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is Swamy's random coefficient panel data (RCPD) model. This paper examines the

performance of Swamy's estimators and tests associated with this model by using
Monte Carlo simulation. The Monte Carlo study shed some light into how well the Swamy's
estimate perform in small, medium, and large samples, in cases when the regression
coefficients are fixed, random, and mixed. The Monte Carlo simulation results suggest that the
Swamy's estimate perform well in small samples if the coefficients are random and but it does
not when regression coefficients are fixed or mixed. But if the samples sizes are medium or
large, the Swamy's estimate performs well when the regression coefficients are fixed, random,
or mixed.

ﬁ particularly useful approach for analyzing pooled cross sectional and time series data

Key words: Random Coefficient Panel Data Model, Mixed RCPD Model, Panel Data, Monte
Carlo Simulation, Pooling Cross Section and Time Series Data.

1. Introduction

Econometrics commonly uses “Time Series Data” describing a single entity. Another
type of data called “Panel Data” which means any data base describing number of individuals
across a sequence of time periods. To realize the potential value of the information contained
in a panel data see Carlson (1978), Hsiao (1985, 2003), and Baltagi (2008).

When the performance of one individual form the panel data is interest, separate
regression can be estimated for each individual unit. Each relationship, on our model studied,
is written as follows:

Vi = Boi + Buixy + &5
i=123,.. N (1)
t=12.3,..,T,

where i denotes cross-sections and ¢ denotes time-periods. The ordinary least squares (OLS)
estimators of f,, and f,, will be best linear unbiased estimators (BLUE) under the following

assumptions:
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Al: E(e)=0
A2: E(ge) =01,
A3: E(ge))=0, foralli+].

These conditions are sufficient but not necessary for the optimality of the OLS estimator,
see Rao and Mitra (1971). If assumption 2 is violated and disturbances are either serially
correlated or heteroskedastic, generalize least squares (GLS) will provide relatively more
efficient estimator than OLS, see Gendreau and Humphrey (1980). If assumption 3 is violated
and contemporaneous correlation is present, we have what Zellner (1962) termed seemingly
unrelated regression (SUR) equations. There is gain in efficiency by using SUR estimator
rather than OLS, equation by equation estimator, see Zellner (1962, 1963).

Suppose that each regression coefficient in equation (1) is viewed as a random variable,
that is, the coefficients g, and g, are viewed as invariant over time and varying from one

unit to anther.

So, we are assuming that the individuals in our panel data are drown from a population
with a common regression parameter,(f,, j =0,1), which is fixed component, and a random

component v, which will allow the coefficients to differ from unit to unit, i.e.
Ad: B.=B+v,, for i=12,....,N,j=0,1.

Model (1) can be rewritten, under assumptions (1) to (4), as:

Vi = :BOI‘ + :Bli X, +e, (2)
where

eit = vOi +xit V]i +8it7 i:1,2,...,N, t=l,2,...T,

model (2) is called “Random Coefficient Panel Data” model examined by Swamy (1970,
1971, 1973, 1974), Kelejian and Stephan (1983), Hsiao and Pesaran (2004), and
Murtazashvili and Wooldridge (2008).

Equation (2) can be written in matrix form as

Y = X,B_Jr e, (3)
where
Y,:[YIYZ"'YNL K,:b’liyzi"'yﬁ]a X,:[X1X2“‘XN],
1 Xit
X, = 1 :xiz , ﬂ_Z{ﬁj}, e=DV +¢,
1 Xir |
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X, 0 Vi

D= O X2 0 ’ V: V2 , Vi:|:v01j|
: : ) : Vi
0 0 Xy Vy

The following assumptions are added to the previous assumptions:

AS: The vector V¥, are independently and identically distributed with E(v,) =0, and E(vy)) =,
i=1,2,...,N.

A6: The &,, and v, are independent for every i and j, so the variance-covariance matrix of e

1S
_)(IVIX; +orl, 0 |
e[ ) vy -2,
| 0 0 o XWXy +oul,

where zeros are 7 x T null matrices and ¥ is the variance-covariance matrix of S, as given

in assumption (5). If assumptions (1) till (6) hold, then the GLS estimator of B is given by

A

f=(X'Q'X)'Xx'QlY. 4)

Swamy (1970) showed that

p- {Z v +or(xix,) ]'} Sy orerinol's (5)

where ,@i is the OLS estimator of f,. The GLS estimator cannot be used in practice, since y

and o] are unknowns. Swamy (1971) suggested the following unbiased and consistent

estimators
> | .
2 = ', 6
6 =il ©)
and
A—;S —lﬁ:&z(X'X ) (7)
lr// N—l ﬁ N[j] i i i >
where
N s N N .
S/;:;ﬂiﬁi_ﬁzﬂf;ﬂi' (8)

i=1
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Note that &7 is the mean square error from the OLS regression of ¥, on X,, and

S, /(N -1 is the sample variance-covariance matrix of f;. Substitute (6), (7), and (8) in (5),

we get the feasible generalized lest square (FGLS) estimator of ,ﬁ as follows:

A

] ={§[¢+&?(X,-’X,~>“]l} Yl+arnxy T . 9)

i=1 i=1

and the estimated variance-covariance matrix for the RCPD model is
Var[/ﬂ —(x'ex)",

N -1

- F+ (XX ) 1} )

{;[w dxix,)”] 10

Swamy (1973, 1974) showed that the estimator ﬁL, is consistent as both N and 7" — o and is
asymptotically efficient as 7 — .

Because v, is fixed for given i, we can test for random variation indirectly by testing
whether or not the fixed coefficient vectors f, are all equal. That is, we form the null
hypothesis

Hy:py=p,==py :ﬁ_

If different cross-sectional units have the same variance, O'f =c?, i=1,..,N, the

conventional analysis of covariance test for homogeneity. If o are assumed different, as
postulated by Swamy (1970, 1971), we can apply the modified test statistic

&2

1

where
B I T (e I B
IB _|:,le OA_[Q i i:| |:,le O,\_iz i i:|'

Under H,, (11) is asymptotically chi-square distributed, with K (N - 1) degrees of

freedom, as 7T tends to infinity and N is fixed.

If the regression coefficients in model (3) contain both random and fixed coefficients,
the model will be called “Mixed RCPD” model. The Mixed RCPD model is simply a special
case of the RCPD model where the variance of certain coefficients, which will be considered
as fixed coefficients, are assumed to be equal to zero. Thus equation (9) still applies to
estimation after certain elements of the y matrix are constrained to equal zero.
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2. Simulation Design

A Monte Carlo simulation was conducted to study the behavior of certain estimators and
tests in small, medium and large samples. The simulation was designed primarily to
investigate estimation and hypothesis tests for the RCPD model discussed before. The settings
of the model and results of the simulation study are discussed below.

The values of the independent variable X, were generated as independent normally

distributed random variates with mean x4, and standard deviation o, . The values of X,

were allowed to differ for each cross-sectional unit: However, once generated for all N cross-
sectional units the values were held fixed over all Monte Carlo trials. The value of x, was set

equal to zero and the value of o, was set equal to one. The disturbances, &, , were generated

it >
as independent normally distributed random variates, independent of the X, values, with

mean zero and standard deviation O, . The disturbances were allowed to differ for each cross-
sectional unit on a given Monte Carlo trial and were allowed to differ between trials. The
standard deviation of the disturbances was set equal to either 1, 3, or 5 and held fixed for each
cross-sectional unit. The values of N and T were chosen to be 10, 25, and 100 to represent
small, medium and large samples for the number of individuals and the time dimension.

The parameters, S, and f,,, were set at several different values to allow study of the
estimators under conditions where the model was both properly and improperly specified.
Also, test of hypothesis for randomness was examined to determine the observed level of
significance and to obtain an idea of the power of the test. Five different combinations of £,
and g, are used as given in Table (1). Note that a variance of zero simply means that the

coefficient is fixed and equal over all cross-sectional units. These models will be estimated
using Swamy's estimators in order to study the behavior of the coefficient mean estimator
under misspecification of the model and to study the behavior of the tests for randomness of
coefficients.

Table (1) Values of Coefficient Means and Variances Used in the Simulation

Model B, Var (5,) B Var(p,)
1 5 5 5 5
2 5 25 5 25
3 5 0 5 0
4 5 0 5 5
5 5 5 5 0

There are 45 experimental settings for the simulation, and 10,000 Monte Carlo trials
were used for each settings. The results were recorded in Tables (2) through (6), with each
table consisting of three panels, numbered I through III, for the different samples sizes (10, 25,
and 100). And each panel from this panels corresponding to three settings of the disturbance
standard deviation (1, 3, and 5). Each of the tables provides the results for a particular scheme
of generation of the regression coefficients.
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3. Monte Carlo Results

Tables (2) through (6) are set up to show the following information:

The coefficient mean estimators (or the estimators of the fixed coefficients), ﬁo and E,

that are computed as in equation (9). The values shown in the first row of each panel of each
table are the averages over all 10,000 Monte Carlo trials at a particular setting.

Table (2) Results of RCPD Estimation When 3, ~N (5, 5) and f, ~N (5, 5)

1 3 5
O-S
N=T B B, By B P B
5 s | s | som | sser | sem | ezts |
v 4966 | 4.992 | 4999 | 5014 | 5023 4.989
Biasof # | 0001 | -0.012 | 0000 | 0019 | -0.835 | -1.215

L 10 | wseor § | 0508 | 0515 | 0592 | 0627 1.404 2.209

% Negative

Variance
Estimates
%Rejections
b() Of_;: 100.0 100.0 99.0 97.3 86.1 80.8
| sow | asso | s | soot | ass | son |
1/7 5.020 5.003 4.996 5.010 4.969 4970
Bias of /7 0.000 0.001 0.002 | -0.001 0.008 -0.002
IL. 25 | psEof 3 0.202 0.202 0.214 0.216 0.239 0.240
% Negative
Variance
Estimates

%Rejections

1L 100 | yseof

% Negative
Variance
Estimates

%Rejections

I{):O;ZO 100.0 100.0 100.0 100.0 100.0 100.0
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Table (3) Results of RCPD Estimation When :Bo ~N (5,25)and 5, ~N(5,25)

o 1 3 5
&
N=T :Bo ﬂ1 ﬂo ﬂl ﬂo ﬂ1
| eeer | som | soos | asss | sors | eses |
74 24.816 24.943 24972 25.089 25.062 24.986
Bias of /7 0.003 | -0.026 | -0.008 | 0.002 -0.015 0.002
L 10 | wsEof 3 2.493 2.511 2.597 2.649 2.775 2.865
% Negative
Variance
Estimates
%Rejections
]_l) :O§=0 100.0 100.0 100.0 100.0 99.8 99.7
5 oo | sos | asss | oot | aser | soon |
t/} 25.101 25.011 24.978 25.071 24.866 24.886
Bias of ,3 0.000 | 0.002 | 0.002 | -0.001 0.019 -0.001
IL 25 | psE of ,E 1.006 1.002 1.014 1.018 1.036 1.038
% Negative
Variance
Estimates
%Rejections
1{)'02: 100.0 100.0 100.0 100.0 100.0 100.0
B
5| aew [ aoes | acer [ oo | som | ases |
v
Bias of ,E
1L 100 | yseof
% Negative
Variance
Estimates
%Rejections
[% :053:0 100.0 100.0 100.0 100.0 100.0 100.0

The estimated variance of each coefficient, Var(f,) =y , averaged over 10,000 trials, is
shown in the second row. The estimates are computed as the diagonal elements in equation

).

The bias value of the coefficient mean estimators, ,BL’O and 31, are computed as

bias(B)=f - f Where 3 is a vector of coefficients mean estimators and g is a true vector of

coefficients mean. The bias values shown in the row three of each panel.
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Table (4) Results of RCPD Estimation When £, =5 and 3, =5

1 3 5
O-e
N=T B, B, By B, By B
| ees [ sose | sams | asno | et | sos |
t/? 0.000 0.000 0.006 0.004 0.011 -0.017
Bias of 3 0.061 | -0.054 | -0.389 | 0.421 0.239 -0.026
L 10 | MmsEof 3 0.013 0.015 0.217 0.248 0.201 0.198
% Negative
Variance
Estimates
%Rejections
I‘[) Of;ZO 25.0 25.0 25.7 24.9 254 254

Biasof § | -0.006 | -0.008 | 0009 | 0006 | -0.033 | -0.017

I 25 | ysgof # | 0.001 | 0001 | 0013 | 0012 | 0.036 0.035

% Negative
Variance
Estimates
%Rejections

[%:O§=0 12.3 124 121 1.7 12.5 12.3

Biasof # | 0.000 | 0000 | 0.000 | 0.000 | 0.000 0.000

1L 100 | yseor 5 | 0.000 | 0000 | 0001 | 0.001 0.002

0.002
% Negative
Variance
Estimates
%Rejections
I{) :O;ZO 8.4 8.2 8.0 7.6 8.0 8.1

The Mean Square Error (MSE) of coefficient mean estimators that are computed as
MSE(B,) = V;r( B.)+[bias (B, )]* Where Var ( ﬁk y 1s the estimated variance of the coefficient mean

estimator, and is computed as the kth diagonal element of the variance-covariance matrix
given in equation (10). The MSE values shown in the row four of each panel.
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Table (5) Results of RCPD Estimation When :Bo =5and B, ~N(5,5)

3 5
68
N= ,30 ﬂl :Bo :Bl ﬂo ,Bl
| soss | ases | o | asw | 4ss | 4on0 |
7% 0.000 5.019 0.002 4.973 0.000 5.046
Bias of g -0.058 | 0.034 0.702 0.407 0.107 0.030
L 10 | wseof 3 0.014 0.517 0.339 0.700 0.211 0.799
% Negative
Variance
Estimates
%Rejections
]_% :02:0 454 100.0 27.9 97.1 25.8 79.9
| s | soo | aser | soto | s | so |
l/} 0.000 4.993 0.000 5.013 0.003 5.019
Bias of /7 -0.002 | -0.002 | 0.003 | -0.010 0.012 -0.003
. 25 | msE of 3 0.001 0.201 0.013 0.216 0.037 0.241
% Negative
Variance
Estimates
%Rejections
11():0220 21.1 100.0 12.8 100.0 12.3 100.0
| s [ soor | sooo | sooo | soo0 | soor |
v
Bias of 3
1L 100 | yseof 5
% Negative
Variance
Estimates
%Rejections
[% :053:0 14.7 100.0 8.3 100.0 7.8 100.0

It is possible to obtain negative estimates of the coefficient variances, o /3’1( , when

equation (7) is used to compute the variance-covariance matrix. The percentages of negative
variance estimates shown in the row five of each panel.

The sixth row of each panel records the percentage of rejections of the null hypothesis

H 0:O2 s, =0, for k=0 and 1, at a nominal 5% level of significance. The chi-squared statistic
in equation (11) is used to perform the test.
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Table (6) Results of RCPD Estimation When :Bo ~N(5,5)and B, =5

1 3 5
68
N= B by B B, P B,
5 [aser [ams | asss [ sow [ aass [ aewo |
7% 5.018 0.000 5.000 -0.013 5.039 0.012
Bias of /3 0.013 | 0.171 0.155 | 0.047 1.612 0.310
L 10 | wseor g | 0511 0.034 | 0613 0.135 3.078 0.359
% Negative
Variance
Estimates
%Rejections
]_% 20220 100.0 48.6 98.8 27.6 86.2 26.7
7 [ soor [ aste [ soos | ases | ases | ases |
l/} 4.993 0.000 5.016 0.002 5.019 0.003
Bias of /7 -0.001 | 0.024 | -0.005 | 0.007 0.011 0.011
IL 25 | MmsEof 3 0.201 0.002 0.215 0.013 0.240 0.032

% Negative
Variance
Estimates

%Rejections

1_16:0220 100.0 20.6 100.0 13.2 100.0 12.8

Bias of 3

1L 100 | yseof 5

% Negative
Variance
Estimates

%Rejections

[%20§=0 100.0 14.3 100.0 8.4 100.0 8.0

As a guide to interpreting the tables, let us consider Table (2) as an example. When
o¢ =1 and N=T=10 (small samples), the averages mean and variance for g, over all 10,000

Mote Carlo trials are 4.999 and 4.966 respectively. Note that the true coefficients values for
mean and variance are 5 and 5, and the values of bias and MSE for ﬁo are 0.001 and 0.508.
And the averages mean and variance for S, are 5.012 and 4.992 respectively. While the true
coefficients values for mean and variance are 5 and 5. While the percentage of negative
variance estimates for ,ﬁo and El is zero. Note that this percentage should be zero. And the

percentage of rejections of the null hypothesis H 0 s, =0 for g, and g, is 100. This means

10
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that the randomness test is performing as designed even in small samples. As the variation in
the disturbances increase, from o¢ =1 to o = 3, the estimators get worst. Increasing both the
number of individuals and the time series data will make the estimators better.

4. Concluding Remarks

From Tables (2) till (6), several observations concerning the RCPD estimators and the
test statistics for the randomness test can be made:

1-

The Swamy's estimators performs well when the coefficients are random, even though
the samples are small (7=10). The biases, (true coefficient — estimated coefficient), of
the Swamy's estimators of S, and y decrease when the time series observations and

the number individual units getting large. From Tables (2) and (3), the bias and MSE
are doing better in small and large variation of the parameters. In general, the Swamy's
estimate perform best when both coefficients are random.

When the coefficients are random, a small number of negative variance estimates
occurs for the small sample size, the negative variance estimates does not appear in
medium and large samples.

When both coefficients are fixed, Table (4), and the sample size is small, the RCPD
model is inappropriate and a large number of negative variance estimates occurs as
suggested in Dielman (1980). Thus, the appearance of negative variance estimates
would suggest the possibility that the coefficient be treated as fixed.

When both coefficients are fixed and the samples sizes are medium or large, the RCPD
model is appropriate and the negative variance estimates will not appear.

When one of the coefficients is fixed and the sample size is small, the Swamy's
estimators will not perform as well as might be expected. The appearance of negative
variance estimates, in Tables (5) and (6), would suggest misspecification occurrence in
the assumptions. But if the samples sizes are medium or large, the Swamy's estimators
perform well.

The test for randomness performs well overall. The best produces a high percentage of
rejections of the hypothesis H 0202 s, = 0 is when the coefficients are random and a
low percentage when the null hypothesis is true.

As the variation in the disturbances increases (relative to the variation due to the
explanatory variable), the performance of the Swamy's estimators deteriorates. This is
also true for the power of the test for significance of the coefficient means.

The behavior of Swamy's estimators is not affected by the changes in the parameter

mean but it is affected by the changes in the parameter variance. This conclusion
applies to the three models (RCPD, Fixed, and Mixed RCPD models).

11
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The Monte Carlo simulation results suggest that the Swamy’s estimators perform well in
small samples if the coefficients are random and but it does not in fixed or Mixed RCPD
models. But if the samples sizes are medium or large, the Swamy’s estimators performs well
for the three models. Finally, some caution must be taken before using the Swamy’s
estimators, and pretesting procedures of the randomness of the coefficients must be made.
This simulation has been limited in scope, as all simulations must be. Hopefully it will shed
some light on performance of Swamy’s estimators in panel data.
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