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Abstract: This paper investigated the performance of some Instrush®atiable (IV) estimators and Generalized Method of Motmen
(GMM) estimators of a dynamic panel data model with randodividual effect. The bias and root mean square error caiterére
used to assess the sensitivity of the estimators for a lsec@irelated error term. Monte Carlo study was performesttoly the impact
of sample size on the performance of different estimatarggusur different generating schemes for the serial catreh of the error
term, namely autoregressive of order one (AR(1)) , auteegive of order two (AR(2)), moving average of order one (A@nd
moving average of order two (MA(2)). The results of the siatioin showed that AndersonHsiao Instrumental Variabléigor in
difference form( AH(d)) performed better when the time disien is small while the one step Arellano-Bond Generalidethod of
Moment (ABGMM(1)) outperformed other estimators when ihestdimension is large. The biases of most of the estimatapsave
as the time dimension increases except in some cases. BoeafEerial correlation is minimal using different gerigmg procedures.
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1 Introduction

A repeated measurement on statistical units over a givendgef time is called the Panel Data (PD). Among Social
and behavioral science researchers PD is increasinglyniaggopular and exhibiting phenomenal growth. Panel data
models can be specified as a Static or Dynamic panel. Thesiodlof a lagged dependent variable on the right-hand side
of the equation of a PD models is called a dynamic panel mdtdslof interest in a wide range of economic applications,
such as Euler equations for household consumption, deyarad education, empirical model of economic growth
and so on. Allowing for dynamics in the underlying procesy e crucial for recovering consistent estimates of other
parameters even when coefficients on the lagged depend@tilea are not direct interest.

The most favored form of consistent estimation (of both 8jpations) is that of instrumental variable (V). Extendin
this approach, leads to the more general area of Generaliedtbd of Moments (GMM). GMM estimation has spawned
much interest in attempting to identify the maximum (optinmumber of such conditiond] and [2]. Prominent among
the problems of dynamic panel data model are autocorreldtie to the presence of a lagged dependent variable among
the regressors and individual effects characterizing gterbgeneity among individuals.

The dynamic panel data model was first studied 3}y The estimation of the model with unobserved componenmtgusi
the Generalized Least Squares (GLS) estimator was propafedthis study, a lot of papers proposed several estirsato
and discussed their properties. These inclugé, b, 6,7,8,9] to mention a few.

[10] discussed IV estimation in the broader context of GMM ansttibed an extended IV estimation routine that provides
GMM estimates as well as additional diagnostic tests. Amemgirical and applied researchers GMM has become a very
popular tool. Many standard estimators, including IV andSQian be seen as special cases of GMM estimators.
Several studies have been done on serially correlated tmorin panel data but limited work has been done on the
dynamic panel data models. Among the notable works on thielgmoof serial correlation in panel aré1 12,13 14]
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and so on. 4] carried out a Monte Carlo study to compare the finite samelative efficiency number of pure and
pre-test estimator for an error component with first-ordgioeorrelation remainder disturbances of a dynamic panel
data model using Monte Carlo studyLy investigates small sample properties of dynamic paned datimator using
different generating mechanism of error componentp be serially uncorrelated, moving average of order one (A

or autocorrelation of order one (AR(1)) process in a fixeeafimodel. L6] presented an autocorrelation test that is
applicable to dynamic panel data models with serial coteelarrors AR(1) or MA(1). Several papers considered dynami
panel data model by ignoring the possibility of serial ctatien of disturbance term. These includ&[18,19,20,21,22]

etc.

In this paper we focus on the estimation of random effect dyioganel data models for a serially correlated disturbance
term in a one-way error component model. Specifically we wantonsider the AR and MA of order one and two
processes. We want to investigate the performance of soraadVGMM estimators (such as Anderson-Hsiao, Arellano-
Bond and Blundell-Bond System) and compare them in termeif thias and root mean square error (RMSE). Also, we
are examining the effect of sample size on the performanteeofstimators under consideration.

The remainder of the paper is organized as follows: sectigme®ents the methodology, the model and estimators
considered in the study. In Section 3 we present the desigheoMonte-Carlo simulation while Section 4 involves
results and discussion of the findings. Lastly, Section Béscbnclusion.

2 Methodology

This work considered a one-way error component model withexogenous variable. The error component magiek
assumed to follow AR(1), AR(2), MA(1) or MA(2) process. Thierk is an extension of the work o1§], by modifying

the cross-section, N to be large and time period, T to be fi%edilarly, the disturbance term is assumed to be serially
correlated. Also, the coefficient of the serial correlaimtaken to be mild, moderate or high. Dearth work has beer don
on the presence of serially correlated disturbance terrhefdynamic panel model; most of the previous works were
focused on the absence or no serial correlation of the thiahae term. However, we considered the first and second order
serial correlation of both AR and MA.

2.1 The model

The dynamic panel data model with one explanatory varigpkend as well as the lagged endogenous varigbje; is
given as:

Yit=6)/i,t—1+xiltB+Hi+Uit7 i:1727"'aN ; t:1727"'7T (1)

where N and T are the cross section and time series dimersspectively yi; is the dependent variablg,_1 is the
lagged dependent variablg, is a(k— 1) x 1 vector of exogenous regressors is an individual specific constant terih,
andp are the unknown parameters of lagged dependent variableeatal of thek explanatory variables respectively, and
uit is a disturbance term which varies over the cross sectioriaredi = (1,2, ---, N)is an index over the cross section
andt = (1,2,---, T) denotes the time dimension. The disturbance tafim assumed to follow:

AR(1)process: Uit = pUit—1 + W, (2)
AR(2)process: Uit = p1Uit—1+ P2Uit—2 + Wi, )
MA(1)process: Uit = OUjt_1 + @i, 4)
MA(2)process: Uit = 61w 11+ B2 + W %)

wherep and 8 are the autoregressive and moving average parameteissjndependently and identically distributed
with mean zero and varian@g,. The explanatory variables are assumed to be weakly exagdatring variables with
E(wiXs) # 0 fors>t and zero otherwise.
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2.2 Brief discussion of some estimators of dynamic panel data models

We consider the following estimators in this study: Anderstsiao estimator using lagged levels as instrument (AH(I)
Anderson-Hsiao estimator using lagged differences asuim&nt (AH(d)), first step Arellano-Bond GMM estimator
(ABGMML1), second step Arellano-Bond GMM estimator usingireated covariance matrix (ABGMM2), first step
system-estimator using level and differences as instrtsn@mposed by Blundell and Bond (SSY1) and second step
system-estimator using estimated covariance matrix @egby Blundell and Bond (SSY2).

A brief theoretical formulation of the estimators of dynamanel data models considered in this study is given below:

2.2.1 The Anderson-Hsiao(AH)

In [5] the estimator based on the differenced form of the origaugiation (i.e. equation (1)) is given as

Yit —Vit-1=0(Yit-1—VYit-2)+ (6 —X¢_1)B+ Uit —Uit1 (6)

which cancelled the individual fixed effects assumed toibdssorrelate with the exogenous variabl&s(x; — i) # 0).
He suggested the use of level instrumepts or the lagged differencg,; > —Vit_3 as an mstrument for the differenced
lagged endogenous regresgor-1 — Vi t—2-

The Anderson-Hsiao estimator is given as

P = (XPX) 'X'Py (7)

where P = Z(Z'Z) 1 Z, the symboll or d to represent the use of levels or differences as instrun(q?ﬂé“),?“'w))
wherey = (3, B)

2.2.2 The Arellano and Bond estimator (ABGMM)

The Arellano and Bond estimator is similar to the one suggtsy b] but exploits additional moment restrictions, which
increases the set of instruments. The number of orthogonditions (moments), e.@.(T — 1)(K; + 1/2), is much larger
than the number of parameters, &g+ 1. Thus B] suggested a generalized method of moment (GMM) estimata.
dynamic equation to be estimated in levelgiis= dy;_1 + X8 + 1 + Uy where the individual effeqt; is eliminated by
differencing:

Vit —Yig 1= 0(Yit-1—Yit-2) + (¢ —X1_1)B + Uit — Ui 1. (8)

We now look for the instruments available for instrumentiing difference equation for each year. For t = 3 the equation
to be estimated is

Yiz—Yi2 = O(Yi2 — ¥i1) + (X3 — X 2)B + Uiz — Uiz 9)

where the instruments (again assumirgeing at least predetermineg), X, and X, are available.
The Arellano-Bond estimator is given by

PABCMM — (xcwv 1w/ X) ~IX W iy (10)

Where the first-step estimator makes use of a covariancédteiting this autocorrelation into account:
N
V=WGW = ZW’GTV\/. (11)
if

The second-step GMM estimator uses the residuals of thesfept estimation to estimate the covariance matrix as
suggested byZ3:

N
V= ZW/HW Frwf (12)
i=
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2.2.3 The Blundell and Bond System GMM Estimator (SSY)

When the instruments are weak the GMM estimator suggestgg] l/known to be rather inefficient because making use
of the information contained in differences only. The impaorce of exploiting the initial condition in generating eiffint
estimators of the dynamic panel data model when T is smadlisited by B]. A simple autoregressive panel data model
with no exogenous regressors was considered.

Yit = OYit—1+ Hi+ Uit (13)

With E(L;) = 0, E(ui) =0, andE(yuit) =0 fori=1,2,--- ,N; t=1,2,---,T. [8] focussed on the case whefe= 3
and therefore there is only one orthogonality conditioregibyE (yitAuiz) = 0, so thatd identified.
The Blundell-Bond estimator is given by

PEMM=SSY — (5 WV —1W/X) ~IX WV 'y (14)

The first step estimator makes use of a covariance matrirdeakis autocorrelation into account, enlarged for thelleve
equations while the second step GMM estimator uses residifahe first step estimation to estimate the covariance
matrix as pointed out in23].

3 Monte Carlo study

In this section, we describe the Monte Carlo design used aon@e the performances of different techniques in the
estimation of the dynamic panel data model. The data gaaenatocess is similar to [24]. The model fggis given in
equation {). xit = AX1—1+ &t Whereg; is uniformly distributed on the interval (-0.5, 0.9),= 0.5, p ~ 1IN(0, 1), ujt is
assumed to follow AR(1), AR(2), MA(1) or MA(2) processes asdfied in equations2j, (3), (4) and 6) respectively.
Next the values of serial correlation paramejeasd6 were varied over the following values (0.2, 0.5, 0.8). thieiga of
lagged endogenous varialids also varied at (0.1, 0.5, 0.9) and exogenous paranfetdr. Two sizes of cross section
units (50 and 100) and three time dimensions (5, 10 and 2@pfdous combinations of N and T were used for simulation
and 500 replications are performed since we are consid&MNl estimator that is computationally intensive. The bias
and root mean square error (RMSE) criteria were used tossesensitivity of the estimators. The estimators comsitie
are: AH(l), AH(d), ABGMM1, ABGMM2, SSY1 and SSY2.

4 Results and discussion

The results of the performances of estimators under coradida at various level of serial correlation are discussed
this section. The bias and root mean square errors (RMStE)iarivere used to assess the performance of each estimator.
The summary of the results of the performance (on averagbpadstimators od andf3 according to RMSE criteria are
presented in tables 1 and 2, respectively for possible caatibins of N and T. The asterisk sign indicate the estiméatar t

has minimum RMSE while the other one is the one with the marimithe simulation result for only AR(1) is shown in
tables 3-6 to save space. Results for AR(2), MA(1) and MA@HPtv similar pattern and can be released on request from
authors.

Estimating 8: RMSE

The Monte-Carlo results show that AH(d) and AH(l) perfornbedter than any other five estimators when N=50 and T=5
or 10 respectively regardless of the data generating psaafethe disturbance tern; and the value of the parameter
of lagged dependent variablg,(i.e. whend= 0.1, 0.5 or 0.9) with average minimum RMSE of 0.0596 and 2104
respectively while ABGMM2 has the worst performance in terofi RMSE. But when the time dimension T increases
to 20, ABGMM1 estimator outperforms other estimators witinimum RMSE of 0.0244 on average while SSY1 is the
worst in performance (table 3). Also, when N=100, AH(l) jperfis better when T=5 or 10, while ABGMM2 performs
worst. But here as the time dimension T increases to 20, Apédiprmed better than all other estimators while SSY1
has the worst performance. We also observed that as thégarialationp andf increase, the performance of nearly all
the estimators improve for all the combinations of N and Tadidlition, as time dimension, T increases the performance
of AH(l), AH(d) and ABGMM1 estimators improves. But for altleer estimators the performance improves when T
increases from 5 to 10 but deteriorate when it increases.tG&0erally, as sample size increases the performances of th
estimators improve.
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Table 1: Summary of RMSE performance éfwhenA=0.5 andp or 6=0.2, 0.5 and 0.8

N T 5 AR(D) AR(2) MA(D) MA(2)
50 5 0.1 *AH(d) *AH(d) *AH(d) *AH(d)
ABGMM2  ABGMM2  ABGMM2  ABGMM2
0.5 *AH(d) *AH(d) *AH(d) *AH(d)
ABGMM2  ABGMM2  ABGMM2  ABGMM2
0.9 *AH(d) *AH(d) *AH(d) *AH(d)
ABGMM2  ABGMM2  ABGMM2  ABGMM2
10 0.1 *AH(l) *AH(l) *AH(l) *AH(l)
ABGMM2  ABGMM2  ABGMM2  ABGMM2
0.5 *AH(l) *AH(l) *AH(l) *AH()
ABGMM2  ABGMM2  ABGMM2  ABGMM2
0.9 *AH(l) *AH(l) *AH(l) *AH(l)
ABGMM2  ABGMM2  ABGMM2  ABGMM2
20 0.1 *ABGMM1  *ABGMM1  *ABGMM1  *ABGMM1
Ssy1 ssy1 Ssy1 SSY1
0.5 *ABGMM1  *ABGMM1  *ABGMM1  *ABGMML1
Ssy1 ssy1 Ssy1 SSY1
0.9 *ABGMM1  *ABGMM1  *ABGMM1  *ABGMM1
ssy1 ssy1 ssy1 SSY1
100 5 0.1 *AH() *AH() *AH() *AH()
ABGMM2  ABGMM2  ABGMM2  ABGMM2
0.5 *AH(l) *AH(l) *AH() *AH(I)
ABGMM2  ABGMM2  ABGMM2  ABGMM2
0.9 *AH(l) *AH(l) *AH() *AH(l)
ABGMM2  ABGMM2  ABGMM2  ABGMM2
10 0.1 *AH(l) *AH(I) *AH(l) *AH(l)
ABGMM2  ABGMM2  ABGMM2  ABGMM2
0.5 *AH(l) *AH(l) *AH(l) *AH(l)
ABGMM2  ABGMM2  ABGMM2  ABGMM2
0.9 *AH(l) *AH(l) *AH(l) *AH(l)
ABGMM2  ABGMM2  ABGMM2  ABGMM2
20 0.1 *AH(d) *AH(d) *AH(d) *AH(d)
Ssy1 Ssy1 ssy1 SSY1
0.5 *AH(d) *AH(d) *AH(d) *AH(d)
Ssy1 Ssy1 ssy1 SSY1
0.9 *AH(d) *AH(d) *AH(d) *AH(d)
ssy1 Ssy1 ssy1 SSY1

Source: extracted from tables 3-6

Estimating J: bias

AH(]) tends to perform slightly better than the other estiona especially when T and increase. The bias of AH(l),
AH(d), SSY1 and SSY2 are always negative when T =10 or 20 whéebias of ABGMM1 and ABGMM2 are severe
and negative when T=5 but it drastically improves in magiétwhen T increases.

Estimating 3: RMSE

As shown in table 2 and 4, AH(l) outperforms all other estiongatwhen N=50 and T =5 with minimum RMSE of 0.1354
while ABGMM2 is the worst in performance with higher RMSE #fetent scenario of data generating process but when
T=10 or 20 the ABGMML1 performs better while SSY2 performs stovWhen N=100, AH(d) is better while ABGMM2
has the worst performance when T=5 but when T=10 ABGMM2 onvenaage performs better than any other estimators
and SSY2 is the worst. Also, when T=20, ABGMML1 outperformiestestimators while SSY2 also performs worst.
Hence, as the time period and cross-sections increase ffrthst@stimators improve.
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Table2: Summary of RMSE performance fwhenA=0.5 andp or 6 = 0.2, 0.5 and 0.8

N T 5 AR(D) AR() MA(L) MA(2)
50 5 0.1 FAH(N FAH() AR FAH(D
ABGMM2 ABGMM2 ABGMM2 ABGMM2
0.5 *AH(l) *AH(l) *AH(l) *AH(l)
ABGMM2 ABGMM2 ABGMM2 ABGMM2
0.9 *AH(l) *AH(l) *AH(l) *AH(l)
ABGMM2 ABGMM2 ABGMM2 ABGMM2
10 0.1 *ABGMM1  *ABGMM1  *ABGMM1  *ABGMM1
SSY2 SSY2 SSY2 SSY2
0.5 *ABGMM1  *ABGMM1  *ABGMM1  *ABGMM1
SSY2 SSY2 SSY2 SSY2
0.9 *ABGMM1  *ABGMM1  *ABGMM1  *ABGMM1
SSY2 SSY2 SSY2 SSY2
20 0.1 ABGMM1 ABGMM1 ABGMM1 ABGMM1
SSY2 SSY2 SSY2 SSY2
0.5 ABGMM1  ABGMM1 ABGMM1 ABGMM1
SSY2 SSY2 SSY2 SSY2
0.9 ABGMM1 ABGMM1 ABGMM1 ABGMM1
SSY2 SSY2 SSsY2 SSY2
100 5 0.1 *AH(d) *AH(d) *AH(d) *AH(d)
ABGMM2 ABGMM2 ABGMM2 ABGMM2
0.5 *AH(d) *AH(d) *AH(d) *AH(d)
ABGMM2 ABGMM2 ABGMM2 ABGMM2
0.9 *AH(d) *AH(d) *AH(d) *AH(d)
ABGMM2 ABGMM2 ABGMM2 ABGMM2
10 0.1 *ABGMM2 ~ *ABGMM1  *ABGMM2  *ABGMM2
SSY2 SSY2 SSY2 SSY2
0.5 *ABGMM2  *ABGMM1  *ABGMM2  *ABGMM2
SSY2 SSY2 SSY2 SSY2
0.9 *ABGMM2  *ABGMM1  *ABGMM2  *ABGMM2
SSY2 SSY2 SSY2 SSY2
20 0.1 *ABGMM1  *ABGMM1  *ABGMM1  *ABGMM1
SSY2 SSY2 SSY2 SSY2
0.5 *ABGMM1  *ABGMM1  *ABGMM1  *ABGMML1
SSY2 SSY2 SSY2 SSY2
0.9 *ABGMM1  *ABGMM1  *ABGMM1  *ABGMM1
SSY2 SSY2 SSY2 SSY2

Source: extracted from tables 3-6

Estimatingf: bias

For the estimate of the parameter of exogenous variabld) Ast{mator proved to be better in performance with minimum
bias of 0.0064 when N=50 at various values T. Also, when N=AHBQ) still behave well for T= 5 but when T=10 and
20 ABGMM1 has the overall better bias performance. As thaembfpand6 increase the bias of most of the estimators
improves expect the AH(l) that deteriorates. The magninfdbe bias of most of the estimators is high when the time
dimension is low.

5 Conclusion

In this paper, the result of various Monte Carlo study of th&rumental variable and Generalized method of moment
estimators of dynamic panel data model for a random indaliétfects in the presence of serially correlated error term
were compared. The results of the Monte Carlo simulatioreakd that the estimators performed interchangeably
irrespective of the sample size and data generating schehtkésturbance term. The instrumental variable proposed by
Anderson-Hsiao (1982) (i.e. AH(I) and AH(d)) performs reaably well when the time dimension is small(T=5) and in
some cases when time dimension is moderate(T=10) while GMfiinator proposed by Arellano-Bond (especially
ABGMML1) outperforms other estimators when the time dimenss large (T=20), this may be as a result of finite
sample properties. The Blundell-Bond system estimatds ($ do not behave well when the panel sample size is large
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Table 3: The RMSE and Bias of estimate with respecttat N=50A=0.5 True model is AR(1)
AR(1) AH() AH(d) ABGMM1 ABGMM2 SSY1 SSY2

T [ P RMSE bias RMSE bias RMSE bias RMSE bias RMSE Bias RMSE Bias
5 0.1 0.2 0.06272 0.00742 0.05961 0.00588 1.75235 -0.821407921 -0.7768 0.3445 0.29646 0.4214 0.3567
0.5 0.06272 0.00738 0.05959  0.00586 2.06679  -1.2397 2M646:0.1759 0.3359  0.28855 0.4066  0.3387

0.8 0.06271 0.00735 0.05957  0.00584 2.313  -1.4754  2.30435.6300 0.3084 0.26127 0.3654  0.2945

0.5 0.2 0.06271 0.00743  0.05961 0.00588 1.75235 -0.8214 79210 -0.7768 0.3445 0.29646 0.4214 0.3567

0.5 0.06271 0.0074 0.05959 0.00586 2.06679 -1.2397 2.0646D0.1759 0.3359 0.28855 0.4066 0.3387

0.8 0.06271  0.00737 0.05957  0.00584 2.313  -1.4754  2.30435.6300 0.3084 0.26127 0.3654  0.2945

09 02 0.0627  0.00743 0.05961 0.00588  1.75235  -0.8214 92107 -0.7768 0.3445 0.29646 0.4214  0.3567

0.5 0.06271 0.00741 0.05959  0.00586 2.06679  -1.2397 2M646:0.1759 0.3359  0.28855  0.4066  0.3387

0.8 0.06271 0.00738  0.05957 0.00584 2.313 -1.4754 2.30435.6308 0.3084 0.26127 0.3654  0.2945

10 0.1 0.2 0.04212 -0.0056 0.04752 -0.0049 0.07349 0.00894077026 0.00042 0.0453 -0.0108 0.0529 -0.023
0.5 0.04212 -0.0056 0.04752 -0.0049 0.07349 0.00894 0779 0.006 0.0453 -0.0108  0.0525 -0.025

0.8 0.04212 -0.0056 0.04752 -0.0049 0.07349 0.00894  06)788).00879 0.0453 -0.0108 0.0544 -0.028

0.5 0.2 0.04212 -0.0056 0.04752  -0.0049 0.07349 0.00894 7726 0.00042 0.0453 -0.0108 0.0534  -0.024

0.5 0.04212  -0.0056 0.04752  -0.0049 0.07349 0.00894 0779 0.006 0.0453 -0.0108 0.0531  -0.025

0.8 0.04212 -0.0056 0.04752 -0.0049 0.07349 0.00894  06)788).00879 0.0453 -0.0108 0.0551 -0.029

0.9 0.2 0.04211 -0.0056 0.04752 -0.0049 0.07349 0.00894 778 0.00042 0.0453 -0.0108 0.0538 -0.024

0.5 0.04212 -0.0056 0.04752 -0.0049 0.07349 0.00894 0779 0.006 0.0453 -0.0108  0.0537 -0.026

0.8 0.04212 -0.0056 0.04752  -0.0049 0.07349 0.00894 06788.00879 0.0453 -0.0108 0.0558 -0.029

20 0.1 0.2 0.03026 -0.0019 0.03362 -0.002  0.02164  0.0188912386  0.11627 0.3496  -0.2692 0.0896  -0.089
0.5 0.03124  -0.0031 0.03293  -0.0031  0.02864 0.01193 0281%.16754 0.4409 -0.4315 0.0476  -0.001

0.8 0.03203  -0.0009 0.03106  -0.0037 0.02297 0.01856 0.23923809  0.4092  -0.3738  0.1071 0.106

0.5 0.2 0.03101 -0.0033 0.03354 -0.0038 0.01998 0.01992 7865. 0.07153 0.444 -0.438  0.0956 -0.072

0.5 0.02978 -0.0037 0.03501 -0.0033 0.02278 0.01835 02272.04817 0.3925 -0.3399 0.0631 -0.051

0.8 0.03097 -0.0035 0.03375 -0.0032 0.02289 0.01829 0R658.07172 0.419 -0.3889 0.0128  -0.013

0.9 0.2 0.03133 -0.0041 0.03338 -0.0027 0.02693 0.01404 3102 0.25793 0.4508  -0.4508 0.005  -0.005

0.5 0.03101 -0.0033 0.03354 -0.0038 0.02678 0.01488  01441M.44097 0.4409 -0.4324 0.0433 -0.003

0.8 0.03294 0.0002 0.02932 -0.006 0.02289 0.01829 0.439 0984 0.4445 -0.4401 0.0264 0.0264

Source: produced by author

Table 4: The RMSE and Bias of estimate with respecftat N=50A=0.5 True model is AR(1)

AR(1) AH() AH(d) ABGMM1 ABGMM2 SSY1 SSY2
T ) p RMSE Bias RMSE Bias RMSE Bias RMSE bias RMSE bias RMSE Bias
5 0.1 0.2 0.13455 -0.00014 0.14094 -0.0164 1.12016 -0.102817103 -0.1179 0.30975 0.2213 0.2194 0.1168

0.5 0.13535 0.000654 0.1415 -0.0149 1.21539  -0.3514 1.2260.1805  0.28128 0.1828 0.1964  0.0756

0.8  0.13556 0.001982  0.14132  -0.0134  1.31747  -0.4986  T#421 0.6153  0.26063 0.1491  0.1834  0.0324

0.5 0.2 0.13452 -8.64E-05 0.141  -0.0165 1.12016 -0.1028 7103 -0.1179  0.30975 0.2213  0.2194  0.1168

0.5 0.13533 0.000699 0.14155 -0.0149 1.21539 -0.3514 1.2260.1805 0.28128 0.1828 0.1964 0.0756

0.8 0.13555 0.002019 0.14137 -0.0133 1.31747 -0.4986 T421 0.6153 0.26063 0.1491 0.1834 0.0324

09 02 0.1345  -3.79E-05 0.14105 -0.0165 1.12016  -0.102817103  -0.1179  0.30975 0.2213  0.2194  0.1168

0.5 0.13531 0.000745 0.1416 -0.0149 1.21539  -0.3514 1.2260.1805  0.28128 0.1828 0.1964  0.0756

0.8  0.13553 0.002057  0.14141  -0.0133  1.31747  -0.4986 T#421 0.6153 0.26063 0.1491  0.1834  0.0324

10 01 0.2 0.10714 -0.00409 0.11202 -0.0184 0.0665  -0.005907189 0.0239 0.16396 -0.0049 0.1879  0.0592
0.5 0.1074 -0.00394 0.11227 -0.0186 0.0665 -0.0059 0.07039.0199 0.16396 -0.0049 0.1879 0.0634

0.8 0.10765 -0.00379 0.11248 -0.0187 0.0665 -0.0059 097000.0166 0.16396 -0.0049 0.1878 0.0612

0.5 0.2 0.10714 -0.00408 0.11202 -0.0184 0.0665 -0.0059 716D 0.0239 0.16396 -0.0049 0.1888 0.0588

0.5 0.10741 -0.00394  0.11227 -0.0186 0.0665  -0.0059 097030.0199 0.16396 -0.0049 0.1877  0.0628

0.8 0.10765 -0.00379  0.11247  -0.0187 0.0665  -0.0059 0%7000.0166 0.16396 -0.0049 0.1869  0.0601

0.9 0.2 0.10714 -0.00408 0.11201 -0.0184 0.0665 -0.0059 716D 0.0239 0.16396 -0.0049 0.189  0.0578

0.5 0.10741 -0.00393 0.11227 -0.0186 0.0665 -0.0059 097030.0199 0.16396 -0.0049 0.1869 0.0608

0.8  0.10765 -0.00378  0.11247  -0.0187 0.0665 -0.0059 0%7000.0166 0.16396 -0.0049 0.1856 0.0576

20 0.1 0.2 0.07162 0.009114 0.07474  -0.0145 0.04122 0.0392p10548 0.1025 0.40215 -0.3066 0.5452 -0.54
0.5 0.07427 0.010997  0.07378 -0.0119 0.03798 0.02546  ©6143 0.1273  0.49877 -0.4892 0.5215 -0.514

0.8 0.07774 0.011088  0.06998 -0.008  0.03595 0.03299  0818710.1856  0.46405 -0.4243  0.4859  -0.478

0.5 0.2 0.07569 0.012339 0.07251 -0.0133 0.04163 0.0402818308 0.1441 0.50343 -0.4976 0.485 -0.423

0.5 0.07468 0.010589 0.07286 -0.0114 0.0386 0.03562 0720730.1378 0.44635 -0.3802 0.519 -0.502

0.8 0.07671 0.009404 0.07167 -0.0134 0.0361 0.03312 0123040.1414  0.47419 -0.4365 0.5441 -0.544

0.9 0.2 0.07557 0.010676  0.07204 -0.014  0.04034 0.0325 0628 0.2264 0.51103 -0.511  0.4495 -0.45

0.5 0.07569 0.012322  0.07245 -0.0132  0.03606 0.0286 0.3668.3668  0.49965  -0.4885 0.433  -0.377

0.8 0.07864 0.008472 0.06798 -0.0032 0.0361 0.03312 0236070.3474  0.50214 -0.4989 0.4675 -0.467

Source: produced by author

though it has small RMSE and bias. As the time dimension adgigioiual units increase most of the estimators improves
drastically. It is therefore established that the charisttes of the data, in particular the size of the panel affee
choice of the best estimator in the dynamic panel data matiekefore, there is no estimator that is more appropriate in
all circumstances. The effect of incorporating differergainanism of serial correlation in the disturbance term ef th
model is very small for both the bias and RMSE of the pararsetkinterest.
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Table5: The RMSE and Bias of estimate with respecdtat N=100A =0.5 True model is AR(1)
AR(1) AH() AH(d) ABGMM1 ABGMM2 SSY1 SSY2

T o p RMSE bias RMSE bias RMSE bias RMSE bias RMSE bias RMSE Bias
5 01 0.2 0.0445 -0.0058  0.0484 -0.005 2.078 1.4206 2.5711.1212 0.3003 0.1902 0.3537 0.2119
0.5 0.0445 -0.0058  0.0484 -0.005 2.0763 1.4222 25495 5810 0.2696 0.1707 0.3111 0.1803

0.8  0.0445 -0.0058  0.0484 -0.005 2.0767 1.427  2.5339 -9.0950.2447 0.155 0.2811 0.1631

0.5 0.2 0.0445 -0.0058  0.0484 -0.005 2.078 14206 2.5711 121®». 0.3003 0.1902 0.3537 0.2119

0.5 0.0445 -0.0058  0.0484 -0.005 2.0763 1.4222 25495 58.10 0.2696 0.1707 0.3111 0.1803

0.8 0.0445 -0.0058  0.0484 -0.005  2.0767 1427  2.5339 -9.0950.2447 0.155 0.2811  0.1631

09 0.2 0.0445 -0.0058  0.0484 -0.005 2.078 1.4206 2.5711 121®  0.3003 0.1902 0.3537 0.2119

0.5 0.0445 -0.0058  0.0484 -0.005 2.0763 1.4222 25495 58.10 0.2696 0.1707 0.3111 0.1803

0.8  0.0445 -0.0058  0.0484 -0.005 2.0767 1.427  2.5339 -9.0950.2447 0.155 0.2811 0.1631

10 0.1 0.2 0.0282 -0.0013  0.0349 0.00313 0.0529 -0.002 0.0600.01738 0.0295 0.0009 0.0524 -0.03
0.5 0.0282 -0.0013  0.0349 0.00313 0.0529 -0.002 0.0613 7001 0.0295 0.0009 0.0517 -0.028

0.8 0.0282 -0.0013  0.0349 0.00313  0.0529 -0.002 0.0616 56201 0.0295 0.0009 0.0517 -0.028

05 0.2 0.0282 -0.0013  0.0349 0.00313  0.0529 -0.002 0.0609017688  0.0295 0.0009 0.0524 -0.03

0.5 0.0282 -0.0013  0.0349 0.00313  0.0529 -0.002 0.0613 7001 0.0295 0.0009 0.0517 -0.028

0.8 0.0282 -0.0013  0.0349 0.00313  0.0529 -0.002 0.0616 5601 0.0295 0.0009 0.0517 -0.028

09 0.2 0.0282 -0.0013  0.0349 0.00313 0.0529 -0.002  0.060901788 0.0295 0.0009 0.0524 -0.03

0.5 0.0282 -0.0013  0.0349 0.00313  0.0529 -0.002 0.0613 7001 0.0295 0.0009 0.0517 -0.028

0.8 0.0282 -0.0013  0.0349 0.00313 0.0529 -0.002 0.0616 56201 0.0295 0.0009 0.0517 -0.028

20 01 0.2 0.0219 0.0019 0.0219 0.00082 0.0294 0.0003 0.0779.0484  0.4047 -0.365  0.2375 -0.224
0.5 0.0202 0.00333 0.023 -0.0004 0.0294  0.0003 0.078 -0.048).3865 -0.321 0.233 -0.206

0.8 0.0199 0.0032  0.0233 0.00013 0.0294 0.0003 0.0752 20.040.2171 -0.104  0.2422 -0.225

05 0.2 0.0247 -0.0011  0.0197 0.00337 0.0294 0.0003 0.0770.0655 0.4387 -0.414  0.2406 -0.228

0.5 0.0243 -0.0015 0.0201 0.00379  0.0298 -0.014 0.0674 520.0 0.2613 -0.144  0.2378 -0.229

0.8 0.0228 0.00148 0.02 0.00066 0.0294  0.0003 0.078 -0.054600. -0.449  0.2396 -0.233

09 0.2 0.0219 0.0019 0.0219 0.00082  0.0299 -0.004 0.0923.0700 0.3974 -0.339  0.2259 -0.211

0.5 0.021  0.00289 0.0226 -0.0017 0.0294 0.0003 0.0885 56.06 0.372 -0.298  0.2049 -0.172

0.8 0.0235 -0.0002 0.0202 0.00328 0.0296 -0.004 0.0678 500.0 0.4275 -0.387 0.222 -0.205

Source: produced by author

Table 6: The RMSE and Bias of estimate with respecftat N=100A=0.5 True model is AR(1)

AR(1) AH(T) AH(d) ABGMM1 ABGMM2 SSY1 SSY2
T o p RMSE bias RMSE Bias RMSE Bias RMSE bias RMSE bias RMSE Bias
5 01 02 01113 0.0074 0.1079 -0.0178 1224 0.7719 1.3874.9848 0.2659 -0.2025 0.267  -0.202
0.5 0.1126 0.0064 0.1094 -0.0175 1.2251 0.7727 1.3714 58.96 0.2633 -0.2  0.2599  -0.195

0.8 0.1129 0.0054 0.1104 -0.0173 1.2273 0.7753 1.3596 26.950.2612 -0.1981 0.256  -0.191

0.5 0.2 01113 0.0073 0.1079 -0.0178 1.224 0.7719 1.3874 9848. 0.2659 -0.2025 0.267  -0.202

0.5 0.1126 0.0063 0.1094 -0.0174 1.2251 0.7727 1.3714  58.96 0.2633 -0.2 0.2599 -0.195

0.8 0.1128 0.0054 0.1104 -0.0173 1.2273 0.7753 1.3596  26.95 0.2612 -0.1981 0.256 -0.191

0.9 0.2 0.1113 0.0073 0.1079 -0.0178 1.224 0.7719 1.3874 9848. 0.2659 -0.2025 0.267 -0.202

0.5 0.1126 0.0063 0.1094 -0.0174 1.2251 0.7727 1.3714 56.96 0.2633 -0.2  0.2599  -0.195

0.8 0.1128 0.0053 0.1104 -0.0173 1.2273 0.7753 1.3596 26.950.2612 -0.1981 0.256  -0.191

10 01 0.2 0.0677 -0.003 0.0721 -0.006 0.0537 -0.002 0.053%0.0136 0.0934 0.0068 0.1171  0.0069
0.5 0.0676 -0.003 0.0721  -0.0061 0.0537 -0.002 0.0538 1801 0.0934 0.0068 0.1183  0.0145

0.8 0.0674 -0.003 0.0721 -0.0063 0.0537 -0.002 0.0546 2a8.01 0.0934 0.0068 0.1199 0.0215

0.5 0.2 0.0677 -0.003 0.0721 -0.006 0.0537 -0.002 0.0535 013B  0.0934 0.0068 0.1171 0.0069

0.5 0.0676 -0.003 0.0721  -0.0061 0.0537 -0.002 0.0538 1801 0.0934 0.0068 0.1183  0.0145

0.8 0.0674 -0.003 0.0721  -0.0063 0.0537 -0.002 0.0546 23.01 0.0934 0.0068 0.1199  0.0215

0.9 0.2 0.0677 -0.003 0.0721 -0.006 0.0537 -0.002 0.0535 013B  0.0934 0.0068 0.1171 0.0069

0.5 0.0676 -0.003 0.0721 -0.0061 0.0537 -0.002 0.0538 18.01 0.0934 0.0068 0.1183 0.0145

0.8 0.0674 -0.003 0.0721 -0.0063 0.0537 -0.002 0.0546 2a8.01 0.0934 0.0068 0.1199 0.0215

20 0.1 0.2  0.0528 -0.002 0.0533 -0.0022 0.029 -0.004  0.05140.0248 0.6624 -0.6433 1.2823 -1.277
0.5 0.0509 -0.006 0.0546 0.00101 0.029 -0.004 0.0482 -0.0140.3603 -0.302 0.4715 -0.428

0.8 0.0509 0.0005 0.0579  0.00529 0.029  -0.004 0.0473  -0.00€0.2072 -0.0968  0.4824  -0.462

0.5 0.2 00521 -0.001 0.0487 -0.0034 0.029 -0.004 0.0435 0136. 0.4104 -0.3851 0.4834  -0.464

0.5 0.0506 0.0016 0.0486 -0.0049 0.0247 0.0028 0.0328 61004 0.2472 -0.1263 0.487 -0.473

0.8 0.0523 -0.005 0.0497 0.00442 0.029 -0.004 0.0489 -0.010.4237 -0.4128 0.4923 -0.488

09 02 00528 -0.002 0.0533 -0.0022 0.0282 -0.002 0.0561.0333 0.3728 -0.3203 0.4686  -0.449

0.5 0.049  -0.004 0.054  0.00107 0.029  -0.004 0.0529 -0.0252347@ -0.2796 0.4386  -0.389

0.8 0.0509 -0.002 0.0508 -0.0026 0.0281  -0.002 0.0425 6.0010.3948  -0.3563  0.4827  -0.466

Source: produced by author
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