 
·-·-· 

N =' 10 µ 2.4 
T = 20 ¢, 0.5 -0.0110 -2.2 0.0687 13.7 0.0048 1.0 -0.0088 -1.8 0.0659 13.2 0.0044 0.9 

a. I -0.0011 -0.1 0.1524 IS.2 0.0232 2.3 

Yi 
0.2 -0.0049 -2.5 0.1135 56.8 0.0129 6.5 

N =' 10 
·-· -----

I 0.0173 1.7 0.1039 10.4 0.0111 I.I 0.0155 1.6 0.0947 9.5 0.0092 --or µ 
T= 50 ¢ 0.5 -0.0073 -1.5 0.0450 9.0 0.0021 0.4 -0.0065 - l.J 0.0408 R.2 0.0017 0.3 

a 1 0_0016 0.2 0.0900 9.0 0.0081 0.8 

Yi 
0.2 -0.0047 -2.4 0.0703 35.2 0.0050 2.5 

N = 10 
- .. 

I 0.0092 0.9 0.0694 6.9 0.0049 0.5 0.0083 0.8 0.0648 6.5 0.0043 0.4 µ 
T= 100 ¢, 0.5 -0.0040 -0.8 0.0302 6.0 0.0009 0.2 -0.0035 -0.7 0.0276 5.5 0.0008 0.2 

a. I -0.0001 0.0 0.0622 6.2 0.0039 0.4 

Yi 
0.2 -0.0033 -l.7 0.0488 24.4 0.0024 1.2] 

N = 20 µ I 0.0153 1.5 0.1077 10.8 0.0118 1.2 0.0126 1.3 0.1014 IO.I 0.0104 1.0 ' 

T=20 ,p 0.5 -0.0051 -1.0 0.0469 9.4 0.0022 0.4 -0.0039 -0.8 0.0437 8.7 0.0019 0.4 

a I -0.0053 -0.5 0.0986 9.9 0.0097 I.U 

Yi 
0.2 -0.0011 -0.6 0.0764 38.2 0.0058 

291 
N = 20 µ I 0.0071 0.7 0.0691 6.9 0.0048 0.5 0.0060 0.6 0.0657 6.6 0.0044 0.4 

T = 50 rp 0.5 -0.0024 -0.5 0.0294 5.9 0.0009 0.2 -0.0022 -0.4 0.0274 5.5 0.0008 0.2 , 
' ' a I -0.0053 -0.5 0.0592 5.9 0.0035 0.4 

r, 0.2 0.0018 0.9 0.0481 24.1 0.0023 1.2 

N=20 µ I 0.0030 0-J 0.0524 5.2 0.0028 0.3 0.0022 0.2 0.0494 4.9 0.0024 0.2 
T =' JOO 'P 0.5 -0.0014 -0.3 0.0227 4.5 0.0005 0.1 -0.0010 -0.2 0.0212 4.2 0.0005 0.1 

a I 0.0002 0,0 0.0441 4.4 0.0019 0.2 

Yi 
0.2 -0.0032 -l.6 0.0356 17.8 0.0013 0.7 

-- ·•--4-
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TADLE5A 
~-

Sample Coeff. Value 

N = 5 /.I I 

T=20 
<P 

0.5 

a I 

r, 0.5 

N "'5 /.l I 
T= 50 ¢, 0.5 

L 
a I 

Y1 
0.5 

N 5 JJ I 
T- 100 ¢ 0.5 

a I 

r, 0.5 

N= JO /,I 1 
T = 20 tp 0.5 

a I 

r, 0.5 bo 1-1 I 
0 ¢, 0.5 

a I 

r, 0.5 

' N = 10 µ I 
I'"" l 00' ¢ 0.5 

a I 

Yi 
0.5 

N =20 µ 1 
T=20 ¢ 0.5 

a I 

Yi 
0-5 

N=20 1,1 l 
T= 50 ¢ 0.5 

a I 

Y1 
0.5 

.. 
N = 20 µ I 
T"" IOU tp 0.5 

a I 

I Y1 
0.5 

·-

R.CermeF10-K Grier/Modeling GAUCH procr::~·ses in Panel Data 

Monte Carlo rc~ul b for dynamic mean mou1:l ( ¢, = 0. 5 ) and ARCH (I} erro1s I YI = Q. 5 ) 
OLS 

Bias (%) Std. 
Dev. 

0.0546 5.5 0.2769 
-0.0243 -4.9 0.1160 

0.0292 2.9 0.1838 
-0.0149 -3.0 0.0813 

0.0124 1.2 0.1306 
-0,0049 -1.0 0.0587 

0.0333 3.3 0.2029 
-0.0149 -3.0 0.0864 

0.0237 2.4 0.1324 
-0.0095 -1.9 0.0584 

0.0112 I.I 0.1012 
-0.0043 -0.9 0.0455 

.. 
0.0163 1.6 0.1472 
-0.0065 -1.3 0.0629 

0.0083 0.8 0.099.9 

-0.0029 -0.6 0.0443 

0.0031 0.3 0.0763 
-0,0012 -0.2 0.03 55 

... 

MLE 
( %) MSE (o/~) Bias (%) Std. ---,-(0,,...,1/o,,--) --,---:-cc~--;::....,, 

2 
2 

1 
I 

t 
I 

2 
I 

I 
I 

7.7 0.0797 8.0 
3.2 0.0141 2.8 

8.4 0.0347 3.5 
6.3 0.0068 1.4 

3.1 0.0172 1.7 
1.7 0.0035 0.7 

0.3 0.0423 4.2 
7.3 0.0077 1.5 

3.2 0.0181 
1.7 0.0035 

1.8 
0.7 

I 0.1 0.0104 1.0 
9.1 0.0021 0.4 

I 
I 
4·_7 0.0219 2.2 
2.6 0.0040 0.S 

1 0.0 0.0100 1.0 
8.9 0.0020 0.4 

7 .6 0.0058- - • 0.6 

. I 0.0013 0.3 7 

0.0377 3.8 
-0.0168 -3.4 

0.0076 0.8 
-0.0306 -6.1 

0.0170 1.7 
-0.0090 -1.8 

0.0099 1.0 
-0.0067 -1.3 

0.0078 0.8 
-0.0031 -0.6 

-0.0023 -0.2 
-0.0014 -0.3 

0.0261 2.6 
-0.0109 -2.2 

-0.UI 18 -1.2 
-0.0049 -1.0 

0.0140 1.4 
-0.0047 -0.9 

0.0025 0.3 
-0.0072 -1.4 

0.0065 0.7 
-0.0024 -0.5 

-0.0016 -0.2 
-0.0019 -0.4 

0.0078 0.8 
-0.0023 -0.5 

-0.0020 -0.2 
-0.0073 -1.5 

0.0061 0.6 
-0.0018 -0.4 

-0.0044 -0.4 
-0.0030 -0.6 

0.0002 0.0 
-0.0001 0.0 

-0.0006 -0.1 
0.0009 0.2 

Dev. 
0.2112 21.1 
0.0870 17.4 

0.2518 25.2 
0.2126 42.5 

0. !283 12.8 
0.0533 10.7 

0.1506 15.1 
0.1274 25.5 

0.0913 9.1 
0.0377 7.5 

0.0995 10.0 
0.0873 17.5 

0.1442 f4.4 
0.0589 11.8 

0.1670 16.7 
0.1459 29.2 

0.0890 8.9 
0.0375 7.5 

0_1016 10.2 
0.0867 17.3 

0.0645 6.5 
0.0265 5.3 

0.0698 7.0 
0.0629 12.6 

0.1033 10.3 
0.0419 8.4 

0.1174 11.7 
0.0957 19.1 

():{)648 6.5 
0.0271 5.4 

0.069R 7.0 
0.0610 12.2 

0.0435 4.4 
0.0185 3.7 

0.0493 4.9 
0.0'133 8.7 

25 

0.0215 2.2 
0.0036 0.7 

0.0280 2.8 • 
0.0213 4.J 

0.0081 
0.0014 

0.0103 
0.0076 

0.t.!042 
0.0007 

0.0049 
0.001!0 

0.0107 
0.0018 

0.0138 
0.0092 

0.0042 
0.0007 

0.0049 
0.0037 

0.0019 
0.0003 

0.0024 
0.0019 

0.8 
0.3 

1.0 I 
1.5 

0.4 
0.1 

0.5 
0.8 

I. I 
0.4 

1.4 
1.8 

0.'1 
0.1 

0.5 
0.7 

0:-2 
0.1 

0.2 ; 

0.41 



R.Cermdw-K. vrier/Modeling GARC/1 processes in PanC!I Data 

TAAI.F <,A: Monte Carlo results for dynamic mean model ( r/> = 0.5) and ARCH (I) errors ( Yi = 0. 9) 
OLS MLE 

··-

Sample Coeff. Value Bias (%) Std. (%) MSE (%) Bias (%) Std. •• (o/o) MSE (%) 
Dev. Dev. 

N =5 Ji I 0.0710 7.1 0.4415 44.2 0.2000 20.0 0.0249 2.5 0.1956 19.6 0.0389 3.9 
T=20 ¢ 0.5 -0.0379 -7.6 0.1610 32.2 0.0273 5.5 -0.0124 -2.5 0.0706 14.1 0.0051 1.0 

a 1 -0.0025 -0.3 0.2927 29.3 0.0857 8.6 

Yi 
0.9 0.03&6 4.3 0.2523 28.0 0.0651 7.2 

.... 

N = 5 µ I 0.0518 5.2 0.3038 30.4 0.0950 9.5 0.0192 1.9 0.1194 fi".9 0.0146 1.5 
T= 50 ¢, 0.5 -0.0234 -4.7 0.1238 24.8 0.0159 3.2 -0.0077 -1.5 0.0445 8.9 0.0020 0.4 , 

a I -0.0109 -I.I 0.1650 16.5 0.0273 2.7 

Yi 
0.9 0.0183 2.0 0.1577 17.5 0.0252 2.8 

N=S µ I 0.0597 6.0 0.2719 27.2 0.0775 7.8 0.0086 0.9 0.0788 7.9 0.0063 0.6·-

T= 100 ¢ 0.5 -0.0267 -5.3 0.1212 24.2 0.0154 3.1 -0.0033 -0.7 0.0298 6.0 0.0009 0.2 

a I -0.0012 -0.1 0.1146 11.5 0.0131 1.3 

Y, 0.9 0.0093 1.0 0.1084 12.0 0.01 lR 1.3 

1N=J(J JJ, I 0.0661 6.6 0.3571 35.7 0.1319 13.2 0.0088 - <Pi 0.1262 12.6 0.0160 1.6 
- T = 20 ¢ 0.5 -0.0309 -6.2 0.1479 29.6 0.0228 4.6 -0.0039 -0.8 0.0465 9.1 0.0022 0.4 

a I -0.0139 -1.4 0.1922 19.2 0.0371 3.7 

r, 0.9 0.0448 5.0 0.1632 IR. l 0.0286 -, ') _, .. .., 

N = 10 I-' 1 0.0481 4.8 0.2508 25.1 0.0652 -6.5 0.0069 0.7 0.0758 7.6 0.0058 0.6 
T = 50 ¢ 0.5 -0.0212 -4.2 0.1111 22.2 0.0128 2.6 -0.0037 -0.7 0.0291 5.8 0.0009 0.2 

a I -0.0077 -0.8 0.1167 11.7 0.0137 1.4 

Yi 
0.9 0.0242 2.7 0.1088 12.1 0.0124 1.4 

-••--·-- .. - -
N = JO µ l 0.0185 1.9 0.2133 21.3 0.0459 4.6 0.0035 0.4 0.0578 5.8 0.0034 0.3 

T= l00 ,jJ 0.5 -0.0081 -1.6 0.1009 20.2 0.0102 2.0 -0.0004 -0. I 0.0212 4.2 0.0005 0.1 

a I -0.004'i -0.5 0.0801 K.O 0.0064 o.6 
1 r, 0.9 0.0092 1.0 0.0780 8.7 0.0062 0.7 t 

N =20 I-' 1 0.0325 3.3 0.2806 28.1 ·o.019s 8.0 0.0087 0.9 0.0869 8.7 0.0076 0.8 
T=20 ¢, 0.5 -0.0158 -3.2 0.1162 23.2 0.0138 2.8 -0.0041 -0.8 0.0312 6.2 0.0010 0.2 

a l -0.0201 -2.0 0.1274 12.7 0.0166 1.7 

Yi 
0.9 0.0503 5.6 0.1152 12.8 0.0158 1.8 

, N = 20 JJ, I 0.0273 2.7 0.2295 23.0 0.0534 5.3 0.0043 0.4 0.0569 5.7 0.003'3 ·cu·-
T~ 50 ,jJ 0.5 -0.0145 -2.9 0.1072 21.4 0.0117 ? " -0.0015 -0.3 0.0210 4.2 0.0004 0.1 __ J 

i 
a I -0.0013 -0.1 0.0817 8.2 0.0067 0.7 i 
Yi 

0.9 0.0230 2.6 0.0752 8.4 0.0062 0.7 I 
; 

N-20 I-' 1 0.0217 2.2 0.2119 21.2 0.0454 4.5 0.0018 0.2 0.0391 3.9 0.0015 0.2 
T ~ 100 ¢ 0.5 -0.0107 -2.1 0.1024 20.5 0.0106 2.1 -0.0007 -0.1 0.0146 2.9 0.0002 0.0 

I 
a 1 -0.0064 -0.6 0.0575 5.8 o.oo:n OJ 

Y1 
0.9 0.0164 1.8 0.0556 6.2 0.0034 0.4 

-·--- ·- . 
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Sample Cocff. Value 

f--

N 5 II I 
T-20 ¢ 0.8 

a I 

Y1 
0.2 

N-5 µ I 

. T= 50 ¢ 0.8 

a 1 

r, 0.2 

N = 5 J1 I 
T~ 100 tp 0.8 

a I 

Yi 
0.2 

. N = 10 µ I 
T "'20 ¢ 0.8 

a I 

Y1 
0.2 

N = 10 µ i 
I= 50 ¢ 0.8 

a 1 

Y1 
0.2 

N = 10 µ 1 
T"-' 100 ¢ 0.8 

a I 

Y1 
0.2 

N =20 µ 1 
T=20 ¢ 0.8 

a I 

Y, 0.2 

N =20 /1 I 

T= 50 ¢ 0.8 

a I 

Yi 
0.2 

N=20 µ 1 
T= 100 ¢ 0.8 

a I 

r, 0.2 
~--

R.Cermeno-K (irn:r/Modeling GARCH proces.1·t::s in Panel Data 

Monte Carlo result, Ii.Jr d~-1 ,amic mc~n model ( ,P = 0. 8 ) urn.I ARCH (I) ermts ( y 
1 

= 0 .2 ) 
OLS 

Bias (%) Std. (%) 
Dev. 

0.0965 9,7 0.2735 27.4 
-0.0195 -2.4 0.0499 6.2 

0.0459 4.6 0.1889 18.9 
-0.0087 -I.I 0.0352 4.4 

0.0376 3.8 0, 1938 19.4 
-0.0075 -0.9 0.0349 4.4 

0.0304 3.0 0.1367 13.7 
-0.0055 -0.7 0.0253 3.2 

0.0204 2.0 0.1251 12.5 
-0.0031 -0.4 0.0229 2.9 

0.0125 1.3 0.0936 9.4 
-0.0020 -0.3 0.0170 2.1 

MS 
Ml.F. -~ 

Ll (%,) Bias (%)----,S-,-'td-,-.--(~%~)--M"""'s-=E--(¾). 

0.08 
0.00 

0.03 
0.00 

0.03 
0.00 

0:01 
0.00 

0.01 
0.00 

0.00 

41 8.4 
29 0.4 

78 3.8 
13 0.2 

90 - 3.9 

13 0.2 

96 2.0 
07 0.1 

61 
05 

1.6 
0.1 

0.9 
0.00 

89 
03 0.0 

0.0829 
-0.0170 

-0.0176 
-0.0083 

0.0395 
-0.0075 

-0.0006 
-0.0086 

0.0312 
-0.0060 

-0.0038 
-0.0024 

0.0260 
-0.0047 

0.0008 
-0.0037 

0.0173 
-0.0025 

-0.0065 
0.0001 

0.0111 
-0.0019 

-0.0057 
0.0022 

8.3 
-2.1 

-1.8 
-4,2 

4.0 
-0.9 

-0.1 
-4.1 

3.1 
-0.8 

-0.4 
-1.2 

2.6 
-0.6 

0.1 
-1.9 

1.7 
-0.3 

-0.7 
0.1 

I.I 
-0.2 

-0.6 
I.I 

Dev. 
0.2620 26.2 
0.0478 6.0 

0.19% 20.0 
0.1497 74.9 

0.1827 18.3 
0.0339 4.2 

0.1249 12.5 
0.1020 51.0 

O. IR54 18.5 
0.0115 4.2 

0.15 !6 15.2 
0.1134 56.7 

0.1258 12.6 
0.0214 2.9 

0.0899 9.0 
0.0701 35.1 

0.1188 I l.9 

0.0217 2.7 

0.0984 9.8 
0.0760 38.0 

.. 
o:os91 9.0 
0.0162 2.0 

0.0593 5.9 
0.0482 24.1 

27 

0.0755 7.6 
0.0026 0.3 

0.0401 4.0 
0.0225 11.3 

0.0350 3.5 

0.0012 0.2 

0.0156 1.6 
I 

~01054 

0.0353 3.5 
0.0012 0.2 

0.0230 2.3 
0.0129 6.5 

0.0165 "iT 
0.0006 0.1 i 

I 
0.0081 0.8 
0.0049 2.5 

0.0144 1.4 

0.0005 0.1 

0.0097 1.0 
0.0058 2.9 

0.0082 0.8 
0.0003 0.0 

0.0035 0.4 
0.0023 1.2 



R.Cermeiio-K Grier/Modeling CJARCH processes in Panel Dutu 

TArlLI::: M: Monte Carlo result, for dynamic mean model ( I/) = 0. 8 ) and ARC 11 ( 1) errors ( y 1 = 0. 5 ) 

I Sample 

OLS MLE 
Coeff. Value Bias (%) Std. (°/4,) MSE (%) Bias (%) Std. (%) MSE (%)' 

Dev. Oev. 

N=5 )1 ! 0.0760 7.6 0.3176 31.8 0.1066 10.7 0.0507 5.1 U.2455 24.6 0.062R 6.3 i 
T=20 t/J 0.8 -0.0144 -1.8 0.0557 7.0 0.0033 0.4 -0.0096 -1.2 0.0427 5.3 0.0019 0.2 I 

a I 0.0024 0.2 0.2499 25.0 0.0625 6.3 \ 

r, 0.5 -0.0255 -5.1 0.2091 41.8 0.044'1 8.9 
.. 

N = 5 µ 1 0.0630 6.3 0.2305 23.l 0.0571 S.7 0.0353 3.5 6.i675 16.8 0.0293 2.9 

T = 50 'P 0.8 -0.0129 -1.6 0.0433 5.4 0.0020 0.3 -0.0073 -0.9 0.0306 3.8 0.0010 0.1 . 
a I 0.0075 0.8 0.1506 15.1 0.0227 2.J 

Yi 
0.5 -0.0049 -1.0 0.1273 25.5 0.0162 :l.2 

- -
N = 5 µ 1 

T= 100 tp 0.8 I 

I 
a I 

Y1 
0.5 

-· 
N = 10 µ 1 0.0522 5.2 0.2150 21.5 0.0490 4.9 0.0367 3.7 ·0.1600 16.0 0.0269 2.7 

T=20 'P 0_8 -0.0098 -1.2 0.0379 4.7 0.0015 0.2 -0.0065 -0.8 0.0276 3.5 0.0008 0.1 

a I -0.0135 -1.4 0.1662 16.6 0.0278 2.8 

Y1 
0.5 -0.0030 -0.6 0.1445 28.9 0.0209 4.2 

I 0.0363 
... 

3.6 
.. 

0.1630 0.0279 0.0242 0.1176 o".bi44 N = 10 µ 16.3 2.8 2.4 11.8 1.4 
' T == 50 ¢ 0.8 -0.0063 -0.8 0_0298 3.7 0.0009 0.1 -0.0039 -0.5 0.0211 2.6 0.0005 0.1 
I 

a I 0.0016 0.2 0.1011 JO. I 0.0102 1.0 

r, 0.5 -0.0066 -1.3 0.0865 17.3 0.0075 1.5 

N = lO )l 1 
T = IOO ,p 08 

a I 
i 

Yi 
0.5 

N =20 l -0:0225 2.3 0.1616 16.2 0.0266 2.7 0.0103 1.0 0.1194 11.9 0.0144 
.. 

··1.4. µ 
T=20 

<I> 
0.8 -0.0038 -0.5 0.0287 3.6 0.0008 0.1 -0.0014 -0.2 0.0204 2.6 0.0004 0.1 I 

; 

a l -0.0029 -0.3 0.1170 11.7 0.0137 1.4 

Yi 
0.5 -0.0067 -1.3 0.0958 19.2 0.0092 1.8 

N =20 µ I 0.0176 t'.8 0.1194 11.9 0.0146 1.5 0.0130 1.3 0.0811 8.1 0.0067 0.7 
T= 50 ¢ 0.8 -0.0030 -0.4 0.0220 2.8 0.0005 0.1 -0.0021 -0.3 0.0145 1.8 0.0002 0.0 

a l -0.0046 -0.5 0.0698 7.0 0.0049 0.5 

Y1 
0.5 -0.0028 -0.6 0.0609 12.2 0.0037 0.7 

N·.:. 20 I 
-· ··-·-··--· ... --··-····-·-·--

/.I 
T 100 rp 0.8 . 

I 

I 
a 1 

Y1 
0.5 

·-·· 
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R.Cermeno-K. Gri,:r/Modding GARCH proces.l'es in Panel Dutu 

Mo11k Carlo results for dynamic mean nrndel ( ¢ - 0.8) and ARCH ( 1) rnurs ( Y 1 = 0, 9 J 

ocs Ml.F. 
Sa1nple Std. (%) 

_ .. 
!VISE 

.. 
Bias Std. (%) MSC (%) ' Coeff Value Rias (%) (%) (%) 

Dev. Oev. . .. ,_, 

N 5 J.I 1 0.0992 9.9 0.4816 4R.2 0.2418 24.2 0.0295 3.0 0.2007 20.l 0.0411 4.1 

T - 20 ¢ 0.8 -0.0204 -2.6 0.0750 9.4 0.0060 0.8 -0.0063 -0.8 0.0308 3.9 0.0010 0.1 

a 1 -0.0078 -0.8 0.2937 29.4 0.0863 8.6 

Y1 
0.9 0.0419 4.7 0.2540 28.2 0.0663 7.4' 

N = 5 µ I 0.0927 9.3 0.3566 35.7 0.1357 13.6 0.0277 2.8 0.13 !9 13.2 0.0182 1.8 

I= 50 ¢ 0.8 -0.0177 -2.2 0.0594 7.4 0.0038 0.5 -0.0048 -0.6 0.0208 2.6 0.0005 01 

a I -0.0115 -1.2 0.1653 16.5 0.0274 2.7 

Y1 
0.9 0.0189 2.1 0.1578 17.5 0.0252 2.8 

.... ,_. 

N=5 /1 I 

T= IOU ¢ 0.8 

a I 

Y1 
0.9 

N = 10 µ 1 0.0882 8.8 0.4096 41.0 0.1755 17.6 0.0146 1.5 0.1264 12.6 0.0162 1.6 

T = 20 ¢ 0.8 -0.0170 -2.1 0.0734 9.2 0.0057 0.7 -0.0027 -0.3 0.0183 2.3 0.0003 0.0 

a I -0.0168 -1.7 0.1915 19.2 0.0370 3.7 
I 0.9 0.0481 5.3 0.1639 18.2 0.0292 ~ ., 

Y1 
_j,_ 

N = JO 11 l 0.0700 7.0 0.2809 28.1 0.0838 8.4 0.0078 0.8 0.0841 8.4 0.0071 0.7 

T = 50 ¢, 0.8 -0.0128 -1.6 0.0508 6.4 0.0027 0.3 -0.0016 -0.2 0.0135 1.7 0.0002 0.0 

a I -0.0083 -0.8 0.1165 11.7 0.0137 1.4 

Y1 
0.9 0.0247 2.7 0.1091 12.1 0.0125 1.4 

N = 10 µ I 
T = 100 ¢ 0.8 

a l 

Y1 
0.9 

N =20 JI I 0.0350 3.5 0.2707 27.1 0.0745 7.5 0.0084 0.8 o.os:rn 8.3 0.0070 0.7 
T=20 ¢ 0.8 -0.0070 -0.9 0.0442 5.5 0.0020 0.3 -0.0016 -0.2 0.0115 1.4 0.0001 0.0 

a l -0.0209 -2.1 0.1278 12.8 0.0168 l.7 

Y1 
0.9 0.0514 5.7 0.1156 12.8 0.0160 l.8 

N ;;20 Jl l 0.0417 4.2 0.2742 27.4 0.0769 7.7 0.0043 0.4 0.0616 6.2 0.0038 0.4 
T 50 ¢ 0.8 -0.0088 -1.) 0.0520 6.5 0.0028 0.4 -0.0006 -0.1 0.0093 1.2 0.0001 0,0 

j 

a I -0.0014 -0.1 0.0814 8.1 0.0066 0.7 : 

Y1 
0.9 0.0230 2.6 0.0750 8.3 0.0062 0.7 

N =20 µ 1 
T = 100 ¢ 0.8 

I a ! 
I 0.9 
i Y1 
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R Cermefw-K. Grier/Mode/in?, (iA !<Cl! processes in Panel Datu 

TAl.lLE JOA.Monte c~rk, results for static mean model um! GARCH ( l, IJ errors ( y1 = 0.1 . "1 = 0.1 ) 

OLS MLLl ... - . 
Sample Coeff. Value Uias (%) Std. (%) MSE (%) Bias (%) Std (%) MSE ('!.·o > 

Uev. Dev. .. 
-0.0049 -0.5 0.2258 22.6· 0.0510 5.1 -0.0056 -0.6 0.2253 22 __ -; 0.0508 s:, N =5 µ I 

T = 20 fi 1 0.0081 0.8 0.3933 39.1 0.1547 15.5 0.0080 0.8 0.3884 38.8 0.1509 15.1 

a I -0.0632 -6.3 0.2776 27.8 0.0810 81 

Yi 0.1 0.0171 17.1 0.1240 124.0 0.0157 15.7 

J. (I 1 0.0147 14.7 0.1770 177.0 0.0315 31.5 l .. 
I -0.0091 -0.9 0.1439 14.4 0.0208 2.1 -0.0099 ~1.0 0.1428 14.3 0.0205 N = 5 µ 2.1 .: 

I'= 50 /3 I 0.0210 2.1 0.2418 24.2 0.0589 5.9 0.0224 2.2 0.2402 24.0 0,0582 5.s I 
a I -0.0499 -5.0 0.2661 26.6 007:B 7J i 

I 

r, 0.1 0,0038 3.8 0.0795 79.5 0.0063 6.J I 

qi 0.1 0.0296 29.6 0.1962 196.2 0.0394 39.4 • 
... 

N = 5 µ 1 0.0017 0.2 0. \052 \0.5 0.0111 I.I 0.0027 0.3 0.1046 10.5 0.0110 1.1 
T"' 100 fi I -0.0017 -0.2 0.1799 18.0 0.0324 3.2 -0.0032 -0.3 0.1793 17.9 0.0322 3.2 

(¥ I -0.0527 -5.3 0.2578 25.8 0.0692 6.9 
0.1 0.0007 0.7 0.0570 57.0 0.00'.ll 

., ., 
Yi .l..l 

i)', 0.1 0.0430 43.0 0.2018 201.8 0.0426 12.6 

N =- JO /1 1 0.0008 ·0.1 0.1528 15.3 0.0233 2.3 0.0003 0.0 0.1540 1.'i.4 0.0237 2.4 
T=20 p I 0.0026 0.3 0.2605 26.1 0.0679 6.8 0.0029 0.3 0.2622 26.2 0.0688 6.9 

a I -0.0480 -4.8 0.2662 26.6 0.0732 7.3 

Yi 0.1 0.0049 4.9 0.0848 84.8 0.0072 7.2 
J, 0.1 0.0241 24.1 0.1911 I 91.1 0.0371 37.1 

N = IO /I I 0:002°1 0.2 0.1054 10.5 0.0111 l.l 0.0019 0.2 0.1034 I0.3 0.0107 1.1 
T = 50 p I -0.0026 -0.3 0.1800 18.0 0.0324 3.2 -0.0022 -0.2 0.1776 17.8 0.0315 3.2 

a l -0.0512 -5.1 0.2561 25.6 0.0682 6.8 

ri 0.1 -0.0007 -0.7 0.0550 55.0 0.0030 3.0 
'51 0.1 0.0426 42.6 0.2009 200.9 0.0422 42.2 

N = 10 f.l I -0.0015 -0.2 0.0735 7.4 0.0054 0.5 -0.0009 -0.1 0.0725 7.3 0.0053 0.5 
T = 100 fi 1 0.00.58 0.6 0.1231 12.3 0.0152 1.5 0.0047 0.5 0.1216 12.2 0.0148 15 

a I -0.0646 -6.5 0.2389 23.9 0.0612 6.1 
I 

r, 0.1 -0.0002 -0.2 0.0401 40.1 0.0016 1.6 
s, 0,1 0.0530 53.0 0.1948 194.8 0.0407 40.7; 

'N =20 1-1 l -0.0018 -0.2 0.1101 11.0 0.0121 1.2 -::°(i:()035 -0.4 o.fo93 •• 10.9 o.oi20· 1.2 
T~ 20 fl 1 0.0045 0.5 0.1842 18.4 0.0339 3.4 0.0065 0.7 0.1831 18.3 0.0336 3.4 

(l I -0.0607 -6.1 0.2679 26.8 0.0755 7.6 

Y1 0.1 0.0027 2.7 0.0651 65.1 0.0042 4.2 
01 0.1 0.0476 47.6 0.2052 205.2 0.0444 44.4 

N =20 JI I -0.0015 -0.2 0.0733 7.3 0.0054 0 . .5 -0.0008 -0.l 0.0722 7.2 0.0052 0.5 
T 50 p I 0.0055 0.6 0.1229 12.3 0.0151 1.5 0.0048 0.5 0.1207 12.I 0.0146 1.5 

u. I -0.0609 -6.1 0.24IO 24.I 0.0618 6.2 

Y1 0.1 0.0003 0.3 0.0413 41.3 0.0017 l.7 
J'. 0.1 0.0501 50.1 0.1946 194.6 0.0404 40.4 

N ·- 20 µ I 0.0026 0.3 0.0550 5.5 0.0030 0.1 0.0024 0.2 0.0539 5.4 0.0029 0.3 1 

T= 100 fi I -0.0016 -0.2 0.0924 9.2 0.0085 0.9 -0.0014 -0.1 0.0907 9.1 0.0082 0.8 
I 
I 

a I -0,0357 -3.6 0.2014 20.1 0.0418 4,2 ! 

Yi 0.1 -0.0015 -1.5 0.0292 29.2 0.0009 0.9 
<'>'1 0.1 0.0)02 30.2 0.1657 16."i.7 00284 28.4 

.... ' 
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R.r.ermeiw-K. Grier/Modeling (;ARCH pro~·esses in l'anel Data 

TABLE I IA:Mume Carlo results for static mean mu<ld and GARCII (I, I} errors ( Y1 = 0.1 . J 1 = 0.4 
·-------- -------~ 

MLE 
. ·------+---OLS 

Sample Coeff. Value Bias (%) St<l. (%) MSE (%) Bias (%) Std. (%) MSE (%) 

I 
N = 5 
T 20 

N 5 
T = 50 

/1 

/J 
a 

µ 

/J 

/I 

/J 
(l 

LJev. ----=-~---~~--::--:-=- Dev. i +--,,-o~.o-J?-_5--1-. 3--0...,.._ 2..,..s ,....,12,...........,,.2s. 1 0.0192 7 _ 9 0.0209 i. 1 -o=-.2=8=-cs=s-2,.....,s,....._6-------=o""""'.o'""s..,..19,:---=s-=_2--1 

I -0.0 I 17 -1.2 U.5095 51.0 0.2597 26.0 -0.0289 -2. 9 0.5 I 95 52.0 0.2707 27. I 
I 0,2796 28.0 0. 5733 57 .3 0.4069 40. 7 

0.1 0.0251 25.1 0.1223 122 .. 1 0.0156 15.6 
0.4 -0.1767 -44.2 0.2682 67 .1 0. l 01 l 25.8 

1 -0.0016 -0.2 0.1678 16.8 0.0282 i.8 +-_-=o-.0~0..,..22,,..---0---.--=-2-o-.. -16.,..,2...,..3----16---.2-o.0263 2.6 
I 0.0035 0.4 0.3096 31.U 0.0959 9.6 0.0039 0.4 0.3017 30.2 0.0910 9.1 
I 0.1848 18.5 0.5515 55.2 0.3384 TU! 

0.1 0.0098 9.8 0.0739 73.9 0.0056 5.6 
0/1 -0.1001 -25.0 0.2754 68.9 0.0858 21.5 

I 0.0038 0.4 0.1293 12.9 0.0167 1.7 0.0043 0.4 0.1285 12.9 0.0165 1.7 
I -0.0024 -0.2 0.2195 22.0 0.0482 4.8 -0.0043 -0.4 0.2 I 84 21.8 0.0477 4.8 
1 0. I 025 10.3 0.5042 50.4 0.2647 26.5 

y
1 

0.1 0.0065 6.5 0.0533 53.3 0.0029 2.Y 
01 0.4 -0.0596 -14.9 0.2651 66.3 0.0738 18.5 

N = JO p 1 -0.0006 -0.1 0.2024 20.2 0.0409 4.1 -0.0017 -0.2 0.2010 20.1 0.0404 4 .0 
, T= 20 f3 I -0.0014 -0.1 0.3717 37.2 0.1382 13.8 -0.0002 0.0 0.3687 36.9 0.1359 13.6 
, a I 0.2022 20.2 0.5551 55 .. 1 0.3490 34.9 

Y1 0.1 0.0188 18.8 0.0841 81.I 0.0074 7.4' 
J1 0.4 -0.1198 -30.0 0.2792 69.8 0.0923 23. I 

~ 1 o ·--µ_.__ __ ,..1 -+--o.-=-o-=-04.,.,1-oA 0.1292 12.9 o.o 161 --,-1.1=--+-"70.oo-=--30::----0-=-.-=-3 --o.-12..,...s,_,4,---.,..12 ___ s_o __ o.,..,. 1-6-=-s-1-.1~ 

J = 50 fi 1 -0.0026 -0.3 0.2194 21.9 0.0481 4.8 -0.0019 -0.2 0.2194 21.9 0.0481 4.8 

N= IO 
T 100 

a I 0.1173 11.7 0.4809 48.1 0.2450 24.5 

/I 
/J 

0. I 0.0085 8.5 0.0567 56.7 0.0033 .U 
0.4 -0.0691 -17.3 0.2508 62.7 0.0677 16.9 

1 0,()066 0.7 0.0885 8.9 0.0079 0.8 0.0065 0.7 0.0874 8.7 0.0077 0.8 
I -0.0071 -0.7 0.1526 15.3 0.0234 2.3 -0.0064 -0.6 0.1510 15.1 0.0228 2.1 

a I 0.0919 9.2 0.4377 43.8 0.2000 20.0 
r, 0.1 -0.0001 -0.7 0.0396 39.6 0.0016 1.6 
c5, 0.4 -0.0475 -1 l. 9 0.2300 57 .5 0.0552 13.8 

1-_ N-=-2-0-+--/1'---+-·· I 0.0033 0.3 0.1441 14.4 0.0208 2.1 0.0054 0.5 0.1413 14.f. 0.0200 2.0 
l T 20 /J 1 -0.0021 -0.2 0.2423 24.2 0.0587 5. 9 -0.0052 -0.5 0.2403 

N = 20 
T •• 50 

a 1 0.1212 12.1 0.5295 
y

1 
0.1 0.0147 14.7 0.0612 

J, 0.4 -0.0755 -18. 9 0.2702 
/I 1 0.0065 0.7 0.0884 8.8 0.0079 0.8 0.0061 0.6 0.0875 
/J I -0.0070 -0.7 0.1528 15.3 0.0234 2.3 -0.0073 -0.7 0.1513 
a I 0.0841 8.4 0.4516 
y1 0.1 -0.0004 -0.4 0.0389 
J, 0.4 -0.0447 • 11.2 0.2392 

'-: _N_=_2_0-+--µ'---+--·· l 0.0060 0.6 0.0652 6 .. 5 0.0043-- 0..f 0.0067 0.7 0.0638 
T - I 00 /J I -0.0072 -0.7 0.1137 11.4 0.0130 1.3 -0.0091 -0. 9 0.1117 

a 
11 
,5, 

'----'-----'-----'-

1 
0.1 
0.4 

0.0410 4.1 
0.0021 2.1 
-0.0239 -6.0 

0.3358 
0.0266 
0.1773 

24.0 0.0578 5.8 
53.0 0.2951 29.5 
61.2 0.0040 4,0 
67.6 0.071!7 ]9.7 
8.8 0.0077 0.8 
15.1 0.0229 2.3 
45.2 0.2110 21.1 
38.9 0.0015 l .5 
59.8 0.0592 14.8 
6.4 0.0041 0.4 ••• 

11.2 0.0126 1.3 
.'B.6 0.1145 ! 1.5. 
26.6 0.0007 0.7 I 

44.3 0.0320 ~.0 
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-- ,. 

Sample Coeff. Value 

N=5 µ 1 
T=20 /J l 

fl I 

r, 0.1 

ii1 0.8 

N = 5 I' I 
T- 50 /J I 

a I 

Y1 0.1 
o, 0.8 

N=S µ I 

T"' 100 /3 I 
a I 

Yi 0.1 

81 0.8 
--·· 
N ~ 10 · J.I 1 

T= 20 fJ I 
a I 

Y1 0.1 

01 0.8 

N = 10 /l 1 
T - 50 /J I 

a l 

Y1 0.1 

d1 0.8 

N = 10 JI 1 
T= 100 /3 I 

a I 

11 0.1 

81 0.8 
-· 

N-20 .u 1 
T'-"20 fi I 

Cl I 

Y1 0.1 
6, 0.8 

-·· 
N-20 J.l l 

T= 50 fi I 
a I 

r, 0.1 
J, 0.8 

.. .. 
N 20 J.l I 

r = 100 /3 I 
(l. I 

11 0.1 

Ii. 0.8 

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

TAHU; 12A .Monte Carlo results for stali.: mc1m mllt.ld and GI\ Ri' H ( l, I) errors ( y 1 = 0. l . 0·1 ~ 0. 8 ) 

! OLS 
Bias (O/,,) SLd. 

Oev. 
-0.0206 -2.1 0.6286 
0.0399 4.0 1.1784 

-0,0133 -1.3 0.3979 
0.0386 3.9 0.6886 

0.0094 0.9 0.2795 
0.0021 0.2 0.4773 

-0.0014 -0.1 0)4847 
0.0083 0.8 0.8069 

o.0·104 1.0 0.2812 
-0.0005 -0, 1 0.4808 

0.0024 0.2 0.2093 
0.0065 0.7 0.3604 

-0.0084 -0.8 0.3091 
0.0312 3.1 0.5502 

0.0019 0.2 0.2096 
0.0064 0.6 0.3625 

0.0048 0.5 0.1342 
-0.0050 -0.5 0.2393 

(%) 

62.9 
117.8 

39.8 
68.9 

28.0 
47.7 

48.5 
80.7 

28.I 
48.1 

20.9 
36.0 

30.9 
55.0 

21.0 
36.3 

... 
13.4 
23.9 

MS E 

0.39. 56 
03 1.39 

0.15 85 
S6 0.47. 

0.07 
0.22 

82 
79 

0.23_ 'i0 

12 0.65 

0.07 
0.23 

0.04 
0.12 

0.09 

92 
12 

38 
99 

56 
37 0.30. 

0.04 39 
5 0.131 

0.01 
0.05 

80 
73 

(°/c,) 

39.6 
139.0 

15.9 
47.6 

7.8 
22.8 

23.5 
65.l 

7.9 
21.1 

4.4 
11.0 

9.6 
30.4 

4.4 
13.2 

1.8 
5.7 

MLE 
Bias (%) Std. (%) MSF. 

Dev. 
0.0327 3.3 0.5866 S8.7 0.3452 
-0.0601 -6.0 1.1212 112.I 1.2607 
2.2554 225.5 2.4110 241.I 10.8999 
0.0238 23.8 0.1102 110.2 0.0127 
-0.2958 -37.0 0.2861 35.8 0.1694 
-0.0202 -2.0 0.3746 37.5 0.1407 
0.0468 4.7 0.6470 64.7 0.4208 
1.1121 111.2 1.9224 192.2 4.9323 
0.0164 16.4 0.0652 65.2 0.0045 
-0.1395 - I 7.4 0.2267 28.3 0.0708 
0.0155 1.6 0.2671 26.7 . 0.0716 
-0.0120 -1.2 0.4553 45.5 0.2075 
0.4304 43.0 1.1743 l 17.4 1 . .5642 
0.0054 5.4 0.0441 44.1 0.0020 
-0.0517 -6.5 0.1464 llU 0.0241 
-0.0099 -1.0 ◊-.4606 46.I 0.2122 
0.0158 1.6 0.7672 76.7 0.5889 
1.3767 137.7 2. 1804 218.0 6.6494 
0.0287 28.7 0.0798 79.8 0.0072 
-0.1805 -22.6 0.2570 32.1 0.0986 
b.0fl8 1.2 0.2697 27.0 0.0728 
-0.0031 -0.3 0.4591 45.9 0.2108 
0.4002 40.0 1.1495 115.0 1.4815 
0.0051 5.1 0.0403 40.3 0.0017 
-0.0493 -6.2 0.1443 18.0 0.0233 
0.0022 0.2 0.2017 20.2 0.0407 
0.0036 0.4 0.3478 34.8 0.1210 
0.1725 17.3 0.6912 69.1 0.5075 
0.0037 3.7 0.0301 30.1 0.0009 
-0.0218 -2.7 0.0905 11.3 0.0087 
0.0014 0.1 0.2959 29.6 0.0876 
0.0079 0.8 0.5262 52.6 0.2769 
0.6662 66.6 1.6466 164.7 3.1551 
0.0151 15.1 0.0496 49.6 0.0027 
-0.0859 -10.7 0.1884 23.6 0.0429 
0.0018 0.2 0.1992 19.9 0.0397 
0.0048 0.5 0.3436 34.4 0.1181 
0.1847 18.5 0.6845 68.5 0.5026 
0.0041 4.1 0.0294 29.4 0.0009 
-0.0236 -3.0 0.0873 10.9 0.0082 
0.0020 0.2 0.1259 12.6 0.0159 
-0.0005 -0.1 0.2254 22.5 0.0508 
0.0799 8.0 0.3623 36.2 0.1376 
-0.0005 -0.5 0.0206 20.6 0.0004 
-0.0084 -1. I 0.0507 6.3 0.0026 
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(%) 

34.5 
126.1 

1090.0 
12.7 
21.2 I 

14.1 
42.1 

493.2 
4.5 
8.9 
7.2 
20.8 
156.4 
20 
3.0 

21.2 
58.9 

664.9 
7.2 
12.3 
73 
21.1 
148.2 
1.7 
2.9 
4.1 
12.1 
50.8 
0.9 
I. I 
8.8 

27.7 
315.5 
2.7 
5.4 
4.0 
I 1.8 

50.3 
0.9 
l.O 
1.6 
5.1 
13.8 
0.4 
0.3 



--Sample 

N = 5 
T = 20 

I 
~~s~ 

N = 5 
T 100 

N =- 10 
T == 20 

-· 
N ~ 10 
T=:'lO 

N = 10 
T = 100 

N =20 
T~20 

N= 20 
T = 50 

N = 20 
: T= 100 

R. Cermeilo-K. Grier/Modeling GARCH processes in Panel Vala 

T /\Bl F. 13A: Monie Cm-Jo results lor d)'numic me,m model U/J = 0. 5 ) :llld GAR<..:H (I, I) errors( Y 1 = 0. I . <51 -= 0. I I 

OLS 
Coeff. Value Bias (%) Std. (%) MSE 

Dev. 
µ 1 0.0527 5.3 0.2132 21.3 0.0482 

¢ 0.5 -0.0261 -5.2 0.0885 !7.7 0.0085 

a I 

Yi 0.1 

01 0.1 

/I I 0.0221 2.2 0.1325 13.3 0.0181 

rp 0.5 -0.0100 -2.0 0.0566 11.3 0.0033 

a I 

r, 0.1 
i5, 0.1 

1-l I 0.0122 1.2 0.0960 9.6 0.0094 

¢ 0.5 -0.0055 -I.I 0.0414 8.3 0.0017 

a I 

Yi O.! ,,, 0.1 

µ I 0.0214 2.1 0.1479 14.8 0.0223 

¢ 0.5 -0.0096 -1.9 0.0622 12.4 0.0040 

a I 

Yi 0.1 
J, 0.1 

JI I 0.0080 0.8 0.0943 9.4 0.0090 

¢ 0.5 -0.0037 -0.7 0.0404 8.1 0.0016 
(l I 

r, 0.1 
J, 0.1 

f.l I 0.0068 0.7 0.0709 7.1 0.0051 

¢, 0.:'l -0.0025 -0.5 0.0291 5.8 0.0009 
a I 

Yi 0.1 
J, 0.1 

µ 1 0.0088 0.9 0.1063 10.6 0.0114 
¢ 0.5 -0.0043 -0.9 0.0446 8.9 0.0020 
a I 

Yi 0.1 
o, 0.1 

µ I 0.0062 0.6 0.0706 7.1 0.0050 

¢ 0.5 -0.0024 -0.5 0.0298 6.0 0.0009 
a I 

Y1 0.1 
o, 0.1 

µ I 0.0040 0.4 0.0494 4.9 0.0025 
¢ 0.5 -0.0009 -0.2 0.0209 4.2 0.0004 
a I 

Yi I 
0.1 

01 0.1 
.... 

(%) 

4.8 
\.7 

1.8 
0.7 

0.9 
0.3 

2.2 
0.8 

0.9 
0.3 

0.5 
0.2 

I.I 
0.4 

0.5 
0.2 

0.3 
0.1 

-------, 

____ _:M....:::LF. _______ ~ 
MSE (%) 

0.0464 4.6 
0.0082 1.6 
0.0798 8.0 
0.0141 14.1 
0.0286 28.6 ·,, 
0.0182 1.8 
0.0033 0.7 . 
0.0694 6.9 
0.0065 6.5 
0.0387 38.7 . 

Bias (%) Std. (%) 
11cv. 

0.0486 4.9 0.2099 21.0 
-0.0242 
-0.0485 
0.0084 
0.0113 
0.0206 

-0.0092 
-0.0434 
-0.0005 
0.0278 
0.0110 

-0.0048 
-0.0556 
-0.0013 
0.0474 
0.0193 

-0.0085 
-0.0512 
0.0020 
0.0282 

-4.8 0.0871 17.4 
-4.9 0.2783 27.8 
8.4 0.1185 118.5 
I 1.3 0.1687 168.7 
2.1 0.1335 13.4 
-1.8 0.0566 11.3 
-4.3 0.2599 26.0 
-0.5 0.0807 80.7 
27.R 0.1948 194.8 
----,..~---~ 

0.0093 0.9 I. I 0.0957 9.6 
-1.0 0.0410 
-5.6 0.2587 
-1.3 0.056.5 
47.4 0.2017 
1.9 0.1467 

-1.7 0.0621 
-5.1 0.2698 
2.0 0.0870 

28.2 0.1958 

8.2 
25.9 
56.5 

201.7 
14.7 
12.4 
27.0 
87.0 
195.8 

0.0017 0.3 
0.0700 7.0 
0.0032 3.2 
0.0429 42.9 • 
0.0219 2.2 
0.0039 0.8 
0.0754 7.5 
0.0076 7.6 
0.0391 

:-=---=-=-..,........,..-=--=-""'"--,--~0.0086 0.0066 0.7 0.0927 9.3 
-0.0029 -0.6 
-0.0439 -4.4 
0.0003 0.3 
0.0362 36.2 
0.0068 0.7 

-0.0024 -0.5 
-0.056 i -5.6 
0.0000 0.0 

0.0398 
0.2517 
0.0567 
0.1948 
0.0690 
0.0284 
0.2327 
0.0395 

8.0 
25.2 
56.7 
194.8 
6.9 
5.7 

23.3 
39.5 

0.0016 
0.0653 
0.0032 
0.0393 39.3 
0.0048 0.5 
O.OOOR 0.2 

0.0573_£J5.7 
0.0016 1.6 

-:-:,---,--,--~~~~--0~. 03 7R 3 7. 8 
0.0109 I.I ; 

0.0456 45.6 0.1889 188.9 
0.0110 I.I 0.1039 10.4 

-0.0050 -1.0 
-0.0633 -6.3 
0.0017 1.7 
0.0494 49.4 
0.0058 0.6 

-0.0024 -0.5 
-0.0546 -5.5 
0.0001 0.1 
0.0454 45.4 
0.0042 0.4 

-0.0009 -0.2 
-0.0280 -2.8 
-0.0018 • I .8 
0.0245 24.5 

0.0436 
0.2712 
0.0652 
0.2069 
0.0689 
0.0290 
0.2374 
0.0423 
0.1903 
0.0475 
0.0199 
0.1949 
0.029'.1 
0.1604 

8.7 
27.1 
65.2 

206.9 
-·· . 

6.9 
5.8 

23.7 
42.) 
190.3 
'1.8 

4.0 
19.5 
29.5 
160.4 

0.0019 0.4 
0.0775 7.R 
0.0042 4.2 
o.0453 45.3 i 
0.0048 0.5 
0.0008 0.2 
0.0594 5.9 
0.0018 1.8 
0.0383 38.J 
00023 0.2 
0.0004 0.1 • 

0.0388 03 •. 991 
0.0009 
0.0263 26.3 • 
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~Sample 

~N-5 

I T-20 

I 
l 

I N = 5 
'· T= 50 

N = 5 
T • JOO 

! N = 10 
T=20 

I 
~

o 
. I - 50 

N= 10 
T~ 100 

N =20 
T- 20 , 

• N -=10 

T == 50 
I 

L1 

R.Cermei'io-K G1·ier/Modelinf?, GARCH prm:esses in Panel Data 

TAUL[ 14A: Moul.: Carlo results tor dynumic mean model ( </J = 0.5) and GARCI I (1,1) errors ( Yi - 0.1 . 81 = 0.4) 

OLS .. 

Coeff. Value Uias (%) Std. 
Ocv. 

/I 1 0.0456 4.6 0.2326 

rjJ 0.5 -0.0194 -3.9 0.0885 

a: 1 

Y1 0.1 

01 0.4 

f.l I 0.0206 2.1 0.1498 

¢ 0.5 -0.0104 -2.1 0.0591 
(l I 

i'1 0.1 
o, 0.4 

/I I 0.0128 1.3 0.1041 
¢ 0.5 -0.0057 -I.I 0.0418 

a I 

Y1 0.1 

81 0.4 

µ J 0.0204 2.0 0.1640 
tp 0.5 -0.0113 -2.3 0.0640 
a 1 

Y1 0.1 

01 0.4 

f.l I 0.0080 0.8 0.1024 
,p 0.5 -0.0036 -0.7 0.0407 
a I 

Y1 0.1 
ci, U.4 

/I I 0.0073 0.7 0.0773 

¢ 0.5 -0.0025 -0.5 0.0294 

a I 

Yi 0.1 
8, 0.4 

JI I 0.0129 1.3 0.1151 

<P 0.5 -0.0054 - 1.1 0.0451 
a I 

Y1 0. 1 
8, 0.4 

µ I 0.0077 0.8 0.0722 
tp 0,5 -0.0023 -0.5 0.0288 

a I 

Yi 0.1 
o, 0.4 

Ji I 0.0045 0.5 0.0535 
,p 0.5 -0.0009 -0.2 0.0211 
a I 

Y1 0.1 

r51 0.4 
.. 

(% ) MSE (%) llias (%) ~~~ (%) MSE (~o) I 
23. 
17. 

15. 
l I. 

10. 

3 0.0562 • 5.6 
7 0.0082 1.6 

0 • 0.0229 2.3 
8 0.0036 0.7 

4 0.01 lO 1.1. 
8. 4 0.0018 0.4 

16. 
12. 

10. 

4 0.0273 i.7 
8 0.0042 0.8 

2 0.0105 I.I 
0.0017 0.3 8.1 

7. 7 0.0060 0.6 
5. 9 0.0009 0.2 

11. 5 0.0134 1.3 
0 0.0021 0.4 9. 

7. 2 0.0053 0.5 
5. 8 0.0008 0.2 

5. 4 0.0029 0.3 
4. 2 0.0004 0.1 

0.0403 
-0.0173 
0.291 I 
0.0220 

-0.1834 
0.0209 

-U.0104 
0.1882 
0.0079 

-0.1017 
0.0133 

-0.0053 
0.1281 
0.0037 

-0.0667 
0.0138 

-0.0090 
0.2272 
0.0171 

-0.1310 
0.0068 

-0.0032 
0.1614 
0.0040 

-0.0847 
0.0063 

-0.0021 
0.0924 
0.0027 

-0.0493 
0.0095 

-0.0041 
0.1517 
0.0135 

-0.0915 
0.0070 

-0.0018 
0.0908 

-0.0006 
-0.0481 
0.0045 

-0.0008 
0.0688 

-0.0004 
-0.0345 

4.0 
-3.5 
29.1 
22.0 
-4:'i.9 
2.1 
-2.1 
18.8 
7.9 

-25.4 
1.3 
-1.1 
12.8 
3.7 

-16.7 
1.4 

-1.8 
22.7 
17.1 

-32.8 
0.7 
-0.6 
16.1 
4.0 

-21.2 
0.6 
-0.4 
9.2 
2.7 

-12.3 
1.0 
-0.8 
15.2 
13.5 

-22.9 
0.7 
-0.4 
9.1 
-0.6 

-12.0 
0.5 
-0.2 
6.9 
-0.4 
-8.6 

Ocv. 
-0.2299 230 0.0.'545 5.5 
0.0896 17.9 0.0083 1.7 
U.5493 54.9 0.3864 38.6 · 
0.1233 123.3 0.0157 

lffi.7 0.2608 65.2 0.1016 25.4 
0.1480 14.8 0.0223 2.2 
0.0576 11.5 0.0034 0.7 
0.5531 55.3 0.3414 141: 
0.0758 75.8 0.0058 5 8 
0.2767 69.2 0.0869 21.7 
0.1036 10.4 0.0109 1.1 
0.0414 8.1 0.0017 0.3 
0.5005 50. l 0.2669 26.7 
0.0541 54.1 0.0029 2.9 
0.2S87 64.7 0.0714 17.9 
0.1631 16.3 0.0268 2.7 
0.0636 12.7 0.0041 0.8 
0.5496 5:'i.O 0.3537 35,4 
0.0855 85.5 0.0076 7.6 
0.2707 67.7 0.0905 22.6 
Ci.0999 10.0 0.0100 1.0 
0.0398 8.0 0.0016 0.3 i 
0.5084 50.8 0.2845 28.5 
0.0545 54.5 0.0030 1.0 
0.2623 65.6 0.0760 19.0 
0.0756 7.6 0.0058 0.6 
0.0287 5.7 0.0008 0.2 ! 
0.42.'52 42.5 0.1893 18.9 
0.0387 38.7 0.001.'5 1.5 
0.2261 56.5 0.0536 13.4 
OJ 121 11.2 0.0127 1.3 
0.0440 8.8 0.0019 0.4 
0.5168 s 1.7 0.2901 29.0 
0.0645 64.5 0.0043 4.1 
0.2657 66.4 0.0789 19.7 I 

0.0713 7.1 0.0051 0.5 
0.0281 5.6 0.0008 0.2 
0.4477 44.8 0.2087 20.9 ! 

0.0388 38.8 0.0015 1.5 
0.2374 59.4 0.0587 14.7 
0.0518 5.2 0.0027 0.3 
0.0202 4.0 0.0004 0.1 
0.3556 35.6 0. 1312 13.I 
0.0286 28.6 0.0008 0.8 
0.1887 47.2 0.0368 9.2 :, 
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RCermeiio-K. (irier/Afodeling GARC/1 proces.~es in Panel Data 

TAnL[ I 5A:Monlt, C:ulo results for dynami<.: mean 1110,lcl UP= 0.5 ) uruJ Gi\RCH (I, I) errors ( 71 = 0. 1 . 81 :-c 0.8) 

I Sample Cocff. Va!ue 

N =5 µ l 

T=20 ,p 0.5 
a I 

YI 0.1 
,;, 0.8 -

N- 5 I-' I 

T= 50 <P 0.5 
a l 

71 0.1 

01 0.8 

N == 5 l' 1 
T 100 ,p 0.5 

I 
a I 

Y1 0.1 

~I 
0.8 

N == 10 I-' l 
T=20 t/> 0.5 

a I 

Yi 0.1 
t5, O.K 

--
N ~ 10 Jl I 
T= 50 fJ 0.5 

{l I 

Y1 0.1 
o, 0.8 

: N = IO JI 1 

hl
iT-100 ~ 0.5 

I 

Yi 0.1 

I 

~ 
0.8 

l 

T= 20 t/J 0.5 
a I 

Y1 0.1 
o, 0.8 

., 

N == 20 I-' I 
T -50 t/> 0.5 

a I 

Y1 0.1 
i5, 0.8 -

N '-"20 I-' 1 
T= 100 ¢ 0.5 

' I a 
71 0.1 

01 0.8 

Bias (%) 

0.0386 3.9 
-0.0215 -4.3 

0.0284 2.8 
-0.0107 -2. I 

0.0150 1.5 
-0.0046 -0.9 

0.0306 3.1 
-0.0139 -2.8 

0.0081 0.8 
-0.0035 -0.7 

0.0100 l.O 
-0.0026 -0.5 

0.0197 2.0 
-0.0046 -0.9 

0.0130 1.3 
-0.0036 -0.7 

0.0074 0.7 
-0.0009 -0.2 

OLS 
Std. 
Dev. 
0.3727 
0.0889 

0.2432 
0.0614 

0.1649 
0.0417 

0.2722 
0.0645 

0.1652 
0.0424 

( 

3 
] 

2 
I 

%) MSE (%} 

7.3 0,1404 14.0 
7.8 0.0084 1.7 

4.3 0.0599 6.0 
2.3 0.0039 0.8 

l 6.5 0.0274 2.7 
8.3 0.00 I 8 0.4 

2 7.2 0.0750 7.5 
2.9 0.0043 0.9 I 

1 6.5 0.0273 2.7 
8.5 0.0018 0.4 

... 

0.1241 
0.0308 

0.1807 
0.0461 

0.1185 
0.0293 

0.0847 
0.0221 

I 2.4 0.0 I 55 1.6 
6.2 0.0010 0.2 

] 8.1 0.0330 3.3 
9.2 0.0021 0.4 

I 
. 
1.9 0.0142 I .4 

5.9 0.0009 0.2 

8.5 0.0072 0.7 
4.4 0.0005 0.1 

-------
MLE 

Rias (%) Std. (°/4,) MSE (%) 

Dev. 
0.0402 4.0 0.3520 35.2 0.1256 12.6 

-0.0223 -4.5 0.0861 17.2 0.0079 1.6 
2.3415 234.2 2.4830 248.3 11.6476 1164.8 
0.0255 25.5 0.1142 114.2 0.0137 13.7 

-0.3054 -38.2 0.2930 36.6 0.1792 22.4 
0.0245 2.5 0.2302 23.0 0.0536 5.4 

-0.0100 -2.0 0.0574 11.5 0.0034 0.7 
1.0790 107.9 1.9828 198.3 5.0958 509.6 
0.0138 13.8 0.0634 63.4 0.0042 4.2 

-0.1334 -16.7 0.2278 2R.5 0.0697 8.7 
0.0142 1.4 0.1591 15.9 0.0255 2.6 

-0.0041 -0.8 0.0400 8.0 0.0016 0.3 
0.5017 50.2 1.2984 129.8 1.9175 193.8 
0.0072 7.2 0.0428 42.8 0.0019 1.9 

-0.0608 -7.6 0.1567 19.6 0.0282 3.5 
0.0148 1.5 0.2582 25.8 0.0669 6.7 

-0.0111 -2.2 0.0616 12.3 0.0039 0.8 
1.4001 140.0 2.1211 212.1 6.4596 646.0 
0.0313 31.3 0.0838 83.8 0.0080 8.0 

-0.1 K63 -23.1 0.2572 32.2 0.1009 12.6 

0.0073 0.7 0.1539 15.4 0.0237 
2.4~ -0.0024 -0.5 0.0396 7.9 0.0016 0.3 

0.4630 46.3 1.3161 131.6 1.9465 l 94.7 
0.0051 5. I 0.0426 42.6 0.0018 1.8 l -0.0536 -6.7 0. 1564 19.6 0.0273 3.4 
0.0079 0.8 0.1166 11.7 0.0136 l.4 

-0.0019 -0.4 0.0285 5.7 0.0008 0.2 
0.1895 19.0 0.6673 66.7 0.4812 48.l 
0.0020 2.0 0.0287 28.7 0.0008 0.8 

-0.0213 -2.7 0.0837 10.5 0.0075 0.9 
·-

0.0241 2.4 0.1757 17.6 0.0315 " '1 J.~ 

-0.0054 -I.I 0.0447 8.9 0.0020 0.4 
0.6058 60.6 1.5930 159.3 2.9046 290.5 
0.0155 15.5 0.0509 50.9 0.0028 2.8 

-0.0808 • JO. I 0.1873 23.4 0.0416 5.2 
0.0116 i.2 0.1129 ll.3 0.0129 1J 

-0.0032 -0.6 0.0278 5.6 0.0008 0.2 
0.1922 19.2 0.7300 73.0 0.5698 57.0 
0.0047 4.7 0.0299 29.9 0.0009 0.9 

-0.0248 -3.1 0.0932 11.7 0.0093 1.2 
0.0077 0.8 0.0797 8.0 0.0064 0.6 

-0.0008 -0.2 0.0200 4.0 0.0004 0.1 
0.0608 6.1 0.3435 34.4 0.1217 12.2 

-0.0004 -0.4 0.0203 20.3 0.0004 0.4 
-0.0060 -0.8 0.0468 5.9 0.0022 0.3 
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I N"' 5 
T - 20 

N =5 
T= 50 

N =5 
T- 100 

N"" 10 

IT ~20 

~10 

IT= 50 

IN= IO 
T= 100 

N =20 
T··-20 

N =20 
T = 50 

I 

• N = }O 

IT= 100 

L 

R.Cermt:rio-K. Grier/Modeling GARCH processes m Punel Data 

T ADU.: 16A :Moure Carlo results for dynamic mcun model U/> == 0. 8 ) um! GA RCI I (I, I) crmr~ ( y 1 - 0. I . 6'1 = 0.1 I 

Coeff. Value Bias (%) 

/.l 1 0.0933 93 
¢ 0.8 -0.0189 -2.4 
a I 

Yi 0.1 
Ii, 0.1 

f..l I 0.0438 4.4 

¢ O.R -0.0083 -1.0 

(.1. I 

Y1 0.1 

01 0.1 

µ I 0.0249 2.5 
¢ 0.8 -0.0047 -0.6 
a I 

r1 
0.1 

,5, 0. l 

f.l I 0.0377 3.8 

¢ 0.8 -0.0071 -0.9 
a I 

Y1 0.1 
o, 0.1 

)I 1 0.0189 1.9 
¢ 0.8 -0.0036 -0.5 

a 

I 
1 

Yi 0.1 
,5, 

I 
0.1 

Ji I 0.0154 1.5 
¢, 0.8 -0.0027 -0.3 
a I 

Yi 0.1 
8, 0.1 
µ I 0.0185 1.9 

¢ 0.8 -0.0037 -0.5 
Ci I 

Yi 0.1 

01 0.1 

µ I 0.0144 1.4 
¢ 0.8 -0.0025 -0.3 

a 1 

Yi 0.1 
i5, 0.1 
µ I 0.0079 0.8 
¢> 0.8 -0.001 I -0. I 
a I 

/1 0.1 

81 0.1 

------
Ol MLE .s ~ 

d. (%) MSE (%) I 
;:, 26.J o.0767 m 

St 
Oc 

(%) MSE (%) Bias (%) Std. 
Uev. 

48 6.o 0.0026 o:3 I 
0.2 
0.0 

9 26.R 0.0804 8.0 0.0857 8.6 0.2634 
7 6.1 0.0027 0.3 -0.0175 -2.2 0.0482 

0.1 
0.0 

0.1 
0.0 

0.1 
0.0 

0.1 
0.0 

0.1 
0.0 

0.1 
0.0 

0,0 
0.0 

0.0 
0.0 

IB 
34 

35 
25 

82 
31 

30 
23 

00 
17 

25 
22 

94 
17 

I 
0 

7 
4 

5 
I 

4 
8 

5 
9 

6 
I 

s· 
0 

706 
I 3 0 

IR.3 
'1 .3 

13.6 
3.2 

18.3 
4.1 

11.0 
3.0 

10.I 
2.2 

12.6 
2.8 

9.5 
2.1 

7.1 
1.6 

-0.0692 
0.0134 
0.0249 

0,0354 3.5 0.0420 
0.0012 0.2 -0.0080 

-0.0425 
0.0015 
0.0257 

0.0190 1.9 0.0243 
0.0007 0.1 -0.0045 

-0.0626 
-0.0003 
U.0521 

0.0347 3.5 0.03:59 
0.0011 0.1 -0.0067 

-0.0474 
0.0040 
0.0235 

0.0174 1.7 0.0182 
0.0006 0.1 -0.0035 

-0.01192 
0.0002 
0.0406 

0.0103 1.0 0.0130 
0.0003 0.0 -0.0022 

-0.0551 
0.0005 
0.0445 

0.0161 1.6 0.0195 
0.0005 0.1 -0.0039 

-0.0544 
0.0029 
0.0413 

0.0091 0.9 0.0147 
0.0003 0.0 -0.0026 

-0.0578 
0.0002 
0.0479 

0.0050 0.5 0.0076 
0.0002 0.0 -0.0011 

-0.0279 
-0.0016 
0.0243 

-6.9 0.2956 
IJ 4 0.1 I 88 
24.9 0.1890 
4.2 0.1852 
-1.0 0.0341 
-4.3 0.2537 
1.5 0.0812 

25.7 0.1888 
2.4 0.1333 
-0.6 0.0248 
-6.3 0.2628 
-0.3 0.0557 
:52.1 0.2057 
3.6 0.1802 
-0.R 0.0329 
-4.7 0.2633 
4.0 0.0876 

23.5 0.1896 
1.8 0.12M 

-0.4 0.0236 
-4.9 0.2574 
0.2 0.0566 

40.6 0.2012 
1.3 0.0983 

-0.3 0.0175 
-5.5 0.2310 
0.5 0.0395 

44.5 0.1880 
2.0 0.1236 
-0.5 0.0218 
-5.4 0.2589 
2.9 0.0649 

41.3 0.1958 
1.5 0.0927 

-0.3 0.0167 
-5.8 0.2402 
0.2 0.0424 

47.9 0.1933 
0.8 0.0682 
-0. I 0.0126 
-2.8 0.1928 
-1.6 0.0293 
24.3 0.1582 

29.6 o.0922 9.2 I 
118.8 0.0143 14.3, 
189.0 0.036/4 36.4J 
18.5 0.036 I 3.6 I 
4.3 0.0012 0.2 , 
25.4 0.0662 6.6 
81.2 0.0066 6.6 '; 

_1_88_.8 __ 0:0}61 36.31 
13.1 0.0 I 84 1.8 
3.1 0.0006 0.1 ,

1 

26.3 0.0730 7.3 
55.7 0.0031 3 I 

205.7 0.0450 45.0 ,· 
18.0 0.0338 3.4 
4.l 0.0011 0.1 

1

. 

26.3 0.0716 7.2 
R7.6 0.0077 7.7 ; 

189.6 0.0365 36.51 
12.8 0.0168 1 _71· 
1.0 0.0006 U I 

25.7 0.0687 6.9 
56.6 0.0032 3.2 ,. 

201.2 0.042] '12.1 _ 

9.8 0.0098 1.0 I 
2.2 0.0003 0.0 

23.l 0.0564 5.6 
39.5 0.0016 1.6 
I RR.O 0.03 73 37 .3 

- -=--~~---,.-c-i 
12.4 0.0156 1.6, 
2.7 0.0005 0 I I 
25.9 0.0700 7.0 
64.9 0.0042 4.2 
195.8 0.0400 40.0 
9.3 0.0088 0.9 
2.1 0.0003 0.0 

24.0 0.0610 6.1 
42.4 0.0018 
)93J 0 0397 

0.0047 
0.0002 
0.0380 
0.0009 

I .15 
39,7 

o.s I 
0.0 . 
3.8 
0.9 

6.8 
1.6 

19.3 
29.3 
158.2 0.0256 25.6 
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,· 
I, Sample 

I 
I N=:'i 

I T=20 

N =5 
T= 50 

N = 5 
T= 100 

r
.N · IO 
T= 20 

'N= IU 
T - 50 

N = 10 
T= l00 

r--· 
'N ··· 20 

T=20 

N = 20 
T 50 

-· 

N 20 
T= 100 

R.Cermeno-K. Grier/Modeling uAUC/1 proce.mt.~ in Panel Data 

TAl:ILI:::: I'/ A:Monte Carlo results tor O)'IIUllliC mean model up ;;; 0 .8 ) und Gi\RCH ( I. l) errors ( r I = 0. I . o, = 0' 4 ) 

Cm:ff. Value Uias (%) 

p I 0.0696 7.0 

r/> 0.8 -0.0129 -1.6 
a I 

Yi 0.1 
<>, 0.4 

/l I 0.0501 5.0 

</J 0.8 -0.0101 -1.3 

a I 

r, 0.1 

s, 0.4 

µ l 0.0318 3.2 

tp 0.8 -0.0058 -0.7 

a I 

Y1 
0.1 

8, 0.4 

/I I 0.0365 3.7 

t/J U.8 -0.0076 -1.0 
fl I 

Yi 0.1 

01 0.4 

JI 1 0.0189 1.9 

(j) 0.8 -0.0036 -0.5 

a I 

r, 0.1 

8, 0.4 

µ I 0.0160 1.6 

¢ 0.8 -0.0027 -0.3 

a I 

Yi 0.1 

81 0.4 

µ I 0.0201 2.0 
,p 0.8 -0.0036 -0-5 
a 1 

Yi 0.1 
0·1 0.4 

/.I I 0.0128 1.3 
¢ 0.8 -0.0019 -0.2 
{l I 

Yi 0.1 

JI 0.4 

f./ I 0.0085 0.9 

</J 0.8 -0.0012 -0.2 
(l I 
r, 0.1 
o, 0.4 

-
OLS 
Std. (%) 
OL:v. 

0.2855 28.6 
0.0482 6.0 

0:1986 19.9 
0.0352 4.4 

0.1455 14.6 
0.0259 3.2 

0.1950 19.5 
0.0327 -1.1 

0.1377 13.8 
0.024 l J.O 

0.1064 10.6 
0.0182 2.3 

0.1352 13.5 
0.0224 2.8 

0.09-15 9.5 
0.0165 2.1 

0.0742 7.4 
0.0132 1.7 

MS F. 

0.0 
0.0 

0.0 
0.0 

0.0 

864 
02:'i 

419 
013 

0.0 
222 
007 

0.-0 
0.0 

394 
011 

0.G°I 93 
006 0.0 

0.01 16 
003 0.0 

0.01 87 
005 0.0 

0.0 
0.0 

091 
003 

0.0 
0.0 

056 
002 

(%) 

8.6 
0.3 

4.2 
0.2 

2.2 
0.1 

3.9 
0.1 

l.9 
0.1 

1.2 
0.0 

1.9 
0.1 

0.9 
0.0 

0.6 
0.0 

_M_S_' L-.. -(-
0
!i-;,)~, Ml.F. 

Bias (%) Std. (%) 
Dev. 

0.0613 6.1 0.27?3 27.9 0.0818 8.2 
-0.0114 -1.-1 0.0477 6.0 0.0024 0.3 
0.2827 28.3 0.5570 55.7 0.3902 39.0 
0.0252 25.2 0.1228 122.8 0.0157 15.7 

-0.1808 -45.2 0.2623 65.6 0 1015 25.41 
0.0438 4.<1 0.1982 19.8 0.0412 4.1 

-0.0091 -1.1 0.0352 4.4 0.0013 0.2 
0.1846 18.5 0.5498 55.0 0.3364 33.6 
0.0109 10.9 0.0762 76.2 0.0059 5.9 

-0.1027 -25.7 0.2747 68.7 0.0860 21.5 
0.0339 J.4 0.1446 14.5 0.0221 2.2 

-0.0064 -0.8 0.0255 ... ., 
.),_ 0.0007 0.1 

0.1200 12.0 0,5062 50.6 0.2706 27.1 
0.0058 5.8 0.0544 54.4 0.0030 3 0; 

-0.0689 • 17.2 0.2636 65.9 0.0743 18.6 
0.0305 1.1 0.1956 19.6 0.0392 J Q 

-0,0067 ·0.8 0.0326 4.1 0.0011 O.! I 

0.2334 23.3 0.5388 53 9 0.3448 14.5 • 
U.0201 20.1 0.0865 86.5 0.0079 7.9 

-0.1368 -34.2 0.2660 66.5 0.0895 22.4 
0.0171 1.7 0. (324 13.2 0.0178 1.8 

-0.0032 -0.4 0.0233 2.9 0.0006 0.1 
0.1620 16.2 0.5079 50 8 0.2842 28.4 I 

0.0050 5.0 0.0547 54.7 0.00]0 rn 
-0.0860 -21.5 0.2634 65.9 0.0768 19.2 
0.0147 1.5 0.1040 l0.4 0.0110 I. I 

-0.0025 -0.3 0.0177 2.2 0.0003 0.0 
0.093 I 9.3 0.4326 43.3 0.1958 19.6 
0.0030 3.0 0.0388 38.8 0.0015 1.5 

-0.0498 -12.S 0.2303 57.6 0.0555 13.9 
0.0172 1.7 0.1332 13.J 0.0180 1.8 

-0.0032 -0.4 0.0223 2.8 0.0005 0.1' 
0.1588 15.9 0.5142 .51.4 0.2896 29.0 
0.0148 14.8 0.0647 64.7 0.0044 4.4 

~0.0960 -24.0 0.2635 65.9 0.0786 19.7 
0.0119 1.2 0.0937 9.4 0.0089 0.9 

-0.0017 -0.2 0.0163 2.0 0.0003 00 
0.0975 9.8 0.4417 44.2 0.2046 20.5 
0.0004 0.4 0.0384 38.4 0.0015 1.5 

-0.0523 -13.1 0.21.-{6 58.4 0.0573 14.3 
0.0083 0.8 0.070 7.1 0.0051 0.5 

-0.001 I -0.1 0.0126 1.6 0.0002 0.0. 
0.0678 6.8 0.3555 15.6 0.1310 I 3.1 : 

-0.0002 -0.2 0.0286 
-0.0340 -8,5 0.1889 

28.6 0.0008 0.8, 
47.2 0.0368 ~~? 
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R.Cermeiio-K._ Gner/l1mleling GARCJI processes In Panel Data 

T/\RI.F lRA:Montc<.:arlo results for dynamic mean model <<P = 0.8) audGARCII (l.l)crrors (11 = 0_ I -5 1 = O_!~) 
--

OLS MLE 
Sample Coeff. Value Bias (%) Std. (%) MSE (%) Rias (%) Std. (%) MSF. (%) 

Dev_ Dev. 
0.0767 0.41R5 41.9 0.1810 18_ I 0.05R0 5.8 

-
·o.3900 39.0 0.1555 15.6 N ~5 /I 7_7 

T~20 ¢ 0.8 -0.0160 -2.0 0.0496 6.2 0.0027 0.3 -0.0149 -1.9 0.0481 6.0 0.0025 0.3 

a I 2.3853 238.5 2.4567 245.7 11.7255 1172.6 

Yi 0.1 0.0278 27.8 0.1104 I 10.'I 0.0130 13.0 

81 0.8 -0.3128 -:19.1 0.2912 36.4 0.1827 22.8 

N=5 µ I 0.0621 6.2 0.2921 29.2 0.0892 R.9 0.0518 5.2 0.2737 27.4 0.0776 7.8 
' T= 50 tjJ 0.8 -0.0107 -1.:1 0.0367 4.6 0.0015 0.2 -0.0097 -1.2 0.0344 4.3 U.0013 0.2 

a l.l091 110.9 1.9913 199.I 5.1956 519.6 

Yi 0.1 0.0147 14.7 0.0633 63.3 0.0042 4 '1 .... 
0 0.8 -0.1387 - I 7.3 0.2319 29.0 0.0730 9.1 

N -5 J.I 0.0471 4.7 0.1964 19.6 0.0408 4:t 0.0409 4.1 0.1856 18.6 o.o3M 3.6 
T = 100 ¢ U.8 -0_0074 -0.9 0.0277 3.5 U.0008 Q_l -0.0062 -0.8 0.0259 3.2 0.0007 o_1 

fl I 0.4302 43.0 1.1119 I 11.2 1.4213 142.1 

r, 0.1 0.0045 4.5 0.0415 41.5 0.0017 1.7 
D O.R -0.0509 -6.4 U.1373 17.2 0.0215 2.7 

N = 10 µ I 0.0469 4.7 0.2954 29.5 0.0895 9.0 0.0298 3.0 0.2807 28.1 0.0797 8.0 
T=20 t/> 0.8 -0.0085 -I.I 0.0140 4.3 0.0012 0.2 -0.0070 -0.9 0.0329 4.1 0.0011 0.1 

a 1 1.4252 142.5 2.1623 216.2 6.7067 670,7 

r, 0.1 0.0310 3 l.0 0.0828 82.8 0.0071! 7.8 
<')' 0.8 -0.1888 -23.6 0.2599 32.5 0.1032 12.9 

N -10 I-' 0.0199 2.0 0.1939 19.4 0.0380 3.8 0.0181 1.8 0.1832 18.3 0.0339 1.4 
T= SO /J 0.8 -0.0037 -0.5 0.0253 3.2 0.0007 0.1 -0.0030 -0.4 0.0239 3.0 0.0006 0.1 

a I 0.4922 49.2 1.3344 133.4 2.0228 202.3 

Yi 0.1 0.0060 6.0 0.0428 42.8 0.0019 1.9 
0 0.8 -0.057:'i -7.2 0.1577 19.7 0.0282 3.5 

N = 10 /I I 0.0196 2.0 0.1488 14.9 0.0225 2.3 0.0160 1.6 0.1396 14.0 0.0198 LO 
T- 100 ¢ 0.8 -0.0028 -0.4 0.0193 2.4 0.0004 0.1 -0.0022 -0.3 0.0178 2.2 0.0003 0.0 

a I 0.1900 19.0 0.663? 66.4 0.4769 47.7 

r1 0.1 0.0021 2.1 0.0286 28.6 0.0008 0.8 
,5 0.8 -0.0215 -2.7 0.0832 10.4 0.0074 0.9 

N = 20 /I I 0.0246 2.5 0.1969 19.7 0.0394 
.... 

3.9 0.0220 2.2 0.1884 18.8 0.0360 3.6 
T ·- 20 ¢ 0.8 -0.0027 -0.3 0.0239 3.0 0.0006 0.1 -0.0020 -0.3 0.0226 2.8 0.0005 Ol 

a 0.5926 59.3 1.5927 159.3 2.8880 288.8 
Y1 0.1 0.0159 15.9 0.0508 50.8 0.0028 2.R 

8 0.8 -0.0802 -10.0 0.1900 23.8 0.0426 5.3 
N =20 µ i 0.0193 1.9 0.1388 13.9 0.0196 2.0 0.0183 1.8 0.1329 13.3 0.0180 1.8 
T= 50 t/J O.R -0.0027 -0.3 0.0178 2.2 0.0003 0.0 -0.0025 -0.3 0.0169 2.1 0.0003 o_o 

a I 0.2033 20.3 0.7252 72.5 0,5672 56.7 
r, 0.1 0.0052 5.2 0.0300 30.0 0.0009 0.9 
0 0.8 -0.0264 -3.3 0.0926 11.6 0.0093 1.2 

N == 20 /1 I 0.0118 1.2 0.1017 10.2 0.0105 t.I 0.0115 1.2 0.0949 9.5 0.009! 0.9 
T= 100 ¢, 0.8 -0.0012 -0.2 0.0139 1.7 0.0002 0.0 -0.0011 -0.1 0.0128 1.6 0.0002 0.0 

a I 0.0639 6.4 0.3441 344 0.1225 12.3 
r, 0.1 -0.0002 -0.2 0.0203 20.3 0.000/J 0.4 

§1 0.8 -0.0064 -0.R 0.0468 5,9 0.0022 0.3 
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