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Chapterr 1 

Introduction n 

1.11 Motivation 

Economicc behaviour is often characterised by dynamic adjustment processes, i.e. cur-

rentt behaviour of economic agents is determined by past actions, present circumstances 

andd expectations about the future. In time series econometrics the usual way of mod-

ellingg such behaviour empirically is by fitting dynamic linear regression models to the 

data.. An important feature of these models is the inclusion of lagged values of the de-

pendentt variable as regressors to model the relation between current and past outcomes. 

Nextt to lagged dependent variable regressors, both contemporaneous and lagged values 

off  explanatory variables may be included in the model. The resulting class of regression 

modelss is often referred to as Autoregressive Distributed Lag (ADL) models. Regarding 

thee marginal effects of explanatory variables on the dependent variable, in ADL models a 

clearr distinction can be made between short- and long-run multipliers. A specific repre-

sentationn of ADL models is the well-known error-correction model (Davidson et al., 1978), 

inn which the long-run equilibrium relationship and short-run dynamics are modelled more 

explicitly. . 

Inn modelling dynamic economic processes by fitting ADL models to the data, panel 

dataa analysis may have advantages over either pure cross-section or time series analy-

sis11 . Under specific assumptions cross-sectional estimates may be interpreted as long-run 

effectss (van den Doel and Kiviet, 1994; Pesaran and Smith, 1995). However, it is the re-

peatedd measurement of the cross-section which enables the researcher to estimate also the 

dynamics,dynamics, which may be informative both for the magnitude of immediate effects and the 

speedd of adjustment to the long-run relationship. The obvious alternative for dynamic 

Forr a more general discussion of the relative merits of panel data, see Hsiao (1985). 
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panell  data models are econometric models based on pure time series. However, often 

onee needs rather long time series in order to have sufficient degrees of freedom, which 

mayy not be available at the desired level of aggregation. For example, when analysing 

householdd or firm behaviour often a few time periods are available only. Also, economic 

relationshipss may have changed over time, e.g. due to regime switches or other factors. 

Thiss may complicate the estimation of structural parameters from long time series. As 

thee cross-sectional dimension in a panel provides extra data to estimate the same num-

berr of unknown parameters, with panel data techniques it is possible to use fewer time 

observationss than in a pure time series approach. 

Typically,, panel data are associated with a short time series and a large cross-section2. 

Somee well-known examples are the data used in Balestra and Nerlove (1966), i.e. annual 

dataa on gas consumption for the years 1950-1962 in 36 US states, or Arellano and Bond 

(1991),, who exploit annual data on 140 UK companies for the period 1976-1984 to esti-

matee labour demand. Least squares estimation techniques give consistent estimators in a 

dynamicc setting only when the number of time observations T in the data set approaches 

infinity .. Various authors have paid attention to this issue and have proposed IV and GMM 

alternatives,, which are consistent for finite T and an infinite number of cross-sectional 

observationss N (Anderson and Hsiao, 1982; Arellano and Bond, 1991; Ahn and Schmidt, 

1995;; Blundell and Bond, 1998). GMM estimators typically use more orthogonality con-

ditionss than their simple IV counterparts and they take the covariance structure of the 

disturbancess into account. Therefore they are asymptotically more efficient. 

Inn an increasing number of studies panel data techniques have been exploited for 

analysingg data sets where T and N are of similar magnitude or where T is larger than N. 

Exampless are Pesaran and Smith (1995), who use annual data on 38 UK industries for 

thee period 1956-1984 to estimate labour demand, or Baltagi and Griffin (1997), who use 

annuall  data on gasoline consumption in 18 OECD countries for the period 1960-1990. An 

importantt question is whether the statistical analysis of this type of panel data should 

differr from that of the typical small T, large N panel. Here, least squares based methods, 

whichh are consistent for T large, may be preferred. 

AA complicating issue in the large T, large N panel is the appropriate modelling of un-

observedd heterogeneity, especially between cross-sectional units. Traditional panel data 

modelss incorporate heterogeneity across individuals and/or time by allowing for individ-

uall  and/or time specific constants, whereas the parameters of interest, i.e. the reaction 

22 In this thesis we wil l consider models for balanced panel data only. Also, we abstain from attrition 

orr rotating panels, hence each individual time series is complete and contains repeated observations on a 

uniquee subject. 
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coefficients,, are assumed equal across individuals and over time. Recent contributions to 

thee panel data literature (Robertson and Symons, 1992; Pesaran and Smith, 1995; Mad-

dalaa et al., 1997) question this homogeneity assumption and propose alternative models, 

whichh allow the complete parameter vector to vary across individuals. More in particular, 

Pesarann and Smith (1995) show that in case of heterogeneity of the slope parameters 

traditionall  panel data estimators are inconsistent in dynamic models. However, based on 

aa comparison of forecast performance Baltagi and Griffin (1997) conclude that traditional 

panell  data estimators are superior if slope heterogeneity is not too strong. 

Inn this thesis we will analyse panel data with both T and AT small or moderate. 

Theree are several reasons which justify the analysis of panels with a limited number 

off  observations in both the time and cross-sectional dimensions. First, as mentioned 

abovee there is a growing number of panels available, e.g. cross-country data, with a 

limitedd number of cross-section units N. Second, heterogeneity in large panels may be 

mitigatedd by analysing subsamples with both T and N small or moderate. In this way, it 

iss hoped that structural breaks in the slope vector across cross-sectional units or over time 

aree avoided. Hence, traditional panel data models with individual and/or time specific 

constantss may be a valid alternative when applied to panels where both T and N are 

moderatelyy small. 

Whenn both dimensions in the panel are small first-order asymptotic theory developed 

eitherr for the finite T, large N panel or large T, large N panel may be misleading. It 

iss rather straightforward to examine the actual performance in finite samples of asymp-

toticc inference techniques by simulation. In this thesis we will present outcomes from 

suchh Monte Carlo experiments. Regarding dynamic panel data models there are only few 

analyticall  finite sample results available. Also results on higher-order asymptotic prop-

ertiess of statistical inference techniques are scarce. In this thesis we will focus on these 

higher-orderr properties and try to improve on existing first-order asymptotic inference 

methods. . 

Inn Section 1.2 we will review some of the major developments regarding the estimation 

off  dynamic regression models for combined cross-sectional and time series data. The 

literaturee on this particular class of econometric models is vast, hence we will present 

somee selected models and inference methods only. Next, in Section 1.3 we will present 

empiricall  results, which illustrate the potential problems in producing accurate inference 

inn these models. The examples presented will emphasise the importance of the availability 

off  accurate inference procedures for the analysis of panels with a limited number of both 

timee and cross-sectional observations. In Section 1.4 we will focus in more detail on 

thee contributions of this thesis to the field and we will give an outline of the remaining 
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chapters. . 

1.22 Cross-sectional time series data 

1.2.11 Model 

Throughoutt the thesis we will consider inference procedures for particular members of the 

followingg class of linear regression models 

p p 

yuyu = 5Z7piï/«,t-P + fet + »?i +£«, i = 1,-,W; * = 1,...,7\ (1.1) 
P = i i 

Thee indices i and £ in (1.1) refer to cross-sectional and time series observations respectively. 

Exampless of the former are households, firms, industries or countries, while the latter may 

bee years, quarters or even a shorter time period. In the introduction of this chapter several 

exampless of combined cross-sectional time series data have been given. 

Inn model (1.1) for each cross-sectional unit i the dependent variable ylt is regressed 

onn a K x 1 vector of explanatory variables xit with parameter vector @{, P lagged values 

off  the dependent variable with parameter vector 7, = (7^, ...,7^)' and a constant term. 

Notee that xit may contain both current and lagged values of explanatory variables, so 

(1.1)) essentially specifies an ADL model for N distinct cross-sectional units. 

Wee assume that all elements of/?t, 7; and rj i are constant through time. Furthermore, 

thee relationship (1.1) between ylt and xit is assumed to be dynamically stable. For P = 1 

thiss implies |7H | < 1, but in higher-order dynamic models more complicated restrictions 

onn the autoregressive coefficients are required for stability3. The explanatory variables in 

xxitit are assumed to be predetermined, i.e. 

EE [xue]S]  = 0, V i , j , t < s. (1.2) 

Thee disturbances ett are uncorrelated through time, but we allow for heteroscedasticity 

acrosss individuals4 and for non-zero contemporaneous cross-correlations, i.e. 

E[eE[etttt}=0,}=0,  Vi,t, \ 

E[eE[eitit££]S]S}=Q,}=Q,  V i , j , t ^ s , \ (1.3) 

E[EE[Eitit£jt]=(Jij,£jt]=(Jij,  Vi,j,t. J 

33 A necessary, but not sufficient restriction for stability in higher-order dynamic regression models is 

Ef=i7pii < 1-
44 We wil l use the terms cross-sectional unit and individual interchangeably. 
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Stackingg the observations over time we get 

p p 

VxVx = ^21piVi,-p + XiPi + mLT + eu (1.4) 

wheree y t_p = {yiti-p, ...,yi<T-P)\ Xt - {xiX, ...,xiT)' and tT = (1 , . . ., 1)' a T x 1 vector of 

ones.. This can be written more compactly as 

yiyi = WiSi + -q^T + €U (1.5) 

wheree <5j = (7^ ,$)' and Wt — [t/t,-i-  The assumptions about £i can be 

writtenn as 

EE \e%]  = 0, 

EE [£i£j]  = (TijIT. 

Inn this thesis we wil l consider various inference methods for system (1.5) with dis-

turbancess (1.6). In the case of micro-economic data on households, firms or industries, 

wee may have a large cross-section and only few time observations. In the case of macro-

economicc data, e.g. cross-country data, the time series dimension may be large as com-

paredd with the cross-sectional dimension. Depending on the type of data, e.g. dimensions 

off  the data set and degree of aggregation, we wil l employ different approaches. We wil l 

makee use of distinct models, which differ regarding the restrictions imposed on (1.5) and 

(1.6)) as we shall see. 

1.2.22 Dynamic panel data models 

Regardingg the modelling of typical micro-economic panel data, i.e. with T small and N 

large,, often particular restrictions are imposed on model (1.5) and the assumptions (1.6) 

inn order to make inference more tractable. First, it is common to assume stochastic inde-

pendencee between individuals, i.e. er̂  = 0 for i ^ j . For example, in a household panel 

i tt may be reasonable to assume that individual household decisions are not influenced 

byy actions of the other households in the population. Second, it is common to impose 

homogeneityy of the reaction coefficients, i.e. 6i = 6. As the typical panel data set has only 

aa few time observations, it is infeasible to allow for heterogeneity in the full parameter 

vector.. Hence, modelling of the heterogeneity is limited to the constant term 77̂  

Assumingg o  ̂ = 0 (i ^ j ) and 6i = 6 and stacking the observations across cross-

sectionall  units in (1.5) one gets 

(1.6) ) 

yy — W8 + u, (1.7) ) 
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wheree 6 = (7',/?')', V = (T?17 ...,r)N)', u = Srj + s, S = IN ® LT, V and W are JVT x 1 

andd NT x (K" + P) matrices of stacked observations and e is the NT x 1 vector of 

disturbances.. Model (1.7) is a higher-order dynamic panel data model and has been used 

widelyy in practice. 

Inn panel data models the individual specific effect r] i is assumed either fixed or random. 

Inn this section (and in Chapter 2 and 3) we will assume that 7̂  is random. In case of 

randomm effects, r] i has constant mean and finite variance crjj, is uncorrelated with 77 - (j ^ i) 

andd not correlated with the general disturbance term eit. 

Wee will discuss some well-known procedures for estimating the unknown parameter 

vectorr 6 in (1.7). For ease of exposition, we will consider a simplified version of model (1.7) 

first.. We assume that P — 1 or W = [y_i':X]  and that yi0, i = 1,..., N, is observed (but 

nott earlier observations). Regarding the assumptions (1.2) and (1.3) we assume strictly 

exogenouss regressors X and a scalar disturbance covariance matrix for e, i.e. we simplify 

too E [X'E] — 0 and E [ee'} = o\lNT. We will use several transformations of the original 

data,, i.e. we will exploit the following ( T - l ) x T tranfor mat ions 

""  1 

0 0 

__ 0 

0 0 

1 1 0 0 

1 1 

0 0 

0 0 

1 1 

00 " 

00 _ 

" 0 1 0 0 

00 0 1 

__ 0

 0" 

11 0 

00 1 . 

andd also DT = JT — JT- Note that Dj transforms a T element vector for individual i 

intoo T — 1 first differences, because Jj skips the first observation and J? skips the final 

observation.. We define also D = IN <g>DT, J = IN ® JT and J* = IN <g> J£. 

LSDVV estimator 

Itt is clear from (1.7) and W — [y~i':X]  that when the individual specific effects are random, 

thee regressor y^t-i is correlated with the composite disturbance term uit — r\i + sit. 

Hence,, standard estimators for the random effects model are inconsistent (results on the 

asymptoticc bias can be found in Sevestre and TVognon, 1985). Therefore, one usually 

avoidss to estimate the coefficients 6 by error component techniques, because this leads 

too many complications (see Sevestre and Trognon, 1996). In dynamic panel data models 

itt is more common to assume that the individual effects are fixed, or otherwise to treat 

genuinelyy random individual effects as fixed anyhow. In that way we deal in a rather 

straightforwardd manner with their likely non-zero correlation with the regressors W. 



1.2.1.2. Cross-sectional time series data 7 7 

Iff  the individual specific constants are considered fixed, then the N components of the 

vectorr 77 = (VI,---,VNY constitute N unknown parameters corresponding to the dummy 

variabless IN ® tT in (1.7). Note that their estimation will lead to a considerable loss of 

degreess of freedom, especially when N is large. Estimation of the N + K + 1 1 coefficients 

off  (1.7) by ordinary least squares yields estimates which are called Least Squares Dummy 

Variabless (LSDV) or fixed effect estimates. Using standard partitioned regression results, 

thee resulting estimator for 6 can be expressed as 

66 LSDV = {W'AW)-lW'Ay (1.9) 

-- 6+(W'AWy k - ii  ƒ y'-iA£ 

wheree the NT x NT matrix A is equal to 

AA = iNT-SiS'Sy'S' (1.10) 

== IN ® {IT - fLT T̂) 

==  IN® AT-

Notee that A is the within transformation which wipes out the individual effects. For ease 

off  exposition it is assumed that all the explanatory variables are time variant so that 

W'AWW'AW is invertible. 

Thee LSDV estimator (1.9) can be written also as 

hsovhsov = {W*'W*ylW*'y\ ( l . i i ) 

wheree y* = Py, W* = PW and P = IN®PT is the forward orthogonal deviations operator 

(Arellanoo and Bover, 1995). This transformation will prove to be useful when constructing 

andd analysing method of moment (MM) estimators. The (T - 1) x T upper-triangular 

matrixx PT transforms as follows, i.e. 

VuVu = ct yuyu - jr—^iy^t+i +... + Vir) (1.12) ) 

wheree êt - {T - t)/(T - t + 1). Regarding PT one can deduce that PTP'T = IT_X and 

PPTTPPTT = AT (Arellano and Bover, 1995). Also PT = (DTDT)-%DT where DT is the first 

differencee operator as defined above. To see this, note that the columns of D'T span the 

orthogonall  complement of iT. Hence, projection on the orthogonal complement of LT is 

equall  to projection on D'T or 

AATT = IT - iT{i' TiT)-
li'T = iyT{DTLyT)-

lDT. (1.13) 
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Thiss implies that AT = P'TPT with PT = (DTD'T)~^DT and also PTP  ̂ = IT~\- It can be 

shownn (Arellano and Bover, 1995) that when an upper-triangular matrix for (DTD'T)~ï 

hass been chosen, the transformation (1.12) follows. If applied to 1XV disturbances, 

thee tranformation PT preserves the orthogonality between the transformed disturbances, 

hencee it is referred to as orthogonal deviations. 

Althoughh strict exogeneity of the regressors X implies E(X'Ae) = 0, we have E(W'Ae) ^ 

0,, since 

]]  - E E £ 

T T 

(( l-T \ \ 
II  yi,t-i - 7p2^yi>s-11Eit 

-45:* * T T 

r 2 2 

t= l l i+1 1 

1 - 7J J 

^7**  7 Ui,s-l 

s=t+l s=t+l 
T T 

11 —  y 

1 -- (1.14) ) 
1 - 77 V' T ( l - 7 ) . 

Therefore,, the LSDV estimator of 5 is consistent for T —» 00 but inconsistent for N —  00 

andd T finite, see Nickell (1981). 

I VV est imat ion 

AA different transformation of (1.7) for removing the individual specific effects is first 

differencing.. Noting that W = [y~i'-X]  we can write 

DyDy = 7Dy_i + DXp + De, (1.15) ) 

wheree the first difference operator D is as defined above. Since 

Eiy'^D'De)Eiy'^D'De) = - £ ( y ' _ ^ i ) = -E{ef_xE.x) = ~^N{T - 1), (1.16) 

ordinaryy least squares is inconsistent now, irrespective of how the sample size is extended. 

Forr this situation Anderson and Hsiao (1982) proposed two simple instrumental variables 

(IV )) estimators. As instrument for Dy_i they suggest either to use the two-period lagged 

levell  J*y-i (we wil l label this implementation AHL) or the two-period lagged first differ-

encee Dy-2- The latter requires the omission of another initial observation in estimation. 

Thee instruments J*y-\ and Dy_2 are uncorrelated with the disturbance term De and 

correlatedd with £>j/_i, so they are valid. Furthermore, in case of strict exogeneity of X 

wee may use DX itself as instrument for DX. 

Consideringg the equation in levels (1.7), several authors (Arellano and Bover, 1995; 

Kiviet ,, 1995; Blundell and Bond, 1998) have noticed that lagged first differences, i.e. 
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Dy-iDy-i and DX, are valid instruments (we will label this estimator Wld). Note that by 

constructingg these instruments the first time period is lost, i.e. the levels equation (1.7) 

becomes s 

JyJy = JW6 + Ju, (1.17) 

wheree J skips the first time observation of each individual time series. 

Inn general, we can express simple IV estimators of 6 in either (1.15) or (1.17) as 

66IVIV = {Z'W)-xZ'y, (1.18) 

wheree Z is the N{T-1) x (K + l) matrix of instruments, W the N(T-l) x (K + l) matrix 

off  (transformed) regressors (DW or JW) and the N(T— 1) x 1 vector y the (transformed) 

dependentt variable {Dy or Jy). 

Manyy more implementations of IV are possible. For example, one could use combi-

nationss of instruments in first differences and levels or exploit instruments in orthogonal 

deviations.. Although IV estimators, unlike SLSDV, are consistent for TV — oo and finite 

T,T, they are asymptotically inefficient because they do not exploit all available moment 

conditions.. Also IV estimators as in (1.18) do not take into account that the disturbance 

termss in (1.15) and (1.17), i.e. De and Ju respectively, do not have a scalar covariance 

matrix.. A unifying approach that copes with both the correlation structure of the distur-

bancess and the exploitation of any further instruments is Generalised Method of Moments 

(Hansen,, 1982). 

GM MM  estimation 

Thee assumptions on the stochastic part of model (1.7) imply for individual i a set of m 

linearr moment conditions5 embodied in the (T - 1) x m matrix Zh. In dynamic panel 

dataa models, typically the columns of Zn contain lagged values of the dependent variable 

ass instruments in addition to instruments concerning the x's. For example, the GMM 

estimatorr used in the simulation study and empirical application of Arellano and Bond 

(1991)) exploits 

ZuZu — 

y*,o o 

0 0 

0 0 

0 0 

0 0 

SM M 
0 0 

0 0 

0 0 

2/M M 
0 0 

0 0 

0 0 

0 0 

y».o o 

0 0 

0 0 

0 0 

y»,i i 

0 0 

00

0 0 

Vi,2 Vi,2 

0 0 

 0

00

 JM

 0 

 0 

 Vi,T-2 

Ax'Ax' U2 U2 

A < 3 3 

Ax'Ax' iT iT 

(1.19) ) 

55 For ease of exposition, we postpone until Chapter 2 a more detailed description of the assumptions 

madee on the stochastic part of model (1.7). 
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wheree A means first difference. Note that they do not use all available overidentifying 

restrictionss arising from the assumed strict exogeneity of the IT'S. The number of instru-

mentss used in (1.19) is m = \T{T -1)+K. 

Inn general, the set of moment conditions for individual i can be expressed as (Arellano 

andd Honoré, 2000) 

EE [ZiiBnn] = E [Z'Mwi +  £i)\ = E [Z'uBrei] = 0, (1.20) 

wheree BT is any (T — 1) x T upper-triangular matrix with rank (T — 1) and Bjir — 0. 

Summingg over individuals one gets 

E[ZlBe]=E E[ZlBe]=E y~]y~] Z' llBTel == 0, (1.21) 

wheree Z\ = (Z'n, ...,Z'lN)' and B — IN® BT- Arellano and Honoré (2000) mention two 

possibilitiess for B, i.e. either the first difference operator D or the orthogonal deviations 

transformationn P. 

Thee GMM estimator of 6 is based on the sample moments ^ X^=i Z'UBT£X — 0 a nd is 

obtainedd as 

SGMMSGMM = wg min e'B'ZtGZlBe, (1.22) 
8 8 

wheree G is a weighting matrix. The optimal choice for G in (1.22) is to make it propor-

tionall  to the inverse of V — E{Z[Bee'B'Zi], which is the covariance matrix of Z[Be. The 

estimatorr in (1.22) is equivalent with the generalised least squares (GLS) estimator of 6 

in n 

Z[ByZ[By - Z[BW6 + Z\Be. (1.23) 

Notee that the covariance matrix of the transformed disturbance term Z[Be in (1.23) is 

equall  to V. Then the optimal GMM estimator equals 

llOPTOPT = (W'B'ZtV^ZlBW^W'B'ZiV^Z'iBy, (1.24) 

whichh is a two-step estimator because a preliminary consistent estimate for V is needed. 

Ann estimate of the inverse of the optimal weighting matrix is 

11 N 

Jjl^Jjl^ ^'u^Tèiê'iB'rpZu, 
i = l l 
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wheree ê, are the residuals of an initial consistent estimator. For example, a particular 

one-stepp GMM estimator based on G~l = a\Z\BB'Zu i.e. the theoretical covariance 

matrixx of Z[Be in case of I1V disturbances, can be written as 

SGMMSGMM = {W'B'ZiiZlBB'Z^ZiBW^W'B'ZiiZ'iBB'Zty'ZlBy. (1.25) ) 

Itt can be shown that under the 11V assumption the one-step estimator in (1.25) is 
asymptoticallyy efficient. 

Arellanoo and Honoré (2000) mention two possibilities for £, i.e. either the first differ-

encee operator D or the orthogonal deviations transformation P. When B = D the esti-

matorr in (1-25) specialises to the one-step estimator of Arellano and Bond (1991). When 

BB = P the resulting estimator is similar to the GMM estimator analysed in Alvarez and 

Arellanoo (1998). It can be shown that when all available linear moment conditions are 

usedd in estimation both estimators are equivalent6. However, in many situations it may 

bee wise not to use all moment conditions available as otherwise finite sample properties 

mayy deteriorate, as we shall see. 

Notee that the moment conditions used so far have been based on a tranformation B 

off  the original level equation (1.7), which eliminates the individual specific effects, and 

thereforee lagged levels are valid instruments under specific assumptions regarding the 

errorr components and initial conditions. Under additional assumptions regarding mean 

stationarityy of the processes for yit and the elements in xit, also first differences are valid 

instrumentss for the levels equation (1.17) (Arellano and Bover, 1995; Blundell and Bond, 

1998).. More in particular, the set of moment conditions for individual i can be expressed 

ass (Blundell et al., 2000) 

E[Z'E[Z'dldlJJTTuutt}}  = 0. 

Forr example, analogue to (1.19) we may use 

ZdiZdi = 

(1.26) ) 

Ay t t 

0 0 

0 0 

ii  o 

Ajfc.i i 

0 0 

0 0 

Ay*,2 2 

0 0 

 0 

0 0 
.... o 
.... o 

Ax i i 2 2 

A*t, 3 3 

Aj,i, i i Ai/ t]T_!!  AxhT 

(1.27) ) 

Againn note that not all available overidentifying restrictions have been used in (1.27) in 

casee of strict exogeneity of the ar's. The construction of a GMM estimator using the 
6Thiss does not hold, for example, for Zu as defined in (1.19). 
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momentt conditions (1-26) is similar as before. An optimal combination of instruments in 

levelss and first differences has been exploited by Blundell and Bond (1998). Note that by 

takingg such a combination many moment conditions become redundant. For more details, 

seee Blundell and Bond (1998) and Blundell et al. (2000). 

Otherr  estimators 

Thee IV and GMM estimators considered so far exploit linear moment conditions only. 

Ahnn and Schmidt (1995) consider also GMM inference based on additional non-linear 

momentt conditions, which may lead to asymptotically more efficient estimators. Another 

approachh closely related to IV estimation is Limited Information Maximum Likelihood 

(LIML) .. Note that here "LIML " refers to the instrumental variables interpretation, hence 

thiss estimator cannot be seen as mere maximum likelihood. The asymptotic distribution of 

thee LIML estimator has been considered in Alvarez and Arellano (1998) for the first-order 

normall  dynamic panel data model without any other explanatory variables. They find 

thatt in large T, large N panels the LIML estimator is asymptotically Normally distributed 

withh a variance equal to LSDV and to the GMM estimator (1.25). Alonso-Borrego and 

Arellanoo (1999) compare both by Monte Carlo experiments and in an empirical illustration 

thee LIML estimator with symmetrically normalised GMM estimators and find that the 

differencess in behaviour are small. 

Assumingg normality for the disturbances an obvious estimation method is Maximum 

Likelihoodd (ML). For random effect models, Anderson and Hsiao (1981, 1982) show that 

consistencyy of the ML estimator for finite T and infinite N depends crucially on the 

assumptionn for the initial conditions (see also Barghava and Sargan, 1983). Blundell and 

Smithh (1991) and Blundell and Bond (1998) analyse conditional ML estimators, which 

aree consistent for finite T and large N. For ML in dynamic panel data models with fixed 

effects,, see Hsiao et al. (1999a). 

Numerouss other estimators have been proposed for the dynamic panel data model, and 

thereforee the techniques described so far are not exhaustive. See, for example, Baltagi 

(1995)) and Matyas and Sevestre (1996) for a broader overview of the existing techniques 

forr the dynamic panel data model. 

1.2.33 System of regression equations 

Thee inference techniques discussed in the previous subsection other than LSDV have been 

designedd for the case of finite T, large N panel data. However, many available cross-section 

timee series data, e.g. macro-economic applications, may have different characteristics. 
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First,, the dimensions of the data may differ substantially from the small T, large N 

panel.. Often the number of cross-sectional units, i.e. industries or regions, is finite and 

thee time span is several decades. Second, in case of regional data, e.g. cross-country 

data,, the assumption of independence between cross-sectional units may not be valid 

ass regional economic structures may be interrelated. Third, it is questionable whether 

thee parameters of economic relationships are stable across cross-sectional units. In other 

words,, there may be heterogeneity in the slope parameters in addition to the variability 

inn the constant term7. 

Forr these reasons it is doubtful whether inference techniques developed for the small 

T,T, large N panel are appropriate in this case. Instead, inference methods, which are 

consistentt for large T, may be more suitable. We will discuss these techniques making 

variouss assumptions about the unknown parameter vector <5» in (1.5), i.e. whether it 

iss equal across cross-sectional units or not. In the latter case we will distinguish two 

casess similar to the random and fixed effects in panel data models, i.e. randomly or 

deterministicallyy varying coefficient models. For ease of exposition, we continue to assume 

strictt exogeneity of X», but allow for higher-order dynamic models (P > 1) with a non-

scalarr disturbance covariance matrix as in (1.6). 

Panell  data model 

Modell  (1.5) and (1.6) can be seen as a system of JV regression equations, in which the 

modelss for different cross-sectional units are interrelated via their disturbance terms. As 

alreadyy mentioned above when 6i = 8 and a  ̂ = 0 (i ^ j) the higher-order dynamic 

panell  data model (1.7) with fixed individual effects results. In contrast with the previous 

section,, we now consider inference techniques for 6 which are consistent for T large and N 

finite.. Hence, the LSDV estimator (1.9) is a candidate as plim^W'^le = 0. Note that we 

assumee that the covariance matrix of the disturbance term e is non-scalar, i.e. we assume 

cross-sectionall  heteroscedasticity and non-zero contemporaneous cross-correlations. The 

ordinaryy LSDV estimator in (1.9) does not take this particular covariance structure into 

account.. An obvious alternative is the feasible generalised LSDV estimator of 6, denoted 

byy &FGLSDV, which can be expressed as 

SFGLSDVSFGLSDV = {W'AQ-'AWr'W'Atl^Ay, (1.28) 

7Strictlyy spoken this may hold also for the finite T, large N case, but there it is often infeasible to 

testt for slope heterogeneity. 
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wheree ft = T, ® IT with E a i V x /V matrix with typical element ai3. The matrix Q is the 

covariancee matrix of e and is consistently estimated using the LSDV residuals, i.e. 

QQ = t®IT, (1.29) 

(j/ii  - Whspv)'AT{y3 - Wjlispv) n «m 

aal3l3 = . (l.óü) 

Underr standard regularity conditions it can be shown that when T — oo the FGLSDV 

estimatorr is asymptotically efficient. 

Deterministicallyy varying coefficients 

Whenn 6i varies across individuals we cannot use panel data techniques, but have to esti-

matee model (1.5) separately for each cross-sectional unit. Note that model (1.5) together 

withh the assumptions in (1.6) forms a generalised regression model and is a special case of 

thee Seemingly Unrelated Regression (SUR) model (Zellner, 1962), since all the (5,'s have 

thee same dimension here. Hence, ordinary least squares estimation of each equation will 

deliverr consistent estimates for T — oo and N finite. In addition, feasible generalised 

leastt squares will be asymptotically efficient whenever a preliminary consistent estimator 

forr the disturbance covariance matrix has been used. 

Randomlyy varying coefficients 

Theree are several intermediate ways between the fixed effects panel data model and SUR. 

Forr example, Pesaran et al. (1999) allow for heterogeneity in the short-run coefficients 

butt impose homogeneity of long-run parameters. Another approach is assuming that the 

coefficientss Si and r\i in (1.5) are varying randomly across cross-sectional units. In Section 

1.2.22 we already discussed a special case of such a model, viz. the random effects panel 

dataa model where n% is random but Si is constant across individuals. 

Definingg a*  — (6-, 77J' we specify 

ai=aai=a + fii, (1-31) 

forr i = 1,..., N with 

E M = 0 '' ) (1.32) 

Furthermore,, the elements of ô  are assumed to be uncorrelated with the disturbance 

termm £, and the regressors in Wi. Equations (1.5), (1.31) and (1.32) constitute the higher-

orderr dynamic random coefficient model. The parameters of interest in random coefficient 
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modelss are the first and second moments of the distribution of o ,̂ i.e. inference is made 

aboutt the mean parameter vector a and its covariance matrix O. 

Dependingg on the nature of the elements of Wi we can use estimation techniques 

usingg pooled data or not. If no lagged dependent variable regressors are contained in 

Wi,Wi, pooling the data and performing ordinary least squares (OLS) will give at least 

aa consistent estimator for a. Moreover, asymptotically efficient inference on a can be 

obtainedd with the techniques discussed in e.g. Swamy (1971). When the elements of Wi 

doo contain lagged dependent variable regressors, however, it can be shown that pooled 

OLSS is inconsistent. Moreover, Pesaran and Smith (1995) show that panel data estimators 

likee LSDV are inconsistent also. They propose the mean group (MG) estimator8, which 

iss essentially the average of the individual OLS estimators. Using partitioned regression 

resultss the mean group estimator for 6 can be written as 

11 N 

&MG&MG = Jjz2*öt, (1.33) 

with h 

66tt = {WlArW^WlArVi. (1.34) 

Assumingg cross-sectional independence, i.e. a  ̂ = 0 for ï ^ j in (1.6), it can be shown 

thatt (1.33) is a consistent estimator of 6 when both T and N go to infinity. Moreover, in 

Hsiaoo et al. (1999b) it is shown that 6MG has an approximate Normal distribution and 

thatt this holds for various rates of T and N growing large. 

1.33 Empirica l findings 

Inn this section we present some preliminary estimation results to point out the potential 

problemss related to the estimation of dynamic models for panel data. We understand 

thatt it is not possible to make judgements about the quality of estimators simply from 

empiricall  outcomes. However, the wide range of estimates indicates the mutual differences 

andd potential inaccuracies of some of the estimation methods employed. By the findings 

inn the remainder of the thesis we will be able to explain some of the estimation results 

andd differences in this section. Furthermore, we will gain insight into the quality of the 

variouss estimation methods employed here. 

88 Regarding the random coefficient model alternative so-called shrinkage estimators have been proposed 

byy Maddala et al. (1997). 
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Wee will make use of two sources of data, which differ in their dimensions and in level 

off  aggregation. The first data set, which is a typical small T, large N panel, has been used 

alsoo in Bun and El Makhloufi (2001). Recent growth theory emphasises the importance of 

knowledgee spillovers between firms for economic development. Close proximity of firms in 

aa specific area facilitates the circulation or transmission of ideas and innovations between 

firms.firms. We analyse whether these knowledge spillovers, which are also called dynamic 

externalities,, come from increased specialisation of similar firms within a region or from 

increasedd diversity of firms of different industries. Also the effects of local competition 

wil ll  be quantified. Using annual panel data on six major Moroccan urban areas and 18 

industriall  sectors for the period 1985-1995 an attempt will be made to distinguish which 

typee of externality is predominant for local economic activity in Morocco. 

Tablee 1.1 presents estimation results for some selected estimation techniques, i.e. 

LSDV,, two simple IV estimators (AHL and IVid as described in Section 1.2.2) and two 

one-stepp GMM estimators (GMMd^ and GMM,ev). GMM^/ has been based on the equa-

tionn in first differences (1.15) and use the instrument matrix (1.19), while GMM;et, ex-

ploitss instruments in first differences (1.27) for the levels equation (1.17). The dependent 

variablee is real value added (vd) and explanatory variables are regional manufacturing 

productionn (trp), real unit wage costs (wcap) and three indicators9 measuring specialisa-

tionn {sp), diversity (dv) and competition (cp) of firms within a region. A general dynamic 

specificationn with fixed effects has been estimated including as many lagged explana-

toryy variables as seem required, including the one-period lagged value of the dependent 

variable. . 

Thee estimation results in Table 1.1 vary widely across estimation techniques. At first 

sight,, the inconsistency of LSDV for finite T seems evident from the relatively low value for 

thee autoregressive parameter. However, the semi-consistent10 GMMj,/ estimator shows 

aa similar picture as LSDV, which seems counterintuitive. Regarding estimated standard 

errors,, those of the simple IV estimators are often larger than for GMM and LSDV. In the 

Chapterss 2 and 3 we will give explanations for these features by focusing on both finite 

samplee bias of coefficient estimators and asymptotic variance comparisons. Also we shall 

tryy to deal with possible slope heterogeneity by analysing panels with both dimensions 

relativelyy small, which may avoid structural breaks in the slope parameters. We will split 

thee available data into parts corresponding to industrial sectors, which reduces the value 

off  A'' considerably, and examine whether dynamic externalities are present in each sector. 

Thee second data set is from Vlaar and Schuberth (1998), which is an updated version 

9Moree details about the construction of these indicators can be found in Section 2.6.2. 
10Withh semi-consistent we mean consistent for finite T and TV —> oo. 
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Tablee 1.1: Estimation results of dynamic externalities 

AHL AHL 

0.86 6 

(0.25) ) 

0.41 1 

(0.19) ) 

-0.50 0 

(0.21) ) 

0.61 1 

(0.06) ) 

-0.58 8 

(0.20) ) 

0.35 5 

(0.06) ) 

-0.34 4 

(0.12) ) 

0.06 6 

(0.14) ) 

-0.19 9 

(0.13) ) 

-0.18 8 

(0.02) ) 

0.16 6 

(0.05) ) 

IVIV Id 

0.68 8 

(0.07) ) 

0.60 0 

(0.26) ) 

-0.43 3 

(0.28) ) 

0.77 7 

(0.06) ) 

-0.38 8 

(0.07) ) 

0.32 2 

(0.07) ) 

-0.35 5 

(0.06) ) 

-0.17 7 

(0.09) ) 

-0.21 1 

(0.19) ) 

-0.24 4 

(0.04) ) 

0.11 1 

(0.03) ) 

GMMGMMdidif f 

0.36 6 

(0.07) ) 

0.52 2 

(0.14) ) 

-0.22 2 

(0.13) ) 

0.68 8 

(0.04) ) 

-0.20 0 

(0.06) ) 

0.40 0 

(0.05) ) 

-0.15 5 

(0.05) ) 

-0.03 3 

(o.n) ) 
-0.18 8 

(0-11) ) 
-0.18 8 

(0.02) ) 

0.07 7 

(0.02) ) 

GMMGMMU U 

0.84 4 

(0.03) ) 

0.81 1 

(0.21) ) 

-0.75 5 

(0.22) ) 

0.75 5 

(0.05) ) 

-0.53 3 

(0.06) ) 

0.44 4 

(0.05) ) 

-0.34 4 

(0.05) ) 

-0.07 7 

(0.10) ) 

0.10 0 

(0.15) ) 

-0.21 1 

(0.02) ) 

0.15 5 

(0.02) ) 

Dimensionss arc T = l l , N=95. Figures in parentheses arc standard errors. 

off  the data used in Fase and Winder (1998). Both studies analyse money demand in the 

Europeann Union (EU) using aggregated time series. The data, which can be classified as a 

largee T, small N panel, are quarterly observations for the period 1970:1-1996:IV on several 

monetaryy aggregates, income, prices and interest rates for 14 EU countries. In analysing 

EUU wide money demand most empirical studies aggregate the data across countries and 

usee time series techniques on the aggregated data. However, considering the EU countries 

ass a cross-section one can possibly use panel data techniques. We illustrate the different 

approachess by estimating a dynamic specification for the demand for real narrow money 

(Ml/P).(Ml/P). Next to the one-period lagged dependent variable regressor the explanatory 

variabless are current and one-period lagged values of real income (gnp), short- (rs) and 

long-termm (rl)  interest rates and the inflation rate (ir). 

LSDV LSDV 

lnua^t-i i 

Inn trpit 

lnirp i> (_i i 

Inn wcapn 

kiwcapij-i kiwcapij-i 

SPit SPit 

SPi,t~l SPi,t~l 

dvdvit it 

dvij-i dvij-i 

cpu cpu 

CPi,t-l l 

0-38 8 

(0.03) ) 

0.45 5 

(0.11) ) 

-0.19 9 

(0.11) ) 

0.73 3 

(0.03) ) 

-0.22 2 

(0.04) ) 

0.45 5 

(0.04) ) 

-0.17 7 

(0.04) ) 

-0.08 8 

(0.08) ) 

-0.12 2 

(0.09) ) 

-0.19 9 

(0.01) ) 

0.07 7 

(0.01) ) 
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Tablee 1.2 shows estimation results11 for the period analysed in Vlaar and Schuberth, 

i.e.. 1979-1996 and a more recent period, i.e. 1991-1996. The entries show LSDV and MG 

estimatess assuming equal and randomly varying slope vectors across countries respectively. 

Thee third estimator is OLS using aggregated time series (AGGR). One time observation 

iss lost due to construction of lagged regressors, hence the estimation periods are 1979:11-

1996:IVV and 1991:II-1996:IV. 

Regardingg the period 1979-1996 the pattern of the estimation results suggests the the-

oreticall  findings of Pesaran and Smith (1995). They show that panel data estimators (e.g. 

thee LSDV estimator) are inconsistent in the first-order dynamic panel data model with 

heterogenouss slope coefficients and a first-order autoregressive process for the exogenous 

regressor.. More in particular, they prove that the LSDV estimator of the coefficient of the 

laggedd dependent variable regressor is biased towards unity, while the coefficient of the ex-

ogenouss regressor tends to zero. Inspecting the LSDV estimates this picture is reasserted, 

i.e.. the coefficient of the lagged dependent variable regressor is close to unity and the 

summ of the coefficients of each explanatory variable tends to zero. On the contrary, the 

estimatess of the MG estimator are more plausible. Regarding the least squares estima-

torr for aggregated time series (AGGR), Pesaran and Smith show that this estimator is 

inconsistentt as well. Table 1.2 shows that the dynamics implied by the AGGR estimates 

aree rather different from the MG estimates. 

Inn the case of estimating EU money demand one may criticise the use of long time 

seriess for several reasons. First, some major occurences in the period 1970-1996, e.g. 

oill  crises and the reunification of West and East Germany, may have caused structural 

breakss over time in the money demand function. Hence, using long time series and 

assumingg parameter constancy over time may lead to serious misspecification affecting all 

threee approaches. Second, the process of convergence to one common monetary policy has 

startedd only recently for the complete group of EU countries. Hence, it is doubtful whether 

onee can estimate one common money demand relationship for all EU countries using data 

fromm a period characterised by heterogeneous monetary policies across countries. For this 

reasonn one may avoid using the AGGR and MG estimators as their accuracy critically 

dependss on a relatively large number of time observations. Although the MG estimator 

accountss for heterogeneity across countries, it nevertheless may not be accurate in this 

casee because it needs at least a moderately large cross-section too. 

Inn contrast, panel data models assuming constant slope parameters across cross-

sectionall  units and over a relatively short time span may offer an alternative approach. In 

thiss case the cross-sectional dimension in the data implies extra observations to estimate 

111 We exclude Greece from the analysis as no data on long-term interest rates are available. 
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Tablee 1.2: Estimation results of the demand for Ml 

ln{Ml/P)i,ln{Ml/P)i, tt--

lnn gnpu 

lngnpi| t_i i 

rsrsit it 

rsrsiitiit -i -i 

rlit rlit 

rli,t-i rli,t-i 

irir it it 

iri,t-i iri,t-i 

LSDV LSDV MG MG AGGR AGGR 

1979:II-1996:IV V 

ii  0.95 

(0.01) ) 

0.11 1 

(0.02) ) 

-0.06 6 

(0.02) ) 

-0.35 5 

(0.12) ) 

0.18 8 

(0.11) ) 

-0.36 6 

(0.20) ) 

0.27 7 

(0.20) ) 

-0.40 0 

(0.09) ) 

0.42 2 

(0.10) ) 

0.81 1 

(0.04) ) 

0.14 4 

(0.10) ) 

-0.04 4 

(0.06) ) 

-0.32 2 

(0.10) ) 

0.04 4 

(0.09) ) 

-0.47 7 

(0.16) ) 

0.23 3 

(0.13) ) 

-0.44 4 

(0.07) ) 

0.35 5 

(0.07) ) 

0.74 4 

(0.08) ) 

0.11 1 

(0.09) ) 

0.14 4 

(0.09) ) 

0.08 8 

(0.21) ) 

-0.20 0 

(0.21) ) 

-0.70 0 

(0.29) ) 

0.29 9 

(0.31) ) 

-0.41 1 

(0.23) ) 

0.47 7 

(0.24) ) 

LSDV LSDV MG MG AGGR AGGR 

1991:II-1996:IV V 

0.79 9 

(0.05) ) 

0.21 1 

(0.04) ) 

0.01 1 

(0.04) ) 

-0.53 3 

(0.20) ) 

0.29 9 

(0.20) ) 

-0.58 8 

(0.34) ) 

0.31 1 

(0.37) ) 

-0.38 8 

(0.16) ) 

0.34 4 

(0.15) ) 

0.60 0 

(0.07) ) 

0.10 0 

(0.17) ) 

0.11 1 

(0.15) ) 

-0.54 4 

(0.38) ) 

0.18 8 

(0.28) ) 

-0.94 4 

(0.52) ) 

0.09 9 

(0.31) ) 

-0.34 4 

(0.23) ) 

0.32 2 

(0.27) ) 

0.68 8 

(0.18) ) 

-0.47 7 

(0-14) ) 

0.57 7 

(0-14) ) 

0.07 7 

(0.30) ) 

-0.57 7 

(0.29) ) 

-0.71 1 

(0.40) ) 

0.01 1 

(0-47) ) 

-0.65 5 

(0.35) ) 

1.19 9 

(0.40) ) 

Inn the left, panel N = 13 and T=71, in the right, panel N = 13 and T=23. Figures in 

parenthesess are standard errors. 

thee same number of unknown slope parameters. Also, panel data models can deal easily 

withh unbalanced data. Regarding EU money demand one may choose different starting 

observationss across countries, e.g. corresponding with entrance to the EU. Of course, in 

panell  data models parameter homogeneity across countries and over time should hold for 

thee slope parameters to some extent. By taking a relatively short and recent period, i.e. 

thee period 1991-1996 after the German reunification with some convergence in monetary 

policy,, we may avoid structural breaks over time and across countries. 

Thee right hand panel of Table 1.2 gives the estimation results for the period 1991:11-

1996:IV.. For this short time period the MG and AGGR estimators suffer from a lack of 

degreess of freedom problem, while the LSDV estimates seem to give satisfactory results. 

Thee pattern of the estimates does not indicate signs of aggregation bias and the esti-

matedd standard errors show large efficiency gains. Of course, in finite samples the LSDV 

estimatorr will be biased in dynamic models like the AGGR and MG estimators are, and 
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soo are the estimated standard errors. Also one may want to test formally on parameter 

homogeneity,, i.e. common slopes across countries. But is the number of time observations 

(T(T — 23) sufficient to have confidence in techniques which are only asymptotically valid? 

Thesee and other topics will be analysed in the final two chapters of the thesis. 

1.44 Outline 

Fromm the two empirical examples introduced above we conclude that the analysis of panel 

dataa where both the time series and cross-sectional dimensions are limited is important 

andd cumbersome. We will examine and try to enhance the accuracy of inference tech-

niquess for some empirically relevant models with both T and N small. We will examine 

inn isolation the effects on estimators and test procedures of several departures from the 

standardd panel data model with individual specific effects, strictly exogenous regressors 

andd a scalar disturbance covariance matrix. In developing more accurate inference pro-

ceduress in the subsequent chapters we will make use of two well-known mathematical 

andd statistical concepts, i.e. asymptotic expansion techniques and bootstrap procedures. 

Thee former is an analytical tool, while the latter is, when applied, a computer intensive 

empiricall  method. Both approaches will be used to develop higher-order asymptotic ap-

proximationss of finite sample characteristics of inference techniques for dynamic panel 

dataa models. 

Thee inclusion of lagged dependent variable regressors in the model complicates esti-

mationn of the unknown parameters when T is small. The purpose of Chapters 2 and 3 is 

too produce further insights into the finite sample properties of various existing inference 

techniquess for dynamic panel data models. The workhorse model in these chapters will 

bee the first-order stable dynamic panel data model with a scalar disturbance covariance 

matrix.. In Chapter 2 apart from the lagged dependent variable regressor all other ex-

planatoryy variables will be assumed strongly exogenous, whereas in Chapter 3 these may 

bee weakly exogenous. 

InIn Chapter 2 we examine by simulation the bias and mean squared error of various 

coefficientt estimators, the bias in related estimators for the disturbance variance and 

estimatorss of the coefficient standard errors. Also we examine the actual size of simple 

coefficientt tests. It is difficult to decide from which perspective, i.e. large T and/or 

largee N, we should analyse panel data when both dimensions are in fact small. Recent 

simulationn results of Judson and Owen (1999) indicate that especially in samples with 

smallerr values for N the semi-consistent IV and GMM techniques often perform rather 

poorlyy as far as the bias and efficiency of coefficient estimators is concerned. We will 
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comparee these techniques with various possible implementations of the bias corrected 

LSDVV estimator (LSDVc) as proposed by Kiviet (1995, 1999). The construction of an 

appropriatee estimator for the standard error of the LSDVc estimator proves to be not 

triviall  for the small T, large N case. We examine whether it is possible to exploit such 

ann estimator in tests on coefficient values. 

InIn Chapter 3 we continue to focus on bias correction of LSDV and other estimators 

inn empirically more relevant models. We will consider models which in addition to a 

laggedd dependent variable regressor also have a dynamic feedback mechanism from the 

dependentt variable to the explanatory variables. In the presence of instantaneous feed-

backk mechanisms, i.e. endogenous regressors, IV and GMM estimators seem to have a 

naturall  advantage over least squares based procedures. In Chapter 3 the focus is on 

laggedd feedback mechanisms, i.e. weakly exogenous regressors, and their effects on the 

finitee sample properties of LSDV, IV and GMM panel data estimators. It is shown that, 

althoughh less biased, the efficiency losses of simple IV estimators (using as many instru-

mentss as regressors) are substantial as compared with LSDV and GMM. Regarding GMM 

wee examine the effects on finite sample bias of both the number and type of instruments 

usedd in estimation. Although the bias corrected LSDV estimator of Kiviet (1995, 1999) 

hass been developed for strongly exogenous explanatory variables, the impact of weakly 

exogenouss regressors on its finite sample properties will be examined by simulation. 

Wee will use the results of Chapters 2 and 3 to analyse the determinants driving local 

economicc activity in Moroccan cities exploiting the data described before. In contrast with 

Bunn and El Makhloufi (2001) we will analyse sectors in isolation to detect any differences. 

Ass both dimensions of the subsamples used in estimation are very small, the results of 

Chapterss 2 and 3 may explain the patterns of the estimation results and provide guidelines 

forr the appropriate estimation methods to use. 

Inn the final two chapters the focus is on panel data models with the number of cross-

sectionn units N relatively small in comparison to T. The simulations of Chapters 2 and 3 

showw that in the first-order dynamic panel data model with a scalar covariance matrix the 

biass of least squares based techniques is relatively small compared to instrumental vari-

abless based methods when T is larger than N. Based on a mean squared error criterion, 

leastt squares methods are to be preferred in this case. 

Inn Chapter 4 we continue to focus on bias correction of the LSDV estimator, but now in 

higher-orderr dynamic panel data models with a non-scalar disturbance covariance struc-

ture.. Cross-sectional heteroscedasticity and contemporaneous interdependencies between 

cross-sectionall  units may be an important empirical feature in macro-economic panel 

data.. For example, with cross-country data domestic economic performance is often re-
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latedd to foreign economic developments, so disturbance terms of different cross-sectional 

unitss may be correlated. As the covariance matrix is non-scalar now, also a generalised 

LSDVV estimator will be analysed. Using similar asymptotic expansion techniques as in 

Kiviett (1995, 1999) bias approximations will be derived for this estimator. Attention will 

bee given to estimation of both impact and long-run multipliers. Also bias approximation 

formulaee for restricted estimators will be developed along the lines of Kiviet and Phillips 

(1994).. In the type of model analysed in this study, the estimation of the variances of 

thee coefficient estimators by conventional asymptotic expressions can be dramatically in-

accuratee (Freedman and Peters, 1984). Hence, we make use of bootstrap procedures to 

estimatee standard errors. 

InIn Chapter 5 we focus on a fundamental assumption of panel data models, i.e. homo-

geneityy of parameters across cross-sectional units. This is a controversial issue especially 

inn large T, large N panels and in the previous section we paid some attention to it already. 

Off  course, panel data models allow for individual specific effects, but the assumption of 

equall  slope vectors is a rather strong one. Whenever T is large enough compared to N it 

iss feasible to test for heterogeneity in the full parameter vector within the framework of 

aa system of regression equations. We will analyse both standard and generalised F test 

statistics.. The former is similar to the ordinary F statistic for testing a set of linear re-

strictionss in single equation models, while the latter has been proposed by Zellner (1962) 

inn the context of the SUR model. The robustness of the standard F test will be anal-

ysedd both in dynamic regression models and in models with non-spherical disturbances. 

Inn the former case, the standard F statistic can still be applied, but one has to rely on 

approximatee distribution theory. In a simulation study we will analyse to what extent 

thesee asymptotic approximations are accurate in finite samples. In the latter case, use of 

thee standard F statistic is not appropriate. Using techniques developed in Kiviet (1980, 

1991)) lower and upper bounds for the critical values of the F test will be calculated. 

Ass an alternative, a generalised version of the F statistic can be constructed (Roy, 1957; 

Zellner,, 1962), for which approximate distribution theory exists. By simulation the actual 

sizee of this test and a bootstrap variant will be examined for some relevant cases. 

Withh the theoretical and simulation findings of Chapters 4 and 5 the money demand 

dataa from Vlaar and Schuberth (1998) will be revisited. The possibility of exploiting panel 

dataa techniques to analyse these cross-country data will be explored in Chapter 4. To 

avoidd the detrimental effects of structural breaks as much as possible only the data after 

thee German reunification will be used. It turns out that the first-order dynamic model 

withh a scalar covariance matrix is not general enough to capture all the dynamic features 

andd interdependencies in the data. Hence, the bias approximations developed in Chapter 
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44 for generalised higher-order dynamic regression models will be used in the empirical 

studyy on money demand. Apart from constancy of the parameters through time, panel 

dataa techniques require to some extent also slope homogeneity across countries. The 

resultss of Chapter 5 will be applied to the money demand data to examine the degree of 

heterogeneityy in the slope vector across countries. 

Finally,, Chapter 6 summarises the major findings of this thesis. In this chapter we 

draww some general conclusions regarding the accuracy of statistical analysis in dynamic 

panell  data models. Chapter 6 is followed by the bibliography and a summary in Dutch. 





Chapterr 2 

Thee finite sample accuracy of 

inferencee procedures for dynamic 

panell  data models 

2.11 Introduction 

Least-squaress estimation techniques for static panel data models give consistent estima-

torss in a dynamic setting only when the number of time observations T in the data set 

approachess infinity. Since in micro-economics the typical dimension of a panel data set 

iss a short time span for a large cross-section various authors1 have paid attention to this 

problemm and have proposed IV and GMM alternatives, which are consistent for fixed 

TT and an infinite number of cross-sectional observations N (Anderson and Hsiao, 1982; 

Arellanoo and Bond, 1991; Ahn and Schmidt, 1995; Blundell and Bond, 1998). GMM 

estimatorss typically use more orthogonality conditions than their simple IV counterparts 

andd they take the covariance structure of the disturbances into account. Therefore they 

aree asymptotically more efficient. In an attempt to avoid the problem of weak instru-

ments,, Kiviet (1995) follows another route to achieve large N consistent estimation and 

too enhance efficiency. An asymptotic approximation formula for the finite sample bias of 

thee inconsistent LSDV estimator is exploited to remove inconsistency and to reduce mean 

squaredd error. In Kiviet (1999) this approximation formula has been slightly refined by 

takingg a particular further higher-order term into account, but its actual performance has 

nott been examined yet. 

Althoughh IV and especially GMM estimators have attractive asymptotic properties, 

^ eee Section 1.2.2 for more details. 
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Montee Carlo experiments (Arellano and Bond, 1991; Kiviet, 1995; Harris and Matyas, 

1996;; Judson and Owen, 1999) have shown that for these techniques the quality of the 

asymptoticc approximations in finite samples depends heavily on the actual parameter 

valuesvalues of the model and on the dimensions of the available data set. In most of these 

simulationn experiments short time series and reasonably large cross-section samples have 

beenn examined and attention has been focused on bias and mean squared error of coeffi-

cientt estimators. Not much is known yet (for an exception, see Judson and Owen, 1999) 

aboutt the performance of the various techniques when both dimensions are small, e.g. 

NN = 10, T = 10 or N = 10, T = 20. Such dimensions can be relevant in both macro- and 

micro-economicc applications, where the time span is one or two decades and the cross-

sectionn consists of a small number of countries or sectors. Although some attention has 

beenn paid to assessing the accuracy of variance estimators (Arellano and Bond, 1991), 

littl ee is known about the actual reliability of asymptotic test procedures in panels of a 

limitedd sample size. 

Thee purpose of this chapter is to produce further insights into the finite sample prop-

ertiess of various inference techniques for dynamic panel data models, especially when both 

dimensionss of the data set are small. By simulation we examine for this situation the bias 

andd mean squared error of various coefficient estimators, the bias in related estimators for 

thee disturbance variance and the accuracy of estimators of the coefficient standard errors. 

Alsoo we examine the actual size of simple asymptotic coefficient tests. More in particular, 

wee will focus on various possible implementations of the bias corrected LSDV estimator 

(LSDVc)) as proposed by Kiviet (1995, 1999). First, we will analyse the magnitude of 

thee contributions of the separate terms in the bias approximation. Second, as the bias 

approximationn depends on the unknown model parameters, we also investigate the sen-

sitivityy of the LSDVc estimator with respect to the choice of the preliminary consistent 

estimator.. Third, we develop an appropriate estimator for the standard error of the LS-

DVcc estimator, which proves to be not trivial for the small T, large N case. We examine 

whetherr it is possible to exploit such an estimator in tests on coefficient values. Here, we 

alsoo analyse the accuracy of estimators and tests in dynamic panel data models including 

non-stationaryy variables, since this situation is likely to arise in applied research. 

Inn a rather extensive Monte Carlo study Kiviet (1995) examines the bias and mean 

squaredd error of the corrected LSDV estimator and compares these with IV and GMM 

alternativess for the small T, relatively large N panel with stationary variables. One con-

clusionn is that in samples of such a size there is no superior technique yet over a broad 

rangee of relevant parameter values of the model. More recent simulation results of Harris 

andd Matyas (1996) and Judson and Owen (1999) indicate, however, that especially in 
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sampless with smaller values for N the semi-consistent IV and GMM techniques often per-

formm rather poorly as far as the bias and efficiency of coefficient estimators are concerned. 

Regardingg variance estimators the simulation results of Arellano and Bond (1991) show 

thatt in the panel with small T and large N the asymptotic approximation of the standard 

errorss of their two-step GMM estimator is biased downward, but that one-step estimators 

off  the asymptotic standard errors are quite accurate. Here, less favourable results for 

thee one-step GMM estimator are obtained when both JV and T are small. Often the 

simulationn results show a substantial downward bias for estimated asymptotic standard 

errorss of coefficient estimators. We also find that for all procedures presently available 

thee actual size of t-type tests may differ substantially from the nominal level. 

Thee outline of this chapter is as follows. In Section 2.2 a detailed description of 

thee model will be given, which is the starting point for the analysis in this chapter and 

Chapterr 3. In Section 2.3 we will review the principles of higher-order asymptotic bias 

approximationn and bias correction by evaluating the first few terms of an asymptotic 

expansionn of the LSDV estimation error. An overview of estimators analysed in the 

simulationss together with their asymptotic distributions will be given in Section 2.4. 

InIn this section also an expression for an estimator for the variance of corrected LSDV 

estimators,, derived in Appendix 2.A, is given. In Section 2.5 the simulation design is 

described,, with further details in Appendix 2.B, and the finite sample behaviour of the 

variouss estimators and tests are compared. Section 2.6 contains an application of the 

variouss procedures in a panel analysis of so-called dynamic externalities and local economic 

developmentt in Morocco, and Section 2.7 concludes. 

2.22 Model 

Wee consider estimation methods for the standard linear first-order dynamic panel data 
model l 

yit=tyyit=ty ilil t-i+l3'xt-i+l3'x itit + uit, i = l,...,N; t = l,...,T. (2.1) 

Inn this model the dependent variable yit is regressed on a vector of K exogenous explana-

toryy variables xit and the one-period lagged value of the dependent variable. All the 

explanatoryy variables in xit are time variant. The disturbance term uit is defined by 

uuitit = rji  + £« (2.2) ) 
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Itt contains two error components, viz. an unobserved individual specific effect ni and a 

generall  disturbance term exi. We assume 

ll  i=l,...,* ; t = 0 T. (2.3) 

Wee also define êo because it enables to specify the random characteristics of the start-up 

valuesvalues yio and possible weak exogeneity of xit, as we shall see. We also assume that the 

twoo error components are uncorrected, i.e. 

£ f o£ j t ] =0 ,, ViJ,t, (2.4) 

andd that 

E\yE\yt0t0EE)t)t]]  = 0, Vi,j,t>0, (2.5) 

i.e.. all initial observations y  ̂are uncorrelated with the disturbances en, t > 0. Further-

more,, we assume that the model in (2.1) is dynamically stable, i.e. |7| < 1. 

Followingg Kiviet (1999) we decompose y and x into a relevant random component, 

denotedd by a tilde, and irrelevant random plus deterministic components, denoted by a 

bar.. The relevant random components are in some way related to either the individual 

effectt rj l or the disturbance term eu, while the irrelevant components are not. Regarding 

xx we start by using the same setup as in Kiviet (1999), viz. 

* «« = *« + a;« I  i = l,...,JV; t = l , . . . ,7\ (2.6) 
XitXit = <t>£i,t-i  + nrii J 

wheree TT and <f>  are K x 1 vectors of unknown constants. Furthermore, xlt is uncorrelated 

withh the random error components, i.e. 

E[xE[xitit££JSJS\\ = 0 J 

Inn the relevant random component xit of (2.6) the elements in IT express any correlation 

betweenn observed and unobserved heterogeneity and the parameter vector <f>  determines 

thee feedback of the lagged disturbance into the explanatory variables xit. 

Forr the relevant and irrelevant random components of y we have 

fc«fc« = 7fc,t-i+ /?*« + * + *« ^ i = i , . . . , ;v;* = l,...,r. (2.8) 
yityit = IVyt-l + 0Xit 
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Too be able to decompose the relevant random components of yit into the two error com-

ponentss we assume that 

E[HitE[Hit  I Vi] = ™fc, i = l,...,N;t = 0,...,T, (2.9) 

wheree a = l*f_*-.  Hence, we assume that the full long-run impact of the individual effect 

rjirji  on yit is already present in yi0. Defining 

vvitit = yit - aVi, z = l,...,JV; t = 0,... ,T, (2.10) 

andd using (2.8) and (2.6) we find 

vuvu = V>i,t-i  + eit + P'feij-i, (2.11) 

andd for the initial values we assume 

«t,oo = weii0l Vi , (2.12) 

wheree w is either 0 or 1. In case of weak exogeneity, xiti depends on eij0. Conditioning on 

£ifl£ifl  seems inappropriate in this case because e^o is a relevant random component then. 

Hence,, when <f) ^ 0 we therefore take u = 1, because it seems selfevident that like xn also 

yioyio should depend on Sio and u; = 1 provides the usual weight. However, we choose to take 

uu = 0 in case of 4> = 0, because when xa is strongly exogenous the normal procedure is to 

conditionn on xa and on y^, and then the latter should not contain any relevant random 

components.. Note that the assumptions made so far imply stationary processes for both 

yyitit and xit. 

Stackingg the observations over time we get (i — 1,..., N) 

ViVi = lVi,-\ + X$ + riiiT  + €i, (2.13) 

XiXi = Xi + ^LTTV' + Si _ !0 ', (2.14) 

wheree t/x.-i - (yi,o>-,yi,T-i)', X{ = (xitl,...,xitT)', et-i = {eiiQ, ...,eitT-i)' and tT = 

(1 , . . .,, 1)' a T x 1 vector of ones. Prom the above it follows that 

ViVi = 7&,-i + 0'fci-i + {ft*  + l)Vit>r  + £i 

== l(LTyi + yi,oer,i) + &4>{L Tei + ^ i 0eT, i ) + ((fit + 1)V^T + £t, 

wheree we introduced a T x T matrix LT with ones on the first subdiagonal and zeros 

elsewheree and where eQiP is the q x 1 unit vector with its pth element equal to one. Defining 

TTT = (IT - ^LTY1 , (2.15) 
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andd using yi0 — UJE^Q + a^, the relevant random part of & can now be written in terms 

off  the error components as 

&&  = ari^T + TT(IT + &'^LT)e% + (w7 + /3»rrer > 1£i 0- (2.16) 

Stackingg the observations over time and across individuals one gets 

y=W6y=W6 + u, (2.17) 

wheree 6 = (7,/?')', y and u are NT x 1, W = [y-i'.X]  is NT x (K + 1), u = Srj + e with 

SS — 1  ̂ Cg> IT an NT x JV matrix and r\ = (rj l,..., r/^)'. Using (2.6) and (2.16) the relevant 

randomm parts of y and X can be written as 

yy = aSr} + T{INT + 0 $L)e + (c 7̂ + P'<p)r(IN ® eT>1)e0, (2.18) 

and d 

XX - STJTT' + {he + (/AT <8> er i l )eo)0', (2.19) 

wheree r = ƒ^ ® I>, L = IN <g) LT and e0 — (e10,..., £N0)'-

2.33 Bias approximation and correction for the LSDV 

estimator r 

Inn this section we review some aspects of bias approximation and bias correction by means 

off  a specific example. We consider model (2.17) with strictly exogenous regressors X and 

fixedfixed initial observations 2/̂ 0, hence we choose <j>  = 0 and UJ = 0. Using earlier results 

(Kiviet,, 1995, 1999) we derive a bias expression for the LSDV estimator (1.9) of 6 in 

(2.17),, i.e. 

SLSDVSLSDV = (W'AW)-lW'Ay, (2.20) 

wheree A is the within transformation which wipes out the individual effects. In the next 

subsectionn we will introduce O and Ov notation for samples with two dimensions. Next, 

wee will expand the LSDV estimation error and evaluate the expected value of the first 

feww terms. Finally, we will propose several possible bias corrected estimators based on 

thee bias approximations derived. 
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2.3.11 Order  of magnitude 

Inn order to employ the usual O and Op notation unambiguously for panel data, where the 

samplee has two dimensions, we put this notation into a wider context defined as follows: 

Lett <f>  and i/> be real numbers. If the elements gk,i (where k = l,...,K and I = 1, ...,L) 

off  a non-stochastic K x L matrix G constitute sequences {<?*,/(i,t)} for i = 1,..., iV and 

tt = 1,...,T, where we allow either N -  oo or T -> oo or both, then G = 0(7V*) 

indicatess that there exists a finite constant g  ̂> 0 such that [N'^g^iii,t)| < g<t>, Vfc, I, i,t. 

Similarlyy G = 0{T^) indicates that there exists a finite constant g  ̂ > 0 such that 

\T~*gk,i{i,t)\\T~*gk,i{i,t)\ < <fy, Vk,l,i,t. In addition, G = OiN^T^) indicates that there exists a 

finitee constant g  ̂ > 0 such that 17V~*T_v'pfc>i(i, t) | < g^, Vk,l,i,t. 

Whenn G = O(N^) we say that the elements of G are at most of order N*, which is 

equivalentt with 0{N<i> T°), i.e. the quantities N~^gk,i are finite, even when T approaches 

itss limit. More generally, G = OiN^T^) indicates that all the elements of G are at most 

off  order N*T*. 

Inn addition we define that when the matrix G contains random elements, G = Op(iV* ) 

indicatess that for all e > 0 there exists a finite constant ge > 0 and a positive integer 

NNee such that Prob{|A/-'Vi ,(i,r)| > ge) < e, Vfc,Z,i and i > Ne. Similarly, G = Op(T*) 

indicatess that for all E > 0 there exists a finite constant g£ > 0 and a positive integer Te 

suchh that P r o b ( | r - M̂ ( i , 0 | > &) < e, Vfc,M and t > Te. And finally, G = Op(JV*T* ) 

indicatess that for all e > 0 there exists a finite constant g£ > 0 and positive integers Ne 

andd T£ such that Fiob(\N-*T-ll 'gktt{i,t)\  > &) < e, VM amdi> N£,t> Te. 

Whenn G = Op(N^) we say that the elements of G are bounded in probability by order 

TV*,, which is equivalent with Op(A^*T°) , and implying that N~^gkti is of order unity in 

probability,, irrespective of the value of T. More generally, G = O^N^T^) indicates that 

thee elements of G converge at least at rate N^T^. 

Havingg defined the O and Op notation we now also state a result regarding asymptotic 

expansionss of stochastic matrices. Suppose that the matrix G is square (K = L) and that 

IKIK  + G is invertible whereas G = Op(n~ï) with n = NT, then we have 

(IK(IK + G)-1 = IK-G + G2-... 

==  IK-G + G2 + Op{n^), (2.21) 

whichh is a stochastic matrix generalisation of a Taylor expansion. 
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2.3.22 Bias approximation 

Thee above terminology on rates of convergence and orders of magnitude of double-indexed 

deterministicc and stochastic sequences of vectors or matrices will be employed now for 

estimatorss in panel data models, in particular for the LSDV estimator. Kiviet (1995) 

derivess an approximation formula for the bias of the LSDV estimator (2.20) in the normal 

stationaryy dynamic panel data model such that the approximation error has a magnitude 

whichh is of order 0(N~l) and of order 0(T~2) at the same time. In Kiviet (1999) this 

analysiss is extended and an approximation to the bias is produced which is not only 

accuratee to order 0{T~l) again, but now it is accurate to order 0{N~l) as well. These 

expressionss for the approximate bias are rather complicated, but here we shall show that 

theyy can be simplified considerably. In the simulations to follow we shall examine closely 

thee actual magnitude of the various contributions to the finite sample bias of terms of 

decreasingg orders with respect of both T and N. This will help to select an implementation 

off  a bias corrected LSDV estimator with attractive properties in finite samples. 

Thee estimation error of the LSDV estimator (2.20) can be expressed as 

SLSDVSLSDV - 6 = {W'AWy1 W'Ae, (2.22) 

whichh is depending on £ in a complicated, non-linear way. Note that the estimation error 

inn (2.22) is not depending on the vector of individual effects 77 as they are wiped out by 

thee within transformation A. 

Thee right-hand expression of (2.22) has two factors. First, we will consider the order of 

bothh W'AW and W'Ae and their expectations for which we need the stochastic structure 

off  the model as outlined in Section 2.2. As we assume stationarity it is clear that W' AW = 

OOpp(n).(n). In this chapter we restrict ourselves to strictly exogenous regressors, i.e. 0 = 0, 

andd we condition on y^o, i.e. UJ — 0. In this case we have (Kiviet, 1995, 1999) 

AWAW = AW + AW = AW + Uee\ , (2.23) 

wheree II = 1  ̂<S> n r with I1T = ATLTFT. We use in this chapter the shorthand notation 

eii  for e^f+ii, which has been defined in Section 2.2 as the K + 1 unit vector with its first 

elementt equal to one. This yields 

EE [W'AW] = Q-1 = W'AW +  <rjÉr(n/n)eie'1 - O(n), (2.24) 

andd it can be shown (Kiviet, 1995) that W'AW - Q~l = Op(n*). Also 

EE [W'Ae] = E [e'Ue] ex = a2
etr(Il)e l 

== a3
eNtr{UT)e1=0{N), (2.25) 
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because e 

"^--fe-T?T^)= 0(1)-- (226) 

Fromm (2.23) we also find 

Vax[WMe]]  = VailW'Ae + e'Uee  ̂ (2.27) 

-- a2W'AW + a*EN [tr  {U'TUT) + tr (UTnT)} exe\ = 0{n), 

hencee we conclude that W'Ae - E [W'Ae] = Op{n?), 

InIn order to evaluate the expected estimation error, we have to expand (2.22). We may 

expresss the first factor in (2.22) as follows 

W'AWW'AW = Q-' + W'AW-Q-1 

==  [I  + {W'AW-Q-X)Q]Q-X. (2.28) 

Notingg that W'AW = Op{n) and W'AW - Q~l = Op{n?) and using (2.21), we can write 

{W'AWy{W'AWy11 = Q[l+{W'AW-Q-l)QYl 

==  Q[I - {W'AW - Q-l)Q 

+(W'AW+(W'AW - Q-l)Q{W'AW - Q~l)Q - ...] 

== Q - Q(W'AW - Q~l)Q 

+Q(W'AW+Q(W'AW - Q-l)Q{W'AW - Q~l)Q 

+Op(n-i).. (2.29) 

Regardingg the second factor in (2.22) we write 

W'AeW'Ae = E [W'Ae] + W'Ae - E [W'Ae].  (2.30) 

Itt has been shown in Kiviet (1995, 1999) that combining (2.29) and (2.30) and taking 

expectationss gives 

== E Uw'AW)'1 W'AE] 

==  dCT-1) + c2{N-1T-ï) + c^N-'T-2) + 0(N-2T~2), (2.31) 

EE 6LSDV - <5 

where e 

ClCl{T-{T-11)) = QE[W'Ae} = 0{T-1) 

cc22{N-{N-11T-T-11)) = -QE[{W'AW-Q-1)Q{W'Ae~E[W'Ae])]=0(N-lT-1) 

cc33{N^T-{N^T-22)) = -QE [{{W'AW - Q-l)Qf] E [W'Ae] = 0(iV-1T" 2), 
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Att this point it is illuminating to consider an alternative approximation based on small 

sigmaa asymptotics. Using the shorthand notation 

and d 

FF = tr(U'n)qiq[  , f = tr(U'U)qlu 

itit  can be shown using similar derivations as in Kiviet and Phillips (1998) that 

QQ = (W'AW)-1 - (a2 - a\j + a\j2 - a\f + ...) F, (2.32) 

wheree ƒ = 0(1) and F = Ofn"1). In the large n = NT terminology of Section 2.3.1 all 

termss in (2.32) are of order 0{n~l). As Q enters the bias approximation (2.31) everywhere, 

thee large NT approximation will include terms in a2 of all orders. On the other hand, 

aa finite order small sigma approximation will delete terms that are not ignorable from a 

largee NT perspective. Like Kiviet and Phillips (1998) we conclude that a small sigma 

approximationn is inferior here. In fact, the situation is worse here because the small sigma 

approachh will neglect terms of order 0(T~X), which cause the inconsistency of LSDV in 

smalll  T, large N panels. 

Followingg the derivations as presented in Kiviet (1995, 1999), one obtains 

cifT-1)) - <J2Mn)qi (2.33) 

cc22{N-{N-xxT-T-xx)) - -QE[W'AWQW'Ae\ + QE[W'AE\ 

==  -a2
e[QW'UAW + tr(QW'UAW)IK+l 

+2^<7ntr(n'mi)/A :+1]g11 (2.34) 

c^N^T'c^N^T'22)) = QE[W'AWQW'AW]QE[W'AE]-QE[W'AE] 

==  <j;tr(n){2?1iQH''nirw^i + [{q[w'\m'wqx) 
+qntr(QW'UU'W)+qntr(QW'UU'W) + 2tr{U'Un'U)q2

11]q1}. (2.35) 

Inn Kiviet (1995) only the first two terms (2.33) and (2.34) have been taken into account, so 

thee approximation error is still 0{N~lT~2). The more general result with approximation 

errorr of order 0(N~2T~2) can already be found in Kiviet (1999) but here the expressions 

aree simpler due to removing factors W'AW by exploiting W'AW = Q~l - cr^r(II/II)eie'1. 

Notee that all components given above implicitly contain contributions which are in 

factt of smaller order than the order indicated. For example, upon exploiting the simple 

structuree of TT given in (2.15) we obtain for (2.33), see also (2.26), 

cl(7->)) - <#r(n)ft = -„J ( £ j - ¥̂ L_ + ¥0-?) qi, (2.36) 
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andd so, since q\ = 0(N~1T~1), Ci(T_1) also contains contributions of order 0(T~2) and 

smaller.. Note that such is fully in accordance with our definitions given above, i.e. 0(T_ 1) 

referss to "is at most of order J7"1" (but could even be smaller, or be a combination of 

termss of order T~l and smaller terms). The approximation to the LSDV bias established 

byy the first of the three components of (2.36), i.e. 

E{SLSDVE{SLSDV -6) = -<r%-^- + 0(T~2) + O^T-1), (2.37) 
1 -7 7 

iss an extremely simple one, which may work well for moderately large N and T, because 

thee "pure" 0(T~l) contribution to the bias has been separated here from 0(N~lT~l) and 

"pure""  0(T~2) contributions, together constituting a hybrid remainder term. 

InIn numerical calculations for relevant data generating processes we shall examine the 

biass approximation 

BfsDvBfsDv = - ° % ^ , (2.38) 

andd make comparisons with the approximations produced by 

3 3 

BfsovBfsov = Y, Ch>  f or 3 = 1.2,3, (2.39) 

wheree q, (h = 1,2,3) refers to the contributions to the bias given in (2.33), (2.34) and 

(2.35)) respectively. By assessing the true bias from Monte Carlo simulations we shall 

examinee the relative accuracy of the various approximations and examine the importance 

off  the inclusion of higher-order terms. 

2.3.33 Bias correction 

Itt is known from simulation studies that, despite its serious bias, the LSDV estimator 

hass a relatively small variance as compared with IV and GMM techniques. Therefore, on 

basiss of a mean squared error criterion, a reasonably efficient procedure may result when 

aa bias approximation is used to correct for the bias in the LSDV estimator. We shall 

examinee the LSDVc implementations 

tfsDVcAtfsDVcA = hsov - BgDVifc , j = 0,.., 3, (2.40) 

wheree any consistent preliminary estimators 6  ̂and &l h, obtained from estimation tech-

niquee h = AHLy GMM (as defined in the next section), can be used to estimate the 

correctionn term. 
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2.44 Asymptotic properties 

Inn this section we establish limiting distributions for the various estimators, either for 

NN —+ oo and T finite or vice versa. We will not consider the limiting behaviour of the 

estimatorss when both N and T go to infinity (see Alvarez and Arellano, 1998). Note that 

ann appropriate asymptotic variance for LSDVc estimators (2.40) has not been derived yet 

forr the case TV — oo and T finite. The last subsection is about the asymptotic distribution 

off  simple t-ratios for the various estimators. 

2.4.11 IV and GMM estimators 

Inn the simulations we will compare bias corrected LSDV estimators with some commonly 

usedused IV and GMM techniques. More in particular, we will consider estimators for the 

modell  in first differences (1.15), i.e. 

DyDy =  1Dy_1 + DXp + DE. (2.41) 

Ass outlined in Section 1.2.2 Anderson and Hsiao (1982) proposed two simple IV estimators 

forr the parameter vector 6, which make use of either Dy_2 or J*y_i as instrument for Dy_\. 

Inn this chapter we will analyse the second option only, i.e. using J*y~\ as instrument. 

Thenn estimation of (2.41) leads to the estimator 

WW = (Z'DWy'Z'Dy, (2.42) 

wheree Z = [J*y-i  : DX] and DW are N{T-l) x (K+1) matrices and Dy is a N{T-l)x 1 

vector. . 

Thee GMM estimator used in this chapter is that of Arellano and Bond (1991). In their 

simulationn study and empirical application they do not use all available overidentifying 

restrictionss concerning the exogenous variables. Their (T — 1) x {\T(T —\) + K) matrix 

ZuZu of instruments for individual i is as in (1.19). The moment conditions can be written 

convenientlyy as E[ZiDe] = 0 and the GMM estimator equals 

66GMMGMM = {W D' ZiV~l Z[DW)-lW' D' ZiV~l Z[Dy. (2.43) 

Thee estimator of V used in this chapter is V = jjZ[HZi,  which is equivalent with the 

one-stepp estimator2 of Arellano and Bond (1991). The N(T - 1) x N{T - 1) matrix 

HH = IN ® HT-I multiplied by the disturbance variance a\ is the variance matrix of 

2Thee estimator (2.43) is identical to the estimator labelled GMMnj in Section 1.3, but for ease of 

notationn here the subscript dif has been supressed. 



2.4.2.4. Asymptotic properties 37 7 

Ds,Ds, which is an MA(1) process under the assumption that E is white noise. The matrix 

HHTT-i-i  = DTD'T has twos on the main diagonal, minus ones on the first subdiagonals and 

zeross elsewhere. 

Underr standard regularity conditions, and upon defining 

Y,zwY,zw = Plim—Z'DW (2.44) 
JV-.oo-'V V 

ZZHZZZHZ = -TPlim—Z'Dee'DZ (2.45) 

ZZZtZtww = Plim— Z[DW (2.46) 

ZzZzlHZllHZl = -zplim—ZlDee'DZ,, (2.47) 

thee usual asymptotic reasoning yields the normal limiting distributions for the IV and 

GMMM estimators for fixed T, viz. 

VNVN [ÖAHL - 8)  ̂ M [0, a^^zHz^'zw)'1]  , (2-48) 

and d 

V ^^ (ÖGMM -S)^M [0, °i& ZlwX2HzPz,w)-1]  (2.49) 

Fromm the above, we obtain the asymptotic approximations 

SAHLSAHL ~ M[6, o\{Z'DWYlZ'HZ{W'DZyl\, (2.50) 

and d 

&GMM&GMM „"^[S,  ^{{DWyZiV^ZlDW)-1]  . (2.51) 

Consistentt estimators for a2., the variance of the disturbance term e, are given by 

^^ = N(T-Ui)A-h{K+iy  h =  AHL'GMM>  (2-52) 

where e 

ühüh = y~ W6k. (2.53) 

Notee that the numerator in (2.52) is the sum of squares of the group-demeaned (in order 

too account for the estimated individual effect coefficients) residuals, and the denominator 

containss a degrees of freedom correction for the N + K + 1 estimated coefficients. Obvi-

ously,, a2
eAHL and cr2

eGMM are semi-consistent, like 6AHL and 6GMM, for N —» oo and any 

T. T. 
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2.4.22 LSDV estimator 

Too obtain similar results for the LSDV estimator, where 

ll LSDVLSDV - b = {W'AW)~l W'Ae, (2.54) 

wee have to be a littl e bit more careful. We will obtain results for T — oo and N finite 

andd N — oo and T finite. We define both 

ZZWAWWAW = pMm^-W'AW, (2.55) 

forr T finite, and 

forr N finite. First consider 

TTWAWWAW = plim^W'AW, (2.56) 

pl\m(6pl\m(6LSLSDvDv - 6) = Tw
l
AWplim-W'Ae. 

Sincee it follows from (2.25) and (2.27) respectively that, for N finite, E  = 

OiT'OiT'11)) and Var [£ W4e] = 0{T~l), we have plim^WAe = 0. Hence, 
T—>oo o 

plimSplimS LSDV = 6, (2-57) 

i.e.. 6LSDV is consistent for T —  oo. 

Employingg an appropriate central limit theorem yields 

VfVf (ILSDV  [0, <&$ AW\ , (2-58) 
\\ / T—*oo 

leadingg to the asymptotic approximate distribution 

ILSDVILSDV ~ M [6, oiiW'AW)-1]  . (2.59) 

Also,, for 
-22 _ U'LSDVAÜLSDV (t) m . 
ffff'-'-LSDVLSDV~~ N(T-l)-(K + iy [  } 

w i t hh ULSDV = V - WÜLSDVI we find 

Pl i m a"£,L5WW = °\- (2- 6 1) 
T-+oc c 

Inn principle, of course, these large T approximations will be useful only when T is large 

relativee to N. 
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However,, for T finite and N —* oo the situation is much more complicated. It follows 

fromm (2.25) and (2.27) that E [jjW'Ae] = 0(1) and Var [£WMe] = OfiV" 1). Hence, 

usingg p l imi (W'Ae - E [W'Ae]) = 0, we find 

N—N—»oo »oo 

6*6* = plim(6 LSDV -S) = E^^p l im—W'Ae 

== E ^ p l i m l (W'Ae - E [W'Ae]) + ?$AW lim  [W'Ae] 

== -g'  (r~^  ~ T ( I ' -V ) s"̂ ei = Q(1)'  (2-62) 
whichh defines 6*  as the inconsistency (asymptotic bias) of LSDV for N —> oo and finite 

T,, earlier addressed in Nickell (1981) and Sevestre and Trognon (1996). 

Itt is interesting to examine whether, in addition to (2.58), the LSDV estimator has 

aa limiting distribution for N — oo and fixed T, and what the situation is for LSDVc 

estimatorss like (2.40). Prom (2.27) and (2.24) we obtain 

Varr [W'Ae] = a\Q  ̂ + <r\Ntr  (YlTTlT) e ^, (2.63) 

andd with (2.55) this yields 

-^== [W'Ae - E [W'Ae])  ̂ M [0, <%LWAW + <rttr(n TnT)exe\] . (2.64) 

Hence, , 

fe")fe") _1_1 (TNW>A£ ~ 7NE [W'A£]) (2-65) 
^ A ^ [ 0 ,, <T2

£^AW + aA
ttr{^TnT)Tl^AWele'lTlw\w]  , 

and,, using (2.54) and (2.62), we obtain from the above 

^N^N {èLSDV -5*-6) (2.66) 

^^ N [0, «rjE^V + ^M^T^T^^e.e'^Aw]

So,, we find that for N — oo and fixed T the estimator 6LSDV has a limiting distribution, 

butt it is not centered at 6. Note that this limiting distribution depends not only on a\ and 

 but via n^ also on 7. If  6* were known, the corrected LSDV estimator 6 LSDV — <5* 

wouldd provide a v^-consistent estimator of 6 with limiting distribution (2.66). Hence, 

evenn if  6* were known and could also be used to obtain a consistent estimator a2 for cr2, 
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thenn a2(W'AW)~l would not provide an adequate expression for the asymptotic variance. 

Thus,, for N —*  oo we find at least two striking differences with the T —  oo results: bias 

correctionn is indispensable for achieving consistency and the asymptotic variance of a 

consistentt estimator is non-standard. 

2.4.33 Corrected LSDV estimator 

Wee wil l now analyse the limiting behaviour of corrected LSDV estimators as proposed 

inn (2.40). From (2.31) it follows that as T —  oo and AT finite the limiting behaviour of 

correctedd LSDV estimators is equivalent to that of the ordinary LSDV estimator. Note 

thatt in this case the ordinary LSDV estimator can be used as a preliminary consistent 

estimatorr of 6 in the bias approximation. However, GMM is ruled out because it is 

inconsistentt for finite N. Hence, for T —» oo and N finite h = LSDV, AHL in (2.40) 

yieldss consistency. 

Forr T finite and N —> oo we have for the ordinary LSDV estimator the limiting result 

inn (2.66). In practice 6* of (2.62) is unknown, but we can estimate it. Employing a \/ÏV-

consistentt estimator 6h, for instance SAHL of (2.42) or 6QMM of (2.43) and corresponding 

^ , /nn y i e l d s 

KK = ~*l h (J^J- - T ( \~_^ )2) (^W'AW) '  ei> h = AHL^  GMM- (2-67) 
Wee shall examine now the asymptotic distributions of the LSDVc estimators 

66LLSDVc,hSDVc,h = hsov -K, h =  AHL' GMM- (2-68) 

Notee that this implementation corresponds to èLSDVch given in (2.40). The higher order 

implementationss with j > 1 have the same limiting distribution. To derive this limiting 

distributionn we use 

VNVN {öLSDVc,h -6)=y/N {SLSDV - Ö' - fi) - VN ( ^ - <5*) . (2.69) 

Thee first right-hand term has already been dealt with in (2.66) and in Appendix 2.A the 

limitin gg distribution of the second term is derived and also of their difference. Since the 

secondd term has a finite limiting distribution indeed, i.e. is Op( l ) , the asymptotic variance 

off  the corrected estimator with estimated 6* is found to be different from that where 6* 

iss known, which was already found to be non-standard itself. 

Inn Appendix 2.A we find 

VNVN (hsDVck - 6) - ^ N [0, nLsDVch] , h = AHL, GMM, (2.70) 
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whichh leads to 

hsDVc,hhsDVc,h ~ tf[ö,VLSDvc,h], h = AHL, GMM. (2.71) 

Forr h = AHL the expression for the asymptotic variance matrix has been derived and we 
find find 

VLSDVCAHLVLSDVCAHL = ffliW'AW)-1 

+a+a44
ssNtr(UNtr(UTTnnTT){W'AW)-){W'AW)-11ee11e'e'll(W(W,,AW)-AW)-1 1 

+a+a44
eeN{W'AW)-N{W'AW)-11W'AD'Z{W'D'Z)-W'AD'Z{W'D'Z)-11ee11d\ d\ 

+o+oAANdNdlle\{Z'DW)-e\{Z'DW)-yyZ'D'AW{W'AW)-Z'D'AW{W'AW)-1 1 

+a+a44
££{W/(T-l))d{W/(T-l))d22d'd'2 2 

+a+a66
££NN22e'e'11{Z'DW)-{Z'DW)-11Z'HZ(W'D'Z)~Z'HZ(W'D'Z)~11e-e-iidd11d[ d[ 

+cr+cr 66
££NN22tr(Utr(UTTr'r' TTL'L'TTJ^DJ^DTT)(W'AW)-)(W'AW)-11(W'D'Z)-(W'D'Z)-11ee11d'd'l l 

+c7+c766
££NN22tr(ïltr(ïl TTr'r' TTL'L'TTJ^DJ^DTT)d)dlle'e'll(Z'DW)-(Z'DW)-ïï{W'AW)-{W'AW)-11,, (2.72) 

where e 

[11 +T-T-1 o 1 --VT 1 

d22 = triUr^W'AWy^x. 

Thee expression in (2.72) can be used to estimate the asymptotic variance matrix of (2.71). 

Forr h = GMM we did not derive such an expression due to the complexity of the depen-

dencee of the matrix of instruments Z\ on e. 

Ann alternative way to obtain empirical estimates of VLSDV^K, which avoids the use of 

complicatedd analytical expressions as in (2.72), is to bootstrap the standard errors. Ex-

ploitingg the normality assumption, we may use a parametric bootstrap and the procedure 

forr resampling is then as follows: 

1.. Obtain the corrected LSDV estimators ^LSDV^H-, o\h a nd VLSDVC^ 

2.. For 6=1 , . . ., B generate a random sample e  ̂ ~ A/"[0, cr2
£hINT); 

3.. Calculate yW = iLSDVchV-l + XfiLSDVĉ h + SfjLSDVch + e  ̂ where y{*\  contains the 
originall  starting values; 

4.. Estimate the model with the resampled data to obtain the bootstrap LSDVc esti-
matorr oLSDV h. 
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Notee that the presence of y_ i necessitates to use a recursive resampling scheme. The 

limitingg distribution for the bootstrap estimator, conditional on 8LsDVc,h, is 

v ^^ ('6fSDVe h - hsDVck) -  ̂ M [0, QLSDVck], h = AHL, GMM. 

Thee variance of öLSDVch can be estimated from its empirical distribution by 

B B 

VVLLSDVc,hSDVc,h = p _ . /S^LSDVck ~ ÖLSDVc,h)Q>LSDVc,h ~ ^LSDVc,h)', (2.73) 

6=1 1 

withh 6LsDVc,h = -sY^^=i^LSDVch- Especially when N is large this variance estimator 
shouldd be appropriate and may replace the estimation by the analytical expression (2.72). 

2.4.44 t-ratios 

Thee asymptotic distributions presented above can be used to construct asymptotic t-ratio 

testss for the null hypotheses H0  6k - S°k for k = l,...,K + 1. The statistics can be 

expressedd as (j = 0,1,2, 3; h = AHL, GMM): 

\j£\j£ttAHi<AHi<  (Z'DWy1 Z'HZ (W'D'Z)-1 ek 

tGMM{OtGMM{Okk)) = , = = , {^.(D) 

^IcMM^iw'D'Z^ZlDWy^IcMM^iw'D'Z^ZlDWy ek 

ii  IÜÏ _ cO 
0)) ,rfK _ ek°LSDVc,h °k f 2 7 f i , 

ttLSDVc,h\LSDVc,h\CCk)k) — I ; ' l z- ' °J 

YY  e'kVLSDVc,h^k 

,'cW,'cW _ cO 
TT(j)(j)  ,,(K _ ek°LSDVc,h °k ( 2 7 7 ) 
11LSDVc,h\°k)LSDVc,h\°k) — i— ; ' \^-<') 

\l°lLSDvé\l°lLSDvékk{W>AW)-{W>AW)-lleek k 

^lLSDve'^lLSDve'kk(W'AWy(W'AWylleek k 

TT fffl\ ekoLspv - ok (l? 7Rv 

Becausee they have been appropriately normalised, the statistics tAHL{bk)i ^GMM(^k) a nd 

^LSDVC^LSDVC hi^l) w^l  aU converge to a standard normal distribution for N — oo under the null 

hypothesis.. For the tests T{
L

J^DVch{6°k), which combines the LSDVc coefficient estimator 

withh the ordinary LSDV variance, andTLSDv{^k) this is only the case when T approaches 

infinity . . 
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2.55 Simulation results 

Thee simulation design is basically the same as in Kiviet (1995), although slightly different 

valuess for some of the parameters have been chosen including cases with non-stationary 

regressors.. Data for y have been generated according to equation (2.1) with K — 1. The 

generatingg equation for the explanatory variable x is 

XitXit = pXi,t-i+tit  i = l,...,N;t = l,...,T, (2.79) 

wheree £it ~ JZA/"[0, <r|]. As already noted in the introduction the focus is on samples 

inn which both dimensions are relatively small. Therefore, the following three cases have 

beenn analysed: T = N = 10; T - 10, N = 20 and T = 20, AT = 10. Three values for 7 

(viz.. 0.8; 0.5; 0.2) and two for p (viz. 0.8; 1.0) are considered. Each experiment consists 

off  one thousand replications. The long-run effect p/(l - 7) o f i o ny has been set equal to 

unityy in all experiments. This implies that the impact multiplier (3 varies with the chosen 

valuess for 7. The variance of the disturbance term o\ is set at the value of one. So, for 

thee three chosen sample sizes we consider six different designs concerning 6 = (7,/?)', p 

andd cre. 

Appendixx 2.B gives a detailed description on how the remaining design parameters 

djjdjj  and <7£ have been determined. By varying an we control the relative impact on y of 

thee two error components r\ and e. The parameter cr  ̂ has been determined by controlling 

thee signal-to-noise ratio <r 2
s of the model. In Kiviet (1995) it has been shown that a 

properr comparison of simulation results over different parameter values requires to exercise 

controll  over some of the basic model characteristics such as the signal-to-noise ratio. 

Appendixx 2.B discusses also the modifications of the design required when the exogenous 

regressorr is non-stationary. In this case p is equal to one, which is a situation not examined 

inn Kiviet (1995). The signal-to-noise ratio u2
st is now varying with t. Hence, we have chosen 

too fix the signal in the experiments at the mean value of a2
1 over the sample, and then the 

parameterss <JV and o  ̂are determined as in the experiments with a stationary regressor x. 

Thee following estimators have been analysed: least squares dummy variables (LSDV), 

thee Anderson and Hsiao (1982) simple IV estimator (labelled AHL), the one-step GMM 

estimatorr of Arellano and Bond (1991) and the correction method of Kiviet (1995, 1999) 

basedd on either an initial GMM estimate (LSDVC,GMM) or AHL estimate (LSDVCAHL). In 

thee correction formula we have always included the approximation B^gDV, unless stated 

otherwise.. Note that only the uncorrected LSDV estimator relies on asymptotics requiring 

largee T. 

Inn the experiments the GMM estimator is calculated for three sets of instruments. 

Regardingg (1.19) one, five and eight lagged values of the dependent variable have been 
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taken,, which results in three different GMM estimators (labelled GMMa, GMMb and 

GMMcc respectively). The GMMc estimator has been used as the preliminary estimator 

inn the operational bias corrected estimator LSDVCGMM. 

Wee performed 1000 Monte Carlo replications. Results on the bias, variance and mean 

squaredd error of the various coefficient estimators are presented in Tables 2.1 and 2.2. 

Too get a quick impression of the general qualities of the estimators (and to save space) 

wee give here average outcomes over the three different 7 values only (for particular T 

andd N) but do report separate results for the stationary and non-stationary variable 

cases.. We observe the following patterns in the simulation results. First, the sign and 

magnitudee of the bias in estimating 7 and (3 is for LSDV and the GMM procedures more 

orr less comparable when both T and N are small. Second, the AHL estimator has almost 

negligiblee bias in estimating 7 and a rather small bias for /3, but it yields for both the 

largestt variance. Regarding 7 the large dispersion of the AHL estimator is confirmed by 

thee results in the second column of Tables 2.1 and 2.2, which show the high frequency 

off  estimates of 7 outside the unit circle. Third, the LSDV procedure has relatively small 

variancee as compared with GMM and AHL. Fourth, bias correction reduces the bias 

considerably.. Fifth, based on a mean squared error criterion the LSDVc procedures are 

neverr beaten by the other estimators. In addition, we note that the sensitivity with 

respectt to the preliminary estimator used in the bias approximation, i.e. GMM or AHL, 

iss only marginal. Also when the difference in accuracy of AHL and GMM is large, the 

extentt to which this is carried over to the accuracy of the bias corrected LSDV is minor. 

Finally,, we note for GMM that its variance (but not its bias) decreases with the number 

off  moment conditions employed. 

Inn Tables 2.3 and 2.4 we compare the contributions of the various terms in the bias 

approximationn for LSDV, calculated at the true parameter values, with the actual bias as 

estimatedd from the Monte Carlo for the stationary and non-stationary data respectively. 

Wee find that the magnitude of the bias depends much more on T than on N, and relatively 

littl ee on p, the pattern of the regressor variable. The negative bias in the estimator of 

77 is larger in absolute value when 7 is larger, and on the whole it is much more serious 

thann the bias in estimating (3. In relative terms the bias in estimating 7 is certainly 

seriouss when 7 is small. The decomposition of the bias approximation in terms of different 

orderss in T and N shows that the pure 0{T~X) approximation can be reasonably accurate 

whenn the bias is moderate but otherwise it may yield a considerable overstatement of the 

actuall  bias. Leaving into the approximation the contributions which are 0(T~2), but 

whichh are still O(N0) at the same time, is often profitable, but not always so. The 

contributionss to the bias which are 0(N~1T~1) and 0{N~^T~2) are found to be of very 
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Tablee 2.1: Bias, standard deviation and root mean-squared error of estimators for 7 and 

00 in case of stationary y and x 

## Bias 7 Bias f3 Std 7 Std 0 Rmse 7 Rmse 0 

NN = 10, T = 20 

LSDV LSDV 

LSDVC,GMM LSDVC,GMM 

LSDVC,AHL LSDVC,AHL 

AHL AHL 

GMMa GMMa 

GMMb GMMb 

GMMc GMMc 

0 0 

0 0 

0 0 

37 7 

4 4 

0 0 

0 0 

-0.074 4 

-0.016 6 

-0.009 9 

-0.006 6 

-0.079 9 

-0.116 6 

-0.109 9 

0.013 3 

-0.014 4 

-0.012 2 

-0.009 9 

0.022 2 

0.073 3 

0.054 4 

0.057 7 

0.060 0 

0.061 1 

0.133 3 

0.116 6 

0.078 8 

0.069 9 

0.084 4 

0.081 1 

0.083 3 

0.151 1 

0.143 3 

0.122 2 

0.108 8 

0.095 5 

0.063 3 

0.062 2 

0.133 3 

0.141 1 

0.140 0 

0.130 0 

0.086 6 

0.082 2 

0.084 4 

0.152 2 

0.145 5 

0.145 5 

0.123 3 

ATT = 10, T = 10 

LSDV LSDV 

LSDVC,GMM LSDVC,GMM 

LSDVC,XHJ. LSDVC,XHJ. 

AHL AHL 

GMMa GMMa 

GMMb GMMb 

GMMc GMMc 

0 0 

0 0 

0 0 

77 7 

19 9 

1 1 

0 0 

-0.149 9 

-0.043 3 

-0.024 4 

0.002 2 

-0.098 8 

-0.166 6 

-0.165 5 

0.026 6 

-0.011 1 

-0.010 0 

-0.016 6 

0.010 0 

0.038 8 

0.039 9 

0.088 8 

0.096 6 

0.099 9 

0.242 2 

0.187 7 

0.132 2 

0.121 1 

0.149 9 

0.144 4 

0.147 7 

0.215 5 

0.201 1 

0.184 4 

0.177 7 

0.175 5 

0.108 8 

0.104 4 

0.242 2 

0.213 3 

0.214 4 

0.206 6 

0.153 3 

0.144 4 

0.147 7 

0.215 5 

0.202 2 

0.190 0 

0.183 3 

NN = 20, T = 10 

LSDV LSDV 

LSDVC,GMM LSDVC,GMM 

LSDVC,\HL LSDVC,\HL 

AHL AHL 

GMMa GMMa 

GMMb GMMb 

GMMc GMMc 

0 0 

0 0 

0 0 

49 9 

15 5 

0 0 

0 0 

-0.144 4 

-0.037 7 

-0.020 0 

-0.006 6 

-0.059 9 

-0.111 1 

-0.115 5 

0.031 1 

-0.009 9 

-0.010 0 

-0.004 4 

0.008 8 

0.026 6 

0.023 3 

0.062 2 

0.069 9 

0.070 0 

0.151 1 

0.135 5 

0.101 1 

0.095 5 

0.099 9 

0.096 6 

0.098 8 

0.158 8 

0.153 3 

0.140 0 

0.134 4 

0.158 8 

0.080 0 

0.074 4 

0.152 2 

0.148 8 

0.151 1 

0.150 0 

0.106 6 

0.096 6 

0.099 9 

0.158 8 

0.153 3 

0.144 4 

0.137 7 

Figuress are averages over three experiments, i.e. 7 = {0-8, 0.5,0.2} 

## is number of cases where the estimate of 7 is equal or larger than 1 in absolute value 
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Tablee 2.2: Bias, standard deviation and root mean-squared error of estimators for 7 and 

j3j3 in case of non-stationary y and x 

LSDV LSDV 

LSDVcr.nii LSDVcr.nii 

LSDVC,MU. LSDVC,MU. 

AHL AHL 

GMMa GMMa 

GMMb GMMb 

GMMc GMMc 

LSDV LSDV 

LSDVC,C,MM LSDVC,C,MM 

LSDVC,MU. LSDVC,MU. 

AHL AHL 

GMMa GMMa 

GMMb GMMb 

GMMc GMMc 

LSDV LSDV 

LSDVCX.MM LSDVCX.MM 

LSDVLSDV CAM 

AHL AHL 

GMMa GMMa 

GMMb GMMb 

GMMc GMMc 

# # 

0 0 

0 0 

0 0 

36 6 

3 3 

0 0 

0 0 

0 0 

0 0 

0 0 

143 3 

17 7 

0 0 

0 0 

0 0 

0 0 

0 0 

82 2 

14 4 

0 0 

0 0 

Biass -) 

-0.082 2 

-0.012 2 

-0.004 4 

-0.003 3 

-0.095 5 

-0.150 0 

-0.131 1 

-0.154 4 

-0.041 1 

-0.025 5 

0.009 9 

-0.170 0 

-0.213 3 

-0.191 1 

-0.145 5 

-0.033 3 

-0.014 4 

0.004 4 

-0.118 8 

-0.166 6 

-0.153 3 

BiasBias P 

NN = 10. 

0.045 5 

0.003 3 

0.000 0 

0.001 1 

0.007 7 

0.019 9 

0.037 7 

NN = 10, 

0.090 0 

0.021 1 

0.026 6 

0.008 8 

-0.012 2 

0.022 2 

0.045 5 

JVV = 20 

0.091 1 

0.024 4 

0.020 0 

0.001 1 

-0.OO6 6 

0.012 2 

0.028 8 

Std-y Std-y 

TT = 20 

0.061 1 

0.065 5 

0.065 5 

0.152 2 

0.131 1 

0.095 5 

0.079 9 

T=T= 10 

0.089 9 

0.099 9 

0.105 5 

0.838 8 

0.245 5 

0.149 9 

0.132 2 

T=T= 10 

0.062 2 

0.068 8 

0.072 2 

0.299 9 

0.195 5 

0.130 0 

0.116 6 

Std(3 Std(3 

0.164 4 

0.153 3 

0.159 9 

0.323 3 

0.313 3 

0.280 0 

0.230 0 

0.200 0 

0.191 1 

0.205 5 

0.455 5 

0.297 7 

0.268 8 

0.256 6 

0.142 2 

0.135 5 

0.140 0 

0.230 0 

0.218 8 

0.204 4 

0.196 6 

RmseRmse 7 

0.103 3 

0.066 6 

0.066 6 

0.152 2 

0.162 2 

0.178 8 

0.153 3 

0.180 0 

0.109 9 

0.110 0 

0.839 9 

0.298 8 

0.260 0 

0.233 3 

0.159 9 

0.078 8 

0.075 5 

0.299 9 

0.228 8 

0.211 1 

0.193 3 

RmseRmse 0 

0.171 1 

0.154 4 

0.159 9 

0.323 3 

0.313 3 

0.282 2 

0.235 5 

0.220 0 

0.193 3 

0.207 7 

0.455 5 

0.297 7 

0.270 0 

0.261 1 

0.169 9 

0.137 7 

0.142 2 

0.230 0 

0.218 8 

0.205 5 

0.199 9 

Figuress arc averages over three experiments, i.e. 7 — {0.8,0.5,0.2} 

## is number of casra when: the estimate of 7 is equal or larger than 1 in absolute value 
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Tablee 2.3: LSDV bias for stationary y and x 

BiasBias 7 Bias 0 Bias 7 Bias j3 Bias 7 Bias (3 

NN = 10, T = 20 AT = 10, T = 10 N = 20, T = 10 

total total 
o<0> > 

DDLSDV LSDV 
aaLSDV LSDV 
o(2) ) 
DDLSDV LSDV 
R ( 3) ) 

-0.115 5 

-0.134 4 

-0.101 1 

-0.108 8 

-0.113 3 

0.001 1 

0.028 8 

0.021 1 

0.024 4 

0.025 5 

77 = 0.8, 

-0.232 2 

-0.388 8 

-0.215 5 

-0.218 8 

-0.232 2 

pp = 0.8 

0.005 5 

0.032 2 

0.018 8 

0.020 0 

0.021 1 

-0.224 4 

-0.387 7 

-0.214 4 

-0.216 6 

-0.224 4 

0.015 5 

0.047 7 

0.026 6 

0.027 7 

0.028 8 

77 = 0.5, p = 0.8 

total total 
B (0) ) 
DDLSDV LSDV 
BB(1) (1) 

nnLSDV LSDV D(2) ) 
DDLSDV LSDV 
D(3) ) 

-0.062 2 

-0.055 5 

-0.050 0 

-0.055 5 

-0.056 6 

0.023 3 

0.031 1 

0.028 8 

0.032 2 

0.032 2 

-0.126 6 

-0.136 6 

-0.109 9 

-0.115 5 

-0.120 0 

0.039 9 

0.054 4 

0.043 3 

0.048 8 

0.050 0 

-0.123 3 

-0.138 8 

-0.111 1 

-0.114 4 

-0.116 6 

0.043 3 

0.063 3 

0.050 0 

0.052 2 

0.053 3 

77 = 0.2, p = 0.8 

total total 
o(0) ) 
°LSDV °LSDV 
R<1) ) DDLSDV LSDV 
o(2) ) nnLSDV LSDV 
o(3) ) ÖLSDV V 

-0.046 6 

-0.037 7 

-0.035 5 

-0.039 9 

-0.039 9 

0.014 4 

0.026 6 

0.025 5 

0.027 7 

0.028 8 

-0.088 8 

-0.084 4 

-0.073 3 

-0.079 9 

-0.080 0 

0.035 5 

0.049 9 

0.043 3 

0.047 7 

0.048 8 

-0.085 5 

-0.085 5 

-0.074 4 

-0.077 7 

-0.078 8 

0.034 4 

0.052 2 

0.046 6 

0.048 8 

0.048 8 

BLSDV>> i= 0 ' "> a. i s Sivnu in (2.38) mid (2.39) 
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Tablee 2.4: LSDV bias for non-stationary y and x 

BiasBias 7 Bias 0 Bias 7 Bias 0 Bias 7 Bias j3 

NN = 10, T = 20 JV = 10, T = 10 N = 20, T = 10 

77 = 0.8, p= 1.0 

-0.114 4 

-0.137 7 

-0.103 3 

-0.111 1 

-0.116 6 

0.044 4 

0.066 6 

0.050 0 

0.054 4 

0.056 6 

-0.229 9 

-0.386 6 

-0.214 4 

-0.219 9 

-0.233 3 

0.104 4 

0.185 5 

0.102 2 

0.105 5 

0.111 1 

-0.214 4 

-0.384 4 

-0.213 3 

-0.215 5 

-0.223 3 

0.109 9 

0.168 8 

0.093 3 

0.095 5 

0.097 7 

7 - 0 . 5,, p= 1.0 

-0.075 5 

-0.075 5 

-0.068 8 

-0.075 5 

-0.077 7 

0.048 8 

0.053 3 

0.047 7 

0.052 2 

0.053 3 

-0.135 5 

-0.154 4 

-0.123 3 

-0.131 1 

-0.135 5 

0.090 0 

0.109 9 

0.087 7 

0.093 3 

0.096 6 

-0.127 7 

-0.159 9 

-0.127 7 

-0.131 1 

-0.134 4 

0.090 0 

0.105 5 

0.084 4 

0.087 7 

0.089 9 

7 - 0 . 2,, p= 1.0 

-0.056 6 

-0.055 5 

-0.051 1 

-0.056 6 

-0.057 7 

0.042 2 

0.044 4 

0.041 1 

0.045 5 

0.046 6 

-0.098 8 

-0.102 2 

-0.089 9 

-0.095 5 

-0.097 7 

0.074 4 

0.083 3 

0.072 2 

0.078 8 

0.080 0 

-0.095 5 

-0.105 5 

-0.092 2 

-0.095 5 

-0.097 7 

0.075 5 

0.080 0 

0.070 0 

0.073 3 

0.074 4 

total total 

B B 

B B 

B B 

B B 

(0) ) 
LSDV LSDV 
(1) ) 
LSDV LSDV 
(2) ) 
LSDV LSDV 
(3) ) 
LSDV LSDV 

total total 

B B 

B B 

B B 

B B 

(0) ) 
LSDV LSDV 
(1) ) 
LSDV LSDV 
(2) ) 
LSDV LSDV 
(3) ) 
LSDV LSDV 

total total 

B B 

B B 

B B 

B B 

(0) ) 
LSDV LSDV 
(1) ) 
LSDV LSDV 
(2) ) 
LSDV LSDV 
(3) ) 
LSDV LSDV 
U)U)
LSDV'LSDV' J 

i=0,. . . ,3,, is given in (2.38) and (2.39) 
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Tablee 2.5: Bias of coefficient estimators and estimators of standard errors (7 

pp = 0.8) 

BiasBias of : 

LSDV LSDV 

LSDVc,v.wu LSDVc,v.wu 

LSDVc,\\u. LSDVc,\\u. 

AHL AHL 

GMMa GMMa 

GMMb GMMb 

GMMc GMMc 

LSDV LSDV 

LSDVc.cc MM 

LSDVC,MI\. LSDVC,MI\. 

AHL AHL 

GMMa GMMa 

GMMb GMMb 

GMMc GMMc 

LSDV LSDV 

LSDVcLSDVcffQQ MM 

LSDD Vc, AHL 

AHL AHL 

GMMa GMMa 

GMMb GMMb 

GMMc GMMc 

1 1 

-0.062 2 

-0.012 2 

-0.006 6 

-0.008 8 

-0.071 1 

-0.106 6 

-0.098 8 

-0.126 6 

-0.028 8 

-0.006 6 

-0.001 1 

-0.084 4 

-0.145 5 

-0.144 4 

-0.123 3 

-0.025 5 

-0.010 0 

-0.009 9 

-0.054 4 

-0.097 7 

-0.100 0 

0 0 

0.023 3 

-0.006 6 

-0.008 8 

-0.007 7 

0.025 5 

0.078 8 

0.062 2 

0.039 9 

-0.005 5 

-0.006 6 

-0.013 3 

0.016 6 

0.051 1 

0.052 2 

0.043 3 

-0.003 3 

-0.007 7 

-0.004 4 

0.011 1 

0.036 6 

0.034 4 

<re e 

N N 

-2.5 5 

-2.3 3 

-2.2 2 

0.6 6 

-1.0 0 

-2.0 0 

-2.3 3 

N N 

-5.9 9 

-5.1 1 

-4.6 6 

0.7 7 

-3.8 8 

-5.7 7 

-5.9 9 

N N 

-6.1 1 

-5.3 3 

-5.1 1 

-1.5 5 

-4.8 8 

-6.0 0 

-6.2 2 

Sidd 7 

== 10,T = 

-8.0 0 

-11.1 1 

-12.0 0 

0.7 7 

1.5 5 

-3.5 5 

-6.0 0 

== 10, T = 

-9.1 1 

-15.4/NA/ / 

-19.5/4.4/--

-1.0 0 

-3.6 6 

-13.0 0 

-14.3 3 

==  20, T = 

-8.3 3 

-15.7/NA/ / 

20 0 

10 0 

-5.6 6 

5.8 8 

10 0 

-5.0 0 

-18.7/3.5/-3.0 0 

-0.4 4 

-2.1 1 

-7.9 9 

-7.8 8 

StdStd 0 

-3.4 4 

-3.0 0 

-2.6 6 

0.6 6 

1.2 2 

2.7 7 

-1.7 7 

-10.0 0 

-8.5/NA/-7.2 2 

-8.3/-6.0/-6.8 8 

2.9 9 

1.8 8 

-1.3 3 

-3.6 6 

-9.6 6 

-8.7/NA/-5.8 8 

-8.3/-5.1/-5.4 4 

-1.3 3 

-3.1 1 

-3.2 2 

-4.1 1 

Thee bias in estimators of asymptotic standard errors is in percentage of the true value 

Multiplee /  /  figures are based on (2.59), (2.72) and (2.73) respectively 
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Tab lee 2.6: Es t ima ted ac tual size of nominal 5% one- and two-sided t tes ts (7 = 0.5 and 

pp = 0.8) 

## 1 : 

LSDV LSDV 

LSDVc.csw LSDVc.csw 

LSDVcsuv LSDVcsuv 

AHL AHL 

GMMa GMMa 

GMMb GMMb 

GMMc GMMc 

7 > 7° ° 

1 1 

4 4 

6 6 

3 3 

1 1 

0 0 

0 0 

77 <7° 

31 1 

10 0 

9 9 

6 6 

16 6 

42 2 

45 5 

7 ^ 7° ° 

NN = 10, 

23 3 

8 8 

8 8 

5 5 

9 9 

30 0 

34 4 

N=N= 10, 

T T 

T T 

0>P° 0>P° 

== 20 

11 1 

4 4 

4 4 

4 4 

8 8 

23 3 

21 1 

== 10 

P P <0° <0° 

3 3 

7 7 

7 7 

5 5 

2 2 

0 0 

1 1 

/M/3° ° 

8 8 

7 7 

6 6 

5 5 

6 6 

15 5 

14 4 

LSDVLSDV 0 47 35 13 3 10 

LSZ?VC,GMMM 4/NA/3 13/NA/ll 10/NA/7 7/NA/7 8/NA/8 8/NA/8 

L5£»Vrc,.\\ in. 8/1/5 9/7/7 11/4/7 7/6/7 8/7/8 7/7/8 

AHLAHL 2 6 4 4 4 4 

GMMaGMMa 1 13 9 7 3 4 

GMMbGMMb 0 35 25 11 2 8 

GA/A/cc 0 41 30 12 3 9 

NN = 20, T = 10 

L S WW 0 69 59 19 2 13 

LSDVC,WMLSDVC,WM 4/NA/3 14/NA/ll 13/NA/8 6/NA/6 8/NA/7 7/NA/7 

LSDVC,MU.LSDVC,MU. 7/2/3 12/8/8 12/4/6 6/6/6 8/8/7 7/6/8 

AHLAHL 2 7 4 5 6 5 

GMMaGMMa 1 15 8 6 4 6 

GMMbGMMb 1 30 21 12 2 7 

GMM cc 0 34 23 11 3 7 

Multiplee /  /  figures arc based uu (2.59), (2.72) ami (2.73) respectively 
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limitedd actual magnitude, so one could decide to omit them from implementations of the 

LSDVcc procedure. 

Wee return now to results for the various estimation procedures and focus on variance 

estimates.. In Table 2.5 results are presented for the case 7 = 0.5 and p = 0.8. For 

reference,, the first two columns give the bias of coefficient estimators in estimating 7 and 

PP for this specific experiment. Naturally, some of the results concerning the coefficient es-

timatorss will carry over to the findings for the disturbance variance estimators. The table 

presentss the estimated bias in the estimators of <r e as percentage of the true disturbance 

standardd error, which is one in all experiments. Regarding this bias we find first of all 

thatt the magnitude of the bias of the LSDV and GMM estimators is more or less equal 

andd always negative. Second, the bias in the AHL estimator is often positive. Third, 

biass problems seem to be less severe for larger T. In this table the bias in estimating the 

standardd deviation of the various coefficient estimators is also presented as percentage of 

thee true standard deviation as estimated from the Monte Carlo. In many cases these rela-

tivee biases of the coefficient standard deviation are worse than the bias of the disturbance 

variancee (which is one of their determinants, of course). For LSDVc,GMM and LSDVc,AHL 

wee present different variance estimators. The conventional large T expression of (2.59) is 

alwayss reported. In addition, when T < N also the "analytic" (only in case of LSDVc,AHL) 

andd the bootstrap variance estimators as in (2.72) and (2.73) are presented. Especially for 

77 these alternative estimators seem more accurate than the standard expression. Similar 

resultss are obtained when allowing for a non-stationary regressor, i.e. p = 1.0. However, 

resultss not reported here show that for larger 7, i.e. 7 = 0.8, the "analytic" variance 

estimatorr breaks down, while the bootstrap estimator is still relatively accurate. 

Wee shall examine now what the implications are of the results on coefficient bias and 

biass in standard errors for the accuracy in small samples of the usual statistical inference 

ass produced by t statistics. Table 2.6 shows that relying on asymptotic theory in small 

sampless of the type analysed here can be quite misleading as the empirical distribution of 

thee t statistics can differ substantially from the asymptotic standard Normal. The actual 

sizee for testing /? is in many cases still reasonably close to the nominal size. For testing 

77 all the techniques show substantial distortions. For AHL underrejection is more of a 

problemm than overrejection. LSDV (understandably) but GMM too show huge distortions. 

Thee LSDVc results are generally much less extreme, but not really satisfactory. The 

differencess in performance of LSDVc implementations when using alternative variance 

estimatorss seem to be marginal. 

Summarising,, regarding the AHL estimator we find littl e bias, relatively good perfor-

mancee of t tests, but also large dispersion and RMSE. Compared with AHL we find for 
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GMMM relatively small RMSE, but larger, bias and substantial size distortions of t tests. 

Finally,, for bias corrected LSDV we find moderate bias and size distortions. Based on a 

RMSEE criterion this estimation method is never beaten by the other estimators analysed 

inn the simulations. 

2.66 Dynamic externalit ies and local economic devel-

opmentt in Morocco 

2.6.11 Introductio n 

Inn this section the performance of the various estimators will be examined in an empirical 

application.. We analyse the determinants driving local economic development in six 

majorr Moroccan urban areas. The existence of cities or urban areas is often explained by 

localisationn and urbanisation economies, which arise as a result of a higher degree of both 

concentrationn and differentiation of economic activities. Localisation economies emerge 

whenn similar firms cluster, while in case of urbanisation economies it is the diversity of the 

industriall  structure that matters. For example, localisation economies provide firms with 

betterr access to natural resources and lower transport costs, while urbanisation economies 

enhancee diversity of products and firms and increase market size. 

Whilee localisation and urbanisation economies describe the existing industrial struc-

turee of a region, they do not necessarily explain the pattern of economic development 

throughh time. Growth theory (Romer, 1986) emphasises the role of knowledge spillovers 

ass an important source for technological change and hence economic growth. As close 

proximityy of firms facilitates the transmission of ideas and innovations between firms, 

knowledgee spillovers are most likely to occur in urban areas. The agglomeration economies 

arisingg from knowledge spillovers are called dynamic externalities. In contrast with tra-

ditionall  localisation and urbanisation economies, dynamic externalities explain both the 

formationn of urban areas and local economic growth. 

Inn the literature on dynamic externalities three main theories are distinguished. All 

thesee theories agree that knowledge spillovers are important, but they differ regarding 

theirr origins. First, Marshall-Arrow-Romer (MAR) externalities arise from intra industry 

knowledgee spillovers, see for example Glaeser et al. (1992). MAR externalities imply that 

ann increase in the concentration of firms of the same industry within a region facilitates 

knowledgee spillovers, which in turn increases productivity. In other words, specialisation 

off  firms within a region will have positive effects on local economic development. Another 

featuree of MAR externalities is that local monopoly rather than competition is better 
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forr growth. Second, contrary to MAR externalities, so called Jacobs (1969) externalities 

arisee from inter industry knowledge spillovers or, in other words, diversity among firms 

iss beneficial. Third, Porter (1990) externalities agree with MAR theory that a higher 

concentrationn of similar firms in a region facilitates knowledge spillovers. In contrast to 

MAR,, however, Porter argues that a higher degree of local competition induces firms to 

innovatee in order to remain competitive. In the view of Porter, which is supported also 

byy Jacobs, competition is good for economic growth contrary to the prediction of MAR. 

Inn Bun and El Makhloufi (2001) an attempt has been made to distinguish which type 

off  externality, if any, is predominant for economic development in some major urban areas 

inn Morocco. As the empirical literature on dynamic externalities has focused exclusively 

onn industrialised countries like the United States or European countries, this is a first 

attemptt to quantify these theories for a developing country. It establishes significant 

MARR externalities, but provides mixed evidence on Jacobs and Porter effects. 

Ann important question not addressed by Bun and El Makhloufi is to what extent the 

influencee of dynamic externalities on local economic development differs between manu-

facturingg sectors. Glaeser et al. (1992) report estimation results on several subsamples 

off  industries to check the robustness of their overall results. Henderson et al. (1995) ar-

guee that for large mature industrial sectors MAR externalities should be dominant, while 

forr new industries also Jacobs externalities matter. Moreover, the degree of persistence 

inn economic activity should be higher for large traditional industries as compared with 

smallerr newer industries. Here, we will examine these features by assessing the degree of 

parameterr heterogeneity between industries, i.e. separate regressions will be estimated 

forr five main one-digit sectors available in the data. As these subsamples naturally have 

feww observations in both the time and cross-sectional dimensions, the simulations in the 

previouss section will be informative about the anomalous differences between estimates 

producedd by the various techniques. 

2.6.22 Data 

Thee available data contain annual time series on several characteristics including gross 

valuee added, employment, wages and number of establishments. The period covered is 

1985-19955 and the data are collected for eighteen two-digit manufacturing sectors and six 

largee urban areas in Morocco3. 

Inn order to establish in an econometric analysis the importance of dynamic externalities 

3Thee data are obtained from the "Ministère de 1'Industrie, du Commerce et de 1'Artisanat" of Morocco. 
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forr local economic activity the various types of externalities have to be quantified. The 

dataa include three indicators, which aim to measure these externalities. Data about 

sectorss s = l,...,S and regions r = l,...,R (with S — 18 and R = 6) are available, so 

eachh cross-sectional unit i has a unique combination of 5 and r. We can identify each 

cross-sectionall  unit i — 1, ...,SR uniquely with i = (r — 1)5 4- s. Denote with empSTi 

employmentt of industry s in region r at t ime period t. Furthermore, define empst, emprt 

andd empt as employment at time t in sector s, region r or the whole country respectively. 

Usingg the notation introduced above the definition of concentration or specialisation 

becomes s 

== emp„ t/emprl 
empst/empt empst/empt 

Thiss ratio measures the fraction of employment in sector s located in region r relative to 

thee fraction of total employment in sector s of total employment in the country. Therefore, 

highh levels for spït indicate that production of sector s is relatively concentrated in region 

r. . 

Thee measure for diversity is 

dvdvitit = ^ 
empkrt empkrt 

_emp_emprtrt -empkri 

(2.81) ) 

Thee ratio in this indicator is employment in sector A; in region r relative to the total other 

manufacturingg employment in region r. If this ratio is low for the majority of the sectors 

thenn there are many diversified activities in the region. Hence, a low level of dvlt implies 

aa high degree of diversity. 

Thee competition indicator is defined as 

ne„/emp» ne„/emp» 

nenestst/emp/empst st 

wheree nesrt are the number of establishments of industry s in region r. If the number of 

establishmentss per worker for industry s and region r is relatively high to that of industry 

ss in the whole country, then firms of sector s in that particular region are assumed to be 

relativelyy competitive. 

Thee specialisation and competition indicators given above are similar to those used 

inn Glaeser et al. (1992). The diversity indicator is similar to the so-called Hirschman-

Herfindahll  index, which has been used also in Henderson et al. (1995) and other studies. 

Otherr explanatory variables measuring local market conditions are total regional manu-
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facturingg production {trp), which reflects market size4, and real unit wage costs (wcap). 

Finally,, following De Lucio et al. (1998) real value added (va) will be used as a proxy for 

economicc activity. 

2.6.33 Estimation results 

Becausee of the time series aspect of the data, a general dynamic specification has been 

estimatedd including as many lagged explanatory variables as seem required, including the 

one-periodd lagged value of the dependent variable. To account for unobserved heterogene-

ity,, e.g. local resources or the institutional, cultural and political environment, individual 

specificc effects have been included. The estimated specification is 

Inn van = 7 In va^-i + P'xit + ^ + eit, (2.83) 

with h 

xxitit = (In trpit, In trpitt_u In wcapit, In wcapi>t-i, splt, spi>t_u dvitt dvitt-i, cplt, cpitt-i)'-

Completee data are available over the years 1985-1995 for 95 cross-sectional units. Bun 

andd El Makhloufi (2001) report estimation results of (2.83) for the full sample. In that 

study,, a significant positive net effect for the specialisation indicator has been found, while 

thee net effects of the diversity and competition indicators are negative. These results are 

inn line with MAR theory, but mixed on Jacobs and Porter externalities as the latter should 

implyy positive effects of competition. An interesting question is whether these results hold 

forr all sectors analysed. In other words, do the pooled estimates for the full sample blur 

sectorsector specific differences? 

Wee address this issue by dividing the full sample into five subsamples corresponding 

too the five one-digit manufacturing sectors and estimating specification (2.83) sector by 

sector.. These sectors are food and agricultural products, textile and leather, chemical 

andd allied products, metal and machinery, and electric and electronic manufacturing. 

Thee first three sectors are considerably larger than the latter two sectors. The cross-

sectionall  dimensions of the subsamples are N = {18,18,29,20,10}  5, while T = 11 in all 

cases.. Two observations are lost in constructing the AHL and GMM estimators and the 

numberr of regressors in (2.83) is K = 11. 

44ToTo check the robustness of our results we have experimented with other measures, e.g. total regional 

populationn and total regional manufacturing employment. The estimation results of these specifications 

aree similar to those presented here. 
55 For example, regarding the one-digit sector food and agricultural products we have N — 18 because 

dataa are available for three two-digit subsectors and six regions. 
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Tablee 2.7: Estimation results of specification (2.83) for chemical and allied products 

(T= l l ,, N=29) 

lnvait-i lnvait-i 

Inn trptt 

lntrplntrpltlt__l l 

Inn wcaplt 

Inn wcapi^-

spit spit 

ssPi,t-i Pi,t-i 

dva dva 

dvdvlttltt-i -i 

cpu cpu 

CPi,t-l CPi,t-l 

LSDV LSDV 

0.29 9 

(0.05) ) 

0.53 3 

(0.19) ) 

-0.05 5 

(0.18) ) 

0.75 5 

(0.07) ) 

ii  -0.15 

(0.08) ) 

0.60 0 

(0.09) ) 

-0.12 2 

(0.09) ) 

0.06 6 

(0.13) ) 

-0.24 4 

(0.15) ) 

-0.15 5 

(0.02) ) 

0.06 6 

(0.02) ) 

ISDVc.c:: MM 

0.44 4 

(0.06) ) 

0.42 2 

(0.16) ) 

-0.05 5 

(0.16) ) 

0.64 4 

(0.06) ) 

-0.16 6 

(0.07) ) 

0.52 2 

(0.08) ) 

-0.11 1 

(0.07) ) 

0.03 3 

(0.12) ) 

-0.23 3 

(0.12) ) 

-0.13 3 

(0.02) ) 

0.06 6 

(0.02) ) 

LSDD Vc, A in. 

0.52 2 

(0.08) ) 

0.31 1 

(0.19) ) 

-0.06 6 

(0.17) ) 

0.58 8 

(0.06) ) 

-0.18 8 

(0.07) ) 

0.49 9 

(0.08) ) 

-0.10 0 

(0.08) ) 

0.00 0 

(0.13) ) 

-0.25 5 

(0.13) ) 

-0.11 1 

(0.02) ) 

0.07 7 

(0.02) ) 

AHL AHL 

0.72 2 

(0.37) ) 

0.41 1 

(0.30) ) 

-0.18 8 

(0.33) ) 

0.77 7 

(0.11) ) 

-0.42 2 

(0.27) ) 

0.46 6 

(0.12) ) 

-0.44 4 

(0.23) ) 

0.46 6 

(0.22) ) 

-0.40 0 

(0.22) ) 

-0.17 7 

(0.03) ) 

0.08 8 

(0.06) ) 

GMMa GMMa 

0.44 4 

(0.17) ) 

0.26 6 

(0.24) ) 

0.02 2 

(0.24) ) 

0.74 4 

(0.09) ) 

-0.21 1 

(0.14) ) 

0.48 8 

(0.11) ) 

-0.29 9 

(0.14) ) 

0.40 0 

(0.19) ) 

-0.35 5 

(0.19) ) 

-0.16 6 

(0.03) ) 

0.04 4 

(0.04) ) 

GMMb GMMb 

0.29 9 

(0.10) ) 

0.34 4 

(0.23) ) 

0.10 0 

(0.23) ) 

0.73 3 

(0.09) ) 

-0.18 8 

(0.11) ) 

0.55 5 

(0.11) ) 

-0.21 1 

(0.12) ) 

0.43 3 

(0.19) ) 

-0.33 3 

(0.18) ) 

-0.16 6 

(0.03) ) 

0.03 3 

(0.03) ) 

GMMc GMMc 

0.34 4 

(0.09) ) 

0.37 7 

(0.23) ) 

0.01 1 

(0.22) ) 

0.78 8 

(0.09) ) 

-0.18 8 

(0.10) ) 

0.54 4 

(0.11) ) 

-0.27 7 

(0.11) ) 

0.35 5 

(0.18) ) 

-0.34 4 

(0.18) ) 

-0.16 6 

(0.03) ) 

0.04 4 

(0.03) ) 

Figuress in parentheses are .standard errors 

Resultss not reported here suggest that the lag structure of specification (2.83) is ade-

quate.. Longer lags of both the dependent and explanatory variables were also tried, but 

inn general these regressors do not seem to have a significant contribution in explaining 

\n(va).\n(va). Regarding the estimators employed, apart from LSDV, AHL and GMM results6 

wee present two different corrected LSDV estimators, i.e. based on preliminary GMM esti-

matess (LSDVC,GMM) and AHL estimates (LSDVC,AHL) respectively. The corrected LSDV 

estimatorss use the approximation B{^SDV, i.e. 0{T~l), OiN^T'1) and OiN^T'2) bias 

termss have been removed. For LSDV, AHL and GMM the estimation of standard er-

rorss is based on conventional asymptotic approximations, while for the LSDVc variants 

6Regardingg GMM we use the GMMa, GMMb and GMMc variants as described in Section 2.5. 
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bootstrapp standard errors will be reported. 

Too save space we present some selected estimation results only. Table 2.7 presents 

thee estimation results for the sector chemical and allied products. Several remarks with 

respectt to the pattern of the estimation results can be made which apply to the estimates 

off  the other sectors too. First, regarding the autoregressive parameter all estimators 

producee more or less plausible estimates implying a stable autoregressive process for 

thee dependent variable. Second, the GMM estimates of the autoregressive parameter 

aree close to the LSDV estimate, while the bias corrected LSDV variants and especially 

thee AHL estimator produce a relatively high estimate of the coefficient of the lagged 

dependentt variable regressor. Third, the estimated standard errors of LSDV and bias 

correctedd LSDV are in general considerably smaller than those of the AHL and GMM 

estimators.. Especially the AHL estimates are often poorly determined. Fourth, while 

theree are certainly differences between estimators, the pattern of the remaining estimates 

iss often similar across estimators. An exception is the immediate effect of the diversity 

indicator,, which shows differences between (corrected) LSDV and AHL/GMM variants. 

Regardingg the estimation results for the three indicators of externalities (sp, dv and 

cp),cp), the sign and significance of the corresponding coefficients do not vary much across 

estimators.. The impact multiplier or immediate effect of the specialisation indicator is 

significantt and positive, while the coefficient for the one-period lagged variable is often 

significantt and negative. Regarding diversity the immediate effect is positive and its lagged 

effectt significant and negative. Considering the competition indicator the immediate effect 

iss significant and negative, while the lagged effect is positive in general. 

Tablee 2.8 reports estimation results for specification (2.83) for each one-digit sector. 

Onlyy the LSDVC,GMM estimates are shown, but the pattern for the other estimators is sim-

ilarr to that found in Table 2.7, reasserting the differences between estimation techniques. 

Notee that we have removed any insignificant dynamics. Across sectors the estimate of the 

autoregressivee parameter lies around 0.5 implying moderate persistence for the process of 

thee dependent variable. Regarding the indicators, specialisation and competition are in-

fluencingg economic activity in all sectors albeit with different dynamics. Considering the 

immediatee effects we find significant positive specialisation effects and significant negative 

competitionn effects, while the lagged effects are vice versa. The results for the diversity 

indicatorr are less pronounced, i.e. we find significant effects for one sector only. 

InIn general the estimation results in Tables 2.7 and 2.8 suggest that dynamic external-

itiess do matter for local economic activity in Morocco. Table 2.9 presents the long-term 

effectss implied by the estimates of Table 2.8. The long-term effects of regional production 

andd unit wage costs are elasticities, while those for the externality indicators are semi-
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Tablee 2.8: LSDVC,GMM estimates of specification (2.83) for the five one-digit sectors 

foodd and agri- textile and chemical and metal and electric and electronic 

culturall  products leather allied products machinery manufacturing 

lni 'a;j ( _i i 

\ntrp\ntrplt lt 

\ntrp\ntrpititt-i t-i 

Inn wcap,t 

\nwcapi\nwcapi77t-i t-i 

SPit SPit 

SPi,t-\ SPi,t-\ 

dvdvtt tt 

di>i,t_i i 

CPit CPit 

CPx,t-l CPx,t-l 

0.48 8 

(0.06) ) 

0.77 7 

(0.17) ) 

-0.41 1 

(0.16) ) 

0.25 5 

(0.06) ) 

-0.13 3 

(0.05) ) 

-0.09 9 

(0.03) ) 

0.56 6 

(0.04) ) 

0.34 4 

(0.10) ) 

0.69 9 

(0.04) ) 

-0.32 2 

(0.06) ) 

0.39 9 

(0.09) ) 

-0.23 3 

(0.08) ) 

-0.48 8 

(0.05) ) 

0.38 8 

(0.06) ) 

0.41 1 

(0.05) ) 

0.40 0 

(0.08) ) 

0.64 4 

(0.06) ) 

-0.15 5 

(0.07) ) 

0.50 0 

(0.07) ) 

-0.13 3 

(0.02) ) 

0.06 6 

(0.02) ) 

0.60 0 

(0.06) ) 

0.67 7 

(0.07) ) 

-0.35 5 

(0.08) ) 

0.72 2 

(0.10) ) 

-0.32 2 

(0.10) ) 

-0.12 2 

(0.03) ) 

0.07 7 

(0.02) ) 

0.50 0 

(0.10) ) 

0.91 1 

(0.13) ) 

-0.43 3 

(0.17) ) 

0.36 6 

(0.07) ) 

-0.16 6 

(0.08) ) 

-0.13 3 

(0.03) ) 

Figuress in parentheses are bootstrap standard errors (B=100) 

elasticities.. We find significant positive long-term effects for the specialisation indicator in 

fourr out of five sectors. Regarding diversity we find a significant negative long-term effect 

inn one sector only. For the competition indicator negative long-term effects are present in 

alll  sectors. 

Summarisingg the empirical evidence, in most sectors we do find positive specialisation 

effectss and negative diversity and competition effects. Note that the construction of the 

diversityy indicator is such that a negative coefficient implies a positive effect on economic 

activity.. Hence, we conclude that both specialisation and diversity are beneficial for local 

economicc development, while competition is harmful confirming the results of Bun and El 

Makhloufii  (2001). However, in the present study we do find significant differences across 
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Tablee 2.9: LSDVC,GMM long-run (semi-) elasticities of specification (2.83) for the five 
one-digitt sectors 

foodd and agri- textile and chemical and metal and electric and electronic 

culturall  products leather allied products machinery manufacturing 

trp trp 

wcap wcap 

sp sp 

dv dv 

cp cp 

0.70 0 

(0.21) ) 

0.46 6 

(0.14) ) 

-0.24 4 

(0.14) ) 

-0.18 8 

(0.07) ) 

0.80 0 

(0.22) ) 

0.84 4 

(0.12) ) 

0.88 8 

(0.24) ) 

-0.52 2 

(0.26) ) 

-0.23 3 

(0.17) ) 

0.67 7 

(0.14) ) 

0.83 3 

(0.13) ) 

0.83 3 

(0.15) ) 

-0.12 2 

(0.03) ) 

0.82 2 

(0.18) ) 

1.01 1 

(0.29) ) 

-0.13 3 

(0.07) ) 

0.97 7 

(0.34) ) 

0.41 1 

(0.15) ) 

-0.26 6 

(0.08) ) 

Figuress in parentheses arc standard errors 

sectors,, so actually pooling is not vindicated. 

2.6.44 Accuracy of the estimates 

Thee samples analysed have the dimensions T = 11 and N = {18,18,29,20,10}. Hence, 

thee simulation results of the previous section can shed some light on the differences in es-

timationn results. We will consider only the accuracy of coefficient estimators. Considering 

thee case N = 10, T = 10 the simulations show that the bias in the coefficient estimators is 

smalll  for the AHL estimator, moderate for bias corrected LSDV versions and substantial 

negativee bias is found for ordinary LSDV and GMM estimators. Increasing the number 

off  cross-sectional observations to N = 20 leads to an improvement in the accuracy of 

alll  estimators, but still ordinary LSDV and GMM estimators have a substantial negative 

biass in estimating the autoregressive parameter. Note that the AHL estimator is almost 

unbiased,, but its variance is at least twice the variance of the LSDV estimator. 

Withh these simulation results in mind and analysing the estimation results in Table 

2.77 a remarkable resemblance is found between the various estimates of the autoregressive 

parameterr and the picture showed by the simulations. Therefore, the ordinary LSDV and 

GMMM results on 7 are most likely biased downward. On the other hand, bias corrected 

LSDVV variants seem to be much less biased downward. Because of its large dispersion, the 

AHLL estimator sometimes fails completely in producing sensible and accurate estimates. 
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Thiss unstable behaviour emerges too in the simulations, where in a considerable number 

off  cases the AHL estimate of the autoregressive parameter exceeded one. Hence, it seems 

wisee to use GMM rather than AHL estimates in the construction of bias corrected LSDV 

estimators.. Although the simulations did not show serious differences in performance, 

biass correction based on implausible estimates is not recommendable. 

2.77 Concluding remarks 

Inn this chapter the finite sample properties of various IV and GMM coefficient estimators 

forr dynamic panel data models have been compared through Monte Carlo experiments 

withh the inconsistent LSDV estimator and corrected consistent versions of LSDV. Kiviet 

(1995)) compared in a similar Monte Carlo study the bias and efficiency of these estimators 

inn panel data sets with T small and N moderately large and concluded that there is not 

aa superior technique over a broad range of parameter values for this model. However, 

wee find that when both T and N are rather small the bias corrected LSDV estimator 

hass almost uniformly lower mean squared error in comparison to IV and GMM methods. 

Thiss result is in line with results of Judson and Owen (1999) who used a slightly different 

designn regarding the parameter values and sample dimensions. Also results of Harris 

andd Matyas (1996), who used a totally different design, coincide with the findings in this 

chapter. . 

Addingg an extra term to the approximation formula for the bias of the LSDV estima-

tor,, as derived in Kiviet (1999), does not improve the finite sample performance of this 

estimatorr notably. In fact, the present simulation results indicate that including 0(T~l) 

andd 0{T~2) terms and omitting the 0(N~1T~1) contributions accounts for most of the 

biass in the LSDV estimator. Also the sensitivity of the corrected LSDV estimator to the 

choicee of the preliminary consistent estimator (AHL or GMM) is found to be low, although 

thee finite sample performance of AHL is rather different as compared with GMM. 

Ass far as the variance estimators are concerned, we find that for the corrected LSDV 

estimatorr variance estimation is highly non-standard when T is finite. For a particular 

implementationn of corrected LSDV, i.e. when the estimate of the bias approximation 

iss based on the AHL estimator, an analytical expression of its asymptotic variance has 

beenn found. In addition, bootstrap consistent variance estimators of LSDVC,GMM and 

LSDVC,AHLL  have been examined. The simulation results show that the analytical variance 

expressionn performs poorly for high values of the autoregressive parameter, which can be 

explainedd by the unstable behaviour of the AHL estimator for these parameter values. 

Onn the other hand, the bootstrap variance estimator is relatively accurate in many cases. 
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Alsoo it is found that biases in LSDV and GMM variance estimators can be considerable, 

especiallyy when T is small as is the case in many micro-economic panel data sets. The 

anomaliess of these methods in small samples are even more evident when the empirical 

nulll  distributions of ordinary t statistics are considered. The actual rejection probabilities 

off  asymptotic t tests can differ substantially from the nominal size. 

Thee available simulation evidence becomes helpful when analysing the relationship 

betweenn dynamic externalities and local economic development in Morocco. We find 

somee differences in estimation results when analysing five one-digit industrial sectors in 

isolation.. In general, the sector specific results show that both specialisation and diversity 

aree beneficial for local economic development, while competition is harmful confirming the 

resultss of Bun and El Makhloufi (2001) but revealing significant heterogeneity at the same 

time.. As the available samples have both T and N relatively small, the simulation results 

cann clarify the differences between estimators. The pattern of the coefficient estimates 

iss remarkably in line with the corresponding simulation results. The anomalies of some 

estimationn techniques are clearly visible and the superior performance of the corrected 

LSDVV coefficient estimator in finite samples with both T and TV small is apparent here. 
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2.. A The limitin g distr ibution of LSDVc 

Firstt we derive the limiting distribution of \/~N(6h - 6*), the second term of (2.69), with 

<5**  given in (2.62) and 5h given in (2.67). Next, we combine both terms in (2.69) and 

showw that the resulting estimator is a sum of three zero-mean vectors. A central limit 

theoremm applies and the corrected LSDV estimator is found to have a limiting Normal 

distribution.. The derivation of the asymptotic covariance matrix is pursued only for the 

casee that the AHL estimator (2.42) is used as a preliminary consistent estimator. Because 

off  the complexity of the dependence of the instruments on e for the GMM estimator we 

havee not derived the expression for the variance in that case. 

Thee expression (2.67) for 6h contains a factor 

1 1 1-7Ï Ï hh = AHL, GMM, 
1-IH1-IH T(l-%) 

whosee components can be approximated as follows. First we have 

- 22 2 , / - 2 2 \ 

22 , I (V- Wöh)'A{y - W6h) 

(2.A.1) ) 

== K + N{T-N{T- 1 ) - {K + l) 

aa22 + f [e-W{6h-è)}'A[e-W{6h-ö)\ _ a2 

N(T-N(T- 1) -{K + l) 

e'Ae e'Ae 

N(T-l)N(T-l) - {K 

wheree the second term is Op(N~1^2). This follows from 

—— -o^+OpiN-1), 

E E 
e'Ae e'Ae 

and d 

_N{T-l)-{K+l) _N{T-l)-{K+l) 

Var r 

N(T-l) N(T-l) 

N(T-l)-{KN(T-l)-{K + 1) 
-- 1 OiN'OiN'11) ) 

e'Ae e'Ae 
==  0(N~l), 

N{T-l)-(K+l) N{T-l)-(K+l) 

whichh results from Var [e'Ae] = 2a*tr(AA) — 27V(T - l)aj. The order of the remainder 

termm can be established from W'Ae = Op{N
1/2) and {6h ~ 6) = 0P(/V"" 1/2). Given the 

magnitudee of the remainder term we can simplify the second term using 

e'Aee'Ae , \ / e'Ae 

N(T-N(T- 1 ) - {K + l) \N{T-1) \N{T-1) 
-o^+OpiN--o^+OpiN-11), ), 

soo we have 

^^  = -J + ( l f ^T) -^ ) + 0 ^ - 1 ) - (2.A.2) ) 
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AA next component of (2.A.1) is 

11 1 

11 - 7fc 1 - 7 - (7h - 7) 

1 1 

1 - 7 7 
1 1 

1 --

11 + 

1 1 

1 - 7 7 
1 1 

iihiih  -1) 

++  0P(N-') 

== T ^ + ( r^ ) 2 (^- 7 ) + 0 p ( 7 V~1 ) ' 

wheree the second term is Op(N~1/2). Prom (2.A.3) we easily find 

(i^Hrb)' +afe), (*--' ,+<Wir,) --
Nextt we obtain 

1 - 7 ÏÏ  = l " [ 7 + ( 7 / l - 7 ) ] T 

== i _ 7 T _ T 7 ^ 1 ( 7 / l - 7 ) + Op(AT-1; 

Forr the second factor of (2.A.1) the results (2.A.3) - (2.A.5) yield 

1 - 7 Ï Ï 1 1 1 - 71 1 

1-7**  T(l-%Y 1 - 77 T ( l - 7 ) 2 

1 + 77 1" 11 2 1 - 7T 

+ + ( 1 - 7 )22 ^ ( l - 7 ) 3 

+O+Opp{N~{N~11). ). 

(7hh - 7) 

Fromm (2.A.2) and (2.A.6) we obtain 

1 1 .̂2 2 
'e,h 'e,h 

1 - 7?? \ , / 1 l - 7 r \ 
(1 -7JVV  £V l " 7 T(1-7)V l - 7 hh T ( l -

11 + 771-1 2 1 - 7 r ' 

+ + 

L ( l - 7 ) 22 ^ ( l - 7 ) 3 

11 1 - 7T 

(7fcc - 7) 

1-77 T(1-7)V V^ ( r - l ) 
+Op(AT 1) , , 
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(2.A.3) ) 

(2.A.4) ) 

(2.A.5) ) 

(2.A.6) ) 
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giving g 

'11 + 7T _ 1 2 1 - 7
T 

(2.A.7) ) 

^wAw^wAweeii ee'i^'i^ [^h -<5j 
( 1 - 7 ) 22 ^ ( l - 7 ) 3 . 

== - ^ e i v ^V (êh - o) - d2^N ( ^ ^ y " ^ ) + O^"1 '2) , 

wheree d\ and J2 have been defined implicitly . 

Noww we find from (2.69) that the limiting distribution of V~N(èLsDVc,h - <5) must be 

thee same as the limiting distribution of the sum of the three zero-mean vectors VQ, vi,h 

andd V2, where 

^oo = E u V (jzlW'Ae + ( ^ ~ °2MIl))  e i ] ) 

vv22 = d*VN(70r)-°ï). 

(2.A.8) ) 

Hence,, the limiting distribution of the corrected LSDV estimator is 

^/N{hsDVc,h-Ö)^/N{hsDVc,h-Ö) -  ̂ A/"[0, ÜLSDVch], 
N—N—*oo *oo 

where e 

£ÏLSDVc,h£ÏLSDVc,h = lim Var [v0 + vi,h + v2] . 
N—N—>oo >oo 

(2.A.9) ) 

(2.A.10) ) 

Takingg now the AHL estimator 6AHL for 6h, some of the components of ^ILSDVC  ̂ have 

beenn established before, so we easily find for TV —  oo 

V a r HH = fT
2
£^AW+<7ttr(U TUT)^AWele'1E ÂW 

Vax[vVax[vliAHLliAHL]]  = a^E-^zHziE'^y'e^d', 

2cr4 4 
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wheree we used results of (2.64), (2.48) and one mentioned above (2.A.2) respectively. 

Nextt we obtain for N —> oo 

e'Ae e'Ae 
E[VQV'E[VQV'22]]  = ^WAWE W'AeW'Ae + (e'Ue - o%tr(Tl)) ex N(T~\) N(T~\) 

dn dn 

—— ^WAWe^2E (e'Ue(e'Ue - a2
etr(U)) 

e'Ae e'Ae 

N{TN{T - 1) 0 0 
—— e T — 1 WAW 2 

X - l l 
-0,20,2--0,20,2-

Too derive covariances with vXiAHL we have to express the stochastic nature of the 

instrumentss Z = [J*y^\\DX\ and the disturbances De explicitly. Analogue to (2.23) we 

mayy write 

ZZ = Z + Z = Z+ rLTee\, 

seee Kiviet (1999). This can be used to obtain 

EE [v0v'hAHL]  = § ÂWE[(W'Ae + {e'Ue - <r 2
£tr(UT)) ex) 

N N 
x(e'D'Zx(e'D'Z + e,D'J*LTEe'1)](E'zw)-

1e1(t1 

fXrffXrfAWAWEE [W'Aee'D'Z] ( E W ) " 1 ^ 

+^WAWE+^WAWE [{e'Ue - <r 2
£tr(U)) e'D'rLTeexe\] ( E ^ ) " 1 * ^ 

£l$£l$AWAWW'AiyZ{Y!W'AiyZ{Y!zwzwrr
lleAeA + 

^{tr{UD'rLY)^{tr{UD'rLY)  + tr(Ur'L'r'D)}^ AW(^zw)-
1e1Sl1 

and d 

VLVL '' rr '' DD^{-w^)-^ ^{-w^)-^ E[VI,AHLV'E[VI,AHLV'22]]  = a*edie\Y,z\yeiE 

==  2a\tr{]yrLTA)dxe\Ylzwei 

==  0, 

notingg that tr{D'J*LT)  = 0 and tr(D'J*LTA) = 0. Defining 

^WADZ^WADZ = plim (hv'ADfZ 

== Hm ( —W'AD'Z] + a X n ^ J T̂ r r ) e l e '1 , 
N-*ooN-*oo \ N J 

do do 
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wee find 

li mm E [v0v'1AHL]  = <TJ1WAWEWADZ(T,'ZW) e ^ 

++ ((TT66
eetr(Iltr(Il TTrr

ff
TTLL,,

TTJi'DJi'DTT)Y,w\w(Z)Y,w\w(Zll zwzwrr
llee11d\, d\, 

Collectingg terms this yields 

QLSDVC,AHLQLSDVC,AHL = °\^WAW + ^MnT nT )Ew /
1

j 4 M / e1e '1£w
1

4 tv (2.A.11) 

+a%Y,-+a%Y,-zz\\vvi:i: ZHZZHZ{Y!{Y!zwzw)-)-
lleellddlld\d\ + (6/ (T - 1)) <j%d'2 

++  °'ei^WAW^WADz{^'zw)~ el ^ l + ^ l e l {^Zw)~~ ^WADZ^WAw\ 

+attr(n+attr(nTTr'r' TTL'L'TTJÏDJÏDTT)[Z)[Zww
11

AWAW(T,'(T,'zwzw)-)-
11eelld[d[  + dMY.zwY^wAwY 

Forr the case where the viV-consistent estimator ÓGMM of (2.49) is employed, we find 

thatt \/lV I ÈLSDVC,GMM — Ö) has a limiting distribution where the variance VLSDV^GMM 

cann be obtained in the same way. The only difference is that we then have to evaluate 

V\,GMMV\,GMM as m (2. A.8). Because of the complexity of the dependence of the instruments Z\ 

onn e we have not derived the expression for the variance VLSDVC,GMM, but it is feasible. 

2.BB Details on the simulation design 

Thee simulation design is basically the same as in Kiviet (1995), especially for the case 

wheree all variables are stationary. The generating equation for yit is 

VitVit = 72/*,t-i + /3'xit + rii  + Eit, (2.B.1) 

forr individuals i = 1,..., N and time periods t = 1,..., T. Substitution of the latent variable 

vvitit (2.10), free of the individual effect, in (2.B.1) leads to 

vvitit = 7Vi,t-i + 0'xit + Eu- (2.B.2) 

Forr K — 1 and upon omitting the index i, the model for every cross-sectional unit becomes 

v,=rH-,+0x,v,=rH-,+0x, + e.\ ( 2 B 3 ) 

xxtt = pxt_i + £t. J 

Usingg L for the lag-operator and substituting the second equation of (2.B.3) into the first, 

wee obtain for \p\ < 1 

vvtt = @T, FTTi F7& + {l-yL)(l-pL)"{l-yL)(l-pL)"  1 - 7^ 
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Thee latent variable vt consists of two independent components, viz. 04>t and ipt, which are 

ann AR(2) and AR(1) process respectively. Data for the processes £t and et are obtained 

throughh sampling independently from JZA/"(0, crjc) and 2XV(0, of). Next a  ̂ is determined 

throughh fixing the signal-to-noise ratio, which is a measure of the explanatory power of 

thee regressors, defined as Vax(vit — £it)/ Var(£l t). This is in the stationary case 

^22 _ f$uZ 
°°aa -P To 11 + 7/? 1)) " (iPf + + i-r i-r 

Whenn values for 7, /5, p and for <T\ have been chosen, o\ is determined through 

rr22 r 

f? f? I - 7 2 2 ll  + ^ ^ ( 7 / » - l ) - ( 7 P )S 

(2.B.5) ) 

(2.B.6) ) 
11 + 7P 

Thee series 0É, ^ t and xt, including starting values <Po^(pi,tpo and x0, are obtained 

byy employing a procedure described in McLeod and Hipel (1978). Let zt be a normal 

stationaryy AR(p) process, i.e. 

zztt—aiZ—aiZtt-i-i  + ... + apZt-p+ut, i = l , . . . , T (2.B.7) 

withh ut ~ TTJ\f(Q,al). It is easy to generate a series ui, ...,UT. Consider now the first p 

observationss z = (zi, ...,zp) and u = (ux, ...,up). Let o^T, be the covariance matrix of z 

andd consider the Cholesky decomposition of E, 

EE = MM', (2.B.8) 

wheree the matrix M is lower triangular. It is easily seen that z and Mu have the same 

distribution,, and hence a p element vector z can be generated easily from the first p 

elementss of u upon making use of the autocovariance function of the AR(p) process 

(whichh determines E) and the Cholesky decomposition M of the covariance matrix E. 

Thee remaining T — p observations t = p + 1,...,T can be generated now recursively 

accordingg to (2.B.7). 

Hence,, once starting values have been obtained, series x and y can be generated 

accordingg to 

4>t4>t = (7 + P)<t>t-l  ~ lP<Pt-2 + tt 

i>ti>t  = i^t-i +  £t 

xxtt = pxt-i + ft 

yytt = P<f>t + i>t + ï~l, 

wheree the vector of individual specific effects r\ is drawn from Z Z J V ( 0 , 0 ^ ). The standard 

deviationn av of the individual specific effect is determined by 

«j„„  = / « Te( l - 7 ) . (2.B.10) 

(2.B.9) ) 
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InIn this way the impact on y of both the individual specific effect r\ and the general 

disturbancee term e are independent of the values of 7 and ƒ?, and the relative importance 

off  both shocks can be varied through choosing different values for fx. For example, when 

/ii  is unity the impact on y of both shocks is the same. 

AA different situation arises when the exogenous variable x is non-stationary. In this 

casee model (2.B.3) for the latent variable vt becomes 

'' } (2.B.11) 
xxtt=x=x tt-i+£-i+£ tt.. J 

Thee exogenous variable can be written as 

t t 

xxtt = x0 + Y,L- (2.B.12) 
ss = l 

Noww a similar expression as in (2.B.4) can be obtained through substitution of (2.B.12) 

intoo the equation for vt, i.e. 

t t 

1 - 7--vvtt = -x0 + / 3 ^ ( l - 7 i ) " 1 C + ( l - 7 ^ ) ~ 1 ^ 

t t 

==  -J—Xo + l3J2fi + 4,t. (2.B.13) 

Thee latent variable has again two random components, viz. the AR(l) process ipt and 

thee partial sum of an AR(1) process. Starting values for the processes <p*  and ipt can be 

obtainedd again by using the procedure described above. Drawings for y and x can now 

bee generated from 

<f>t<f>t  = 70*-1 +6 

XXtt = Xt-!+Z t 

VtVt = T^~XO + {3Y€+iPt + T^— V, (2.B.14) 
1 _ 77 ^ i _ 7 

afterr choosing a value for XQ. This has been set equal to zero, without loss of generality. 

Whilee the generation of the data in case of a non-stationary exogenous variable does 

nott cause any complications, the control over the signal is not so straightforward. The 

signall  in the non-stationary case is not constant through time, but increasing. We find 

0011 <i L , . 27 , 27(1 - y ) l , 72 

's,t 's,t t(lt(l  + ~ ) 
1 -77 ( 1 - 7 )5 ++ 7 ^ T 2' (2-B-15) 
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forr t = 1,...,T. To control the signal in the experiments the mean value of o\t (over 

tt = 1, ...,T) has been fixed. In this way it was tried to make the outcomes for p = 1 more 

orr less comparable with the results for the stationary case. 





Chapterr 3 

Weakk exogeneity in dynamic panel 

dataa models 

3.11 Introductio n 

Economicc behaviour is often characterised by dynamic adjustment processes and other 

feedbackk mechanisms. Regarding the former, in regression models it is common practice to 

modell  such adjustments by including lagged values of the dependent variable as regressors. 

Nextt to lagged dependent variable regressors and current explanatory variables, also lags 

off  these further explanatory variables may be included. The resulting class of econometric 

modelss is often referred to as Autoregressive Distributed Lag (ADL) models. In Section 

1.11 several arguments have been given in favour of the use of panel data to estimate ADL 

models. . 

Iff  such dynamic regression models for panel data have individual effects and white-

noisee disturbances then least-squares, i.e. the LSDV estimator, produces consistent es-

timatorss only when all regressors are predetermined and the number of time periods T 

approachess infinity, irrespective of the number of cross-sectional units N. The presence of 

regressorss depending on lagged disturbances, e.g. lagged dependent variable regressors, 

renderss the LSDV estimator biased and even inconsistent in samples with large AT and 

finitee T. Since in micro-economics the typical dimension of a panel data set is a short 

timee span for a large cross-section, various authors have paid attention to this problem 

andd have proposed method of moments (MM) estimators, which may not be consistent 

forr T large, but are for finite T and an infinite number of cross-sectional observations TV 

(seee Anderson and Hsiao, 1982; Arellano and Bond, 1991; Blundell and Bond, 1998). In 

Sectionn 1.2.2 we have introduced a range of MM estimators, i.e. simple IV estimators 
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usingg as many instruments as regressors and various GMM implementations exploiting 

moree moment conditions. 

Thee finite sample properties of estimators in small T, large AT dynamic panel models 

havee been analysed extensively in a number of simulation studies (Arellano and Bond, 

1991;; Kiviet, 1995; Blundell and Bond, 1998). The results show that the bias of the LSDV 

estimatorr can be severe, especially in models with only a few time periods available. In 

general,, the simulation results are in favour of MM estimators because finite sample 

biasess disappear for N large. In addition there is growing simulation evidence on the 

finitee sample properties of estimators for dynamic panels with both dimensions small 

orr moderate, see Judson and Owen (1999) and Chapter 2 of this thesis. This shows 

thatt for such dimensions the bias of least squares based techniques is relatively large 

comparedd to simple IV estimators, but more or less equal in magnitude to the bias of 

GMMM estimators. Moreover, the variance of least squares methods is relatively small. 

Basedd on a mean squared error criterion, least squares methods - especially those which 

exploitt bias correction techniques - are to be preferred in many cases. 

Thee Monte Carlo evidence presented so far is based exclusively on designs with just 

aa lagged dependent variable regressor and either no exogenous regressors at all or just 

onee strongly exogenous regressor. No experimental evidence seems available yet on the 

effectss of other forms of weakly exogenous regressors in dynamic panel data models. How-

ever,, in practice it may often occur that the explanatory variables other than the lagged 

dependentt variable regressors are themselves affected by feedback mechanisms from the 

dependentt variable. If this feedback is instantaneous then such an explanatory variable is 

jointlyy dependent and one should resort to ML (maximum likelihood) or MM techniques 

inn order to achieve consistency. However, if the feedback is lagged at least one period and 

thee disturbances are serially uncorrected then the explanatory variable is weakly exoge-

nouss and LSDV, although biased, is still consistent for large T. In fact, first-order large T 

asymptoticc results for LSDV are similar for the cases of either weakly or strongly exoge-

nouss explanatory variables. To disclose the effects of any form of weak (i.e. non-strong) 

exogeneityy higher-order asymptotic methods have to be employed. Since the presence of 

non-stronglyy exogenous explanatory variables will cause LSDV to be inconsistent when T 

iss finite and N is large, MM techniques have been in the center of interest. 

Inn many actual panel data sets, however, both N and T are of moderate magnitude. 

InIn Chapter 2 we encountered an example of such a case when estimating sector by sector 

ann empirical model for local economic activity in Moroccan regions. As both N and T 

aree moderate in this case it is not at all clear what the actual impact of various forms 

off  weak exogeneity will be on the qualities of empirical coefficient estimators obtained by 
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LSDVV or MM implementations. After all, the first-order asymptotic theoretical results 

developedd for either large T or large N (or T and N both infinite) may provide a poor 

approximationn when both dimensions of the panel are of limited size (smaller than 100, 

orr even smaller than 10). 

Somee theoretical results regarding the effects of feedbacks in explanatory variables on 

estimatorss have been obtained in Kiviet (1999) for the dynamic panel data model with 

onee lagged dependent variable regressor and one weakly exogenous explanatory variable. 

Inn that study asymptotic expansion techniques have been used in order to develop bias 

approximationn formulae for several simple estimators, viz. the LSDV estimator and two 

variantss of simple IV estimators for the model in first differences. The latter are the 

Anderson-Hsiaoo (1982) IV estimator with the twice lagged level of the dependent variable 

andd the first difference of the exogenous explanatory variable as instruments (AHL), and 

thee IV estimator which uses in the model in first differences the lagged levels of both 

explanatoryy variables as instruments (labelled here as IVdl). It is found that in case of 

aa strongly exogenous explanatory variable, the dislocation of the LSDV, AHL and Wdl 

estimatorss is of order 0{T~l), 0(n~l) and 0(n_ 1) respectively, where n = NT. These 

resultss establish the consistency of the LSDV estimator for large T and its inconsistency 

forr finite T large N. They also show that the IV implementations are consistent if either 

TT —> oo or N —* oo, or both. Under weak exogeneity of the explanatory variable, these 

termss become of order 0(T_ 1) , 0(1) and 0{n_1) respectively. Hence, this corroborates 

thatt no principle difference is found for the LSDV and IVdl results. 

Ass far as finite sample bias is concerned, these results show that in case of any form of 

weakk exogeneity in a panel data model IV estimators seem to have a natural advantage 

overr least squares based estimators, because they may be not only consistent for large X, 

butt also for finite T when N grows large. However, the results for the AHL estimator 

indicatee as well that this advantage may turn into a disadvantage, because when the 

instrumentss used are actually not valid, then both large T and large N consistency vanish, 

whereass LSDV remains at least consistent for T large. In fact, by removing the 0{T~l) 

contributionn to the LSDV bias, LSDV can also be made consistent for either T or N large. 

However,, it can be shown dat this bias term depends on the parameters of the feedback 

mechanism.. In practice it will usually be very difficult and inconvenient to model and 

assesss the feedback mechanism. 

Att first sight this seems to imply that one should resort to MM estimators in models 

withh weakly exogenous explanatory variables. In Monte Carlo studies, e.g. those in 

Chapterr 2, it has also been found that the finite sample bias of GMM estimators, which 

mayy exploit a number of instruments of order O (I), 0(T) or 0(T2), increases with the 
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numberr of moment conditions used. On the other hand, simple IV implementations are 

foundd to have substantially larger variance than LSDV. Another complication of IV and 

GMMM estimators is that especially when the coefficient on the lagged dependent variable 

regressorr is large the instruments may become weak, see Blundell and Bond (1998). Thus, 

itt is still far from clear when which method is to be prefered. 

Inn this chapter we elaborate on the results of Chapter 2 in several directions. First, 

wee will try to explain some regularities found in the simulations of Chapter 2. More 

inn particular, by asymptotic variance comparisons we will give an explanation for the 

differencess in efficiency between simple IV estimators and the LSDV estimator as found 

inn the simulations of Chapter 2. Furthermore, regarding GMM estimation methods using 

asymptoticc expansions we will provide a theoretical argument for the fact that finite 

samplee bias increases with the number of moment conditions used. Second, we will extend 

thee Monte Carlo results of Chapter 2 to a model with a lagged dependent variable regressor 

andd an additional weakly exogenous regressor. We shall analyse the accuracy of inference 

obtainedd by various GMM implementations and compare this with results for LSDV and 

aa simple bias corrected LSDV estimator, which (incorrectly) neglects the presence of a 

feedbackk mechanism. 

Ann outline of the model has been given in Section 2.2 already. After the introduction 

off  the various estimators in Section 3.2, we shall examine and compare in Section 3.3 

thee variances of the limiting distributions of some simple IV estimators with LSDV. This 

wil ll  provide some analytical evidence on the differences in efficiency and the weakness 

off  particular instruments. Next in Section 3.4 we will extend some of the theoretical 

resultss of Kiviet (1999) and obtain further results on differences in the location of various 

estimatorss under weak exogeneity. Using asymptotic expansions we derive the leading 

termss of the estimation errors for LSDV and various GMM estimators and find differences 

inn the order of magnitude of their expectations. Also the effects resulting from a weakly 

insteadd of a strongly exogenous explanatory variable on estimator location are made 

explicitt here. In Section 3.5 simulation experiments will be performed to examine whether 

thee analytical higher-order asymptotic results are informative on the actual performance 

off  the estimators in small samples and which one of the techniques seems preferable. In 

Sectionn 3.6 we will revisit the Moroccan data analysed in Section 2.6 and will provide some 

additionall  empirical evidence on the relation between so-called dynamic externalities and 

locall  economic development in that country. Section 3.7 concludes. 
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3.22 Model and estimators 

Wee consider estimation methods for the standard first-order dynamic panel data model 
withh random individual effects, i.e. 

VitVit = 7ï/i.t-i + fixit +  u«, * = 1, -., N\ * = 1,..., T, (3.1) 

wheree uit = r} i + slt. The stochastic structure of model (3.1) has already been discussed in 

Sectionn 2.2. Here we choose K = 1, i.e. the dependent variable yit is regressed on its one 

periodd lagged value and on one further explanatory variable xit. Stacking the observations 

overr time and across individuals one gets 

yy = W6 + u, (3.2) 

wheree 6 = (7,/?)', y and u are NTxl,W = [y-{:x]  is NTx 2, u = Srj+e, with S = IN®LT 

ann NT x N matrix and 77 = (r?lt..., TJN)'. 

LSDV V 

Treatingg the random individual specific effects 77 as fixed, estimation of 6 in (3.2) by OLS 

yieldss estimates which are called Least Squares Dummy Variables (LSDV), i.e. 

hsovhsov = (W'AWy'W'Ay, (3.3) 

Thee LSDV estimator (3.3) can be written also as (see Section 1.2.2) 

hsDvhsDv = (W'Wy'Wy*, (3.4) 

wheree y* = Py, W = PW and P = IN ® PT is the forward orthogonal deviations 
operator.. This transformation will prove to be useful when constructing and analysing 
GMMM estimators. 

Instrumentall  Variables 

Wee consider two different IV estimators which use just as many instruments as regressors 

too identify the unknown parameter vector 6 in equation (3.2). For the equation in levels, 

Arellanoo and Bover (1995) and Kiviet (1995) notice that (lagged) first differences of W 

aree valid instruments. Note that for employing these instruments the first observation of 

thee levels equation (3.2) has to be skipped, so this becomes 

j yy = JW6 + Ju, (3.5) ) 
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andd the matrix of instruments for JW is [Dy-\\Dx\ = DW. Estimation of the equation 

inn levels using the differenced instruments is labelled IVld (see Section 1.2.2), and 

èjvidèjvid = \{DW)'JW]-\DW)'Jy, (3.6) 

Notee that the instruments are valid, also when x is weakly exogenous, because E[(DW)' Ju\ — 

0. . 

Anotherr approach is to remove the individual specific effects from (3.2) by first differ-

encing,, i.e. 

DyDy = DW6 + De. (3.7) 

Wee have E[(Dy_i)'De] = -(T2
£N{T - 1). Therefore, OLS is inconsistent here, irrespective 

off  how the sample size is extended. For this situation Anderson and Hsiao (1982) pro-

posedd two simple instrumental variables estimators. As instrument for Dy_x they suggest 

eitherr to use the two-period lagged level J*y~\ (in previous chapters we have labelled 

thiss implementation AHL) or the two-period lagged first difference Dy_2- For Dx they 

usee Dx itself as instrument, so x has to be strongly exogenous. Regarding Dx, it is also 

possiblee to use the one-period lagged level as an instrument. This remains valid when x 

iss a weakly exogenous variable. By adapting AHL in that way, the differenced equation 

iss estimated by using variables in levels as instrument, which we will label IVdJ. This 

typee of approach has been proposed by Arellano and Bond (1991) in a GMM context, 

wheree further lags of the level variables are used as extra instruments. Choosing just the 

instrumentss [J*y-\:J*x]  = J*W then the IVdJ estimator of 6 in (3.7) is 

SivdiSivdi = [{rW)'DW]-\rW)'Dy. (3.8) 

Notee that both IV estimators (3.6) and (3.8) are obtained from models where the distur-

bancess are non-spherical, so their efficiency can be improved. 

Generalisedd Methods of Moments 

Enhancementt of efficiency can be pursued by a more elaborate estimation method, namely 

Generalisedd Method of Moments, which copes with both the correlation structure of the 

disturbancess and the exploitation of any further valid instruments. The assumptions 

(2.3),, (2.4), (2.5) and (2.6) on the stochastic structure of model (3.1) imply for individual 

ii  a set of linear and non-linear moment conditions. Like in previous chapters we will 

focuss on GMM implementations using linear moment conditions only, see Arellano and 

Bondd (1991) and Blundell and Bond (1998), and we abstain from orthogonality conditions 
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arisingg from the 1IV assumption of the disturbances eit as proposed by Ahn and Schmidt 
(1995).. The moment conditions considered for individual i in the differenced model (3.7) 
are e 

EE [ylit_$Aeit]  = 0, t = 2,...,T; 

E[xE[xiitiit --aaAEAEitit]]  = 0, t = 2,...,T; s = ! , . . . , « - 1. 
(3.9) ) 

Thee orthogonality conditions in (3.9) imply that lagged values of both the dependent and 

explanatoryy variable are all valid instruments in model (3.1). Of course, even more valid 

instrumentss are available when x is strongly exogenous (because then E [xia Aeit]  = 0 for 

tt = 2,..., T and s = 1,..., T), but we will not use these here. 

Ass outlined in Section 1.2.2, any subset of m moment conditions from (3.9) can be 

expressedd as 

EiZ'uBrei]EiZ'uBrei] = 0, (3.10) ) 

wheree Zu is a (T - 1) x m block-diagonal matrix with variables in levels and BT is any 

(TT - 1) x T upper triangular matrix with rank (T - 1) and BTtT = 0, such as for example 

DDTT or PT as defined earlier. We will consider two particular instrument matrices in this 

chapter,, viz. 
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ViQ ViQ 

0 0 

0 0 

Vio Vio 

0 0 

0 0 

0 0 

0 0 

Vn Vn 

0 0 

0 0 

Z i l l 

0 0 

0 0 

0 0 

0 0 

Xn Xn 

0 0 

0 0 

0 0 

S/ti i 

0 0 

0 0 

0 0 

Xi2 Xi2 

0 0 

0 0 

0 0 

Xi2 Xi2 

0 0 

0 0 

0' ' 

0' ' 

0' ' 

0' ' 

0' ' 

0' ' 

0 0 

0 0 

0 0 

J/tO O 

0 0 

0 0 

Vi,T-Vi,T--2 2 

Vt Vt 

0 0 

0 0 

0 0 

Xi,T-l Xi,T-l 

00 0 

00 0 

,T -22 Zi l 

1 1 

0 0 

0 0 

0 0 

 " ' xi,T-l 

Thee matrix Z™ includes all m = T(T - 1) = 0(T2) instruments given in (3.9), while 

ZJPZJP includes only a subset of m = 2 ( T- 1) = 0(Tl) of these instruments. Summing 

individualss one gets for general instrument matrices Zi 
over r 

E[Z[Be\E[Z[Be\ - 0, (3.11) ) 
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wheree Zt = [Z'n,..., Z'lN\' and B = IN%BT. 

Thee particular one-step GMM estimator analysed in this chapter is as in (1.25), i.e. 

SSGMMGMM = (W'B'Zl{Z'lBB'Zl)-
1ZlBW)-1W'B,Zl(Z'lBB'Zl)-

1Z'lBy. (3.12) 

Itt can be shown that under XTD disturbances the one-step estimator in (3.12) is asymptot-

icallyy efficient. Arellano and Honoré (2000) mention two possibilities for B, i.e. either the 

firstt difference operator D or the orthogonal deviations transformation P. When B = D 

thee estimator in (3.12) specialises to the one-step estimator of Arellano and Bond (1991). 

Whenn B = P the resulting estimator is similar to the GMM estimator analysed in Alvarez 

andd Arellano (1998). It can be shown that when all available moment conditions are used 

inn estimation, i.e. Z\ = Z\2\ both estimators are identical. However, in many situations 

itit  may be wise not to use all moment conditions available as finite sample properties will 

deteriorate;; in Section 3.4 we will show analytically by asymptotic expansion techniques 

thatt finite sample bias increases with the number of moment conditions used. 

Wee will focus in this chapter on B = P. Substituting B = P into (3.12) we can write 

forr the one-step estimator 

SGMMPISGMMPI = \{PW)'Z[{Z\Z^Z[PW\-\PW)'Zi{Z\ZlY'Z[P  ̂ (3.13) 

andd depending on which matrix Z; is used, we obtain 6GMMpl or 6GMMpl. Note that the 

theoreticall  covariance matrix of Pe is O ^ / ^ T - I ) ! SO the original covariance structure is 

preservedd by the transformation P. Because of the block-diagonal structure of ZXi the 

GMMM estimator in (3.13) can be written also as (Arellano and Bover, 1995) 
- i i 

ii  —i 
\\ "*  T I / * " 7 / n"  <7 \ - W XXT* J2w?zJ2w?zltlt(z'(z'ltltzzltltyyllz'z'ltltw; w; Y^W;'Zu(Z'Y^W;'Zu(Z'ltltZZHH)-)-llZ'Z'ttttylyl (3.14) 

t=X X 

wheree y* = (yj t, ...,y*Nt)' is a iV x 1 vector, W* = (ioJt,..., w*Nt)' a N x 2 matrix and Zit a 

TVV x m[r) matrix, r = {1,2} . In case of using all available instruments, i.e. Z{ = Z\ \ we 

havee m[2) = 2t, while in case of Z{ = Z, we have m, = 2. 

Forr the equation in levels (3.5), first differences (and their lags) of the explanatory 

variabless are valid instruments when mean stationarity of the processes y and x is assumed 

(Arellanoo and Bover, 1995; Blundell and Bond, 1998). Here, mean stationarity is preserved 

byy the assumptions in (2.6), (2.9) and (2.12). The additional moment conditions can be 

combinedd with (3.9) into a system GMM estimator. In this chapter, however, we analyse 

thee simpler GMM estimator based on instruments in first differences only, i.e. exploiting 

££ fctA^-,] = 0, t=2 , . . . ,T; s = l , . . . , t - l, ] 

>> (3-15) 

EE [£ltAxltt_s]  = 0, t=2 , . . . ,T; 5 = 0, . . . , * - 2. J 
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Thee set of moment conditions for individual i can be expressed as (see Section 1.2.2) 

E[Z'E[Z'dldlJJTTuull]]  =  ̂ (3.16) 

wheree the set of m linear moment conditions is embodied in the (T — 1) x m matrix Zdi. 

Wee will consider the following particular instrument matrices 

Zi l jj  = 

Ayü ü 

0 0 

0 0 

0 0 

0' ' 

and d 

,{2) ) 

0 0 

0 0 

0 0 

AxAxi2 i2 

0 0 

0 0 

0 0 

0' ' 

AxAxi2 i2 

0 0 

0 0 

0 0 

0 0 

0 0 

0 0 

0'' Ayn 

0' ' 

0 0 

0 0 

Ay,,r-i i 

0 0 

0 0 

Ayi,T- i i 

0 0 

0 0 

0 0 

AxAxiiT iiT 

0 0 

00 -

AxAxi2i2

> > 

0 0 

0 0 

0 0 

 Ax i |T 

Thee matrix Zdf includes all m  ̂ = T(T - 1) instruments, which are available when x 

iss weakly exogenous, while Z  ̂ only a subset of 2(T - 1) instruments. Summing over 

individualss one gets 

E[Z'E[Z'ddJu]Ju] = 0, (3.17) 

wheree Zd = [Z'dl,..., Z'dN\' is either Zd or Zd'. Note that in this case one-step estimators 

basedd on E[Z'dJu] = 0 will not be asymptotically equivalent with two-step estimators 

unlesss a1 = 0. Here, we will analyse a particular one-step GMM estimator, which has 

beenn analysed by Blundell et al. (2000) and has been exploited also in the construction 

off  a system GMM estimator (Blundell and Bond, 1998). This GMM estimator uses 

(jjZ'dZd)'(jjZ'dZd)'11 as a weighting matrix and can be written as 

ÓGMMiéÓGMMié = [(JW)'Zd{ZdZd)-
lZ'dJW]-\JW)'Zd{Z'dZd)-

lZdJy. 

Thee GMM estimator in (3.18) can be written also as 

(3.18) ) 

'GMMld'GMMld — ^WlZ^Z^Z^Z'^Wt ^WlZ^Z^Z^Z'^Wt 
t=2 t=2 

Yw[ZYw[Zdtdt{Z{ZdidiZZdidiYYxxZ'Z'dtdtyytt,, (3.19) 
t=2 2 

wheree yt = (yu,  is a JV x 1 vector, Wt = [wu, ...,wNt\' a N x 2 matrix and Zdt 

eitherr a N x 2t or N x 2 matrix (depending on whether Zd or Zd has been used). We 

willl  denote these GMM estimators 6 
(r) ) 
GMMld GMMld , rr = {l,2} . 
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3.33 Limiting distributions and asymptotic variances 

Inn this section we will analyse the potential efficiency gains orr losses of IV estimators (using 

ass many instruments as regressors) relative to each other and to LSDV. We compare the 

variancess of the asymptotic distributions of LSDV, IVdi and IVi d estimators for some 

speciall  cases of model (3.1). 

Inn panel data analysis there exists a whole spectrum of limiting distributions depending 

onn the relative rates of T and TV going to infinity. The results to be derived in this section 

aree valid for both T and N large1, but are valid for finite N too. Those on IV estimators 

aree crude, because it is possible to obtain results for JV large and for finite T. Hence, the 

presentt analysis cannot provide final answers to the various issues at stake here, but the 

particularr cases analysed here, however, provide some simple expressions for asymptotic 

variancess which allow interesting comparisons. 

Underr regularity conditions, and assuming that N and T increase at the appropriate 

rate,, we have 

EEWAWWAW = plim -^fW'AW (3.20) 

VWA-AWVWA-AW = ~2 plim -l-W'Aee'A'W (3.21) 
VVeeN,T^ooNN,T^ooN 1 

^WDJW^WDJW =  plim -L(DW)'JW (3.22) 
N,T->ooNN,T->ooN 1 

ZWD-DWZWD-DW = —7 plim -^—{DW)'Juu'J'DW (3-23) 

^WJ-DW^WJ-DW = plim -L{rw)'DW (3.24) 

ZWJ-.J-WZWJ-.J-W = —, plim -^-(rwyDee'D'rW, (3.25) 

andd usual asymptotic reasoning yields the normal limiting distributions 

VNTVNT (öj - 6") -  ̂ JV[0, VJ], j = LSDV, IVld, IVdl, (3.26) 

with h 

VLSDVVLSDV = are(L\vAw)~ ^WAAWC^WAW)' (3.27) 

VlVldVlVld =  a
t {^WDJw) ^WD-DW föwDJw) (3.28) 

VlVdlVlVdl — &  £ &W J'Dw) ^WJ'J'w(^WJ'Dw) (3.29) 

LInn fact, for the LSDV estimator it is required that lim-^ = 0, see Alvarez and Arellano (1998) or 

Hahnn and Kuersteiner (2000). They show that its asymptotic distribution exhibits an asymptotic bias 

whenn N and T grow to infinity at the same rate. 
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Too compare the asymptotic variances of the different estimators analytically, two special 

casess of model (3.1) will be considered. 

First,, we analyse the model without explanatory variables, i.e. 

yuyu = lVi,t-\ +Vi + e«- (3-30) 

Inn this model the estimators for 7 can be expressed as 

ILSDVILSDV = {vUAy-,Yly'-,Ay (3.31) 

lividlivid  = [(Dy-iYJy-il-'iDy-iyjy (3-32) 

livailivai  = \{ry-1yDy.l]-
x{ry- l)'Dy. (3.33) 

Notee that in this particular model IVdi is equivalent with the AHL estimator analysed 

inn Chapter 2. The asymptotic variances of the LSDV, IVJd and IVdi estimators of 7 are 

(seee Appendix 3.A) 

VLSDVVLSDV = 1 - 72 (3-34) 

VVIVIVuu = 2(1+7) (3-35) 

VVIVdiIVdi = 2(1+7). (3-36) 

Thesee results show that the asymptotic variance for LSDV is a decreasing function of 7 

forr 0 < 7 < 1, while for the IV estimators the opposite holds. Moreover, for positive 7 

thee asymptotic variance of the IV estimators is at least twice that of the LSDV estimator. 

Thee relative efficiency loss of IV estimators with respect to the LSDV estimator tends to 

infinityy when 7 approaches one, and is already quite dramatic for moderate values of 7. 

Forr instance, for 7 > 0.5 the asymptotic standard deviation of the IV estimators is at 

leastt twice that of LSDV. The estimators IVdi and IVid have equivalent efficiency (which 

iss not the case for finite T and just N — 00). We find that all three estimators become 

extremelyy efficient for 7 close to —1. 

Obviously,, the (relative) qualities of the IV estimators depend in a crucial way on 

thee appropriateness (or weakness) of their respective instruments. From the results in 

Appendixx 3. A we obtain for the squared correlation between regressor and instrument 

(SCRI) ) 

11 - 7 
SCRIjvidSCRIjvid = SCRIjvdi ~ —7~~5 \~- (3.37) 

22 fes?+0 
2 2 

Forr both IV techniques this indicator goes to zero for 7 | 1 or ^| —*  00. From the 

studyy in Blundell and Bond (1998) one might conclude that weakness of the instrument 
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iss especially a problem for the IVdl technique, and less so for IV Id. The present analysis 

indicatess that this is not necessarily the case. In samples with N and T both large, high 

persistencee (larger 7 values) or more pronounced individual effects (larger a2 values) do 

affectt the weakness of the instruments for either estimator. 

Next,, we analyse model (3.1) when it includes the explanatory variable xit. For sim-

plicityy it is assumed that xit is strongly exogenous and uncorrelated with the individual 

effectt Tfc, i.e. <f>  = n = 0 in (2.6), thus xit = xit. We postulate an AR(1) process for xit, 

i.e. . 

VitVit = lVi,t-i + 0xit +rj t+ elt 

xxitit = pxi,t-i +£it 

(3.38) ) 

wheree £it ~ llAf[Q,a2]  and uncorrelated with r)t and eit. In Appendix 3.A a derivation 

iss given for the following results 

^ Ï ^ TT + ^ ^ ( i - ^ d ^ d - ^ ) aP{i-P*)(i-fn) 

^(\-^(\-ppi}(i-fn) i}(i-fn) 

==  £ WAW WAW 

TT22

(3.39) ) 

(3.40) ) 

'WDJW'WDJW = 

'WD-DW'WD-DW — 

CTCT22-*-+-*-+  CT232 1 

£ l + 77 ^  ̂ (1+P)(1+7)(1-P7) 

2q2q 1 
°«^(1+P)(1-P7) ) 

aa22^-^- + jT2/?2 2 

£ l + 77 ^°tP (l+p)(l+7)(l-p7) 

- ^ ( I T ^ ^ (l+p)(l-p7) ) 

Ew/.7* * Vl/J'DIVV — == - E 

o](5 o](5 
C^(l+P)(l-P7) ) 

(1+P)(1-P7) ) 

O+p p 

WDJW WDJW 

(3.41) ) 

(3.42) ) 

(3.43) ) 

'WJ-.J-W W -- E WDDIV-- (3-44) ) 

Againn the asymptotic variances of the TVdl and TV Id estimators are equal (which is not 

thee case for finite T and just N —» 00). Note that the asymptotic variances are invariant2 

withh respect to a2. 

2Thee derivations in Appendix 3.A, however, show that this does not hold when T is finite. 
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Figuree 3.1: Asymptotic variances of estimators for 7 and (5 

Leftt and right hand panels concern 7 and (3 respectively. 

Wee have chosen Oe = 1, <7? = 1, and /? = 1 — 7. 

Inn Figure 3.1 the differences between the asymptotic variances of LSDV versus IV are 

illustratedd for some particular parametrisations. In the left and right hand panels of this 

figuree asymptotic standard deviations are plotted for estimators for 7 and 0 respectively. 

Wee have set /3 = 1 — 7, <r| = 1, and o\ = 1. As can be seen from these results, the LSDV 

estimatorr has always smallest variance, which can be several times smaller than any of 

thee IV estimators. From the bottom panel in Figure 1 it is seen that when 7 | 1 the 
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relativee difference in efficiency increases dramatically. Summarising, we have shown that 

forr just identified IV estimators efficiency losses may be substantial in many situations, 

soo the applied reseacher should probably prefer other inference procedures. 

3.44 Finite sample bias 

3.4.11 Bias approximation 

Inn this section we will focus on the location of LSDV and GMM estimators of 6. More in 

particular,, we will approximate the finite sample bias of the various estimators introduced 

inn Section 3.2 using asymptotic expansion techniques. 

Thee estimation error of the LSDV estimator (3.3) can be expressed as 

hsDvhsDv ~ ^ = {W'AWy1 W'AE, (3.45) 

whichh is depending on e in a complicated, non-linear way. However, we can expand as 

followss (see also Section 2.3.2). Considering the first factor in (3.45) we have 

W'AWW'AW = Q-1 + WAW -Q-1 

==  [I  + (WAW - Q-l)Q\Q~l, (3.46) 

wheree Q~l = E [W'AW], For the case of a strongly exogenous regressor x, i.e. tp — 0 

andd u> — 0 in the model of Section 2.2, we established in Section 2.3.2 that Q~l = O(n), 

W'AWW'AW = Op(n), W'AW - Q~l = Op{rè) and W'Ae - E [W'Ae] = Op(n*) with n = NT. 

Itt can be shown that these results hold in general for the model introduced in Section 2.2. 

Hence,, using (2.21) we find 

{W'AWy{W'AWy11 = Q[I + {W'AW - Q~l)Q}-1 

==  Q[I ~(W'AW~Q-l)Q + ...] 

==  Q+Op(n-5), (3.47) 

andd we obtain for the expected estimation error 

E[6E[6LLSDVSDV -6} = QE [W'Ae] + 0(n~l). (3.48) 

Thee estimation error of the GMM estimator (3.13) can be expressed as 

66GGMMpiMMpi - S = [(PW)' MZiPW}-l{PW)'MZtPE, (3.49) 
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wheree MZ( = Z\{Z[Zi) lZ[. The first factor in (3.49) can be written 

{PW)'M{PW)'MZIZIPWPW = r-1 + {PW)'MZ,PW ~ J'1 

==  [/ + ((PWO'AfZ l PH'-T-1)T]T- 1, (3.50) 

withh T"1 = E[(PW)' MZlPW]. Under the assumptions made in Section 2.2 we have 

{PW)'M{PW)'MZlZlPWPW = Op(n), T"1 = 0(n), (PW)' MZlPW-T-1 = 0 ^ ) and (PW)' MZxPe-

E[{PW)'E[{PW)' MZlPe] =Op{n?). Hence 

[{PW)'[{PW)' MZlPW]~l = T + Op(n-i), (3.51) 

andd taking expectations in (3.49) we obtain 

E[6E[6GMMplGMMpl -6} = TE [(PW)' MZlPe] + O^1). (3.52) 

Usingg similar reasoning, we can approximate the bias of the GMM estimator (3.18) as 

E[èE[èGMMldGMMld -6} = OE [(JW)' MZdJu] + 0(n-1), (3.53) 

withh B" 1 = E[{JW)'MZdJW] and MZd = Zd{Z'dZd)-
1Z'd. 

Wee will analyse the leading bias terms in (3.48), (3.52) and (3.53) in more detail. We 

wil ll  establish the order of magnitude of the leading term for the various estimators in 

thee presence of a lagged dependent variable regressor. Also the effects of an additional 

weaklyy exogenous explanatory variable on estimator bias will be examined. As Q~l, T - 1 

andd 6_1are all 0(n), differences in the order of magnitude of the bias of the LSDV and 

GMMM estimators will depend on differences in the order of ü7[WMe-], E[(PW)'MZlPe] 

andd E[(JW)'MZdJu], which vary, although W'Ae, {PW)'MZlPe and {JW)'MZdJu are 

allOpfn1/2). . 

Forr the LSDV estimator Kiviet (1999) has derived (see also Appendix 3.B) 

E[6LSDVE[6LSDV ~ S\ = BLSDV{T-1) + Oin'1), (3.54) 

with h 

BBLLSDV{T-SDV{T-11)) = o2
£[tr(U)  + i3<(ar{UL)]Qe2il + a2

e4>tr(AL)Qe2,2, (3.55) 

andd with II = ALT. All terms in (3.55) are of order 0{T~l). This result also shows that the 

leadingg term in the bias approximation is affected by the feedback parameter (f>. Note that 

thee leading term in the bias approximation is also affected by ui through Q. The matrix 

Q~Q~ll = E[W'AW] consists of many terms, see the expression (3.B.6) in Appendix 3.B. 

Examiningg this expression in more detail reveals that some of the contributions involving 
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1010 are of order 0(n). Hence, random initial observations, i.e. the case of co  ̂ 0, has an 

effectt of similar order on the location of the LSDV estimator as the lagged dependent 

variablee regressor and the weakly exogenous regressor x. 
'(2) ) 

Next,, we consider the GMM estimators using instruments in levels, i.e. SGMMpl and 

^GMA/pt '' a n d w e find 

[̂«GMAfp»» " «1 = B™MMlll (N-*) + 0 ( 0 , (3.56) 

wit h h 

BGLSWW-BGLSWW-11)) = 2a2
eY/tr{H sAsH'sLTrT(IT + mT)}?e2,l 

T T 

+2a+2a22<f><f>  £ tr{HaAaH'aLT)Te2a, (3.57) 

andd where Hs = [0 : Is}'  is a T x 5 selection matrix. The expression (3.57) is of order 

0 (A r _ 1) .. Regarding the bias of the GMM estimator using only a number of moment 

conditionss of order T (instead of T2) we find 

E[SE[S{{ccMMplMMpl  -6} = 4 M M > _ 1 ) + °(n~^ (3-58) 

with h 

4 M M > _ 1 )) = 2(T
2tr{nT(IT + {3<pLT)}re2,1 

+2o+2o22<t>tr(A<t>tr(A TTLLTT)'ïe)'ïe22t,t, (3.59) 

wheree the expression (3.59) is of order 0{n~l). 

Finally,, we consider the GMM estimators using instruments in first differences for the 

levelss equation, i.e. I CM Mid a n d &GMMid->  a n d w e n n d (Appendix 3.B) 

E^GMMidE^GMMid ~ 8\ = B%LMU{TN-1) + 0{n-1), (3.60) 

wit h h 

BGMMUPN-BGMMUPN-11)) = al(T(T + 1) - l )e<ae2 i l + *e2,2). (3.61) 

Furthermore,, we find 

E[6E[6{{GMMtdGMMtd - «] = B%MMld(N-1) + OCn"1), (3.62) 

wit h h 

BGMMUW-BGMMUW-11)) = <V ~ I jetaea,! + 7re2,2). (3.63) 
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Tablee 3.1: Order of magnitude of finite sample bias 

levelss orthogonal deviations first difference 

equationn equation equation 

LSDVLSDV o(T~l) o(r-J) 

IVIV OiN^T'1) 0{N-lT~l) 

GMMWGMMW OiTN-1) 0(N~l) 0(N~l) 

GMM™GMM™ 0(N~l) OiN-^T-1) 

Thee expressions in (3.61) and (3.63) are of order OfTA/""1) and 0(iV_1) respectively. 

Thee results on finite sample bias obtained here have been summarised in Table 3.1. 

Thee columns of this table indicate the particular model, i.e. the levels, orthogonal de-

viationss or first difference equation. The LSDV estimator is defined for the levels or 

orthogonall  deviations equation only. Furthermore, the GMM estimator using all instru-

mentss (GMM<2)) is equal for the orthogonal deviations and first difference equations. The 

roww labelled IV refers to the IVdJ and IVid estimators. In Kiviet (1999) it has been 

shownn that the former estimator is unbiased to order 0(n_ 1) both under strong and weak 

exogeneityy of x. Using similar derivations it is straightforward to show that the latter 

estimatorr is unbiased to order 0{n~l) also. 

Wee find that the leading bias term of the LSDV estimator is 0(T_ 1) . The feedback 

parameterr <j>  and the initial condition parameter UJ have an effect on the bias of similar 

magnitudee as the bias due to the lagged dependent variable regressor. When using all 

availablee moment conditions, i.e. of order X2, the leading bias term in the GMM estima-

torr using level instruments is 0(iV_1), which was already found by Alvarez and Arellano 

(1998).. However, when using only a number of instruments of order T the leading bias 

termm in the GMM estimator is 0{n~l) reflecting the fact that using fewer moment condi-

tionss reduces finite sample bias of this particular GMM estimator. These results suggest 
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that,, as far as bias is concerned, in samples with both T and N moderate GMM esti-

matorss using a limited subset of the available level instruments only are to be preferred 

overr LSDV or GMM techniques using all moment conditions. Furthermore, when T is 

largee relative to N LSDV is preferred over GMM using all moment conditions and vice 

versa.. Finally, we find that the GMM estimator for the levels equation using all available 

instrumentss in first differences (of order T2) has a leading bias term of order 0{TN~l), 

whilee using a number of instruments of order T this decreases to 0{N~l). Furthermore, 

itss bias is dependent among other things on the random effect parameter a\. Hence, this 

estimatorr seems not to be accurate in samples where T is large (or with a strong random 

effect),, but note that in samples with finite T its bias is comparable with that of GMM 

implementationss for the equation in first differences. 

3.4.22 Bias correction 

InIn principle the bias approximations can be used to construct bias corrected LSDV and 

GMMM estimators. Regarding the LSDV estimator bias correction has been proved suc-

cesful.. The simulation studies of Kiviet (1995), Judson and Owen (1999) and Chapter 

22 of this thesis show that bias correction often leads to a substantial reduction in mean 

squaredd error. However, only the first-order dynamic panel data model with a lagged 

dependentt variable and a strongly exogenous regressor has been examined so far. As can 

bee seen from the bias approximations above, in case of a weakly exogenous explanatory 

variablee the bias depends also on the feedback parameter 0 and the initial condition LO. 

Appropriatee bias correction in this case would require specification and estimation of the 

modell  for x and exploiting the initial condition, which are major complications. How-

ever,, it is still interesting to examine whether bias corrected estimators ignoring the weak 

exogeneityy of x (in practice rather the rule than the exception) may still lead to more ef-

ficientficient estimators in models with feedbacks from ytox. In other words, we shall examine 

whetherr the efficiency can be improved by exploiting the bias approximation (3.55) with 

00 = 0 and u) = 0 when estimating a dynamic panel data model with a weakly exogenous 

explanatoryy variable, i.e. 0 ^ 0 . We will analyse in the simulations the following bias 

correctedd estimator 

SLSDVCSLSDVC — &LSDV - BLSDV(T ), (3.64) 

with3 3 

BBLSLSDV(T-DV(T-11)) = o*tr{n)Q*2,i>  (3-65) 

^BLSDviT-^BLSDviT-11)) in (3.65) coincides with B D̂V in (2.39). 
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andd Q as in (2.24). Prom the bias approximation (3.55) we know that when 0 = 0 and 
UJUJ = 0 

E[SE[SLLSDVc-6]SDVc-6] = 0(n-i), (3.66) 

butt in case 0 ^ 0 this is 0(T~l). We will estimate the bias correction (3.65) with a 

preliminaryy consistent estimator for 6 and <J], i.e. the GMM estimator for the equation 

inn orthogonal deviations (èGMM^). 

3.55 Simulation results 

Thee simulation design is basically the same as in Chapter 2, but extended to allow for 

aa weakly exogenous regressor x. Data for y have been generated according to equation 

(3.1)) with two different models for the explanatory variable x. In scheme 1 its generating 

equationn is designed as in (2.6) with xit an AR(1) process, i.e. 

^it^it = Xrt + <l>l£i,t-l  + KlVi 

XitXit = P\Xi,t-\ + £it 

ii  = l,...,N; t= 1....T, (3.67) 

wheree £it ~ TJA/"[0,af\ is independent from eit ~ TZA/"[0,&*] >  a nd these are again inde-

pendentt from 7?i ~ 2XV[0, a2
v\. Hence, the explanatory variable x is a linear combination 

off  three stochastically independent components, viz. the AR(1) process x, the one-period 

laggedd disturbance term £ and the individual effects rj. It can be rewritten as 

wheree L is the lag operator. As long as  < 1 this process will be stationary. When 

0ii  T̂  0 regressor x is weakly exogenous for the parameters in (3.1). In the earlier sections 

thiss scheme proved to be relatively easy to handle from an analytic point of view. Prom 

ann economic point of view a more interesting alternative is the process 

42)) = P241i + toö-i + *2»fc + £«, (3.69) 

wheree the lagged dependent variable determines x directly. In this case, which we will 

denotee by scheme 2, we have 

xxmm = (1 ~ lL)U + 02£«,t-i (1 - 7)TT2 + 02 
l tt 1 - (7 + / ^ 2 + p2)L + 7yo2L2 (1 -7 ) (1 -Pa) - 002 *' { } 
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Likee for scheme 1 this is again a linear combination of three stochastically independent 

components,, but now an ARMA(2,1) process based on £it, an AR(2) proces based on e^-i 

andd the individual effects. Contrary to scheme 1, however, in scheme 2 not just the value 

off  02 itself, but also the values of 7, /3 and p2 affect the extent of the weak exogeneity 

whenn 02 7̂  0. Moreover, the parameters 7 and /3 determine the x process, whereas they 

doo not under scheme 1. When the <j)  coefficients are zero the regressor x is under both 

schemess a strongly exogenous AR(1) process, but when the exogeneity is non-strong it is 

simplyy ARM A (1,1) under scheme 1 and a much more complicated higher-order ARM A 

processs under scheme 2. For stationarity of x\t' it is required that the three restrictions 

7P22 < 1 ] 

77 + P 2 ( l - 7 ) + ^ 2 < l ) (3-71) 

77 + p2(l + 7) +/502 > - 1 J 

holdd jointly. 

Withh respect to the x processes we chose px-,p2
 = {0.5,0.95}, and to analyse the 

impactt of weak exogeneity under scheme 1 we selected ^ = {  — 1,0,+1}. To maintain 

somee comparability between, the results for schemes 1 and 2 (by making the dependence 

off  xit on Eitt-\ equivalent), we took for <p2 the values 

</>22 = 0 l [ ( l - 7 ) ( l - f c ) - / t y 2 ] 

Wee fixed 7 = 0.75 and the long-run effect 9 = /?/(l - 7) of x on y has been set equal to 

unityy in all experiments, implying 0 = 1 — 7. This equality and (3.72) reduce the second 

restrictionn of (3.71) to 7+ (p2 + <£2)(1 -7) < 1. which implies that the parameters should 

obeyy p2 + <fi 2 < 1, i.e. 

,, .M1-7H1-P2) , , 

or r 

M l - 7 )) < l f 

l + 0 i ( l - 7 ) ) 

whichh is true. Hence, x\ is stationary, since it is obvious that our parameter choices 

alsoo obey the other two restrictions of (3.71). At this stage we took %i = 0 = 7r2. Note 

thatt values different from zero would not affect the LSDV estimator, but finite sample 

distributionss of GMM estimators (and also bias corrected LSDV based on a preliminary 

GMMM estimate) are affected by correlation between regressors and effects. 
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Wee shall normalise with respect to the variance of the disturbance terra o\. Hence, 

thee design parameters that remain to be fixed now are <r2 and aj. Appendix 3.C gives 

furtherr details on how we attributed values to these two variances. We chose a relationship 

betweenn cr2 and o\ such that the impact on Var[yi(] of both the two variance components 

rjrj ii and En has a ratio p?. This implies for scheme 1 

3 ( 1 - 7 X 1 + 2 7^^ + ^ ) 
(1+7) (1+/?7T1) 2 2 (3.73) ) 

andd for scheme 2 

( ( 
11 + p2 - 2p2 

I-II-I 22PI-PI-

II  + 7P2 

1+7P2 2 

11 - Pi + /?7T2 

L ( I - 7 ) ( I - P 2 ) - ^ 2 2 
11 - 1 

(77 + /302 + p2)
2 

- 2 2 

(3-74) ) 

InIn the simulations we examined fx = {1,5} . The parameter aj has been determined by 

controllingg the signal-to-noise ratio (SNR) of the model. In Kiviet (1995) it has been 

shownn that a proper comparison of simulation results over different parameter values 

requiress to exercise control over this basic model characteristic. For our panel model we 

definee for schemes s = {1,2} 

.W W » » 
SNRSNR(s)(s) =

 V a rbit - En I Vj]  = Var[y|t
SJ j T?J _ l 

Var[ei(]]  Var[elt] 
(3.75) ) 

Normalizingg with respect to a\ this ratio is simply equal to SNR  ̂ = Var[yj(^ | 77 J - 1. 

Forr both schemes 1 and 2 we choose SNR(s) = {2,8}  in the simulations. In the Appendix 

wee show that to achieve this, scheme 1 requires 

_1_ _ 

PP2 2 
SNRSNRWW -(77 + /?<M: 

I - 7 2 2 
( I - 7 2 ) ( I - P ; ) ( I - 7 P I ) ) 

11 + 7Pi 

andd scheme 2 

££ (SNR™ + 1) (l - 7 ^ - 1 - ^ (7 + ̂ 2 + ft)1 

77 + ^ 2 + P 2' 

(3.76) ) 

(3.77) ) 

- ^ 2 l 11 + ^ - 2 p 2 
1+7P2 2 

Selfevidentlyy not every combination of values of these parameters is feasible. 

Al ll  design parameters, viz. 7, j3, ps, (ps, 7rs, CT2 (through p.), o\ (through SNR) and 

o\o\ have been designed a range of values now, leading to 24 different experiments for each 

schemee s — {1,2} , because only p, ps and SNR  ̂ obtain two different values and <j> s 
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Tablee 3.2: Parameter combinations for simulations 

I I 

II I 

II I I 

IV V 

V V 

VI I 

VI I I 

VII I I 

IX X 

X X 

XI I 

XI I I 

XII I I 

XI V V 

XV V 

XV I I 

s s 

2 2 

2 2 

2 2 

2 2 

2 2 

2 2 

1,2 2 

1,2 2 

1,2 2 

1,2 2 

7 7 

0.75 5 

0.75 5 

0.75 5 

0.75 5 

0.75 5 

0.75 5 

0.75 5 

0.75 5 

0.75 5 

0.75 5 

0.75 5 

0.75 5 

0.75 5 

0.75 5 

0.75 5 

0.75 5 

<t>s <t>s 

-1 1 

0 0 

1 1 

-1 1 

0 0 

1 1 

-0.17 7 

0 0 

0.10 0 

-0.02 2 

0 0 

0.01 1 

0 0 

0 0 

0 0 

0 0 

^ 5 5 

0 0 

0 0 

0 0 

0 0 

0 0 

0 0 

0 0 

0 0 

0 0 

0 0 

0 0 

0 0 

0 0 

0 0 

0 0 

0 0 

PsPs °e 

0.55 1 

0.55 1 

0.55 1 

0.955 1 

0.955 1 

0.955 1 

0.55 1 

0.55 1 

0.55 1 

0.955 1 

0.955 1 

0.955 1 

0.55 1 

0.55 1 

0.55 1 

0.55 1 

HH SNR(S) 

11 2 

11 2 

11 2 

11 2 

11 2 

11 2 

11 2 

11 2 

11 2 

11 2 

11 2 

11 2 

11 2 

11 8 

55 2 

55 8 

Vr, Vr, 

0.31 1 

0.38 8 

0.45 5 

0.31 1 

0.38 8 

0.45 5 

0.46 6 

0.38 8 

0.33 3 

0.49 9 

0.38 8 

0.31 1 

0.38 8 

0.38 8 

1.89 9 

1.89 9 

nni i 

1.17 7 

1.31 1 

1.17 7 

0.26 6 

0.29 9 

0.26 6 

1.86 6 

1.31 1 

0.79 9 

0.35 5 

0.29 9 

0.24 4 

1.31 1 

4.00 0 

1.31 1 

4.00 0 

three.. As the theoretical bias approximations show that the effects of weak exogeneity 

aree especially important for panels with T small, we focus on this case and choose T — 10 

andd N = {20,50}. 

Thee following estimators have been analysed: least squares dummy variables (LSDV), 

thee bias corrected version (3.64) of LSDV (LSDVc), two GMM variants based on the 

equationn in orthogonal deviations {GMMpi (2) and GMMpi(1)) and two GMM variants 

(GMMJd(2)) and GMMid(1)) based on the levels equation. Each Monte Carlo estimate 

iss based on one thousand replications. Table 3.2 presents and labels a selection of the 

parametrisationss examined. For these selected parametrisations results on the bias, vari-

ancee and mean squared error of the various estimators of 7 and (3 are presented in Tables 

3.33 to 3.7. Tables 3.3 and 3.4 contain results for scheme 1, Tables 3.5 and 3.6 for scheme 

22 and Table 3.7 for both schemes. 
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Tablee 3.3: Simulation results for scheme 1, T = 10 and TV = 20 

BiasBias 7 Bias 13 std y std0 RMSE 7 RMS E /? 

LSDV LSDV 

LSDVc LSDVc 

GMMplGMMpl{2) {2) 

GMMplGMMpl(l) (l) 

GMMldGMMld(2) (2) 

GMMldGMMld{1) {1) 

LSDV LSDV 

LSDVc LSDVc 

GMMplGMMpl{2) {2) 

GMMplGMMpl{1) {1) 

GMMldGMMld{2) {2) 

GMMldGMMldw w 

LSDV LSDV 

LSDVc LSDVc 

GMMpl™ GMMpl™ 

GMMGMMPPll
{l) {l) 

GMMldGMMldw w 

GMMldGMMld{l) {l) 

LSDV LSDV 

LSDVc LSDVc 

GMMplGMMpl{2) {2) 

GMMplGMMpl{1) {1) 

GMMldGMMld{2) {2) 

GMMldGMMldw w 

LSDV LSDV 

LSDVc LSDVc 

GMMplGMMpl{2) {2) 

GMMGMMPPll
w w 

GMMldGMMld{2) {2) 

GMMldGMMldw w 

LSDV LSDV 

LSDVc LSDVc 

GMMGMMPPll
{2) {2) 

GMMplGMMplw w 

GMMldGMMldw w 

GMMldGMMld{l) {l) 

-0.19 9 

-0.04 4 

-0.21 1 

-0.11 1 

0.09 9 

0.07 7 

-0.17 7 

-0.04 4 

-0.19 9 

-0.09 9 

0.08 8 

0.07 7 

-0.18 8 

-0.05 5 

-0.19 9 

-0.10 0 

0.10 0 

0.08 8 

-0.32 2 

-0.19 9 

-0.37 7 

-0.22 2 

0.09 9 

0.08 8 

-0.21 1 

-0.07 7 

-0.24 4 

-0.13 3 

0.09 9 

0.06 6 

-0.21 1 

-0.08 8 

-0.23 3 

-0.14 4 

0.12 2 

0.09 9 

-0.02 2 

-0.05 5 

-0.04 4 

-0.03 3 

0.03 3 

0.02 2 

0.00 0 

-0.03 3 

-0.01 1 

-0.01 1 

-0.01 1 

-0.00 0 

0.01 1 

-0.03 3 

-0.00 0 

-0.00 0 

-0.04 4 

-0.03 3 

-0.14 4 

-0.14 4 

-0.18 8 

-0.12 2 

0.05 5 

0.05 5 

0.05 5 

-0.01 1 

0.01 1 

-0.01 1 

-0.07 7 

-0.05 5 

0.05 5 

0.00 0 

0.03 3 

0.02 2 

-0.10 0 

-0.06 6 

0.08 8 

0.09 9 

0.11 1 

0.13 3 

0.06 6 

0.08 8 

0.06 6 

0.07 7 

0.09 9 

0.10 0 

0.05 5 

0.07 7 

0.06 6 

0.06 6 

0.09 9 

0.10 0 

0.05 5 

0.06 6 

0.12 2 

0.14 4 

0.18 8 

0.21 1 

0.06 6 

0.09 9 

0.07 7 

0.08 8 

0.10 0 

0.12 2 

0.05 5 

0.07 7 

0.07 7 

0.07 7 

0.10 0 

0.11 1 

0.05 5 

0.07 7 

0.06 6 

0.05 5 

0.07 7 

0.08 8 

0.05 5 

0.07 7 

0.06 6 

0.05 5 

0.06 6 

0.07 7 

0.06 6 

0.07 7 

0.05 5 

0.04 4 

0.05 5 

0.06 6 

0.05 5 

0.06 6 

0.12 2 

0.11 1 

0.14 4 

0.15 5 

0.08 8 

0.10 0 

0.24 4 

0.20 0 

0.36 6 

0.46 6 

0.13 3 

0.21 1 

0.08 8 

0.07 7 

0.08 8 

0.08 8 

0.07 7 

0.08 8 

0.21 1 

0.10 0 

0.24 4 

0.17 7 

0.10 0 

0.11 1 

0.19 9 

0.08 8 

0.21 1 

0.14 4 

0.10 0 

0.09 9 

0.19 9 

0.08 8 

0.20 0 

0.14 4 

0.11 1 

0.10 0 

0.34 4 

0.23 3 

0.41 1 

0.31 1 

0.11 1 

0.12 2 

0.23 3 

0.11 1 

0.25 5 

0.18 8 

0.10 0 

0.10 0 

0.22 2 

0.11 1 

0.25 5 

0.18 8 

0.13 3 

0.12 2 

0.06 6 

0.07 7 

0.08 8 

0.08 8 

0.06 6 

0.07 7 

0.06 6 

0.06 6 

0.07 7 

0.07 7 

0.06 6 

0.07 7 

0.05 5 

0.05 5 

0.05 5 

0.06 6 

0.07 7 

0.06 6 

0.18 8 

0.18 8 

0.23 3 

0.19 9 

0.09 9 

0.11 1 

0.25 5 

0.20 0 

0.36 6 

0.46 6 

0.15 5 

0.21 1 

0.09 9 

0.07 7 

0.09 9 

0.09 9 

0.12 2 

0.10 0 
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Tablee 3.4: Simulation results for scheme 1, T — 10 and N = 50 

Biass 7 Bias 0 std 7 std/3 RMSE 7 RMS E /3 

LSDV LSDV 

LSDVc LSDVc 

GMMplGMMpl{2) {2) 

GMMplGMMpl{l) {l) 

GMMldGMMld(2) (2) 

GMMidGMMid{i) {i) 

LSDV LSDV 

LSDVc LSDVc 

GMMplGMMpl(2) (2) 

GMMpiGMMpi{1) {1) 

GMMldGMMld{2) {2) 

GMMldGMMld(l) (l) 

LSDV LSDV 

LSDVc LSDVc 

GMMplGMMpl{2) {2) 

GMMplGMMpl{l} {l} 

GMMldGMMld{2) {2) 

GMMldGMMld(x) (x) 

LSDV LSDV 

LSDVc LSDVc 

GMMpPGMMpP] ] 

GMMplGMMplw w 

GMMldGMMld(2) (2) 

GMMldGMMld{l) {l) 

LSDV LSDV 

LSDVc LSDVc 

GMMplGMMpl{2) {2) 

GMMplGMMpl{1] {1] 

GMMldGMMld{2) {2) 

GMMldGMMld{l) {l) 

LSDV LSDV 

LSDVc LSDVc 

GMMplGMMpl(2) (2) 

GMMplGMMpl(l) (l) 

GMMldGMMld(2) (2) 

GMMldGMMldw w 

-0.18 8 

-0.03 3 

-0.13 3 

-0.06 6 

0.06 6 

0.05 5 

-0.17 7 

-0.03 3 

-0.11 1 

-0.05 5 

0.05 5 

0.04 4 

-0.17 7 

-0.04 4 

-0.11 1 

-0.05 5 

0.07 7 

0.05 5 

-0.30 0 

-0.15 5 

-0.22 2 

-0.10 0 

0.07 7 

0.06 6 

-0.20 0 

-0.05 5 

-0.14 4 

-0.07 7 

0.06 6 

0.04 4 

-0.21 1 

-0.07 7 

-0.14 4 

-0.07 7 

0.08 8 

0.06 6 

-0.02 2 

-0.05 5 

-0.03 3 

-0.02 2 

0.02 2 

0.O2 2 

0.00 0 

-0.03 3 

-0.01 1 

-0.01 1 

-0.O0 0 

-0.00 0 

0.01 1 

-0.03 3 

-0.00 0 

-0.00 0 

-0.02 2 

-0.01 1 

-0.13 3 

-0.14 4 

-0.11 1 

-0.06 6 

0.04 4 

0.04 4 

0.06 6 

-0.01 1 

0.00 0 

0.01 1 

-0.04 4 

-0.02 2 

0.05 5 

-0.00 0 

0.01 1 

0.01 1 

-0.06 6 

-0.04 4 

0.05 5 

0.06 6 

0.09 9 

0.10 0 

0.05 5 

0.07 7 

0.04 4 

0.04 4 

0.07 7 

0.07 7 

0.04 4 

0.05 5 

0.04 4 

0.04 4 

0.06 6 

0.07 7 

0.04 4 

0.05 5 

0.08 8 

0.08 8 

0.13 3 

0.14 4 

0.06 6 

0.08 8 

0.04 4 

0.05 5 

0.07 7 

0.08 8 

0.04 4 

0.05 5 

0.04 4 

0.04 4 

0.07 7 

0.08 8 

0.04 4 

0.06 6 

0.04 4 

0.03 3 

0.05 5 

0.06 6 

0.04 4 

0.05 5 

0.04 4 

0.03 3 

0.05 5 

0.05 5 

0.04 4 

0.05 5 

0.03 3 

0.03 3 

0.04 4 

0.04 4 

0.04 4 

0.04 4 

0.07 7 

0.06 6 

0.10 0 

0.10 0 

0.06 6 

0.07 7 

0.14 4 

0.12 2 

0.28 8 

0.34 4 

0.12 2 

0.17 7 

0.05 5 

0.05 5 

0.05 5 

0.06 6 

0.05 5 

0.06 6 

0.19 9 

0.06 6 

0.16 6 

0.11 1 

0.08 8 

0.08 8 

0.18 8 

0.05 5 

0.13 3 

0.09 9 

0.07 7 

0.07 7 

0.18 8 

0.05 5 

0.13 3 

0.09 9 

0.08 8 

0.07 7 

0.31 1 

0.17 7 

0.26 6 

0.18 8 

0.09 9 

0.10 0 

0.21 1 

0.07 7 

0.16 6 

0.10 0 

0.07 7 

0.07 7 

0.21 1 

0.08 8 

0.16 6 

0.11 1 

0.09 9 

0.08 8 

0.04 4 

0.06 6 

0.06 6 

0.06 6 

0.04 4 

0.05 5 

0.04 4 

0.05 5 

0.05 5 

0.05 5 

0.04 4 

0.05 5 

0.04 4 

0.04 4 

0.04 4 

0.04 4 

0.04 4 

0.04 4 

0.15 5 

0.15 5 

0.15 5 

0.12 2 

0.07 7 

0.08 8 

0.16 6 

0.12 2 

0.28 8 

0.34 4 

0.13 3 

0.17 7 

0.07 7 

0.05 5 

0.06 6 

0.06 6 

0.08 8 

0.07 7 
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Tablee 3.5: Simulation results for scheme 2, T = 10 and N = 20 

Biass 7 Bios 0 std 7 stó/3 AM5E17 RMS E 0 

LSDV LSDV 

LSDVc LSDVc 

GMMplGMMpl(2) (2) 

GMMplGMMplw w 

GMMldGMMld(2) (2) 

GMMldGMMldw w 

LSDV LSDV 

LSDVc LSDVc 

GMMplGMMpl{2) {2) 

GMMplGMMpl{1) {1) 

GMMldGMMld(2) (2) 

GMMldGMMldw w 

LSDV LSDV 

LSDVc LSDVc 

GMMplGMMpl(2) (2) 

GMMplGMMplw w 

GMMldGMMld{2) {2) 

GMMldGMMldw w 

LSDV LSDV 

LSDVc LSDVc 

GMMplGMMpl{2) {2) 

GMMplGMMplw w 

GMMldGMMldi2) i2) 

GMMldGMMldw w 

LSDV LSDV 

LSDVc LSDVc 

GMMplGMMpl(2) (2) 

GMMplGMMplw w 

GMMldGMMld(2) (2) 

GMMldGMMldw w 

LSDV LSDV 

LSDVc LSDVc 

GMMplGMMpl{2) {2) 

GMMplGMMplw w 

GMMldGMMldi2) i2) 

GMMldGMMld(l) (l) 

-0.14 4 

-0.00 0 

-0.14 4 

-0.07 7 

0.09 9 

0.06 6 

-0.18 8 

-0.04 4 

-0.19 9 

-0.10 0 

0.08 8 

0.06 6 

-0.21 1 

-0.08 8 

-0.24 4 

-0.14 4 

0.08 8 

0.06 6 

-0.20 0 

-0.06 6 

-0.23 3 

-0.13 3 

0.11 1 

0.08 8 

-0.21 1 

-0.07 7 

-0.23 3 

-0.13 3 

0.09 9 

0.07 7 

-0.22 2 

-0.08 8 

-0.24 4 

-0.13 3 

0.07 7 

0.05 5 

0.01 1 

-0.02 2 

0.00 0 

-0.00 0 

-0.01 1 

-0.00 0 

0.00 0 

-0.03 3 

-0.01 1 

-0.01 1 

-0.01 1 

-0.00 0 

-0.02 2 

-0.06 6 

-0.04 4 

-0.03 3 

-0.00 0 

0.01 1 

0.12 2 

0.05 5 

0.13 3 

0.10 0 

-0.16 6 

-0.14 4 

0.05 5 

-0.01 1 

0.03 3 

0.01 1 

-0.08 8 

-0.05 5 

-0.03 3 

-0.08 8 

-0.13 3 

-0.17 7 

0.00 0 

0.02 2 

0.06 6 

0.06 6 

0.08 8 

0.09 9 

0.05 5 

0.07 7 

0.06 6 

0.07 7 

0.09 9 

0.10 0 

0.05 5 

0.07 7 

0.07 7 

0.07 7 

0.09 9 

0.12 2 

0.05 5 

0.07 7 

0.06 6 

0.07 7 

0.10 0 

0.12 2 

0.05 5 

0.07 7 

0.07 7 

0.07 7 

0.10 0 

0.12 2 

0.05 5 

0.08 8 

0.06 6 

0.07 7 

0.09 9 

0.11 1 

0.06 6 

0.08 8 

0.04 4 

0.03 3 

0.05 5 

0.05 5 

0.04 4 

0.05 5 

0.06 6 

0.05 5 

0.07 7 

0.07 7 

0.06 6 

0.07 7 

0.10 0 

0.08 8 

0.11 1 

0.12 2 

0.10 0 

0.12 2 

0.19 9 

0.15 5 

0.27 7 

0.35 5 

0.11 1 

0.16 6 

0.23 3 

0.19 9 

0.35 5 

0.45 5 

0.13 3 

0.21 1 

0.28 8 

0.23 3 

0.42 2 

0.55 5 

0.15 5 

0.22 2 

0.15 5 

0.06 6 

0.16 6 

0.11 1 

0.11 1 

0.09 9 

0.19 9 

0.08 8 

0.21 1 

0.15 5 

0.10 0 

0.09 9 

0.23 3 

0.11 1 

0.26 6 

0.18 8 

0.09 9 

0.09 9 

0.21 1 

0.09 9 

0.25 5 

0.18 8 

0.12 2 

0.11 1 

0.22 2 

0.10 0 

0.25 5 

0.18 8 

0.11 1 

0.10 0 

0.23 3 

0.10 0 

0.25 5 

0.18 8 

0.09 9 

0.09 9 

0.04 4 

0.04 4 

0.05 5 

0.05 5 

0.04 4 

0.05 5 

0.06 6 

0.06 6 

0.07 7 

0.07 7 

0.06 6 

0.07 7 

0.10 0 

0.10 0 

0.12 2 

0.13 3 

0.10 0 

0.12 2 

0.22 2 

0.16 6 

0.30 0 

0.36 6 

0.20 0 

0.22 2 

0.24 4 

0.19 9 

0.35 5 

0.45 5 

0.15 5 

0.21 1 

0.28 8 

0.24 4 

0.44 4 

0.58 8 

0.15 5 

0.22 2 
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Tablee 3.6: Simulation results for scheme 2, T = 10 and N = 50 

BiasBias 7 Bias 0 std 7 std/3 RMSE 7 RMSE 0 

LSDV LSDV 

LSDVc LSDVc 

GMMplGMMpl{2) {2) 

GMMGMMPPll
w w 

GMMldGMMld(2) (2) 

GMMldGMMldw w 

LSDV LSDV 

LSDVc LSDVc 

GMMplGMMpl{2) {2) 

GMMplGMMplw w 

GMMldGMMldm m 

GMMldGMMldw w 

LSDV LSDV 

LSDVc LSDVc 

GMMplGMMpl{2) {2) 

GMMplGMMplw w 

GMMldGMMld{2) {2) 

GMMldGMMld(l) (l) 

LSDV LSDV 

LSDVc LSDVc 

GMMplGMMpl{2) {2) 

GMMGMMPPll
{1) {1) 

GMMldGMMld{2) {2) 

GMMldGMMldw w 

LSDV LSDV 

LSDVc LSDVc 

GMMplGMMpl(2) (2) 

GMMplGMMplw w 

GMMldGMMld(2) (2) 

GMMldGMMldw w 

LSDV LSDV 

LSDVc LSDVc 

GMMplGMMpl{2) {2) 

GMMplGMMpl{1) {1) 

GMMldGMMldm m 

GMMldGMMldw w 

-0.13 3 

0.01 1 

-0.07 7 

-0.03 3 

0.06 6 

0.04 4 

-0.17 7 

-0.03 3 

-0.11 1 

-0.05 5 

0.05 5 

0.04 4 

-0.20 0 

-0.06 6 

-0.14 4 

-0.07 7 

0.05 5 

0.04 4 

-0.20 0 

-0.05 5 

-0.14 4 

-0.07 7 

0.07 7 

0.05 5 

-0.21 1 

-0.05 5 

-0.14 4 

-0.07 7 

0.06 6 

0.04 4 

-0.21 1 

-0.06 6 

-0.14 4 

-0.07 7 

0.04 4 

0.03 3 

0.01 1 

-0.02 2 

-0.00 0 

-0.00 0 

-0.01 1 

-0.00 0 

0.01 1 

-0.03 3 

-0.01 1 

-0.01 1 

-0.00 0 

0.00 0 

-0.01 1 

-0.06 6 

-0.03 3 

-0.01 1 

0.01 1 

0.01 1 

0.12 2 

0.04 4 

0.12 2 

0.08 8 

-0.13 3 

-0.11 1 

0.06 6 

-0.01 1 

0.00 0 

-0.03 3 

-0.03 3 

-0.02 2 

-0.01 1 

-0.07 7 

-0.14 4 

-0.11 1 

0.04 4 

0.05 5 

0.04 4 

0.04 4 

0.06 6 

0.06 6 

0.04 4 

0.05 5 

0.04 4 

0.04 4 

0.06 6 

0.07 7 

0.04 4 

0.05 5 

0.04 4 

0.05 5 

0.07 7 

0.08 8 

0.04 4 

0.05 5 

0.04 4 

0.04 4 

0.07 7 

0.09 9 

0.04 4 

0.05 5 

0.04 4 

0.05 5 

0.07 7 

0.08 8 

0.04 4 

0.06 6 

0.04 4 

0.05 5 

0.07 7 

0.08 8 

0.05 5 

0.06 6 

0.02 2 

0.02 2 

0.03 3 

0.03 3 

0.03 3 

0.03 3 

0.04 4 

0.03 3 

0.04 4 

0.05 5 

0.04 4 

0.05 5 

0.06 6 

0.05 5 

0.07 7 

0.08 8 

0.07 7 

0.08 8 

0.11 1 

0.09 9 

0.24 4 

0.27 7 

0.10 0 

0.14 4 

0.14 4 

0.12 2 

0.29 9 

0.34 4 

0.12 2 

0.16 6 

0.17 7 

0.14 4 

0.38 8 

0.45 5 

0.13 3 

0.19 9 

0.13 3 

0.04 4 

0.09 9 

0.07 7 

0.07 7 

0.07 7 

0.17 7 

0.05 5 

0.13 3 

0.09 9 

0.07 7 

0.07 7 

0.21 1 

0.07 7 

0.16 6 

0.11 1 

0.07 7 

0.07 7 

0.20 0 

0.06 6 

0.16 6 

0.11 1 

0.08 8 

0.07 7 

0.21 1 

0.07 7 

0.16 6 

0.11 1 

0.07 7 

0.07 7 

0.22 2 

0.08 8 

0.16 6 

0.11 1 

0.06 6 

0.06 6 

0.03 3 

0.03 3 

0.03 3 

0.03 3 

0.03 3 

0.03 3 

0.04 4 

0.05 5 

0.05 5 

0.05 5 

0.04 4 

0.05 5 

0.06 6 

0.08 8 

0.08 8 

0.08 8 

0.07 7 

0.08 8 

0.16 6 

0.10 0 

0.26 6 

0.28 8 

0.16 6 

0.18 8 

0.15 5 

0.12 2 

0.29 9 

0.34 4 

0.12 2 

0.16 6 

0.17 7 

0.16 6 

0.40 0 

0.47 7 

0.14 4 

0.20 0 

# # 



3.5.3.5. Simulation results 97 

Tablee 3.7: Simulation results varying /x and SNR, T = 10 and N = 20 

BiasBias 7 Bias 0 std 7 std/3 RMSE 7 RMSE j3 

LSDV LSDV 

LSDVc LSDVc 

GMMplGMMpl(2) (2) 

GMMplGMMpl(1) (1) 

GMMldGMMld(2) (2) 

GMMldGMMldw w 

LSDV LSDV 

LSDVc LSDVc 

GMMplGMMpl(2) (2) 

GMMplGMMpl{1) {1) 

GMMldGMMld(2) (2) 

GMMldGMMldw w 

LSDV LSDV 

LSDVc LSDVc 

GMMGMMPPll
(2) (2) 

GMMplGMMplw w 

GMMld™ GMMld™ 
GMMldGMMldw w 

LSDV LSDV 

LSDVc LSDVc 

GMMplGMMpl(2) (2) 

GMMplGMMplw w 

GMMldGMMld(2) (2) 

GMMldGMMldw w 

-0.18 8 

-0.04 4 

-0.19 9 

-0.07 7 

0.08 8 

0.06 6 

-0.07 7 

0.02 2 

-0.06 6 

-0.02 2 

0.04 4 

0.03 3 

-0.18 8 

-0.04 4 

-0.22 2 

-0.17 7 

0.23 3 

0.22 2 

-0.07 7 

0.01 1 

-0.08 8 

-0.06 6 

0.21 1 

0.19 9 

0.00 0 

-0.03 3 

-0.01 1 

-0.01 1 

-0.01 1 

-0.00 0 

0.00 0 

-0.02 2 

-0.00 0 

-0.00 0 

-0.00 0 

-0.00 0 

0.00 0 

-0.03 3 

-0.01 1 

-0.03 3 

-0.03 3 

-0.01 1 

0.00 0 

-0.02 2 

-0.01 1 

-0.01 1 

-0.02 2 

-0.00 0 

0.06 6 

0.06 6 

0.08 8 

0.12 2 

0.05 5 

0.07 7 

0.04 4 

0.04 4 

0.05 5 

0.06 6 

0.03 3 

0.04 4 

0.06 6 

0.07 7 

0.09 9 

0.19 9 

0.02 2 

0.03 3 

0.04 4 

0.04 4 

0.05 5 

0.10 0 

0.02 2 

0.04 4 

0.06 6 

0.05 5 

0.07 7 

0.08 8 

0.06 6 

0.07 7 

0.02 2 

0.02 2 

0.02 2 

0.03 3 

0.02 2 

0.02 2 

0.06 6 

0.05 5 

0.06 6 

0.08 8 

0.06 6 

0.07 7 

0.02 2 

0.02 2 

0.02 2 

0.03 3 

0.02 2 

0.02 2 

0.19 9 

0.08 8 

0.21 1 

0.14 4 

0.10 0 

0.09 9 

0.08 8 

0.04 4 

0.08 8 

0.07 7 

0.05 5 

0.05 5 

0.19 9 

0.08 8 

0.24 4 

0.26 6 

0.23 3 

0.22 2 

0.08 8 

0.04 4 

0.10 0 

0.12 2 

0.21 1 

0.19 9 

0.06 6 

0.06 6 

0.07 7 

0.08 8 

0.06 6 

0.07 7 

0.02 2 

0.03 3 

0.02 2 

0.03 3 

0.02 2 

0.02 2 

0.06 6 

0.06 6 

0.07 7 

0.09 9 

0.07 7 

0.07 7 

0.02 2 

0.03 3 

0.02 2 

0.03 3 

0.03 3 

0.02 2 

Regardingg the coefficient estimators for 7 and 0 in Table 3.3 several interesting pat-

ternss arise from the simulation results. First, the biases in LSDV and GMMpi(2) are often 

substantiall  and comparable in magnitude, while the GMMpJ(1) estimator is less biased 

inn many cases. Second, the efficiency losses of the GMMpJ(1) estimator with respect to 

GMMpJ(2)) are small. Based on a RMSE criterion the GMMpi(1) estimator outperforms 

thee LSDV and GMMpi(2) estimators in many cases. Third, bias correction as proposed 

inn (3.64) reduces RMSE substantially, but still moderate biases may remain. Fourth, 

thee GMM estimators for the levels equation GMMid(2) and GMMid(1) show in general 

moderatee bias and have relatively low standard error. Based on a RMSE criterion their 

accuracyy is comparable with bias corrected LSDV. 

Focusingg on the weak exogeneity of x we find that for some parametrisations the 

effectss on estimation bias may be substantial for all estimators analysed. Furthermore, 
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thee effects of the feedback parameter 0 increases with p: when p = 0.5 the results for 

00 = 0 and 0 T̂  0 roughly coincide, while for p = 0.95 they differ substantially sometimes, 

especiallyy for 0 negative. 

Inn Table 3.4 the effects of increased N on the simulation results of Table 3.3 have been 

documented.. The same remarks as for N = 20 are applicabe here. The bias in LSDV 

remainss more or less the same, while the bias in the GMM estimators has decreased. This 

reflectss the theoretical findings in the previous section, i.e. only the order of the leading 

biass term for LSDV does not depend on TV while all other estimators are semi-consistent 

forr finite T and N large. Next we turn to the Tables 3.5 and 3.6, which show some 

simulationn results for scheme 2. In general biases in the coefficient estimators and relative 

differencess in RMSE's are of comparable magnitude as the results for scheme 1. 

Finally,, Table 3.7 presents simulation results from some parametrisations where we 

havee varied the signal and the relative magnitude of the error components. The feedback 

parameterr 0 is set at zero, so scheme 1 and 2 coincide for these cases. Increasing the signal 

fromm 2 to 8 leads in general to more accurate estimates. However, increasing p, from 1 to 

5,, i.e. increasing the relative effect of 77 on y, has different effects: the GMM estimators 

usingg instruments in first differences (GMMid(2) and GMMid(1)) exhibit large biases now 

andd with respect to the RMSE criterion other estimators perform much better. 

3.66 Dynamic externalit ies and local economic devel-

opmentt in Morocco 

InIn this section we revisit the data on Moroccan regions which have been analysed in Section 

2.6.. There we estimated an empirical relationship between local economic development 

(measuredd by real value added) and, among other things, indicators for specialisation (sp), 

diversityy (dv) and competition (cp) of local firms. Using a dynamic panel data model 

withh individual specific effects we found significant effects for these so-called dynamic 

externalitiess although the estimates differed considerably between the five manufacturing 

sectorss analysed. For each sector the estimated specification was 

InvoitInvoit = 7lnvaiit_i + p'xit + r] l + eiu (3.78) 

with h 

xxitit = (In trpit, In trpitt-i, In wcapit, In wcapi^i, spit, spi,t_i, dvit,dviit_u cpit, cpM_i)', 

(3.79) ) 
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wheree va is real value added, trp is real total regional manufacturing production and wcap 

iss real unit wage costs. 

Heree we will extend the analysis of Section 2.6 in several directions. First, we assumed 

strongg exogeneity for all explanatory variables, but it is likely that some or all regressors 

aree subject to feedback mechanisms from the dependent variable. Hence the estimators 

employedd in Section 2.6 will be inconsistent for T finite and N — oo. For MM estimators 

wee can adjust the set of moment conditions used in estimation to take into account possible 

feedbackk mechanisms. Below, we will analyse this issue in more detail by presenting 

estimationn results from a broader range of GMM estimators. Some of them are consistent 

inn case of weak exogeneity, while others not4. Second, we will extend the earlier simulation 

resultss by performing some Monte Carlo experiments using the actual data of Section 2.6. 

InIn this way, we try to assess the relative performance of the several estimation methods 

inn this particular application. 

Considerr the estimation results for the one-digit sector chemical and allied products 

ass presented in Table 2.7 and 2.8. Omitting insignificant dynamics Table 3.8 presents 

estimatess of specification (3.78) for a variety of estimators. Column 2 of this table presents 

estimatess from a bias corrected LSDV estimator. Compared with the estimates in Table 

2.88 now the term BLSDV (instead of BLgDV, see (2.39)) has been used to correct for 

thee bias in the LSDV estimator. This particular bias correction has been used in the 

simulationss of this chapter also and the results in Table 3.8 show that it hardly changes 

thee earlier empirical estimates. 

Columnss 3 to 8 of Table 3.8 present estimates from the various GMM estimators 

analysedd in this chapter. To economise on the number of moment conditions used in 

estimationn we do not exploit the overidentifying restrictions arising from either strong 

orr weak exogeneity assumptions of the remaining explanatory variables. Regarding the 

GMMp/2)) estimator, for example, assuming weak exogeneity of xit we use the following 

(TT — 1) x {\T{T —\) + K) instrument matrix for individual i 

7(2)) _ 

Vio Vio 

0 0 

0 0 

0 0 

0 0 

Via Via 

0 0 

0 0 

0 0 

Vn Vn 

0 0 

0 0 

0''

0''

... o

... o

... o
 Vio

0 0 

0 0 

0 0 

'' 2/..T-2 

*i i i 
xx%2 %2 

XXi,T-2 i,T-2 
XXi,T-\ i,T-\ 

(3.80) ) 

Inn case of strong exogeneity the columns of (3.80) related to the x's, i.e. J^Xi} are replaced 

44 We prefer this informal procedure rather than using a Sargan test of over-identifying restrictions as 

thee actual performance of such a test in samples with both T and N small is unknown. 
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Tablee 3.8: Estimation results of specification (3.78), chemical and allied products 

LSDVcLSDVc GMMvl
(V) GMMpl(2) GMMld(ï) GMMld(2) 

strongstrong weak strong weak 

lnua^f-! ! 

Inn trpu 

Inn wcaptt 

lnwcapilnwcapittt-i t-i 

SPxt SPxt 

Cpit Cpit 

C P i . t -l l 

0.41 1 

(0.05) ) 

0.39 9 

(0.09) ) 

0.64 4 

(0.06) ) 

-0.15 5 

(0.07) ) 

0.49 9 

(0.08) ) 

-0.13 3 

(0.02) ) 

0.06 6 

(0.02) ) 

0.66 6 

(0.21) ) 

0.18 8 

(0.20) ) 

0.76 6 

(0.08) ) 

-0.42 2 

(0.17) ) 

0.50 0 

(0.11) ) 

-0.15 5 

(0.02) ) 

0.12 2 

(0.04) ) 

0.58 8 

(0.16) ) 

0.21 1 

(0.18) ) 

0.8O O 

(0.13) ) 

-0.38 8 

(0.14) ) 

0.62 2 

(0.23) ) 

-0.17 7 

(0.05) ) 

0.1O O 

(0.03) ) 

0.29 9 

(0.09) ) 

0.48 8 

(0.11) ) 

0.74 4 

(0.07) ) 

-0.16 6 

(0.10) ) 

0.57 7 

(0.09) ) 

-0.15 5 

(0.02) ) 

0.07 7 

(0.02) ) 

0.32 2 

(0.08) ) 

0.45 5 

(0.12) ) 

0.74 4 

(0.10) ) 

-0.20 0 

(0.10) ) 

0.78 8 

(0.16) ) 

-0.17 7 

(0.05) ) 

0.06 6 

(0.02) ) 

0.49 9 

(0.09) ) 

0.22 2 

(0.06) ) 

0.57 7 

(0.14) ) 

-0.27 7 

(0.15) ) 

0.77 7 

(0.20) ) 

0.03 3 

(0.06) ) 

0.14 4 

(0.04) ) 

0.64 4 

(0.06) ) 

0.13 3 

(0.03) ) 

0.72 2 

(0.10) ) 

-0.33 3 

(0.12) ) 

0.55 5 

(0.13) ) 

-0.07 7 

(0.04) ) 

0.16 6 

(0.03) ) 

Figuress in parentheses are standard errors 

byy PTX%. Note that the moment conditions used by the GMMW(2) and GMMid(1) estima-

torss are valid both under strong and weak exogeneity of the x's provided the disturbances 

eeltlt are uncorrelated through time. 

Columnss 3 to 6 of Table 3.8 show the results for the GMM estimators of the equation 

inn orthogonal deviations. Apparently there is hardly any difference between the variants 

assumingg strong or weak exogeneity of the x's. While it could well be that both sets 

off  estimates are invalid (because some of the x's are in fact jointly dependent with y), 

thee similarity between the estimates indicates that in this particular application weak 

exogeneityy does not seem to be a major issue. Columns 7 and 8 show the results on 

thee GMM estimators using the levels equation. Main difference between these and other 

estimatorss is the net effect of competition (cp), which is positive for the estimators in the 

lastt two columns of Table 3.8. 

Too assess the accuracy of the various estimators employed above (and in Chapter 2) 

forr this particular application, we performed simulations using the actual data and the 

empiricall  (biased) estimates. More in particular, we generated artificial data for \nva 
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Tablee 3.9: Simulation results of specification (3.78), chemical and allied products 

truetrue LSDV LSDVc GMMplw GMMpl{2) GMMld  ̂ GMMld{2) 

bias s 

lnt>al it _i i 

Inn trpn 

hiwcapit hiwcapit 

Inwcapij-Inwcapij-

SPit SPit 

CPit CPit 

ccPi,t-\ Pi,t-\ 

0.53 3 

0.26 6 

0.68 8 

ii  -0.24 

0.52 2 

-0.10 0 

0.11 1 

-0.13 3 

0.11 1 

-0.01 1 

0.08 8 

0.00 0 

-0.00 0 

-0.01 1 

0.03 3 

-0.00 0 

-0.11 1 

0.07 7 

-0.08 8 

0.01 1 

-0.02 2 

-0.07 7 

0.06 6 

-0.01 1 

0.04 4 

0.00 0 

-0.00 0 

-0.01 1 

-0.10 0 

0.09 9 

-0.01 1 

0.06 6 

0.00 0 

-0.00 0 

-0.01 1 

0.19 9 

-0.16 6 

-0.05 5 

-0.10 0 

0.10 0 

0.00 0 

0.01 1 

0.26 6 

-0.19 9 

-0.03 3 

-0.12 2 

-0.10 0 

-0.02 2 

0.02 2 

roott mean squared error 

0.14 4 

0.15 5 

0.08 8 

0.12 2 

0.10 0 

0.03 3 

0.03 3 

0.06 6 

0.09 9 

0.13 3 

0.10 0 

0.12 2 

0.03 3 

0.03 3 

0.20 0 

0.20 0 

0.08 8 

0.15 5 

0.10 0 

0.03 3 

0.03 3 

0.14 4 

0.15 5 

0.08 8 

0.12 2 

0.10 0 

0.03 3 

0.03 3 

0.21 1 

0.17 7 

0.13 3 

0.16 6 

0.22 2 

0.05 5 

0.04 4 

0.27 7 

0.20 0 

0.11 1 

0.18 8 

0.18 8 

0.04 4 

0.04 4 

Dimensionss are T = 10 and N = 29 

accordingg to (3.78) using the actual data on trp, wcap, sp, dv and cp. In addition, we 

tookk vciiQ (real value added in 1985) as initial observations and generated disturbances 

accordingg to Eu ~ X2jV[0, <r̂ ]. To stay as close as possible to the actual data we keep 

thee individual effects r] i fixed across replications. Regarding the unknown parameters (7, 

j3,j3, r\ and of) we used the average of the bias corrected LSDV and GMMid^ estimators. 

Thee simulation results for these particular parametrisations are in Tables 3.9 and 3.10. 

Too save space only results for the sectors chemical and allied products and electric and 

electronicc manufacturing are presented, but results for the other three sectors are similar. 

Inn general the simulation results in the Tables 3.9 and 3.10 on the empirical model 

(wheree K = 5 and K = 6 respectively) reflect the results from other Monte Carlo exper-

imentss in this chapter and Chapter 2 (conducted on the synthetic model with K = 1). 

Forr example, regarding the autoregressive parameter 7 the estimators using orthogonal 

deviationss (LSDV, GMMpĴ  and GMMpi(2)) are downward biased, while the opposite 
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Tablee 3.10: Simulation results of specification (3.78), electric and electronic manufacturing 

truetrue LSDV LSDVc GMMplw GMMpl{2) GMMldw GMMld(2) 

bias s 

0.52 2 

1.29 9 

-0.49 9 

0.44 4 

-0.17 7 

-0.07 7 

-0.20 0 

-0.05 5 

0.31 1 

-0.01 1 

0.11 1 

-0.01 1 

-0.06 6 

-0.21 1 

0.27 7 

-0.07 7 

0.09 9 

0.00 0 

-0.21 1 

-0.06 6 

0.32 2 

-0.01 1 

0.11 1 

-0.01 1 

-0.23 3 

-0.06 6 

0.35 5 

-0.01 1 

0.13 3 

-0.01 1 

0.16 6 

0.25 5 

-0.15 5 

-0.02 2 

-0.12 2 

0.05 5 

0.23 3 

0.20 0 

-0.24 4 

-0.03 3 

-0.17 7 

0.03 3 

roott mean squared error 

0.22 2 

0.20 0 

0.38 8 

0.10 0 

0.15 5 

0.05 5 

0.13 3 

0.27 7 

0.34 4 

0.11 1 

0.13 3 

0.04 4 

0.37 7 

0.22 2 

0.58 8 

0.10 0 

0.23 3 

0.05 5 

0.26 6 

0.21 1 

0.44 4 

0.10 0 

0.17 7 

0.05 5 

0.20 0 

0.32 2 

0.34 4 

0.11 1 

0.17 7 

0.07 7 

0.24 4 

0.27 7 

0.35 5 

0.10 0 

0.20 0 

0.04 4 

Dimensionss are T — 10 and N — 11 

holdss for the GMMid^ and GMMJd̂  estimators. Also the use of more moment con-

ditionss increases finite sample bias. Regarding GMM estimators the estimation results 

seemm more accurate for the sector chemical and allied products as for electric and elec-

tronicc manufacturing. Probably the larger number of cross-sectional units N available for 

thee former sector (N = 29 versus N = 11) mitigates finite sample problems. However, 

aa clear-cut comparison of the results in Tables 3.9 and 3.10 is not possible as the data 

generatingg processes differ. 

Onee striking difference with the earlier simulation results is that now large biases are 

foundd also in the estimators of the remaining slope coefficients (5. Note that we fixed the 

valuesvalues for xit in the simulations. Hence, in the present design we abstain from weakly 

exogenouss x's and correlation with the individual effects, which is in contrast with the 

specificationss in (3.67) and (3.69). The simulation results of these latter schemes did 

nott show any substantial biases for estimators of f3 in case of strong exogeneity. Here, 

wee sometimes find substantial biases in estimators for the elements of j3, which is in 

lni>ai | t-i i 

Inn w capt t 
]xiwcap]xiwcaplitlit _i _i 

SPit SPit 

SPi,t-l SPi,t-l 

cpu cpu 
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accordancee with theoretical results from the asymptotic expansions. 

Comparingg RMSE across estimators we conclude that bias corrected LSDV can com-

petee with GMM implementations and is even more accurate in many cases. Hence, the 

evidencee presented here establishes the relative accuracy of such an estimator. Also it 

givess confidence for the validity of the estimation results in Table 2.8 and hence reasserts 

ourr conclusions made in Chapter 2 with respect to the significance and sign of the coeffi-

cientss of the dynamic externalities. 

Onn the basis of the empirical evidence presented here and in Section 2.6 we may draw 

severall  conclusions regarding the empirical relationship between local economic develop-

mentt and dynamic externalities. First, regarding specialisation we have found positive 

effectss on local economic development in four out of five sectors. This evidence coincides 

withh the MAR and Porter theories (see Section 2.6) that increased concentration of similar 

firmss within a region benefits economic growth. 

Second,, regarding diversity we find significant positive effects in one sector only. This 

weakk evidence is somewhat surprising as we analysed the six largest urban areas in Mo-

rocco.. According to Jacobs (1969) in such large and densely populated areas the benefits 

fromm a diversified industrial structure are maximised. An explanation may be that the in-

dicatorr for diversity in (2.81) exhibits too littl e variation. According to Henderson (1997), 

havingg data covering a small number of time periods only, it may be impossible to identify 

anyy dynamic externalities as these processes take place over a fairly long time horizon. 

Off  course, the cross-sectional dimension in the panel may increase the variability in the 

indicators,, but the construction of the diversity indicator is such that variability across 

cross-sectionall  units is limited also. 

Finally,, we find a negative role for competition, which is contradictory to the pre-

dictionsdictions of the theories of Jacobs and Porter. At first sight this seems consistent with 

MARR theory, which assumes monopolistic competition. However, market structures in 

Moroccoo cannot be classified as such in general. Instead, the negative effect of compe-

titionn on local development may reflect the fact that firms compete primarily on price. 

Thee local industrial structure in Morocco is dominated by traditional low-tech industries 

withh relatively labour intensive production {e.g. the textile and clothing industries). The 

firmsfirms operating in these industries are of relatively small size and highly specialised in 

onee particular phase of the production process. Also they can be characterised by tra-

ditionall  management systems and simple internal modes of organisation. As a result of 

thiss the majority of the Moroccan industrial companies are concerned primarily with the 

exploitationn of inexpensive labour rather than the improvement of productivity levels and 

thee introduction of technological and organisational innovations. Hence, local competi-
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tionn between firms will be based on prices and cutting costs (especially for labour) rather 

thann on quality of products, which in turn may have negative effects on local economic 

development. . 

InIn light of this it should be emphasised that, although we have found significant ex-

ternalitiess of specialisation and diversity, the Moroccan economy is characterised by weak 

dynamicc developments in productivity and employment. As argued above, production 

growthh does not automatically imply an increase in productivity and wages, which is 

off  crucial importance for a sustained relation between dynamic externalities and local 

economicc development. 

3.77 Concluding remarks 

InIn this chapter we have analysed the finite sample properties of several least squares 

andd methods of moments estimators in models with both a lagged dependent variable 

regressorr and an additional weakly or strongly exogenous explanatory variable. First, 

wee have compared asymptotic covariance matrices of LSDV and various IV estimators for 

somee simplified cases. We have shown that the efficiency losses of particular IV estimators 

ass compared with least squares are sometimes dramatic, hence one should not use such 

estimationn techniques in practice. 

Second,, using asymptotic expansion techniques we have developed bias approximation 

formulaee for several estimators in the dynamic panel data model with one lagged depen-

dentt variable regressor and one weakly exogenous explanatory variable. As can be seen 

fromm the leading terms of these bias approximations LSDV is biased to order 0(T~l). Fur-

thermore,, GMM when employing all available linear moment conditions (which amount 

too a number of order T2) is biased to an order larger in magnitude than GMM using a set 

off  instruments of order T. This result holds for GMM implementations using either the 

levelss equation or the model in orthogonal deviations. The resulting bias expressions show 

thatt the effects of weak exogeneity on LSDV and GMM estimators is of similar magnitude 

ass the dislocation due to the presence of a lagged dependent variable regressor. 

Third,, Monte Carlo experiments have been conducted to examine the numerical con-

sequencess of the theoretical results in finite samples. We have tried two different schemes 

forr the feedback mechanism. One scheme has attractive properties analytically, while the 

otherr is probably more relevant from an economic point of view. The simulation results 

showw that the finite sample distortions in the estimators depend on the type of feedback 

mechanismm and the actual parameter values. Clearly, the effects of weak exogeneity seem 

too be substantial in some cases. Regarding a particular bias corrected LSDV estimator, 



3.7.3.7. Concluding remarks 105 5 

however,, bias correction assuming strongly exogenous explanatory variables may reduce 

RMSEE considerably. 

Usingg the theoretical results from the asymptotic covariance matrices and the asymp-

toticc expansions we are able to explain some of the regularities in the simulations results 

off  this chapter and Chapter 2. First, the asymptotic covariance expressions show that 

thee efficiency losses of particular IV estimators as compared with least squares are some-

timess dramatic. This may explain the unstable behaviour of the AHL estimator in the 

simulationss of Chapter 2. Second, we found from the asymptotic expansions that LSDV 

iss the only estimation method, which is inconsistent for finite T. The simulations show 

forr all other estimators indeed a reduction in bias and standard error when N is increased 

fromm 20 to 50, while the results for LSDV remain unchanged. Third, regarding GMM the 

asymptoticc expansions showed that increasing the number of moment conditions used in 

estimationn increases the order of finite sample bias. The simulations show that for GMM 

estimatorss (especially those using level instruments) this regularity is of considerable im-

portancee in finite samples also. Fourth, the leading bias term of the GMM estimators 

usingg instruments in first differences is dependent on the magnitude of the individual 

effect.. The simulations in this chapter show that the finite sample distribution of these 

estimatorss is heavily depending on this parameter: increasing cr  ̂ leads to a dramatic 

increasee in bias. 

Itt is clear from the simulation results that all techniques show substantial distor-

tionss in samples where both T and N are moderate. Hence, we conclude that first-order 

asymptoticc theory developed for either finite T, large N or large T, large N is mislead-

ing.. However, the higher-order asymptotics developed in this study, although informative 

aboutt the finite sample behaviour of the various methods, give no definite answer on which 

methodd to prefer in finite samples. Together with the simulations it seems that there is 

noo technique available showing superior performance over a wide range of relevant di-

mensionss and parametrisations. Regarding the particular application in this chapter and 

Chapterr 2, however, bias corrected LSDV seems to perform relatively well as compared 

withh a range of MM estimators. 
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3.. A Derivation of asymptotic variance matrices 

Inn this appendix we elaborate on the asymptotic variances of various estimators for 7 and 

(3(3 in the models (3.30) and (3.38). More in particular, we wil l derive for these models 

analyticall  expressions for the matrices in (3.27), (3.28) and (3.29), which are the building 

blockss for the asymptotic variance matrices. 

First,, model (3.30) wil l be considered. Because there is no exogenous regressor and 

assumingg a zero start-up value we find from (2.18) that in model (3.30) 

1 1 
3// = 

1 - 7 7 
SriSri + Te. 

and d 

1 1 
y-\y-\ = 

1 - 7 7 

Thee asymptotic variance expressions reduce to 

-1-1 - 2 r 

VLSDVVLSDV — 

Sr]Sr] + LTe. 

(3.A.1; ; 

(3.A.2) ) 

plimm - f̂y'_lAy-i 
_N,T—oo _N,T—oo 

VlVldVlVld = 

JV,T—00 0 

22 r 

V, V, IVdl IVdl 

plimm -^{Dy-iYJy-i 

plimm -^{J'y-iYDy-,1 

plimm 1i f({Ay-iY£e'Ay-i 

plimm -^{{Dy-iYJuu'J'Dy-J 

- 22 r 

plimm -fairy.tfDee'D'J'y-i 
/V,T-*o o o 

(3.A.3) ) 

Notingg that E [ne1]  = O, ATcT = 0 and DTLT = 0, evaluation of the factors in (3.A.3) 

yieldss the following 

plimm —y' ,Ay_x = lim  [a'{ALT)'ALTe) 
,NT,NT N.r-oo NT N,T^oo-N,T^oo-

==  o2 lim — ^{{LTTTYATLTTT} 
T—»ooo T 

==  o\ lim — tr{(LTTTYLTTT} 

T - 0 0 T T 

) = 0 0 

j = 0 0 

I - 7 2 ' ' 
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p l i mm wr(Dy^)'Jy-i = Jlm TFFE 

jV,T-*ooJ*- II N,T-*ooNr 

1 1 

e'{DLY)'{JLTe+e'{DLY)'{JLTe+ —— JSr) 
1 -7 7 

== o\ lim -tr({DTLTTTyjTLTTT) r—r—»oo»oo j 

== 07 lim — 
r - 3 3 

( T - l )) + 7 ( 7 - l ) ^ ( T - 2 - ^ ) 7
2 j 

e l + 7 ' ' 

p l i mm TFF(J*y-i)' Dy-i =  l i m TT^E 
M^T^ooNTM^T^ooNT N,T->oo NT 

1 1 

(( J'LTE + - Sr])'DLTe 
1 -7 7 

== G\ lim -tr{{J^LTYT)'DTLTVT) 
T—T—»oo»oo i 

== (Ĵ  lim — 

,, 1 

T-3 3 

( 7 - i ) ^ ( r - 2 - j ) 7 w w 

1 + 7 7 

Alsoo we have 

pton-jLdAV-iYeJAy-!)pton-jLdAV-iYeJAy-!) = lim JLtf[e'lfce'Ifc] 

1 1 
== <r*  lira - (tr(n)tr(n) + *r(IIII ) + tr(II'II) } 

== ^ lim itr(n'n) 
T—»ooo i 

== ^ lim ^ i r ( ( L T r T ) ' L T r r ) 

44 1 

becausee both tr(Il ) and ir(IIII ) are of order 0(1). Noting that JTJ'T = IT_U tr(J'TDTLTTT) 

00 and ^{JIPDTLTYTJ'J-DTLTYT) = 0 we have 
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plimm -^-{Dy^yjuu'J'Dy.! = lim ~^~E [E'(DLT)'JUU' J'DLTe] 
N,T^oo N,T^oo NT NT /v.r^ooo NT 

limm —E [E'^DTLTFT)'JTU^J^DTLTTTE,} 
T-+occ j 

oo22 lim — E [e'^DTLfFT)'Jr^T^T^T^TLT^T^i} 

++  lim -E [£'t(DTLTrT)'Jre^JrDTLTrTE^ 
T—xx>T—xx> T 

== (P"jy\ lim —ITJ'TDTLTTT{DTLTFT)'JT^T 
T—*ooT—*oo T 

+<r\+<r\  lim —tr((DTLTFT)'DTLTrT) 
T^ooT T^ooT 

li mm ^ 
11 T -2 

er2^^ lim — V 72j + 
j = 0 0 

<T**  l i m — (T-1)) + ( 1 -7 ) 2 E ( T - 2 - ^ ^ 
J= 0 0 

11 + ( 1 -7 ) 2 E ^ 
j = 0 0 

f l + 7 ' ' 

Finally,, upon omitting terms involving odd moments in either e or r\ we have 

+5'(J*Lr)'L>e£'D'J*Lr£] ] 

-fT̂ CT̂ ^ li m —i'TJjDTD'TJ^tT 
(11 _7)2 -J ^ r ^ r 

+fT^^ lim —tr {{D' TJ^LTVT)'D'TJ^LrTr) 
T—>ooo J 

+(7-i)
2xi(r-3-jh 2j ''  + Ë ^ } 

j = 00 j=0 

( 7 - l ) 2 _ _ 

11 + 
1 - 72 2 

11 + 7' 

becausee tr(D'TJ^LTVT) = 0 and tr{D' TJ^LTYTD'TJ^LTTT) = 0. Substituting these re-

sultss yields the asymptotic variances (3.34), (3.35) and (3.36). 
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Too analyse the possible weakness of the instruments we find for IVi d 

Cov[yCov[ytttt__uu Ayit-i] 
Corr[ya-i,Aj/jt_i]]  = 

y/Vaxlyit-ilVail&yit-x] y/Vaxlyit-ilVail&yit-x] 

1+7 7 

(3.A.4) ) 

22°L °L 
+7 7 

\(\( g?_ , «\ \ 2 

YY  \T^? " (T^yj7,/ ï 

1 1 

yy A(^T 5 + 1) 

andd for IVdJ that Corr[Ayl t_1,j/i t_2] = -Corrf j fa-i, Aya-i ] -

Next,, we consider model (3.38). Defining R = (INT - pL)~l we have x = R£, and we 

cann write model (3.38) as 

andd also 

yy = /3TRZ + aSr] + Te, 

S/_ii  = {3LTR£ + aSr) + LTe. 

(3.A.5) ) 

(3.A.6) ) 

Regardingg the asymptotic covariance matrix of the LSDV estimator we have 

T.WAWT.WAW = plim —W'AW 

== lim ——-
N,T^ooN,T^oo NT E[y'_E[y'_xxAx\Ax\ E[x'Ax) 

(3.A.7) ) 

Notingg that £, r\ and e are uncorrelated we have for the elements in (3. A.7) 

li mm  [y'^Ay^] = Urn  [e'{ALT)'ALTe\ + /32E [?(ALTR)'ALTI®} 
JV,T—»ooo J\ 1 N,T—»oo J\ i 

1 1 
++ <x2-/T lim -tr{(LTrTRT)'LTrTRT) ££ 1 _ 72 f T^OC r 

== ff?l  J + ^ J ™ ^ 
11 — 7J *  r-»oo i 

^TTy+^fe f f 

Dr-i-j)(ETV- ' ' 
T-2 2 

Ecr-i-j) ) 
J= 0 0 

p;+ii  _ y + i v 2" 

,22 * | . 2 ^ 1 ( P" , 7 
^ l - 7 22 S (p-7)2 U -P2 1-72 1- 7̂ 
„ 22 1 , 2 ^ 2 1 + ^7 1 

P-1 P-1 

2p7 7 

! _ 7 2 --  ̂ 1 _ p 7 ( 1 _ p 2 ) { 1 _ 7 2 ) -
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limm -L-Ely'iAx] = lim ^-PE\^(ALTR)'AR^] 
N,T^ooN,T^oo NT l l J N,T^oo NT l J 

== cr£
2/3 lim -tr((LTrTRT)'RT) 
T—»ooo T 

,j=0,j=0 t=Q 

^(1^(1 -?)(!- pry)' 

umm -^EWM = Jim T ^ I E V * ) ' ^ ] TV.T-occ iV T JV,T-ooo NT 

<r|| lim ^ ( ( / Ï T J ' / Z T) 
T ^ o o T T 

== a? lim — 
. j= o o 

1-P; ; ,2 ' ' 

Onee can also verify that 

E^- ^^  - 7>^lkE[w'A££'AW] 

==  £ WMW W 

Fromm the above we find the expressions in (3.39) and (3.40). 

Consideringg the YVld estimator, we have 

^^WDJWWDJW ~ i^Soo NT 
£77 [(Dy-O'Jy-!] E^Dy^'Jx] 

E[(Dx)'Jy-i\E[(Dx)'Jy-i\ E[{Dx)'Jx\ 
(3.A.8) ) 

with h 

limm 1)
,Jy-1]  = lim -i-{E[e'(£>Lr)'JLre] 

jV.T-ooo NT L J N,T^ooNTl l 

+/?2££ [^/(Z)LrJR),JJLrJRC]} 
22 2 /o2 

^ T + ^^ + < 7^ (l + p ) ( l + 7 ) ( l - P 7) 

limm —-£[(£>«_!)'Jx] limm -—0E[t!{DLTR)'JRZ\ 

crJ/3--(11 + ^ ( 1 - ^ ) ' 
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HH^L-k^L-k El{acYJt,El{acYJt,--i]i]  = J&~ik 0mDRYJLrRi] 

== -ci0 
1 1 

^(l^(l + p)(l-py)' 

J^.-kJ^.-k Bl{DxYJx]Bl{DxYJx] = ,^LWE[^DRYJRi] 

-- HI  + PY 

Furthermore,, regarding the IVit f estimator we have 

ZWD-DWZWD-DW = ^Jim (3.A.9) ) 

0-22 N.T^oo i V T 

£77 [(Dy-iJVuw'J'Uy-i] £7 [{Dy-^'Juu'J'Dx} 

EE [{Dy^yjuu'J'Dx] E [{Dx)'Juu'J'Dx\ 

Wee have for the elements in (3.A.9) 

limm -^-EUDy^yjuu'J'Dy.,} = lim ^E [(DrVi,-!)'Mvhr^r  + ^ ) 4 A r ? A , - i] 
N,T^ooN,T^oo NT T^ooT T^ooT 

1 , , == ajaj lim —L'T_XDTLTTT{DTLTTT)'LT-\ 

1 , , 
+/?? Cp f̂ ^ m —l'p_iDxLT^Tfi-T{DTL'T^T^T) ^T— 1 

+<7**  lim - t r ( (Z} r L T r T ) 'ArL r r T ) 

+(7?cr?? lim -tr((DTLTrTRTyDTLTTTRT) 
55 T—too J 

== ^ 4 r T ^ + f T ^ 2 ( i + P ) ( i + 7 ) ( i - P7)' 

uponn omitting terms involving odd moments of e, 17 or £ and noting that the expressions 

I'T^DTLTT^DTLTTT)'LT-XI'T^DTLTT^DTLTTT)'LT-X and i'T_xDTLTYTRT{DTLTYTRTy'tT-i are 0(1). Further-

more,, we have 

limm - i - Ê K ^ O V W / D o ; ] = lim ^ [ ( ö r ^ - i J ' J T ^ t r^ + ^ J ^ D r x J 
N,T—KX>N,T—KX> iV i T—too J 

== lim 1 { £ [(^Tt/i,.!)'JT£t£: J^TX,] + 0(1)} 
T—»ooo i 

== er^?/? lim -tr{(DTLTrTRTy'DTRT) 
''  T—*oo J 

== -aeazP; 
(11 + P) (1-P7)' 



112 2 ChapterChapter 3. Weak exogeneity in dynamic panel data models 

limm  = lim  [(DTxtyJrfaVr + exe\)J'TDTx^ 
iV.T^ooo NT T^ooT T^ooT 

==  lim ^{E[£(DTRTYJTeie'iJÏDTRTZi]  + 0(l)} 

==  v\a\ lim —tr((DTRT)'DTRT) 

JIJ2-JIJ2-

T^ooT T^ooT 

2 2 
££ C l + / 9 ' 

becausee tr{J'TDTRT) = 0 and tr{J'TDrRTJ'TDTRT) = 0. Hence, the expressions in (3.41) 
andd (3.42) follow. 

Regardingg the IVdJ estimator we have 

^wj*nw^wj*nw — lim 
1 1 

jv.r-ooo NT 

EiiJ'y.tfDy-i]EiiJ'y.tfDy-i]  E^y^'Dx] 

E[{J*x)'Dy^}E[{J*x)'Dy^}  E[{Jmx)'Dx] 

with h 

(3.A.10) ) 

+p+p22EE [?(rLrR)'DLrRz]} 
2/322 1 

-*i& -*i& 
11 + 7 * ( l + p ) ( l + 7 ) ( l - P 7 )' 

limm -^-EHry^yDx] = lim
N,T-*ooN,T-*oo NT JV.T—oo NT 

==  -O*0 
^ ( ll  + p ) ( l - P 7 )' 

limm -^-E[{rx)'Dy.x\ = lim -^-0E[^(J*R)'DLrm 

== <#? 
1 1 

^ ( 11 + P) (1-P7)' 

limm - ^ [ ( J ^ ' D x ] = lim - L ^ KV*fl)'M£ ] 
AT,T-ooo A T N,T^oo NT 

1 1 
€(11 + P)' 

whichh proofs (3.43). Moreover, regarding 

JJ J w ul JV,r-oo ATT 
EE [{ry-iYDee'D'ry^} E [{J9y_1)'De£'D'J'x] 

EE [{J'y_1)'Dee'D'J*x) E [(J*x)'De£,D'J*x] 

(3.A.11) ) 
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wee have upon omitting terms with odd moments 

limm J - £ [ ( J V i ) ' ^ ' D ' J V i] = ljm -j
2E[?{rLrR)'Dee'iyj*LrRt) 

N,T—ocN,T—oc Nl JV.T-.oo 1\ 1 

++  lim 2E\r)'S'r'Dee'D'rSr}\ 
N,T-KX>N,T-KX> NT 

++  ^ -j^E [e'{rLT)'Dee'DTLTe\ 

==  hm
N,T—KXN,T—KX JV 1 

+0+011al(rltr{rLYR)'DDTLYR)} al(rltr{rLYR)'DDTLYR)} 

aassl+1l+1
+<7+<7 ttaa^  ̂ ( l + p ) ( l + 7 ) ( l _ ^ ) 

limm 1)'Dee'D>rx] = hm
N,T—ooN,T—oo NT N,T->oo Nl 

== -MP 
22aa22QQ L l P 

hmm J-£;[(J^)'D££'£»'J*x] = hm ^ ^ ' ( J ^ ) ' ^ ' ^ * ^ ] 
N,T^ooN,T^oo NT N,T-KX>N1 

2 2 
r 2 „ 2 2 

whichh results in the expression in (3.44). 

3.BB Derivation of the bias approximations 

Inn this appendix we summarise the effects of both a lagged dependent variable regressor 

andd weak exogeneity of x on the order of magnitude of the leading term of the bias of 

variouss estimators. More in particular, we will evaluate the explicit leading terms in 

(3.48),, (3.52) and (3.53). Based on the expression (2.18) we write (note that K = 1) 

V-iV-i = Ly+ (IN ® er,i)ïto 

== u{IN(8)eTyl)£o + Lr(INT + /3<pL)E 

+(^77 + 0)LT{IN ® eTA)£Q + aSv, (3.B.1) 

wheree y0 = {yw, ' has been defined by (2.10) and (2.12). Furthermore, we have 

xx = irSr} + <l>[L£  + (lN®eT,i)eo]. (3.B.2) 

http://JV.T-.oo
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Wee first analyse the expected LSDV estimation error in (3.48). Using the decomposition 

off  y and X into relevant and non-relevant random parts we obtain 

EE [W'Ae] = E \W'AE\ + E [W'Ae] , (3.B.3) 

Usingg (3.B.1) and (3.B.2) and n = ALT we have (Kiviet, 1999) 

AWAW = [Ay-1:Ax]=n(I NT+P<Pty£ew+4>ALee'2t2 + wA{IN®eT,i)eoe2,i 

+{u; 77 + <p/3)U(IN ® eu)e0e21 + 4>A{IN ® eT^)eQe'22. (3.B.4) 

Hence,, noting that E \W'Ae\ = 0 we can write 

EE [W'Ae] = E [E'TIUNT + P<t>L)e} e2,i + <t>E [e'ALe] e2,2 

== of *r(n)e2,i + (J204>tr(UL)e2<1 + a2<t>tr(AL)e2a 

==  O(N), (3.B.5) 

becausee eQ and e are uncorrelated by assumption. Furthermore, we have 

EE \W'AW\ = W'AW + E \w'Aw] 

==  W'AW + v2{tr{{I NT + P4>L)'WU(INT + P4>L))e2>1e'21 

TT — 1 N 
+<p+<p 22tr(L'AL)etr(L'AL)e%2%2e'e'22 2 + —=-- 2 (w2e2?1e'2 1 + (j> 2e2,2e22) 

11 1 — y* 

+(u;77 + 0/3)2- r (e 'r i n^nr er ,1)e2 ,1e,
21 

11 - 7^ 

+ - ^ — i rr {{I NT + 0(j>LyU'L) (e2ile'2 2 + e2,2e2 ,) 
11 — 7Z 

TV V 
+2w(uryy + 0/3)- ö(er inreT,i)e2,ie2 x 

11 — 7Z 

// TV / T - l \ JV \ 

(e2 i l e'2 2++ e2,2e21)} , (3.B.6) 

whichh is O(n). Combining (3.B.5) and (3.B.6) leads to (3.55). 

Next,, we consider the expected GMMpi estimation error (3.52) and in particular 

r- i i 

EE [{PW)'MZlPe\ = Y, E\W?MZu<l (3-B.7) 
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wheree MZu = Zlt(Z'ltZu)
 lZ'u. Following Alvarez and Arellano (1998) we have 

LL  Zu tJ ^ E[Ez[a?MZne;]] 

(( E{tr{MZHEz{e\y*UX)\ 

\\ E[tr{M ZHEz[e* txt\)\ 

==  E[tr(MZu)Ez[e; ty:t_1]]e 2A 

+E+E [tr(M Zu)Ez [ 4 4 ] ] e2,2, (3.B.8) 

wheree Ez is the conditional expectation with respect to Z\t. Consider the conditional 

expectationss in (3.B.8), which are conditional covariances because Ez [e* t]  = 0. Regard-

ingg the conditional covariances in (3.B.8) Alvarez and Arellano (1998) note (but they 

consideredd a model without the x variable) that 

M e« t ó - i ]]  = £ [ < « - i ] , 

ass Ez [e*(y»*-i]  a nd &z [4x it ]  a re n ot depending on ZH because of the joint normality of 

Vit-iiVit-ii  x*it->  Eit  a nd Zu- Noting that tr(MZlt), i.e. the number of moment conditions used, 

iss non-stochastic and using results from Alvarez and Arellano (1998) we have 

r - i i 

EE [(PW)'MZtPe] = Y, tr(MZn) [E [eM.,] e2il + E [ 4 4] c2,2) 

T - l l 

== J2 tr(MZu) (E Wiy'i,-iPt} e2,i + E \p't£ix'tPt]  e2,2) 
£ = 1 1 

== tr IE [ e ^ .J £ tr(MZlt)ptp't J e2)1 

+tr+tr  I B ^ J ^ M ^ W . ) c2l2, (3-B.9) 

wheree p't is row t of Pp. 

Att this point we consider the number of moment conditions used in estimation. When 

usingg all available moment conditions, i.e. Zt = Z\2\ we have tr(M(2)) = 2i. However, 

tr(Mz(i))) = 2 when exploiting Z[ = Z\ . In the first case we have (Alvarez and Arellano, 

1998)) " 

r - ii  T-i T 

J2tr(MJ2tr(Mzzv)pv)pttp'p'tt = 2j2tPtP't = 2J2HSASH'S (3.B.10) 
t = ll  f = l *= 2 
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wheree Hs = (0 : Ia)' is a T x s selection matrix. Using (3.B.1) we get for the GMM 

estimatorr using all moment conditions (GMMpl^) the following 

( T - ll  \ T 

EE M . - J J2 tr(Mziv)ptp't \ = 2 Y,E [%i_1H.AsHaei] 
tt = l "  / *=2 

T T 

==  2j2E[e'l(INT + 0<PL'T)r'TL
,
THsAsH's£1} 

s=2 s=2 
T T 

== 2a] J2 tr(H8A8HaLTrT(IT + P<pLT)) 
55 = 2 

== 0(T), (3.B.11J 

notingg that E [y' it_1HaAsH's£i'j = 0 and s is uncorrelated with r\ and e0. Regarding the 

secondd term in (3.B.9) we have using (3.B.2) 

( T-\T-\ \ T 

E^xWYsHM^Vtp't)E^xWYsHM^Vtp't) = 2Y,E[x'lHsAsH'sEl] 
t=lt=l  "  / s=2 

T T 

== 2<t>J2E[E'iL'THaAaH'sei] 
s=2 2 

T T 

==  2a2
e<pY^tr(HsAsH'sLT) 

s=2 2 

== 0(T). (3.B.12) 

Hence,, we obtain 

EE [{PW)'MzmPe\ = 0(T). (3.B.13) 

InIn the second case, i.e. tr(M <i)) = 2, we get 

r - ii  T~\ 

Y,Y, tr(Mzp)ptp't = 2 YPtPt = 2AT, (3.B.14) 

trr f E fcj,^] Y, tr(Mzw )VtV't J = 2E [#,_! Ar^ ] 

== 2crjtr(nr) + 2a2J4>tr{nTLT) 

== O(l) (3.B.15) 
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and d 

trlEieix'^triM^ptp'AtrlEieix'^triM^ptp'A = 2E[x'iATei] 

==  2<r2
e(f>tr(ATLT) 

==  0(1). (3.B.16) 

Hence,, we can write 

EE [(PW)'MzwPe] = O(l). (3.B.17) 

Combiningg expressions (3.B.11), (3.B.12), (3.B.15) and (3.B.16) leads to the bias approx-

imationss in (3.57) and (3.59). 

Finally,, we consider the GMM estimator using instruments in first differences. Con-

sideringg (3.53) we have 

T T 

EE [{JW)'MZdJu\ = E Y^WlMY^WlMZdtZdtuut t 
t=i t=i 

(3.B.18) ) 

wheree MZdt = Zdt(ZdtZdt)
 1Z'dt. Following a similar derivation as above we may write 

T - l l 

E[(JW)'ME[(JW)'MZdZdJu]Ju] = triE[u ly'ii_1}Y/tr(MZdt)j tj' tje2tl 

+tr+tr  l E [Uix't} J2 HMzJjtj't) «2,3, (3.B.19) 

definingg jt as row t of J?-

Whenn using all available moment conditions, i.e. Zd — Zd , we have tr(Mzv)) = It. 

However,, tr(Mz(i)) = 2 when using Zd = Zd . In the first case we have 

T - l l 

^tr(M^tr(Mz{z{v)jv)jttj'j' tt=2Y,HshH'=2Y,HshH'ss. . (3.B.20) ) 

Usingg (3.B.1) we get 

T - l l 

trtr  E [ u ^ . J Y, HMZdV)j tft = 2 J]) E [y'^HJsH'^LT +  £i)] 
\\ t=\ dt J 3=2 s=2 s=2 

T T 

==  2Y,{°>{HsIaH'aLTYT{I T + p<t>Lr)) 
s=2 s=2 

+aa+aa22
T}T}t't'TTHHaaII $$H'H'ssLLTT} } 

==  aa^TiT+l)-!), 

==  0(T2), (3.B.21) ) 



1188 Chapter 3. Weak exogeneity in dynamic panel data models 

notingg that L'THSISH'SLT — s and ^2a=2s = \T{T + 1) — 1. Using (3.B.2) we also have 

( T-\T-\ \ T 

EE M J2 tr(Mz£ Wt = 2 Y, E [x' iHaI.H'a(ri iiT + er)} 
t=lt=l  dt / 5=2 

T T 

==  2YJ{<pE[e' lL'THsIsH'sel] 

+nE[r+nE[r 11
22]tr(i]tr(i ll

TTHHssII ssH'H'ssttTT)} )} 

==  7ra2
n(T(T+l)-l), 

==  0(T2). (3.B.22) 

Hence,, we can write 

EE \{JW)'MzmJu\ =0(T2), (3.B.23) 

andd the result in (3.61) follows. 

Whenn Zd — Zd we have 

T - l l 

J2J2 tr(MzW)j tj' t = 2JT JT, (3.B.24) 

andd similar derivations as above lead to 

T - l l 

t = l l 

trtr  E [u^]  Y,tr(Mz")itJ't = <**l(T  - 1) = 0(T), (3.B.25) 

trtr  (E[^^tr(Mẑ )jtj'A = n*$(T - 1) = 0(T). (3.B.26) 

Hencee we can write 

E E (JW)'M(JW)'M7W7WJuJu =0(T), (3.B.27) 

leadingg to the expression in (3.63). 

3.CC Details on the simulation design 

Inn what follows we make use of some standard results for stationary AR(2) processes. Let 

**  "  1-«J-«,!»*  (3C1) 
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wheree et ~ JTT>[0, cr2.], then 

Var[zf]]  = (l-al- f r ^ * ? ) " ' <r2 (3.C.2) 

and d 

Cov[z(,, zt-i\ = —^— Var[* t]. (3.C.3) 
11 - a2 

Hence,, for the ARMA(2,1) process 

ii  + or 
wwtt = (l+  9L)zt = 1 -£t, (3.C.4) 

11 - OJIL — Q2L 2 

wee find 

V a rHH = {l  + 02)Vfu[zt]  + 29Cov[zt,zt-1] 

==  (\ + e2 + 29j^— W r [ z t ] . (3.C.5) 

Notee that in model (3.1) 

00 1 1 
UuUu = ~ TXit + rji  + -eit. (3.C.6) 

I - 7 LL I - 7 I - 7 Z , ' 

Substitutionn of (3.68) gives for scheme 1 

yi tt - ( l - 7 X ) ( l - p 1 L ) e " + 1 -7 ^l 1 - 7^ ( } 

Hence,, using (3.C.2) and (3.C.5), we find 

Var [^ ]]  = ^ ( 1 + ™ - ) 
V ( 1 - p ï ) ( i - 7 2 ) ( i - 7 P i )y y 

Thiss yields 

+ < + T ^ ; ) + < T ^ ) 2 -- (3C-8) 

5iVf l<1 >> - " ^ (f , ^ ! + ^ ' n 7 ) + ^ ^ (3-C.9) 
\ ( i - p i ) ( i - 7 2 ) ( i - 7 P i ) yy 1 - 72 

fromm which (3.76) easily follows. From (3.C.8) it is also found that, in order to achieve 

contributionss to Vai[y\t']  from the variance components r] i and eit in a proportion with 

ratioo fj,2, one has to choose 

AA (1+ÊÏ)' , M ( 1 + 2^ ^ ) , (3.C. 10) 
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fromm which (3.73) follows. 

Modell  (3.1) can also be rewritten as 

(11 - p2L){\ - ~fL)ylt = (3{\ -p2L)xtt + (1 - p2)r?l + (1 - p2L)exi. 

Accordingg to (3.69) we have in scheme 2 

(11 - p2L)42) = <\>2Lvft + 7r2r?l + £rt. 

Substitutionn in (3.C.11) yields 

(11 - p2L){\ - 1L)yf = {3<P2Ly  ̂ + fóit + (1 - p2 + P^)Vi + (1 " (h^Y* 

(3.C.11) ) 

(3.C.12) ) 

with h 

Hence, , 

(11 - axL - a2L
2)y\2) = fóit + (1 - p2 + 0^)  ̂ + (1 - P2X)e«, 

ai=~fai=~f + P4>2 + Pi 

U2U2 = -IPi-

(2) ) 
WitWit = 

1 1 

11 — OL\L — a2L
2 

fromm which we obtain 

[Ptit[Ptit  + (1 - P2 + JÖ7T2)̂  + (1 - ftL)£lt] 

,(2h h Var^ ']]  = 2a2^_2a2^_ 2 / \ , „ 2 0n

11 +7P2 

+^ ^ 
11 - P2 + 0^2 

( 1 - 7 ) ( 1 - P2 ) - ^ 2 J J 
Thiss yields 

SNRSNR{2) {2) 2 * 2 .. 2 J i _i_ 2 o - 7 + #02 + P2 
*t0*t0  + ^ ( l + P2-2p2 ^ ^ 

l - M - ^ ( TT + W2 + ft)2 

(3.C.13) ) 

(3.C.14) ) 

(3.C.15) ) 

1 - LL v,  . . .  , „  - 1 , (3-C16) 
11 + 7/>2 

fromm which (3.77) follows. A similar derivation for a model in a non-panel data context 

withh an integrated weakly exogenous explanatory variable can be found in van Giersbergen 

andd Kiviet (1996). To control the ratio of the variance components in scheme 2 we set 
ii  2 

11 - p2 + /?7T2 2 2 / , , 2 0 „ 
== t* <T£ 1 + P2 - 2P2 . ( l - 7 ) ( l - f t ) - / t y 2J J 

77 + /302 + p2 

1+7P2 2 
(3.C.17) ) 

11 " 7 ^ - 7 - ^ ( 7 + ^ 2 + P2)
2 

1+7P2 2 
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whichh yields (3.74). 

Thee data have been generated by setting xh-49 = y,,_49 = 0, generating T + 50 

observationss and discarding the first 50 observations to minimize the effects of initial 

values. . 





Chapterr 4 

Biass approximation in large T\ small 

NN panels 

4.11 Introductio n 

InIn this chapter we analyse various least squares based estimation procedures for the higher-

orderr dynamic panel data model with fixed individual effects and a non-scalar covariance 

matrix.. Both the ordinary and generalised Least Squares Dummy Variables (LSDV) 

estimatorss are considered. The choice of the model and estimators is based mainly on the 

typicall  empirical study at hand, i.e. estimation of money demand functions in the area of 

thee European Union (EU). The data are a cross-section of times series for 14 EU countries 

(Luxembourgg is not included in the data) and the number of cross-section units N in the 

datasett is relatively small compared with the time dimension T. In the simulation study 

off  Chapter 2 we found that in the first-order dynamic panel data model with a scalar 

covariancee matrix the bias of least squares based techniques is relatively small compared 

too instrumental variables based methods when T is larger than N. Based on a mean 

squaredd error criterion, least squares methods are to be preferred in this case. 

Notwithstandingg the relatively good performance of least squares methods, they are 

stilll  biased in dynamic models due to the inclusion of lagged dependent variable regressors 

andd require T large for consistency. The simulations in Chapter 2 and other Monte 

Carloo experiments (Judson and Owen, 1999) show that these biases can be substantial 

especiallyy for persistent models, i.e. stable dynamic models where the coefficient of the 

laggedd dependent variable is close to one. As these models are commonly encountered in 

macro-economicc applications like the empirical study on money demand, it is important 

too develop more accurate estimation procedures. 
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Inn this chapter we will develop alternative coefficient estimators by applying bias 

correctionss to original estimators. Although the approach adopted here is comparable 

too that pursued in Chapters 2 and 3, there are several important differences. First, 

ass the dimensions of the data are different from the typical small T, large N panel, 

higher-orderr approximations will be developed from a large T perspective while keeping 

NN fixed. Second, as N is finite we assume fixed instead of random individual specific 

effects.. Third, the model of Chapters 2 and 3 will be extended in several directions. 

Thesee extensions are necessary to apply bias corrected estimators in applied research. 

Inn the empirical study on EU wide money demand, for example, it turns out that the 

first-orderr dynamic model is not general enough to capture all the dynamic features in the 

data.. Regarding the disturbance covariance structure, when analysing time series for a 

groupp of countries both cross-sectional heteroscedasticity and interdependencies between 

countriess are likely to be present. Hence, disturbance vectors of different cross-sectional 

unitss have different variances and may be correlated. To the extent that the covariance 

matrixx of the disturbances is non-scalar, one should explicitly take this into account in 

anyy inference procedure exploiting the panel nature of the data. 

Usingg asymptotic expansion techniques, Kiviet (1995, 1999) derives an approximation 

formulaa for the bias of the ordinary LSDV estimator in the first-order stable dynamic panel 

dataa model with normal disturbances and a scalar covariance matrix (see also Section 2.3 

off  this thesis). We use these and other results on bias approximation in higher-order 

dynamicc regression models (Kiviet and Phillips, 1994) to develop bias expressions for the 

ordinaryy and generalised LSDV estimators in higher-order dynamic panel data models 

withh general covariance structure. 

Apartt from developing more accurate estimation procedures for the so-called short-run 

parameters,, estimation of other model parameters will be considered also. First, in the 

casee of the money demand relationship the long-run effects are important for policymakers. 

Hence,, a clear distinction is made between estimation of short- and long-run parameter 

vectors.. The direct bias correction on long-run coefficients, proposed by Pesaran and Zhao 

(1999)) in the context of the dynamic random coefficient model, is applicable here also. 

Second,, in practice often particular linear restrictions are imposed on the parameters 

beforee estimation. For example, in empirical studies of money demand often long-run 

pricee or income homogeneity is imposed. Hence, we also develop bias approximation 

formulaee for restricted estimators along the lines of Kiviet and Phillips (1994). Third, 

inn the type of model analysed here, estimation of the variances of coefficient estimators 

byy conventional asymptotic expressions can be dramatically inaccurate (Freedman and 

Peters,, 1984; Beck and Katz, 1995). Hence, we make use of bootstrap procedures to 
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estimatee standard errors. 

Thee bias expressions developed in this chapter will be used to construct bias corrected 

estimatorss and they will be applied in the empirical study on money demand. Various 

authorss have estimated a money demand function based on aggregated time series for the 

wholee EU area and tested the stability of this function through time (Kremers and Lane, 

1990;; Monticelli and Papi, 1996; Fase and Winder, 1998). All those studies use time 

seriess techniques, but considering the EU countries as a cross-section one can possibly 

usee panel data techniques. We will examine to what extent panel data techniques are a 

validd alternative for estimating EU wide money demand functions. Using aggregated time 

seriess it has been found that EU wide money demand is more stable than money demand 

inn the individual member countries. An explanation for this fact is that when using 

aggregatedd data spillover effects between countries are internalised. As money demand 

specificationss for individual countries typically do not contain variables measuring foreign 

developments,, specification bias may cause them to be less stable than aggregated money 

demand.. Exploiting the panel nature of the data we try to identify spillovers between 

countriess by specifying a general disturbance covariance structure and including foreign 

variabless in the empirical specification. 

Sectionn 4.2 gives an outline of the model. In evaluating the bias terms of the estimators, 

aa detailed knowledge of the stochastic structure of the model is needed and this will be 

describedd in this section. In Section 4.3 bias expressions for ordinary and generalised 

LSDVV estimators will be developed. In Section 4.4 we consider estimation under linear 

restrictions,, while estimators of long-run parameters will be analysed in Section 4.5. In 

Sectionn 4.6 estimation of asymptotic standard errors by using either analytical expressions 

orr bootstrap procedures will be discussed. In Section 4.7 the estimation techniques will be 

appliedd to estimate EU wide money demand functions for Ml , M2 and M3. The emphasis 

iss on the plausibility of coefficient estimates and effectiveness of bias approximations. 

Sectionn 4.8 concludes. 

4.22 Model 

Inn Chapters 2 and 3 we have considered the first-order dynamic panel data model1. Here, 

wee extend the analysis to higher-order dynamic models, i.e. 

p p 

yityit = '^2l(pyi,t-p + P'xit+r}i  + ea, i = !,..., N; t = 1,...,T. (4.1) 
p=i i 

1Wee will use similar notation as in Section 2.2. 
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Inn this model the dependent variable ylt is regressed on a K x 1 vector of explanatory 

variabless xit with parameter vector j3, P lagged values of the dependent variable and an 

individuall  specific constant. The explanatory variables in xit are assumed to be strictly 

exogenous,, i.e. 

E[XE[XÜÜEEJSJS}}  = 0, Vi, j ,*,s , (4.2) 

andd the individual effects r\l are assumed fixed, but unknown. Note that both the uni-

variatee processes for yit and the elements of xit may contain unit roots. However, the 

relationshipp (4.1) between yit and xit is assumed to be stable. For P — 1 this implies 

| 7jj  < 1, but in higher-order models more complicated restrictions on the autoregressive 

coefficientss are required for stability. Regarding the disturbances elt it wil l be assumed 

throughoutt that they are normally distributed. Moreover, they are uncorrelated through 

time,, but we allow for heteroscedasticity across cross-sectional units and non-zero con-

temporaneouss cross-correlations, i.e. 

E[EE[EUU]=Q]=Q 11 V i , t , 1 

E[EE[Eititeej3j3]=0,]=0,  Vi,],t^s, \ (4.3) 

E[£E[£ititEjt]=ffij,Ejt]=ffij,  Vi,j',t . J 

Stackingg the observations over time we get 

p p 

==  Wl6 + r] iiT + Et, (4.4) 

wheree ? /w = (yM _p, ...,j/i iT -p)', Xt = (xu, ...,xiT)', 6 = {j\0')\ 7 = ( 7 i . - , 7 p )' and 

WiWi = [yi,-i:...'-yi,-p'-Xi}. 

Lik ee in Section 2.2 we decompose y into a relevant random component, denoted by 

aa tilde, and irrelevant random plus deterministic components, denoted by a bar. The 

relevantt random component is in some way related to the disturbance term Eit, while the 

irrelevantt component is not, i.e. 

ViVi = Ep=i iPyi,-p + x$ + Vi^r, 

wheree we use the assumption that we have fixed individual effects and only strictly ex-

ogenouss explanatory variables, i.e. Xi = O and f] i = 0. For the initial values we assume 

Vi,i-Vi,i-PP = °, 

Vi,l-pVi,l-p = 3/-i,l —p ? 

(4.5) ) 

(4.6) ) 
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forr p = 1,..., P, so we condition on p fixed starting values. Defining 
- l l 

(4.7) ) r r=L_£7pLpjj  , 

wee write for the relevant random components in (4.5) 

yyxx = TTet, 2 = 1,..., N. (4.8) 

Too analyse the estimators in the next section we need a decomposition of the matrix ArWi 

intoo relevant and irrelevant random components. We may write AjWi = ArWi + ArWi 

with h 

AATTWiWi = AT[yi,-i :....-yi,-p':Xi} 
p p 

==  Y^AT^TEie'p, (4.9) 
P= i i 

becausee Xi = O and Aryi-P = ArL^yi and where ep is the (P + K) x 1 unit vector with 

itss pth element equal to one. 

Stackingg the observations across individuals too, one gets 

yy = W6 + Sr) + e, (4.10) 

wheree y and e are NT x 1 vectors, T) — (r/1? ...,r)N)' is a N x 1 vector and W = [W[:...:W'N]' 

andd S = IN®LT axe NT x (K + P) and AT x A7 matrices respectively. The assumptions 

aboutt e can be written as 

e~//(0,n),e~//(0,n), (4.11) 

wheree Q — S <8> ^r with T, a. N x N matrix with typical element tr^. For the relevant 

stochasticc components in AW we find from (4.9) 

p p 

AWAW = ^AU'Tee'p 
p=i i 
p p 

wheree np = Ai^T . 

Modell  (4.10) with (4.11) is a generalised normal regression model and in the next sec-

tionss estimation of both short- and long-run coefficients will be considered. The elements 

off  the parameter vector 6 are called short-run coefficients and 0 = {3/(1 — Y P̂=i  7p) *s ^ne 

vectorr of long-run effects. 
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4.33 Short-run coefficient estimators 

4.3.11 LSDV estimator 

Thee ordinary least squares estimator for 6 in (4.10) is the familiar LSDV estimator 

SLSDVSLSDV = (W'AW)-lW'Ay, (4.13) 

andd its estimation error is 

£>LSDV£>LSDV - <5 = (W'AW)-1 W'Ae, (4.14) 

whichh depends in a non-linear way on the stochastic term E. Defining Q~l — E [WAW] 

andd using a similar approach as in Section 2.3 (see also Kiviet, 1995, 1999), but now for 

fixedd N, the first factor in (4.14) may be expanded as 

{W'AW)-{W'AW)-11 = Q-Q(W'AW-Q-1)Q + Op(T-2), - (4.15) 

wheree the first two terms are 0(T~l) and Op(T~ï) respectively. Hence, for the bias of 

thee LSDV estimator we find 

EE \èLSDv ~è\=  2QE iw'A£]  ~ QE
 [W'AWQW'AE] + o{T~l), (4.16) 

wheree the first two terms in (4.16) are 0(T~l), as we shall see2. Note that the 0(T~l) 

contributionn in (4.16) is encompassing its counterpart in the bias approximation (2.31). 

Specifically,, it is similar to the sum of the Ci(T-1) and C2(N~lT~l) terms in (2.31). This 

iss the result of using large T approximations here keeping N fixed. 

Inn Appendix 4. A it is shown that the approximation for the bias in the LSDV estimator 

equals s 

EE [hsDV - «] = BLSDV{T-') + oiT'1), (4.17) 

where e 

BLSDV(T-BLSDV(T-11)) = J2tr(UpQ)Qep-J2^W'UpnAW(^eP 
pp p 

-- J ] rr [QW'UpnAW]Qep 

p p 

- 22 E S E qrStr(nnpnrii sn)Qep, (4.is) 

22 The notation o(T l) indicates that the corresponding term is of smaller order than T l. 
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withh the indices p, r and s running from 1 to P and 

QQ = W'AWW'AW + ^ ^ir(n;nro)epe; 

qqrsrs — e'rQe 

Usingg this result an operational bias corrected estimator, denoted by LSDVc, can be 

constructedd as 

ÖLSDVCÖLSDVC — SLSDV - BLSDV(T~ ), (4-19) 

usingg any consistent preliminary estimators for 6 and Q in BLSDV(T~1), e.g based on 

LSDVV residuals. The corrected LSDV estimator will be unbiased upto order 0(T_ 1) , i.e. 

E[hsDVc-6]E[hsDVc-6] =o(T~1). (4.20) 

4.3.22 (Feasible) Generalised LSDV estimator 

Thee ordinary LSDV estimator in (4.13) does not take the covariance structure of E into 

account.. Hence, we analyse also the generalised LSDV estimator of 6, denoted by ÖGLSDV-

Thee GLSDV estimator of <5 is 

SGLSDVSGLSDV = {W'An-lAW)-lW'AQ-lAy, (4.21) 

andd its estimation error is 

ÏGLSDVÏGLSDV -S = {W'AQ-lAW)-lW'An-lAe. (4.22) 

Denningg A* = AU~XA and Q*~l = E \W'A*W] the following expansion is valid under the 

assumptionss made in Section 4.2, i.e. 

{W'A'W)-{W'A'W)-11 =Q*-  Q*{W'A*W - Q*-')Q* + Op(T~2). (4.23) 

Hence,, for the bias of the GLSDV estimator we find 

EE [öGLSDv -è]= 2Q*E [W'A*e] - Q*E [W'A*WQ*W'A*E] + op'1). (4.24) 

Inn Appendix 4. A the following approximation is derived for the bias in the GLSDV esti-

mator,, i.e. 

E E SGLSDVSGLSDV - «5] = BGLSDV(T-1) + oiT'1), (4.25) 
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where e 

BBGLGLSDV(T-SDV(T-11)) = ^trinjQ'er-^Q'W'n-'npAWQ'ep 
pp p 

-- Y,tr (Q*W'£l-lnpAW) Q*ep 

p p 

~~22 E E E <?r>(n;nrIL)Q*e p, (4.26) 

with h 

Q*Q* = W'AQ.-W'AQ.-XXAWAW + J2 E ^(n;nr)eP4 

Inn practice the GLSDV estimator cannot be calculated because Q is unknown. We 

thereforee analyse also the two-step feasible GLSDV estimator 

SFGLSDVSFGLSDV = {W'A(rxAW)-xW'AÜ-lAy, (4.27) 

wheree the covariance matrix Q is consistently estimated using the LSDV residuals, i.e. 

ClCl = Ê ® / r , (4.28) 

-- _ (Vi ~ WiÖLSDvYATiVj - Wj6LSDv) 
°ij°ij  — 7p  ^4 .zyj 

Thee estimation error of the FGLSDV estimator is 

&FGLSDV&FGLSDV -6 = {WAQ^AWyWAti-'AE, (4.30) 

Inn Appendix 4.B it is shown that as long as a consistent estimator is used for Q the bias 

inn the FGLSDV estimator is 

EE [6FGLsDv - a] = BFGLSDV{T-1) + ofT"1), (4.31) 

with h 

BBFFGLSDV{T-GLSDV{T-11)) = BGLSDv{T-1) + oiT'1). (4.32) 

Inn other words, the bias approximation to order 0{T^1) is equal for the FGLSDV and 

GLSDVV estimators. Hence, we can construct an operational bias corrected estimator, 

denotedd by FGLSDVc, as 

&&  FGLSDV c — f>'FGLSDV ~ BFQLSDV{T~ ), (4.33) 

usingg any consistent preliminary estimators for 6 and Q, in BFGLSDV{T~l). The corrected 

FGLSDVV estimator will be unbiased upto order 0(T~l), i.e. 

EE [ÖFGLSDVC -<$] =o{T~l). (4.34) 
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4.44 Estimation under  linear  restrictions 

Inn practice, model (4.10) is often estimated in a restricted version for several reasons. First, 

economicc theory may impose a priori certain values for some of the model parameters. 

Forr example, in money demand studies often a long-run income or price elasticity of one 

iss imposed. Second, econometric modelling may lead, for example, to the exclusion of 

variabless from the most general model to arrive at a more parsimoneous specification. 

Inn this section we will develop bias expressions for the restricted LSDV, GLSDV and 

FGLSDVV short-run coefficient estimators along the lines of Kiviet and Phillips (1994). 

Considerr a set of J general linear restrictions on 5, i.e. 

R6R6 = r, (4.35) 

wheree R is J x (K + P) and r = J x 1. Note that no restrictions regarding the individual 

constantss will be considered as they are typically filtered out before estimation. 

4.4.11 restricted LSDV estimator 

Thee LSDV estimator of 8 under the restrictions (4.35) is 

hsDV,RhsDV,R = 6LSDV ~ {W'AW)-lR' [R{W'AW)-XR'] ~' (R6LSDV - r). (4.36) 

Beloww we shall derive a bias expression upto order 0{T~l) for the estimator in (4.36). 

Thee relation between the unrestricted and restricted LSDV estimators can be written as 

8LSDV,R8LSDV,R - 8 = F^WJIÓLSDV - 8), (4-37) 

wheree Fm = I - {WAW)~lR'[R{WAW)~XR1}'1 R. Hence, the bias in the restricted 

LSDVV estimator can be expressed as 

EE [ÖLSDV,R -S]=E [F {w)(W'AW)-lWAs] . (4.38) 

Thee evaluation of the right hand side of (4.39) is not straightforward because the elements 

off  F(w) are also stochastic. However, applying a similar reasoning as in the proof of 

Theoremm 2 in Kiviet and Phillips (1994) it can be shown that 

EE [8LSDV,R - tf] = -F{W)QE [W'AWF{W)QW'Ae\ + o^1), (4.39) 

wheree F^) = I — QR' [RQR']~l R. The evaluation of the right hand side in (4.39) is now 

similarr to earlier expectations and one gets 

EE [hsDvfR - *] = BLSDVAT'1) + oiT-1), (4.40) 
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where e 

BBLLSDV,R{T~SDV,R{T~11)) = XVf l lp f iJF^Qep (4.41) 
p p 

-- E FmQW'npÜAWFmQep 

p p 

""  E ' r [F {w)QW'UpQAW] FmQep 

p p 

~~22 E E E erF{W)Qestr{^%^ril sn)FiW)Qep. 
PP T S 

4 .4 .22 res t r i c t ed (Feasib le) G e n e r a l i s ed L S D V e s t i m a t or 

Thee GLSDV estimator of 6 under the restrictions (4.35) is 

SGLSDV,RSGLSDV,R = SGLSDV - (WAV'1 W)-lR' [R{W'AÜ-lW)-lR'Yl {R6GLSDV ~ r), (4.42) 

whichh can be rearranged as 

ÖGLSDV.RÖGLSDV.R -S — F{WQ.){^GLSDV — <5), (4.43) 

wheree F{w} = I - {W AÜ~lW)-1 R'[R{W AÜ~lW)-1 R']~x R. The bias of the restricted 

GLSDVV estimator is 

EE [ÓGLSDV,R - tf] = £ [F^n^W'An-'wy'W'AQ-^] , (4.44) 

whichh can be written as 

EE [SGLSDV.R -Ö\= -Fm)Q*E [W'AQ-'WF^^W'AQ-'e] + ofT"1), (4.45) 

wheree F(Vy0j = I — Q*R' [RQ*R'}~ R. The evaluation of the right hand side is now similar 

too earlier derivations and one gets 

EE [6GLSDV,R -é\= BGLSDV,R(T~l) + o{T~l), (4.46) 

where e 

BGLSDVAT-BGLSDVAT-11)) = ^ M n p ) i V n ) Q * e p (4-47) 
p p 

-- E F{Wn)Q*W'n-lIl pAWF{Wa)Q*ep 

p p 

""  E * r [FwQ'W'n-inyAW] F{„ n)Q*ep 

p p 

~~22 E E E e'rE(w)Q*estr(n'pnrns)F{mQ*ep. 
PP T S 
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Thee restricted GLSDV estimator is not applicable because it depends on the unknown 

covariancee matrix Q. Hence, we consider the feasible GLSDV estimator under restrictions, 

i.e. . 

{RSFGLSDV{RSFGLSDV - r). 

(4.48) ) 

Inn Appendix 4.C it is shown that 

EE [ÓFGLSDVM] = BFGLSDVAT'1) + o ^ - 1 ) , (4-49) 

with h 

BFGLSDVAT-BFGLSDVAT-11)) = BGLSDVAT-1) + o(T~l), (4.50) 

i.e.. the bias approximation to order 0(T~l) is the same for the restricted FGLSDV 

andd GLSDV estimators. Hence, a bias corrected restricted FGLSDV estimator can be 

constructedd with the expression in (4.47), which is unbiased upto order T~x. 

4.55 Long-run coefficients 

Thee short-run estimators in the previous sections can be used to construct estimators for 

thee long-run effects 0, which are denned by 

00 = 0/(1-L'P% (4.51) 

wheree j3 and 7 are any of the estimators considered before and tp is a P x 1 vector of 

ones.. If bias corrected short-run estimators like (4.19) or (4.33) are used to correct for 

biass in (4.51) the resulting long-run estimator is called "naive" by Pesaran and Zhao 

(1999),, which analyse several estimators of the long-run coefficients in the context of the 

dynamicc random coefficient model. The "naive" or indirect way of bias correction in 

(4.51)) does not lead to an estimator unbiased to order 0(T_ 1) . Note that the estimation 

errorr is 6-6 = Op(T~%) irrespective of the estimator used (as long as it is y/T consistent). 

'FGLSDV,R 'FGLSDV,R 'FGLSDV 'FGLSDV {W'Ah~{W'Ah~llW)-W)-llR'R' R{W'ADrlW)-lR! 
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Hence,, in general we can write 

( l - A ' p 7 ) - t ' p ( 7 - 7 ) ) 
(4.52) ) 

0 0 
(11 - i'p-r) 

0 0 

t'p(77 " 7) 
( l - t 'p7). . 

( 1 - ^ 7)) ( 1 - ^ 7 ) ( 1 - * P 7) ( 1 - ^ 7) ( l - ^ 7 ) 2 

+--
11 . ( / ) - / ? ) ( ,p 7- t ' p 7) + ^ 

( l - t ' p 7 ) 2 -- — - " ( l - ^ 7 ) 3 

Therefore,, we find for the bias in estimating 6 the following 

L'L'PPy-i'y-i'plplyy + Op(T-r 

E E MM = (ï^£[M  + <r^bpE^-^i 
+ + 

t'p7 ) ) 

1 1 

(4.53) ) 

( l -4>7) ) ''  .-vï2" 
[££ - p] (t 'p7 - t'p7) + ^ £ [( t 'p7 - ,'p7)

2] + o{T~' 

whichh is 0(T 1) because all explicit terms in (4.53) are in general non-zero and of order 

0{T~0{T~11). ). 

Pesarann and Zhao (1999) propose a direct way of bias correction. Using any original 

uncorrectedd estimator, i.e. (4.13), (4.27), (4.36) or (4.48), and rearranging (4.53) we find 

forr the bias in the long-run coefficientvector 9 

E[ê-e^E[ê-e ̂ = B6{T-1) + o{T-1), (4.54) ) 

where e 

Bo(T-Bo(T-11)) = 
(11 - t ' p 7) 2 L 

(11 - i'p7) (Bp + Oi'PBy) + Cov [/3, t'p7] + 0Var [t'p7] , (4.55) 

withh Bp = E \/3 — m and B1 — E [7 — 7 ] . This can be used to construct corrected 

estimatorss of the long-run coefficients, which are unbiased upto order 0{T~l). 

4.66 Estimation of asymptotic standard errors 

Standardd errors of coefficient estimators can be estimated either by using asymptotic 

variancee expressions following from limiting distributions or by applying bootstrap pro-

cedures.. To save space we will discuss both approaches for the LSDV and FGLSDV 



4.6.4.6. Estimation of asymptotic standard errors 135 5 

estimatorss only, but similar results can be derived for bias corrected, restricted or long-

runn estimators. Let us define 

TWAWTWAW = phm-W'AW 
T - . 0 0 - / / 

TWASIWTWASIW = plim-W'AQW 

T*T*WAWWAW = plim^W'AQ-'W. 
r—ooi i 

Fromm the usual asymptotic reasoning it follows that 

VfVf (ÖLSDV - 6 ) ^ i ï [°- TwAwTwAnw?£AW]  , (4.56) 

and d 

VfVf (öGLSDV - ^ ^ N [0, T*WAW]  . (4.57) 

Furthermore,, assuming 

plim^W'AiQ-plim^W'AiQ-11-fl-^W-fl-^W = 0 

plim^W'AiQ-plim^W'AiQ-11 -^l-l)£ = 0, 
T-»ooJ J 

onee gets 

VfVf (öFGLSDV - 6 ) ^ M [0, tw\w]  (4-58) 

Regardingg restricted estimators or long-run estimators analogous limiting results can be 

derived.. Note that bias corrected estimators have the same limiting behaviour as their 

uncorrectedd counterparts. 

Thee limiting distributions above can be used to approximate the asymptotic distribu-

tionss of the LSDV and FGLSDV estimators, i.e. 

ÖLSDVÖLSDV ~ N [6, VLSDV] , I 

ii  T-*°°°  A ,r, v , } (4-59) 
OFGLSDVOFGLSDV ~ JV [0, VfGLSDVl , 

T—*ooT—*oo ) 

with h 

VLSDVVLSDV = {W'AW)-lW'ASlW{W'AW)-\ 1 

VFGLSDVVFGLSDV = (W'AQ-lW)-\ ƒ (4>60) 

Hence,, using a consistent estimator for f2 the asymptotic variance matrix of the LSDV or 

FGLSDVV estimator can be estimated consistently with the expressions in (4.60). 
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Variouss authors (Preedman and Peters, 1984; Beck and Katz, 1995) note that for 

thee FGLSDV estimator the expression in (4.60) is very inaccurate in finite samples, i.e. 

truee standard deviations are underestimated dramatically using conventional first-order 

asymptoticc approximations. An alternative approach is using bootstrap procedures to 

estimatee standard errors. We propose the following parametric resampling scheme, i.e. 

1.. Obtain the estimators 6 and Ê (LSDV, FGLSDV); 

2.. Take a random sample e  ̂ ~ N 0, Ê ® IT\ ; 

3.. Calculate AyW = AW{b)6 + Ae{b); 

4.. Estimate the model with the resampled data (Ay^b\AWw) giving the bootstrap 

estimatorr 6 . 

Remarkk that due to the presence of lagged values of y in the regressor matrix W a 

recursivee sampling scheme has to be used. Because the normality assumption is used in 

thee derivation of the bias expressions we employ this assumption here and use a parametric 

bootstrapp procedure contrary to Freedman and Peters (1984). 

Consideringg the bootstrap LSDV and FGLSDV estimators, it can be shown that the 

followingg limiting results hold, i.e. 

V ^^ [6LSDV ~ è) fZL  ̂ [° ' ^WAW^WAQW^WAw] ' 

V ^^ ( 6'FGLSDV - Ö ) ^ M [0, t^\w] 

(4.61) ) 

Hence,, we can use the bootstrap estimator of the asymptotic variance matrix instead of 

thee expressions in (4.60). Repeating the steps above B times, B realisations of 5 are 

createdd and 

T>> _ 1 V - B \* {b] 1 V - B A (b) 1 \* {b) 1 \ - s * {b) 1' 
VVLSDVLSDV — -gZÏ 2^6=1 [°LSDV ~ ~B 2^b=l °LSDVj \° LSDV ~B 2^b=l °LSDVJ > 

T>> _ 1 TTB \'/b) l TTB * {b) 1 [A (6) i *TB fi{b) V 
VFGLSDVVFGLSDV — 7JTT 2^6=1 \° FGLSDV ~ B 2^6=1 °FGLSDVJ [°FGLSDV B 2^b=l °FGLSDV^ 

(4.62) ) 

aree the bootstrap estimators of the asymptotic variance matrices of 6LSDV and SFGLSDV-

Thee results in Freedman and Peters (1984) show that for the FGLSDV estimator the 

bootstrapp variance estimator in (4.62) underestimates the true covariance matrix much 

lesss than the conventional expression in (4.60). Regarding bias corrected, restricted or 

long-runn estimators similar resampling schemes, but now conditional on those estimators, 

cann be exploited to calculate bootstrap standard errors. 
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4.77 The demand for money in the European Union 

InIn this section the performance of the various estimators will be illustrated with an em-

piricall  application. Money demand in the European Union is analysed by panel data 

techniques.. Earlier empirical studies (Kremers and Lane, 1990; Monticelli and Papi, 

1996;; Fase and Winder, 1998) use aggregated time series to estimate EU wide money 

demandd functions, but considering the EU countries as a cross-section one can possibly 

usee panel data techniques. 

Ass compared with the aggregate time series approach the use of panel data techniques 

iss different at least in three respects. First of all, it is not necessary to convert money 

stockk and income measures for the different countries into one common currency as is the 

casee for the aggregated time series approach. As long as a suitable conversion measure 

andd functional form are chosen, the individual constants in the panel data model will 

absorbb the effects of this conversion. 

Second,, as in dynamic panel data models the individual effects are typically filtered 

outt before estimation, the cross-sectional dimension in the panel implies extra data to 

estimatee the same number of unknown parameters. Hence, it seems possible to use fewer 

timee observations than in the aggregate time series approach (see also Section 1.3). To 

thee extent that one is primarily interested in a description of the very near past this is 

convenient,, because especially the short-run parameters of the money demand relationship 

mayy not have been constant over the last few decades. 

Third,, an important specification issue in modeling money demand for a group of 

countriess is interdependence between individual countries. Spillover effects between coun-

triess arise as a result of international integration. Also financial integration increases the 

elasticityy of national money demand with respect to the return on foreign assets resulting 

inn increased currency substitution. Hence, apart from domestic variables national money 

demandd is likely to depend on foreign variables. The aggregated time series approach may 

overcomee these specification problems because it internalises interdependencies between 

individuall  countries. However, it is clearly not capable of adressing the presence and 

importancee of any spillover effects. In contrast, panel data models allowing for interde-

pendenciess between country specific disturbance terms are better suited for this purpose. 

Also,, foreign variables can be incorporated as explanatory variables explicitly. 

Inn this section we shall examine the possibility to estimate standard money demand 

functionss for the European Union using panel data techniques. More in particular, the ef-

fectivenesss of bias corrected estimators will be examined. Next, we willl  focus on spillovers 

betweenn countries. 
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4.7.11 Standard money demand functions 

Thee data used are from Vlaar and Schuberth (1998), which is an updated version of the 

dataa used in Fase and Winder (1998), and contain time series of several variables for 

Belgiumm (BE), Denmark (DK), Germany (GE), United Kingdom (UK), Finland (FIN), 

Francee (FR), Greece (GR), Ireland (IE), Italy (IT), The Netherlands (NL), Austria (AT), 

Portugall  (PT), Spain (SP) and Sweden (SWE). Together with Luxembourg, which is not 

includedd in the data set, these 14 countries currently form the European Union. The 

timee series of the variables have quarterly frequency, are not seasonally adjusted and are 

collectedd over the period 1970-1996. The variables in the dataset are Ml , M2, M3, real 

GNP,, GNP deflator, short- and long-term interest rates. 

Forr each of the definitions of money stock specification (4.1) has been estimated using 

xxltlt = {lngnpit,lngnp^t-i,rSit,rSiit_itrlit,rli it-i,ir a,ir itt-i,sitt,S2,t,S3tt)' (4.63) 

andd where the dependent variable ylt is the logarithm of real money stock, i.e. ln(Ml/P) i f , 

ln(M2/P),tt or ln(M3/P)lt. The explanatory variables in (4.63) are contemporaneous and 

one-periodd lagged values of the logarithm of real income (gnp), short- (rs) and long-

termm (rl)  interest rates and the inflation rate (ir). To account for seasonal patterns a set 

off  seasonal dummy variables (si, S2 and S3) is included. Furthermore, lagged values of 

thee dependent variable are incorporated to model autoregressive dynamic adjustments. 

Separatee regressions for the individual countries, which are not reported here, suggest to 

includee one lagged value for the M l specification and to use two lagged values for the A/2 

andd M3 specifications. Hence, the dimension of the parameter vector 6 is K + 1 for the 

MlMl  specification and K + 2 for M2 and M3 with K = 11. 

Inn order to make valid inference with panel data techniques both parameter constancy 

throughh time and over countries should hold to some extent. To avoid parameter vari-

abilityy through time, we have chosen to analyse a relatively short time span, i.e. only 

thee years after the German reunification in 1990 are considered and the sample period is 

1991:1-1996:IV.. As far as parameter constancy over countries is concerned, it is reasonable 

too assume that by taking a recent period the problem of parameter heterogeneity across 

countriess is mitigated3. We are therefore confident to impose common slope vectors, but 

alloww for individual specific effects. 

Thee number of countries4 analysed is TV = 13. For Ml one period is lost in construct-

ingg the lagged value of the dependent variable, so for this specification the first estimation 

periodd is 1991:11 and T = 23. The estimation period for M2 and M3 is 1991:III-1996:IV 
33 We wil l explore slope heterogeneity across countries in more detail in Chapter 5. 
44 We exclude Greece from the analysis because data on long-term interest rates are not available. 
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becausee one extra period is lost in constructing the two-period lagged value of the de-

pendentt variable and T = 22. In all tables bootstrap standard errors are given, because, 

ass argued before, standard analytical variance expressions may be inaccurate here. The 

numberr of bootstrap replications used is 100. 

Forr M l the estimation results of both the short- and long-run coefficients are in Table 

4.1.. Regarding the short-run coefficients the bias corrected LSDV and FGLSDV estima-

torss produce in general a higher autoregressive coefficient than the original estimators, 

whilee the bias correction in the other coefficients seems to be small. Considering the 

variancee estimators the decrease in variance is apparent when using the FGLSDV esti-

matorr compared with the LSDV estimator. The bottom panel of the table with long-run 

coefficientss reasserts these efficiency gains. 

Selectedd estimation results for M2 and M3 are in the Tables 4.2 and 4.3. We show 

resultss for the FGLSDV estimator only. The first and second columns of these tables 

showw unrestricted estimates, while the final two columns of each table present restricted 

estimatess imposing a long-run income elasticity of one and some exclusion restrictions 

regardingg insignificant dynamics5. For these money aggregates a two-period lagged value 

off  the dependent variable has been included also, so the bias corrections according to 

(4.18)) and (4.26) have been applied for P = 2. In general the results show no substantial 

differencess between original and bias corrected estimates. The long-run coefficients pre-

sentedd in the bottom panels of Tables 4.2 and 4.3 are again plausible. Regarding M3 the 

long-runn effect of inflation has the a priori expected negative sign and is significant. 

Wee compare the general pattern of the long-run estimates with the (semi) elasticities 

foundd in earlier research based on the aggregated time series approach. Overviews of these 

resultss can be found in Fase and Winder (1993) and Monticelli and Papi (1996). If not 

restrictedd to one, the income elasticity is often found close to one for Ml and larger than 

onee for both M2 and M3. In this study, the long-run estimates of the various corrected 

estimatorss reflect this pattern in general. As far as the interest rate semi-elasticities are 

concerned,, in general they are close to the estimates found in earlier studies. The only 

exceptionn is the effect of the long-term interest rate on real M l and M2, which is found 

too be particularly strong as compared with other studies. Considering the inflation rate 

exceptt for M3 no significant long-run effects have been found contrary to earlier studies. 

5Usingg a F test we cannot reject these restrictions (p-values are 0.47, 0.40 and 0.93 for the M l , Ml 

andd M3 equations respectively) 
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Tablee 4.1: Estimation results for M l 

grip grip 

rl rl 

LSDVLSDV LSDVc FGLSDV FGLSDVc 

Short-runn estimates 

M M 1 / P )1 | (- , , 

\n\n gnpu 

Inn gnp, A _! 

rsrsit it 

rsi,rsi,tt-i -i 

rlit rlit 

rlirli ttt-i t-i 

irir it it 

ÏT - , ,1 - 1 1 

0.79 9 

(0.05) ) 

0.21 1 

(0.04) ) 

0.01 1 

(0.04) ) 

-0.53 3 

(0.22) ) 

0.29 9 

(0.22) ) 

-0.58 8 

(0.33) ) 

0.31 1 

(0.33) ) 

-0.38 8 

(0.16) ) 

0.34 4 

(0.15) ) 

0.87 7 

(0.05) ) 

0.18 8 

(0.04) ) 

-0.01 1 

(0.04) ) 

-0.47 7 

(0.21) ) 

0.32 2 

(0.21) ) 

-0.50 0 

(0.31) ) 

0.29 9 

(0.31) ) 

-0.35 5 

(0.15) ) 

0.33 3 

(0.14) ) 

0.79 9 

(0.04) ) 

0.22 2 

(0.03) ) 

0.02 2 

(0.02) ) 

-0.33 3 

(0.16) ) 

0.18 8 

(0.15) ) 

-0.59 9 

(0.24) ) 

0.00 0 

(0.25) ) 

-0.35 5 

(0.11) ) 

0.35 5 

(0.11) ) 

0.83 3 

(0.03) ) 

0.21 1 

(0.03) ) 

0.00 0 

(0.02) ) 

-0.30 0 

(0.15) ) 

0.20 0 

(0.15) ) 

-0.55 5 

(0.23) ) 

-0.01 1 

(0.24) ) 

-0.34 4 

(0.10) ) 

0.35 5 

(0.11) ) 

Long-runn estimates 

1.05 5 

(0.22) ) 

-1.13 3 

(0.60) ) 

-1.28 8 

(1.13) ) 

-0.22 2 

(0.54) ) 

1.16 6 

(0.26) ) 

-1.16 6 

(0.69) ) 

-1.44 4 

(1.31) ) 

-0.22 2 

(0.61) ) 

1.14 4 

(0.15) ) 

-0.72 2 

(0.41) ) 

-2.81 1 

(0.79) ) 

0.00 0 

(0.39) ) 

1.24 4 

(0.16) ) 

-0.60 0 

(0.41) ) 

-3.18 8 

(0.82) ) 

0.07 7 

(0.41) ) 

N=13,, T=23, P-l-K=12 

Figuress in parentheses are bootstrap standard errors 
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Tablee 4.2: Estimation results for M2 

FGLSDVFGLSDV FGLSDVc FGLSDV,R FGLSDVc,R 

Short-runn estimates 

]n(M2/P)i,]n(M2/P)i,tt-i -i 

ln(M2/P)i,t_2 2 

Ingnpit Ingnpit 

]ngnpi,]ngnpi,tt-i -i 

rsrsit it 

rs;,t-i i 

via via 

rk,t-i rk,t-i 

iru iru 

in,t-i in,t-i 

gnp gnp 

rs rs 

rl rl 

ir ir 

0.89 9 

(0.08) ) 

-0.07 7 

(0.07) ) 

0.20 0 

(0.03) ) 

-0.05 5 

(0.03) ) 

-0.06 6 

(0.12) ) 

0.26 6 

(0.13) ) 

-0.48 8 

(0.17) ) 

-0.08 8 

(0.19) ) 

-0.38 8 

(0.06) ) 

0.37 7 

(0.08) ) 

0.81 1 

(0.17) ) 

1.16 6 

(0.38) ) 

-3.15 5 

(0.60) ) 

-0.04 4 

(0.33) ) 

0.93 3 

(0.08) ) 

-0.07 7 

(0.07) ) 

0.19 9 

(0.03) ) 

-0.06 6 

(0.03) ) 

-0.05 5 

(0.12) ) 

0.24 4 

(0.13) ) 

-0.48 8 

(0.17) ) 

-0.02 2 

(0.19) ) 

-0.36 6 

(0.06) ) 

0.37 7 

(0.07) ) 

Long-run n 

0.88 8 

(0.18) ) 

1.35 5 

(0.40) ) 

-3.55 5 

(0.65) ) 

0.06 6 

(0.35) ) 

0.91 1 

(0.08) ) 

-0.06 6 

(0.08) ) 

0.21 1 

(0.02) ) 

-0.05 5 

(0.03) ) 

--
(-) ) 

0.23 3 

(0.05) ) 

-0.57 7 

(0.10) ) 

--
(-) ) 

-0.37 7 

(0.07) ) 

0.38 8 

(0.08) ) 

estimates s 

1.00 0 

(-) ) 
1.53 3 

(0.28) ) 

-3.70 0 

(0.68) ) 

0.05 5 

(0.43) ) 

0.93 3 

(0.08) ) 

-0.06 6 

(0.07) ) 

0.20 0 

(0.03) ) 

-0.06 6 

(0.03) ) 

--
(-) ) 

0.22 2 

(0.13) ) 

-0.54 4 

(0.17) ) 

--
(-) ) 

-0.37 7 

(0.06) ) 

0.38 8 

(0.07) ) 

1.00 0 

{-) ) 
1.60 0 

(0.29) ) 

-3.94 4 

(0.71) ) 

0.10 0 

(0.45) ) 

N=13,, T=22, P+K = 13 

Figuress in parentheses are bootstrap standard errors 
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Tablee 4.3: Estimation results for MS 

FGLSDVFGLSDV FGLSDVc FGLSDV,R FGLSDVc,R 

Short-runn estimates 

ln (A/3/P)i l ( - , , 

ln(A/3/P),,(_2 2 

Inn gnpit 

InIn gnpi:t-1 

rsrslt lt 

rrSi,t-l Si,t-l 

rlit rlit 

rli,t-i rli,t-i 

iru iru 

" \ , t - i i 

gnp gnp 

rs rs 

rl rl 

ir ir 

0.89 9 

(0.07) ) 

-0.02 2 

(0.07) ) 

0.18 8 

(0.02) ) 

-0.04 4 

(0.02) ) 

-0.02 2 

(0.10) ) 

0.20 0 

(0.11) ) 

-0.37 7 

(0.16) ) 

0.05 5 

(0.17) ) 

-0.41 1 

(0.06) ) 

0.31 1 

(0.07) ) 

1.12 2 

(0.17) ) 

1.40 0 

(0.45) ) 

-2.46 6 

(0.63) ) 

-0.75 5 

(0.40) ) 

0.92 2 

(0.07) ) 

-0.02 2 

(0.07) ) 

0.18 8 

(0.02) ) 

-0.04 4 

(0.02) ) 

-0.01 1 

(0.10) ) 

0.20 0 

(0.11) ) 

-0.35 5 

(0.16) ) 

0.06 6 

(0.17) ) 

-0.39 9 

(0.06) ) 

0.30 0 

(0.07) ) 

Long-run n 

1.24 4 

(0.18) ) 

1.63 3 

(0-47) ) 

-2.66 6 

(0.66) ) 

-0.82 2 

(0.42) ) 

0.85 5 

(0.03) ) 

--
(-) ) 

0.18 8 

(0.02) ) 

-0.03 3 

(0.02) ) 

--
(-) ) 

0.19 9 

(0.05) ) 

-0.36 6 

(0.10) ) 

--
(-) ) 

-0.41 1 

(0.06) ) 

0.30 0 

(0.07) ) 

estimates s 

1.00 0 

(-) ) 
1.26 6 

(0.24) ) 

-2.43 3 

(0.48) ) 

-0.71 1 

(0.38) ) 

0.86 6 

(0.07) ) 

--
(-) ) 

0.17 7 

(0.02) ) 

-0.04 4 

(0.02) ) 

--
(-) ) 

0.18 8 

(0.11) ) 

-0.34 4 

(0.16) ) 

--
(-) ) 

-0.40 0 

(0.06) ) 

0.30 0 

(0.07) ) 

1.00 0 

(-) ) 
1.30 0 

(0.25) ) 

-2.50 0 

(0.49) ) 

-0.72 2 

(0.39) ) 

N=13,, T=22, P+K = 13 

Figuress in parentheses are bootstrap standard errors 
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4.7.22 Spillovers between countries 

Wee will analyse possible spillover effects between countries in two ways. First, following 

Lanee and Poloz (1992) and Angeloni et al. (1994) the covariance matrix of the distur-

bancess is analysed more thoroughly to detect any interdependencies between countries. 

Second,, we will focus on the importance of currency substitution and include both foreign 

incomee and foreign interest rates into the national money demand equations (Lane and 

Poloz,, 1992). 

Thee likelihood ratio (LR) test for the null hypothesis of zero cross-correlations, i.e. £ 

iss a diagonal matrix £d, is 

LJ22 = T (in | £d | - I n | £ | ), (4.64) 

wheree £<* is estimated under the restrictions. Under the null hypothesis the statistic LR 

iss asymptotically x2 distributed with  — I) degrees of freedom. The values of LR 

forr the money demand equations estimated in the previous subsection are 498.33, 517.71 

andd 597.06 for Ml , M2 and M3 respectively, clearly rejecting the null hypothesis. Hence, 

wee conclude that interdependencies between countries are important. 

Next,, we include foreign variables in the specifications to quantify the effects of port-

folioo diversification on domestic money demand. We include weighted averages of foreign 

incomee and foreign long-term interest rates of other EU countries, i.e. 

N N 

99nnp(tp(t = ^2cj9nPjt ~ Cignpiu 

JV V 

rlrl itit  = y^^jt^j t -Wjtrlg, 
3=\ 3=\ 

Cignpu Cignpu 
wwitit = = JV 

L J =ii  Cjgnpjt 

wheree the constant Cj is the nominal exchange rate of country i against the DMark in 

1985.. The weights are depending on national incomes of the individual countries denoted 

inn a single currency. For each of the definitions of money stock similar specifications as 

beforee are estimated using 

Ingnp,rs,rl,, (rl*  — rl),\ngnp*,si,S2,s3, (4.65) 

ass explanatory variables. 

Thee estimation results are in Table 4.4. To save space only the implied long-run effects 

off  the corrected FGLSDV estimator are given, the pattern of the short-run estimates and 
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Tablee 4.4: Long-run FGLSDVc estimates for specifications in (4.65) 

gnp gnp 

1.38 8 

(0.20) ) 

0.61 1 

(0.17) ) 

0.75 5 

(0.16) ) 

rs rs 

-1.53 3 

(0.48) ) 

2.19 9 

(0.56) ) 

2.76 6 

(0.70) ) 

rl rl 

-2.20 0 

(0.82) ) 

-5.17 7 

(0.84) ) 

-4.81 1 

(0.90) ) 

rUrU  — rl 

0.51 1 

(1.43) ) 

-3.96 6 

(1.04) ) 

-3.22 2 

(1.17) ) 

gnpgnp1 1 

-0.97 7 

(0.36) ) 

1.05 5 

(0.35) ) 

1.24 4 

(0.35) ) 

Figuress in parentheses are bootstrap standard errors 

thee differences between estimators are similar to the results in the previous subsection. 

Thee estimation results show that both foreign income and foreign long-term interest rates 

doo influence domestic money demand. If foreign long-term interest rates increase relative 

too local rates domestic money demand drops except for Ml, which shows no significant 

effect.. Regarding foreign income a significant long-run effect is found, which is negative 

forr Ml and positive for M2 and M3. 

4.88 Concluding remarks 

Inn this chapter we have analysed various least squares based estimation procedures for 

thee dynamic panel data model with fixed individual effects and a non-scalar covariance 

matrix.. Because of the typical dimensions of the panel at hand, which is dominated by its 

timee dimension, least squared based methods are used instead of instrumental variables 

techniques.. The latter are commonly used in the typical small T, large N panel. 

Despitee its relatively good performance in this type of panel, least squares estimators 

aree biased in dynamic models and the bias may be substantial in finite samples. Hence, 

approximationn formulae for the bias of the various estimators are developed upto order 

0(T_ 1)) using results of Kiviet (1995, 1999) and related work on bias approximation. The 

resultingg bias expressions are then used to construct bias corrected estimators. Prom the 

biass approximations it is seen that operating from a large N, large T perspective (like in 

Chapterss 2 and 3) in a panel with N fixed is inappropriate as it would omit terms that 

cannott be ignored from a large T perspective. Also falsely assuming a scalar covariance 

matrixx will lead to corrected estimators, which still contain a bias term of order 0(T~l). 
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Thiss latter result underlines the importance of taking into account the true covariance 

structuree of the disturbances. 

Withh panel data techniques money demand functions for Ml , M2 and M3 have been 

estimatedd for the EU area as a whole. As far as we know, until now only aggregate time 

seriess studies have been undertaken in this area. Regarding estimation bias the empirical 

resultss are ambiguous. As is shown by the simulation study in Chapter 2, and to some 

extentt by the estimation results for M l in this chapter, in some cases bias terms can 

bee substantial in this type of data reasserting the importance of more refined estimation 

techniques.. However, the majority of the estimated bias terms are rather small indicating 

thatt small sample bias is not much of a problem here. Regarding efficiency we find that the 

efficiencyy gains of exploiting the heteroscedasticity and cross-correlation patterns between 

countriess are sometimes considerable. 

Thee empirical results show that panel data estimators produce plausible long-run 

effectss commonly found in other empirical studies on money demand. As such, the panel 

dataa approach is a valuable alternative to the aggregate time series approach. Moreover, 

exploitingg the cross-sectional variation in the panel we are able to identify and estimate any 

interdependenciess between countries. Significant spillover effects between EU countries 

aree found as the cross-correlations in the disturbance covariance matrix are significantly 

differentt from zero. Also foreign income and interest rates turn out to have explanatory 

powerr for national money demand, asserting the dependence of domestic money demand 

onn foreign developments. 
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4.AA Bias in the ordinary and generalised LSDV esti-

mators s 

Inn this appendix the expressions (4.18) and (4.26) will derived. Using the decomposition 

off  W into irrelevant and relevant stochastic parts, i.e. W = W + W, and exploiting the 

normalityy of £ we have 

EE [W'Ae] = E [W'Ae] + E \w'Ae 
p p 

==  ^ r ( np f t ) e p , (4.A.1) 
PP=\ =\ 

usingg AW — X]p=i RpEe'P- For Q l we write 

QQll = E[W'AW] 

== W'AW + E \W'AW] 

==  W'AW + J2J2tr(UpUrtyere'r- (4A-2) 
pp r 

Omittingg terms with zero moments we also have 

EE [W'AWQW'Ae] = W'AWQE \w'Ae\ + W'E \AWQW'AE\ 

+E+E \W'AWQW'AE\ + E Iw'AWQW'Ae] 

== W'AWQY,tr(nPto)ep 
p p 

++  Y  ̂W'UpÜAWQep + J2tr [QW'npÜAW] ep 
pp p 

++  Yl Yl E 9" [tr(WpUrQ)tr(UsQ) + 2tr{nU'pUrUan)] ep 
pp r s 

==  ^2 tr(UpÜ)ep + ] T W'UpnAWQep 

pp P 

++  ^ t r [QW'UPÜAW] ep 

p p 

+ 2 1ZZ 5Z E Qrstr(QU'pUrUsn)ep, (4.A.3) 

wheree qrs = e'rQes and we have used W'Aiy = Q~1~Y1S Ylr tr(U.'sU.rQ)ese'r. Using (4.A.1) 

andd (4.A.3) in (4.16) the result in (4.18) readily follows. 

Forr the bias in the GLSDV estimator the expectations in (4.24) have to be evaluated. 
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Now w 

EE [WA*e] = E [W'AD.-1 As] + E 

p p 

P=I I 

p p 

==  J2tr(up)eP' 

W'AQ^Ae W'AQ^Ae 

(4.A.4) ) 
p = i i 

andd for Q* 1 we write 

Q*-11 = W'AQTlAW + E ]W'Aü-lAW 

==  WAQ-'AW + ̂ 2J2tr(UPUr)ePe'r- (4-A.5) 
pp r 

Alsoo we write omitting terms with zero moments 

E[W'A*WQ*WA*E]E[W'A*WQ*WA*E] = W'A*WQ*E\w'A*£\+W'E\A*WQ*W'A*e\ 

+E+E [w'A*WQ'W'A*e\ + E \w'A*WQ*W'A*e 

==  W'A"WQ*^2tr(Up)ep 

p p 

++  J2 w'n-lnpAWQ*ep + J2tr (Q^'n^UpAW) ep 
pp p 

++ E E E & [̂ (n;nr)*r(ns) + 2tr(n;nrns)] ep 
pp r a 

== ^ tr{Up)ep + ̂  W'Ü-lIi pAWQ*ep 

pp p 

++  J2tr (Q*^fi _1nPA^) ep 
p p 

+22 E E E <?;xnpnrna)ep, (4.A.6) 
pp r s 

wheree £, = e'rQ*es and we have used W'A*W = Q*"1 - £ , £ r ^ (n;nr )ese;. Hence, 

insertingg (4.A.4) and (4.A.6) in (4.24) the bias expression in (4.26) follows. 

4.BB Bias in the feasible generalised LSDV estimator 

Wee give in this appendix a proof of (4.32), i.e. the bias approximations of the GLSDV 

andd FGLSDV estimators are the same upto order 0{T~l). The estimation error of the 
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FGLSDVV estimator (4.30) consists of two factors. The first factor in (4.30) can be ex-

pressedd as 

W'Ait'W'Ait'11®® IT)AW = W'ACZ~l®IT)AW 
11-Z--Z-11)®I)®I TT)AW,)AW, (4.B.1) 

with h 

W'A{Y,-W'A{Y,-ll®I®I TT)AW)AW = Q*-1+W,A{Y,-1®IT)AW + W'A{Y,-1®IT)AW 

++  (w'AiT,-1 ® IT)AW - E [ w ^ E " 1 <g> IT)Aw]) 

== Q'-'+Ai + At + Az, (4.B.2) 

wheree Q*'1 = 0(T) and Au A2 and A3 are Op{Ti). For the second term in (4.B.1) we 

wil ll  need the following 

ÊÊ = É'ATÈ/T + Op(T'1), (4.B.3) 

wheree Ê — (eu . . . ,£N) and £{ is the T x 1 disturbance vector belonging to individual i. A 

prooff  of a similar result is given in Kiviet et al. (1995). Now E - E can be replaced by 

È'AÈ'ATTÉ/TÉ/T — E without changing the order of the approximation, i.e 

È'AÈ'ATTÈ/TÈ/T = Z + Op(T-ï), (4.B.4) 

andd we may write 
rrÈ'AÈ'ATTÈ È ii  — l V - 1 v — 1 - E E E"11 + Op(T- (4.B.5) ) 

Exploitingg (4.B.5) the second term in (4.B.1) becomes 

É'AÉ'ATTÈ È ll-Y.--Y.-ll)®I)®I TT)AW)AW = -W'AiY,-1 

==  -W'AIE-1 

T T 

È'AÈ'ATTÈ È 

- E E 

-W'A-W'A E 

T T 

È'AÈ'ATTÈ È 
- E E 

X~X~ll®I®I TT I AW + Op(l) 

E"11 ® IT I AW 

X-X-11 ® IT ) AW + Op(l) 

(4.B.6) ) == Ai+ A5 + Op(l) , 

wheree A4 and ,45 are Op(T3). Hence, from (4.B.1), (4.B.2) and (4.B.6) we find 

W'A{t-W'A{t-ll®I®I TT)AW)AW = Q  ̂ + ^JTAi + Opil) 
t= i i 
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and d 

(w'Ait-'^I^AWy(w'Ait-'^I^AWy = Q*ll+lY^Ai  + Op{l)  )Q*\ 

==  Q*-Q*(éA + Op(i)W + op(x-2) 

-- QM-Q*[^A-\Q*  + OP{T-2). (4.B.8) 

Thee second factor in (4.30) can be written as 

11 <g> IT)Ae = W'ACZ-1®IT)A£ + W'A{{t-1-Z-1)®lT)Ae 

==  W'A{YTX <g> IT)AE + W'A{^'1 ® IT)Ae 

-WA-WA S"1 

-W'A-W'A E"1 

É'ATÊ É'ATÊ 

T T 

É'ATÊ É'ATÊ 

- E E 

- E E 

E_11 ®IT\AE 

Y,-Y,-11 <Z> IT) Ae + Op

AA66 + A7 + A8 + A9 + Op(T-*), (4.B.9) ) 

wheree A$, A-j are Op(Ti) and Ag and J49 are Op(\). From (4.B.8) and (4.B.9) the esti-

mationn error of the FGLSDV estimator is 

SFGLSDVSFGLSDV - ^ = Q* ( X , A-i I 

usingg the fact that >18 and AQ are 0P(1) and Q* is 0{T~l). Evaluating the expectation 

off  the estimation error in (4.B.10) we got many terms. Noting that 

EE [ÓGLSDV - «5] - Q*E [A6 + A7]  - Q*E [{Ax + A2 + A3)Q* (A6 + A7)} + o{T~l), 

(4.B.11) ) 

wee have the following 

EE [ÓFGLSDV - ÖGLSDV] = Q*E [A8 + ,49] - Q*E [(A4 + A5)Q* (A6 + A7)} + op-1). 

(4.B.12) ) 

Wee have to evaluate the expectations of the six remaining terms on the right hand 

sidee in (4.B.12). It is easily seen that E[AS]  =  0 and E[AAQ*AQ] = 0. We will sketch 
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thee proof that the other four expectations are all of order 0(T~l), so premultiplied by Q* 

theirr contribution is o{T~l). In the following all summations run from \ to N except the 

indexx p, which runs from 1 to P. Consider first 

E[AE[A99]]  = -E 

==  -E 

W'AXT.-W'AXT.-1 1 È'AÈ'ATTÈ È 
- E E E '1®® IT AS 

W'AE-'^^T.-^IAAE W'AE-'^^T.-^IAAE 

+E+E \W'A{Yrl ® IT)AE (4.B.13) ) 

Definingg £ • as the jth. column of E : and ulJ as its ij lh element we write for the first term 

inn (4.B.13) 

H MM E - ^ S - ' ^ r U EE* * Ü^tMATSi Ü^tMATSi (4.B.14) ) 

Evaluatingg a particular term in (4.B.14) we got 

,, E'ATE ~ 
&—f—ZjWiArej j == EE* 

rr  s 

-- EE* 

oor,r,aass33 xxAATTE, E, 

^i^Y^e'^re^ ^i^Y^e'^re^ 

== f E E E aTt(7S'E KAT^KT^}  eP 
TT S p 

==  ^ E E E ^o'^rsOij {tr{AT)tr{npT) + 2tr(ïlpT)) ep 
rr s p 

==  £££<7 r V'><7 r s <x^r ( I I p r ) e p + 0{T~l) 
TT S p 

==  E^WlAr^+OiT-1). (4.B.15) 

wheree UpT - ATL
P

TTT = 0(1). Hence, substituting (4.B.15) into (4.B.14) 

E E W>A[Y>-W>A[Y>-ll^4j^?>-^4j^?>-ll®h\Ae ®h\Ae ==  E \,W'A (E"1 <g> IT) Ae +0{T~1), (4.B.16) 

andd now it is easily seen from (4.B.13) and (4.B.16) that E [A9]  is of order 0(T 1). 



4.B.4.B. Bias in the feasible generalised LSDV estimator 151 1 

Nextt consider 

E[AE[A44Q*AQ*A77]]  = -E 

==  -E 

W'AIY,-W'AIY,-1 1 

II  \ 
W'A(T.-W'A(T.-1 1 

[[  \ 

Ê'AÊ'ATTÊ Ê 
T T 

. . 
È'AÈ'ATTÈ È 

T T 

- E E 

IT) IT) 

ITIT AWQ*W'A{Y,-1 ® IT)Ae 

AWQ'W'Ap-AWQ'W'Ap-11 <g> IT)As 

+WA+WA (E"1 <g> IT) AWQ*E ]w'A{Tr l ® IrfAe] 

Forr the first terra in (4.B.17) we write 

(4.B.17) ) 

W'AW'A S" 
E'AE'ATTÈ È 

ITIT AWQ*W'A{Yrx <g> IT)Ae 

HHÈ'ArÈÈ'ArÈi i 
(4.B.18) ) 

with h 

('(' ll^^-i^^-iiiw;Aw;ATTWWjjQ-aQ-akk'WlA'WlATTeel l 

== SEE*** " 4^T ^ ^ .*'_' ' W ^ r ^ Q V ^ I V ^ e e (4.B.19) ) 
pp T 3 

Thee expectation of a particular term in (4.B.19) is 

E E ̂ ^ ^ ^ . Q ^ ^ e , , 

== - ^ V ' J ^ ' ^ f f j t i {tr{AT)tr(UpT) + 2tr{UpT)) W[ATWjQ*ep 

==  a^a^arsVkitrin^WlATWjQ'er + 0{T~l). (4.B.20) ) 

Usingg this result and follow the same steps back it follows that E [AAQ*A7]  is of order 

0(T~0(T~ll).). In the same fashion the expectations of the remaining two terms A5Q*A6 and 

AA55Q*AQ*A77 can be shown to be of order 0{T~l) too. 

Havingg derived the order of magnitude of the expectations of the several terms on the 

rightt hand side of (4.B.12) and noting that Q* is of order 0{T~l), it is straightforward to 

seee that 

E E 'FGLSDV 'FGLSDV -6 -6 E\6 E\6 'GLSDV 'GLSDV -o fT" 1 ) , , (4.B.21) ) 

Hence,, the result in (4.32) readily follows or, in other words, the magnitude of the bias 

uptoo order 0{T~l) is the same for the GLSDV and FGLSDV estimators. 
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4.CC Bias in t he restricted feasible generalised LSDV 

est imator r 

Inn this appendix a proof of (4.50) is given, i.e. the bias approximations of the restricted 

GLSDVV and FGLSDV estimators are the same upto order 0(T _ 1 ) . We can write for the 

restrictedd FGLSDV estimator in (4.48) the following 

&FGLSDV,R&FGLSDV,R -& = F{w^{eFGLSDV - 6), (4.C.1) 

wheree F(wCl) = I-{W> AQ.-lWylR' \^R{W'AQ^W)"1 R'] ~' R. Defining C = (W'AQ~lWy 

W'Atl-W'Atl-llWW = WAQTlW + W'A{QT W'A{QTll ~ VTl)W 

'l+'l+  W'Aif}-1 - Sl-^WC] C~\ (4.C.2) 

wheree C and W'A{Ü~X - Q'^W are of order Op{T~l) and Op{T
l/2) respectively. Hence, 

wee may expand 

(w'AQ-'wy(w'AQ-'wy11 = c[i-w'A(n-l-n-l)wc^ 
+O+Opp(T~(T~22).). (4.C.3) 

Ass a result of this, we have 

RR (WAQ-'wY1 R' = RCR' - RCW''A{£l~l - n-l)WCR' 

+O+Opp(T~(T~22))11 (4.C.4) 

and d 

rr -i i _ 1 

R(W'AQ-R(W'AQ-11W)W) R' = [RCRY' + IRCRT1 x 

RCW'A{(TRCW'A{(Tll - Q-l)WCR' [RCR']~l 

+Op(l).. (4.C.5) 

Usingg the expansions in (4.C.3) and (4.C.5) we can write for Fw(ï the following 

FF{w(l){w(l)  = I-[C- CW'A(Q-1 - Q~l)WC + Op(T-2)]  x R'{(RCR')'' 

++  (RCR1)"1 RCW'AiQ-1 - n~l)WCR' {RCR!)'1 + Op{l)}R 

== Fwü + FwüCW'A((l-1 - Q-l)WCR' [RCR'Y1 R + Op{T~l). (4.C.6) 
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Forr the second factor in the estimation error (4.C.1) we can write 

SFGLSDVSFGLSDV -6 = CW'AQTh + Op{T~l) (4.C.7) 

soo we have for the estimation error in (4.C.1) the following 

F(W(ï)(&FGLSDVF(W(ï)(&FGLSDV — <5) — FwCi{&GLSDV ~ S) 

+FwnCW'A{n-+FwnCW'A{n-11 - Q-l)WCR' (RCR'y1 R x 

CWAÜ-CWAÜ- le + Op(T~ i ) (4. C.8) 

soo we can write for the bias in the restricted FGLSDV estimator 

EE \£>FGLSDV,R — & ~ E \6GLSDV,R — <5 

+E[F+E[F WUWUCW'A(Q-CW'A(Q-11 - n~y)WCR' {RCR')~l R x 

CW'AQ-CW'AQ-11E]E]  + o{T~l). (4.C.9) 

Wee will now show that the second term in (4.C.9) is actually o(T_1), which establishes 

thee result of (4.50). 

Fromm Appendix 4.B we have 

CC = Q* + Op(T-V2), 

w'A{h-w'A{h- ll-n--n-ll)w)w = A4 + A5 + OP(I) , 

W'AQ-'eW'AQ-'e = Ae + A7 + 0P{1), 

so o 

[RCR'}-[RCR'}-11 = [RQ*RVl + Op{T
1/2), (4.C.10) 

and d 

FwnFwn = I- Q*R' [RQ'RT1 R + Op(T-^2). (4.C.11) 

Hence,, we can write 

FwnCW'AiQ-FwnCW'AiQ-11 - ü-l)WCR' {RCR')~l RCW'AOrle 

==  (l-Q*R'[RQ*R'Yl
 R)Q*(A4 + A5)Q*X 

R'R' {RQ*R!T' RQ*{A6 + A7) + Op(T~I) 

-- FQ.Q*(AA + A5)(I + FQ.)Q*(A6 + A7) + Op(T-ï), (4.C.12) 
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withh FQ. = I - Q*R' [RQ'RT1 R. Using similar derivations as for E[A4Q*A6]  in Ap

pendixx 4.B it can be derived that 

E[AE[AAA(I(I  + FQ,)Q*Ae] = 0(T~l) 

E[AE[A44(I(I  + FQ.)Q*A7]  = 0(T~l) 

E[AE[A55(I(I  + FQ.)Q*A6} = 0{T~l) 

E[AE[A55(I(I  + FQ.)Q*A7]  = 0(T~l), 

Notingg that FQ.Q* is 0{T^) the second term in (4.C.9) is o(T~l) and we have 

EE [SFGLSDV,R -ö] = E {SGLSDV,R -è}+ oiT'1), (4.C.13) 

whichh establishes the result in (4.50). 



Chapterr 5 

Heterogeneityy in panel data models 

5.11 Introductio n 

InIn analysing economic relationships with standard panel data specifications it is implic

itlyy assumed that the regression slopes are identical both across individuals and over 

time.. This strong assumption may be violated often in practice. To account for some 

heterogeneity,, panel data models allow for individual and/or time specific effects, which 

cann be fixed or random. Despite the widespread use of panel data models in practice 

testingg of the so-called poolability hypothesis of constant slope vectors across individuals 

and/orr over time is often ignored in the empirical analysis. However, when estimating 

aa regression relationship by panel data techniques poor inference may be drawn if the 

truee slope coefficients do vary across individuals, especially when dynamics are present 

(Robertsonn and Symons, 1992; Pesaran and Smith, 1995). It is therefore important to 

testt for heterogeneity in the slope vector before pursuing an empirical analysis based on 

panell data techniques. 

InIn this chapter the focus is on testing the poolability hypothesis across individuals, 

assumingg constant coefficients over time. Denoting the number of individuals by N, this 

hypothesiss can be tested in the context of a set of N linear regression equations, each 

basedd on T time series observations. There are several approaches to test for this type of 

heterogeneity.. First, assuming deterministic (non-random) coefficients testing poolability 

amountss to testing a set of linear cross-equation restrictions in a system of regression 

equationss using familiar F test procedures. Second, several authors (Toro-Vizcarrondo 

andd Wallace, 1968; Wallace, 1972; McElroy, 1977) have proposed a mean squared error 

(MSE)) criterion for rejecting poolability or not. Rejection occurs when the difference in 

MSEE of a particular linear combination of the unrestricted and restricted estimators is 

largee and positive. Third, Pesaran et al. (1996) analyse several Hausman (1978) type tests 
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basedd on the difference between two estimators. One estimator is consistent and efficient 

underr the null hypothesis, but inconsistent under the alternative. The other estimator is 

consistentt under both null and alternative hypotheses. 

Inn this chapter we will consider the first option only, i.e. testing a set of linear cross-

equationn restrictions in a system of regression equations using an F test. Note that the 

numberr of restrictions to be tested here is of order N. We will analyse two well-known test 

statisticss often used in applied research, i.e. the standard and a generalised F test statistic. 

Thee former is similar to the ordinary F statistic for testing a set of linear restrictions in 

singlee equation models, while the latter has been proposed by Zellner (1962) in the context 

off the Seemingly Unrelated Regression (SUR) model. 

Thee standard F statistic is applicable here, but its exact null distribution is known 

onlyy under rather stringent assumptions regarding the exogeneity of the regressors and 

covariancee structure of the disturbances. In this chapter the robustness of the standard 

FF test will be analysed in case of departures from the assumptions of the normal linear 

regressionn model with a scalar disturbance covariance matrix. Two relevant cases often 

encounteredd in applications are dynamic regression models and models with a more general 

disturbancee covariance structure. In dynamic regression models, which include lagged 

dependentt variable regressors, the standard F statistic can still be applied, but one has 

too rely on asymptotic distribution theory for T —> oo. In a simulation study we will 

analysee to what extent such approximations are accurate in finite samples. In case of 

non-sphericall disturbances, use of the standard F statistic is not appropriate. Using 

techniquess developed in Kiviet (1980, 1991) lower and upper bounds for the critical values 

off this F test will be calculated. 

Forr the case N = 2, the standard F test analysed here is a special case of the familiar 

Choww (1960) F test for a structural break in the parameter vector of a single equation 

model.. Toyoda (1974) and Schmidt and Sickles (1977) have analysed this Chow F test 

underr heteroscedasticity, i.e. different variances under different regimes. Their results 

indicatee that under heteroscedasticity the actual size of the F test is in many cases larger 

thann the nominal size. To the best of our knowledge, no results seem to be available on the 

finitee sample accuracy of the standard F test in case of cross-sectional heteroscedasticity 

forr AT > 2. 

Inn case of non-spherical disturbances, the resulting model is a generalised regression 

modell and a special case of the Seemingly Unrelated Regression (SUR) model (Zellner, 

1962).. Hence, an alternative generalised version of the F statistic can be constructed 

(Roy,, 1957; Zellner, 1962), which is dependent on the unknown disturbance covariance 

matrix.. We show that in case of both dynamics and non-spherical disturbances the 
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Tablee 5.1: Empirical poolability F tests using approximate \2 or T critical values 

Author Author Model Model Data Data HH0 0 

Angelonii et al. (1994) 

Baltagii and Griffin (1997) 

Carruthh et al. (1999) 

Maddalaa et al. (1997) 

demandd for money quarterly data (1982-1990) A 

55 EU countries 

demandd for gasoline annual data (1960-1990) B 

188 OECD countries 

consumptionn function annual data (1955-1992) A, B, C 

155 EU countries 

energyy demand annual data (1970-1990) C 

499 U.S. states 

Robertsonn and Symons (1992) wage equation annual data (1958-1986) B 

133 OECD countries 

Thee particular F test used, i.e. standard or generalised, is not always reported explicitly by the authors. 

Laggedd dependent variable regressors are included in all models. In the final column it is indicated whether 

thee null hypothesis concerns one particular common slope parameter (A), common slope vector and 

varyingg intercepts (B) or common slope vector and common intercepts (C) 

performancee of the generalised F test deteriorates rapidly as N grows large. As an 

alternative,, bootstrap procedures will be explored. The finite sample null distribution 

off the various test statistics will be simulated and bootstrap hypothesis testing will be 

performedd (van Giersbergen and Kiviet, 1993, 1994). Prom a simulation study we will 

obtainn insight into the finite sample properties of the generalised F test and its bootstrap 

counterpart. . 

InIn the literature on testing symmetry and homogeneity of prices in demand equation 

systemss there is considerable simulation evidence on the performance of the generalised 

FF test in regression models with strictly exogenous regressors (Laitinen, 1978; Meisner, 

1979;; Bera et al., 1981). As already shown by Laitinen (1978) the \2 approximation does 

nott lead to reliable inference in small T samples, even when the number of individuals AT is 

small.. Until now, simulation evidence on the performance of the various tests in dynamic 

modelss has been scarce. For N = 2 and N = 3 Rocke (1989) provides some evidence 

onn the actual size of the likelihood ratio test, which has the same limiting behaviour as 

thee generalised F test (Zellner, 1962). In this chapter we will extend the results of Rocke 

(1989)) by performing Monte Carlo experiments for models with N >3. 

Thee standard and generalised F tests described above are often used in applied research 

althoughh the anomalies of both tests in finite samples seem substantial. Table 5.1 gives 
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somee examples of recent empirical studies which report outcomes of either the standard or 

generalisedd F test using critical values from the T or x2 distributions. Different poolability 

hypothesess are considered, i.e. concerning one particular slope parameter, the complete 

slopee vector or the complete parameter vector including the constant term. Based on 

classicall asymptotic tests all these studies suggest rejection of the null hypothesis always. 

Wee will question these test results as the asymptotic test procedures will be shown to be 

inaccuratee in finite samples with a strong tendency to overreject. 

Thee structure of the chapter is as follows. In Section 5.2 the model and poolability 

hypothesiss will be presented. In Section 5.3 we examine the robustness of the standard 

FF statistic in models with non-spherical disturbances by bounds analysis. In Section 5.4 

thee generalised F statistic, its bootstrap counterpart and their asymptotic properties will 

bee discussed. In Section 5.5 the actual size of various test procedures will be analysed by 

Montee Carlo experiments. First, the finite sample performance of the standard F test in 

dynamicc regression models will be analysed. Second, we will focus on the performance 

off the generalised F test statistic and its bootstrap counterpart. In Section 5.6 we will 

revisitt the empirical study on money demand in the European Union. The various test 

proceduress will be employed to the money demand data focusing on aggregation bias. 

Sectionn 5.7 concludes. 

5.22 Model and poolability hypothesis 

Forr N cross-sectional units we consider the regression models 

VuVu = olxzit +eit, i = l,...,N;t = l,...,T. (5.1) 

Inn each model the dependent variable ytt is regressed on a K x 1 vector of explanatory vari

ables11 zit including the constant term with unknown parameter vector at. It is assumed 

thatt ai is constant through time, but possibly different across individuals. Regarding the 

regressorss zlt we assume 

E[eE[eititzzjaja]=0,]=0,  Vt,s,i?j, 1 

E[eE[eitZisitZis]=0,]=0,  V i , t > 5 , \ (5.2) 

F{EUZF{EUZISIS\\ — unknown, Vi,t < s. J 

Hence,, within each cross-sectional unit we allow for predetermined regressors in the sense 

thatt we do not exclude the possibility that E[£itzls]   ̂ 0 for t < s. Furthermore, re

gardingg the disturbances elt we will make the same assumptions as in (4.3), i.e. although 
11 Contrary to earlier notation we now have K regressors including, if any, lagged dependent variable 

regressorss and the constant term. 
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uncorrelatedd through time we allow for cross-sectional heteroscedasticity and non-zero 

contemporaneouss cross-correlations (see Section 4.2). Whenever normality of the distur

bancess is assumed in the discussion, this will be mentioned separately. 

Stackingg model (5.1) across time periods gives 

yyii = Ziai+Ei, i = l,...,N, (5.3) ) 

wheree y* and e{ are T x 1 vectors and Z{ a.T x K matrix. Regarding the regressor matrix 

ZZll we assume that 

plim-Z-Z,, =Gijt 
T—DO-* * 

(5.4) ) 

wheree dj is finite and non-singular Vi, j . In the simulations, however, we will analyse also 

thee case of non-stationary regressors. Stacking model (5.3) once more across individuals 

onee gets 

yy = ZOL + e, (5.5) ) 

withh y = (y[,...,y'N)', a = (<*;, ...,04)', e = {e,
1,...,e

,
N)' and Z the NT x NK block 

diagonall matrix with as typical diagonal block the data matrix Z*. The assumptions in 

(4.3)) about the disturbance vector e can be written more compactly as 

E{e)E{e) = 0, 
E{£E')E{£E') = n, 

(5.6) ) 

withh fi = £ ® IT and where the typical element of the N x N matrix E is o ij. Model 

(5.5)) together with the assumptions in (5.6) forms a generalised regression model and is 

aa special case of the SUR model (Zellner, 1962), since the a^'s have the same dimension 

here. . 

Inn the framework of (5.5) linear hypotheses about a can be expressed as Ra = r with 

RR a J x NK matrix and r a J x l vector. Note that poolability hypotheses coincide with 

aa set of linear cross-equation restrictions. For example, we may take the J = (N — \)K 

restrictionss with 

IK IK 

0 0 

-IK -IK 

IK IK 

00 •• 

-IK-IK  •• 

•• 0 

•• 0 

0 0 

0 0 

00 0 0 ••• IK -IK 

andd r = 0 corresponding with the full poolability hypothesis HQ : a\ — a2 = ... = aN. 
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5.33 The robustness of the standard F test 

Thee standard F statistic for testing HQ : Ra = r is 

F=F=NE^n^NE^n^  ( ,7 ) 
JJ q2 

with h 

qiqi = {RaoLS-r)'[R{Z'Z)-xR')-l{Ra0LS-r), (5.8) 

qq22 = {y - Za0Ls)'(y - ZaoLs), (5.9) 

andd aoLS = (Z'Z)~lZ'y the ordinary least squares (OLS) estimator of a. Based on the 

FF statistic in (5.7) the following standard F test procedure is typically applied 

rejectreject H0 : Ra — r if F > ^)~^iT_Ky (5.10) 

wheree Tl~a is the (1 — o)-quantile of the corresponding T distribution. Often a Wald-type 

versionn of the test of (5.10) is used instead, i.e. 

rejectreject H0 : Ra = r if W > X2j~\ (5-H) 

wheree W = J F and Xj ° is the (1 — a)-quantile of the corresponding \ 2 distribution. 

Inn finite samples the actual size of the tests in (5.10) and (5.11) will deviate from the 

nominall size in many situations. We will analyse the finite sample behaviour of these 

testss under the assumptions made in (5.2) and (5.6). Regarding these assumptions about 

thee regressors and disturbance covariance structure, the following special cases will be 

considered d 

casecase 1 

casecase 2 

casecase 3 

casecase 4 

(a)(a) E[eitzia]  = 0Vi,t,s-t (b)E = a2IN, 

(a)) E [£itzia]  f 0 Vi, t < s; (6) E = o2lN, 

(a)) E [£it-z»«] — 0 Vi,i, s; (6) E is non-scalar, 

(a)) E [Eit-Jis] ^ 0 Vi,t < s; (b) E is non-scalar. 

CaseCase 1: In this case we have strictly exogenous regressors and spherical disturbances. 

Assumingg normality of the disturbance vector, the standard F statistic of (5.7) obeys 

underr Ho 

FF ~ FJ,N{T-K)- (5.12) 

Hence,, this is a situation where the test of (5.10) is an exact test. However, the assump

tionss made in this case are rather stringent and may be violated in many applications. 

Notee that even under this set of assumptions test (5.11) is not exact. 
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CaseCase 2: In this case we allow for predetermined regressors and stick at spherical 

disturbances.. It can be shown that under H0 

F^-jXlF^-jXl (5-13) 

Hence,, both tests (5.10) and (5.11) are asymptotic tests now. In the simulation study of 

Sectionn 5.5 we will analyse the accuracy of these tests in models with a lagged dependent 

variablee regressor. 

CaseCase 3: Ignoring the more general covariance structure of the disturbances and still 

usingg a standard F test like (5.10) is not appropriate here. However, as the standard F 

testt is still often used in practice it is interesting to examine what the performance of 

thiss test is under more general covariance structures. In Kiviet (1980, 1991) upper and 

lowerr bounds for the F statistic in (5.7) have been developed for the generalised regression 

model.. While the typical application there was the robustness of the F test in case of 

singlee equation regression models with ARMA disturbances, the same theorems can be 

appliedd to any generalised linear normal regression model. More in particular, we can 

partitionn model (5.5) as 

yy — Za + E 

== Z(i)Oj(i) + Z(2)ö(2) + e, 

wheree the restrictions embodied in R do not involve Z<i), i.e. Ra = (0:R(2))o: = R(2)a{2)-

Notee that Z(i) is NT x (NK - J) and Z(2) is NT x J. Assuming normality of e and 

applyingg Theorem 2 in Kiviet (1991) to the model of (5.5) and (5.6), we have under H0 

FFLL<F<F<F<F UU,, (5.14) 

where e 

FF = J £ ^ - * > A ^ ' ( 5 1 5 ) 

.. _ N(T-K) ZUXrf ,5l6) 
FF ~ "~T-JW-K.;^/ (5-16) 

withh Ai,..., XN{T-K}+J the possibly non-zero eigenvalues of M^Q with Mz =  INT — 

Z(i)(Z('1)Z(i))~1Z[1)) and 7^, •••,I1N(T-K)+J independent standard normally distributed ran

domm variables. Hence, the true significance level of (5.10) in this case is bounded by 

Pr[FPr[FLL > F)-£T_K)] < Pr[F > T)^{T_K)] < Pr[Fu > ^{T,K)\. (5.17) 
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Tablee 5.2: Lower and upper bounds for the actual size of the nominal 5% standard F test 

forr TV - 2 

KK <T22 p}2 

20 0 

50 0 

0 0 

0.8 8 

0 0 

0.8 8 

0 0 

0.8 8 

0 0 

0.8 8 

0 0 

0.8 8 

0 0 

0.8 8 

0 0 

0.8 8 

0 0 

0.8 8 

1 1 

0 0 

0 0 

0 0 
1 1 

0 0 

0 0 

0 0 
1 1 

0 0 

0 0 

0 0 

1 1 

0 0 

0 0 

0 0 

11 1 

21 1 

17 7 

22 2 

16 6 

41 1 

33 3 

45 5 
11 1 

20 0 

17 7 

21 1 

15 5 

33 3 

27 7 

36 6 

Wee will calculate these bounds to establish the lower and upper margins of actual 

significancee levels in case of cross-sectional heteroscedasticity and/or non-zero cross-

correlations.. The bounds in (5.15) and (5.16) depend on N, T, K, the covariance matrix 

EE and the matrix of regressors Z(1), but are invariant with respect to Q(i). Note that 

thee actual significance level varies with Z(2) between these attainable bounds in the same 

wayy as Durbin-Watson bounds cover any effect on the critical value stemming from the 

regressors. . 

Wee will consider the behaviour of the standard F statistic under a particular null 

hypothesis,, i.e. equal slope vectors but individual specific constants. The model under 

HoHo is then the well-known fixed effects panel data model. Regarding this null hypothesis 

wee have Z  ̂ = IN (g> t r , i.e. only the individual specific constants are in Z^. Hence, for 

thiss particular null hypothesis Z  ̂ is fixed and known, so we can limit our analysis to 

differentt values of N, T, K and S. 

First,, we will analyse the case N — 2 where the covariance matrix is 

(J(J 12 O 22 
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Tablee 5.3: Lower and upper bounds for the actual size of the nominal 5% standard F test 

forr N > 2 

KK T N FL Fu 

5 5 
10 0 

15 5 

20 0 

5 5 

10 0 

15 5 

20 0 

5 5 

10 0 

15 5 

20 0 

5 5 

10 0 

15 5 

20 0 

0 0 

0 0 

0 0 

0 0 

0 0 

0 0 

0 0 

0 0 

0 0 

0 0 

0 0 

0 0 

0 0 

0 0 

0 0 

0 0 

32 2 
62 2 

79 9 

89 9 
32 2 

61 1 

79 9 

89 9 
64 4 

92 2 

99 9 

100 0 
57 7 

92 2 

99 9 

100 0 

UuUu = i, and (T  ̂ = 0 Vï,j = l,...,N 

Withoutt loss of generality we choose an = 1, so the covariance <j\2 = P\2\/a22 with p12 

thee correlation between the disturbance vectors E\ and £2- In Table 5.2 lower and upper 

boundss for the actual significance level of the standard F test in (5.10) are given for 

variouss T, K, 022, and p12 values and a nominal significance level of 5%. The calculated 

lowerr bounds are in general between 0 and 1%. The upper bounds show that increasing 

K,K, 022 or ü\2 will lead to higher upper bounds. On the other hand, increasing T from 20 

too 50 does not have any substantial effects on the calculated bounds. 

Thee calculated intervals in Table 5.2 are rather wide indicating the non-robustness of 

thee standard F test to non-spherical disturbances. Table 5.3 shows calculations for N 

largerr than 2. Here it is assumed that <Ja = i and a  ̂ = 0, Vi,j' = 1,..., N, i.e. there 

iss cross-sectional heteroscedasticity only and all cross-correlations are zero. The figures 

inn Table 5.3 indicate large upper bounds, which approach 100% when either K or N is 

gettingg large. Note that these bounds are attainable, hence for particular Z{2) matrices 

theyy will establish the actual size distortion. Although the results are specific to the 

particularr parametrisations analysed, it is clear from the bounds analysis that in case of 

non-sphericall disturbances the standard F test (and the Wald-type test of (5.11) too) can 
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havee an actual size deviating widely from the nominal level. 

CaseCase 4: This is the most relevant case for applied work. Strictly spoken the bounds 

analysiss above is not applicable here as we now allow for predetermined instead of strictly 

exogenouss regressors. However, one should expect similar size distortions as in case 3 

becausee of the inappropriate modelling of the disturbance covariance structure. Hence, 

caree should be taken in interpreting test outcomes from the standard F test. Probably 

onee should use a generalised version of the F statistic (5.7) to which we turn in the next 

Section. . 

5.44 The generalised F test and its bootstrap counter

part t 

5.4.11 Classical generalised F test 

AA test statistic which handles the covariance structure in (5.6) appropriately, has been 

developedd by Roy (1957) and discussed also by Zellner (1962). It is based on the feasible 

generalisedd least squares (FGLS) estimator of a, which can be expressed as 

aaFFGLSGLS = [z'£l-lz] _1 Z'Q-'y, (5.18) 

wheree (l — Ê ® IT is an estimator for the unknown f2. A consistent estimator for the 

typicall element a  ̂of £ is 

^^ = ¥^K' (5"19) 

withh èi = yi — Zxa.% and at — {Z[Zi)~ lZ[yx the OLS residuals and estimator of the regression 

off yi on Zz respectively. 

Thee generalised F statistic (Roy, 1957; Zellner, 1962) can be written as 

N(TN(T - K) q{ 
jj  4 

F*F*  = t (5.20) 

with h 

q{q{ =  (RCCFGLS - r)'[R{Z'Ü- lZ)-xR']-\RotFGLS ~ r), (5.21) 

and d 

qq99
22 = (y - ZaFGLs)'frl{y - ZaFGLS). (5.22) 
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Itt can be shown that in model (5.5) together with the assumptions in (5.4) and (5.6) the 

followingg holds under HQ 

F*F*  + JX
2J, (5-23) 

i.e.. J times the generalised F statistic has a limiting x2 distribution. Hence, employing 

(5.23)) one can perform the asymptotic tests 

rejectreject H0 : Ra = r if F9 > ^i~ {̂T_K), (5.24) 

or r 

rejectreject H0 : Ra = r if W9 > Xj~"\ (5-25) 

withh W9 = JF9. 

5.4.22 Bootstrap generalised F test 

Insteadd of using x2 o r ? approximations like in (5.24) or (5.25) it is possible to mimic 

thee finite sample distribution of F9 under Ho using bootstrap procedures. We propose 

thee following resampling scheme: 

1.. Obtain the unrestricted estimators (ó,ÈJ , the residuals E — (è\, . . . ,£T) with êt — 

(êu,(êu, ...,ÊNt)', t = 1, ...,T, and the restricted coefficient estimator a; 

2.. Take a random sample E  ̂ =(e[  , ..-,ET ) from the empirical distribution of the 

residuals,, which puts mass 1/T to each of êi, ...,£r> and construct e  ̂ = vec(E^'); 

3.. Calculate y  ̂ = Z®a + £(b); 

4.. Estimate the model and calculate the test statistic F9  ̂ from the resampled data 

(</ (6U ( f r ) ). . 

Notee that due to the possible presence of lagged values of y in the regressor matrix a 

recursivee resampling scheme is used. Repeating steps 2 to 4 of the resampling scheme B 

times,, together with the calculated test statistic on the original data (B + 1) realisations 

off the test statistic are now available. Following the lines of van Giersbergen and Kiviet 

(1993,, 1994) a size-corrected test is constructed with these (B + 1) realisations. The 

bootstrapp generalised F test becomes 

rejectreject H0 : Ra = r if F9 > J*b)l~\ (5.26) 

wheree T  ̂ ° is the (1 — a)-quantile of the bootstrap distribution of F9^b\ Note that the 

bootstrapp counterpart of the Wald-type test of (5.25) does not differ from the test (5.26). 
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5.4.33 Relative size distortions of asymptotic and bootstrap tests 

Inn Section 5.5 we will analyse by simulation the actual size of the tests (5.24), (5.25) and 

(5.26)) for some models often encountered in applied work, i.e. with non-spherical distur

bancess and lagged dependent variable regressors. As will be shown by the simulations, 

thee classical asymptotic tests (5.24) and (5.25) do not lead to reliable inference in small T 

sampless even for a relatively small number of individuals N. The finite sample distribution 

off the generalised F statistic F9 is in general unknown and can differ substantially from 

itss asymptotic distribution. Note that F9 is asymptotically pivotal, i.e. its asymptotic 

distributionn does not depend on unknown parameters. Regarding asymptotically pivotal 

testt statistics, there is considerable evidence in the literature that the error in rejection 

probability,, i.e. the difference between actual and nominal size, of bootstrap tests is of 

smallerr order than the size distortion of classical asymptotic tests. Here, we will sketch 

thee argument only briefly. For more details about bootstrapping pivotal test statistics see 

Berann (1988), Horowitz (1994) or Davidson and McKinnon (1999). 

Supposee one has a sample of size n from a data generation process characterised 

byy the vector of unknowns 9. Indicate the value for 9 under HQ by 9Q. Denote the 

finitee sample cumulative distribution function (cdf) of a particular test statistic rn by 

KKnn(r;9)(r;9)  and define cn(a) as the (1 - a)-quantile of Kn(T;90). Furthermore, denote the 

asymptoticc null distribution and critical value as K(T) and c(a) respectively where a is 

thee nominal significance level. The statistic rn is assumed to be asymptotically pivotal, 

i.e.. its asymptotic distribution K(T) does not depend on 6. An asymptotic test procedure 

basedd on r n with nominal significance level a rejects HQ when the observed value is larger 

thann the (1 — a)-quantile of the asymptotic distribution of r n . More in particular, we have 

rejectreject HQ if rn > c(a), (5.27) 

orr the asymptotic test rejects if K{rn) > 1 — a. 

Denotee the bootstrap test statistic by r „ ' and its cdf by Kn (T; 9) where the estimate 

99 replaces 6. A bootstrap test procedure based on rn with nominal significance level a 

rejectss H0 when the observed value is larger than the (1 — a)-quantile of the bootstrap 

distributionn of rh. , denoted by c ^ (a), 

rejectreject HQ if rn > c(fc)(a). (5.28) 

Inn other words, the bootstrap test rejects if Kn(rn; 9) > 1 — a. Note that this approach 

adjustss critical values. 

Wee now turn to a discussion of the relative size distortions of the asymptotic and 

bootstrapp tests in (5.27) and (5.28). Suppose that the following asymptotic expansion is 



5.5.5.5. Simulation results 167 7 

validd for the cdf of the statistic rn 

KKnn{T;{T;  9) = K{T) + n~ih(z, 9) + O^rT^), (5.29) 

wheree j > 1 and h(z, 9) is Op{\). Equation (5.29) implies that the error in approximating 

thee unknown finite sample distribution of r„ with its first-order asymptotic approximation 

K(T)K(T) is of order n~2. For testing hypotheses with a x2 statistic often j = 2, so we write 

inn this case Kn(r;  9) = K{T) + Op{n~l). Hence, for the actual rejection probability of the 

classicall asymptotic test in (5.27) we may write the following 

Pr[K{rPr[K{r nn)) > 1 - a] = a + 0{n-1), (5.30) 

wheree Pr\\ is with respect to the model under HQ. As can be seen from (5.30) the error 

inn rejection probability of the classical asymptotic \2 test is of order 0(n _ 1 ) . In contrast, 

itt can be shown (Beran, 1988) that the actual rejection probability of the bootstrap test 

is s 

P r [ t f W ( r n , ë ) > l - a ]] = o + 0(n"§). (5.31) 

Thiss result implies areduction of the error in rejection probability from 0{n~l) to 0{n~ï). 

Regardingg the generalised F statistic in (5.20), we will examine in the next section by 

simulationn to what extent these theoretical results hold for the asymptotic tests (5.24) 

andd (5.25) and their bootstrap counterpart (5.26). 

5.55 Simulation results 

Thee simulation design used in this section is basically the same as in Chapter 2, but 

extendedd for general cross-sectional heteroscedasticity patterns. The following specific 

regressionn model will be analysed 

VitVit = Ct'iZit + £it 

==  Vi + T/iVit-i + fax* + eit, (5.32) 

soo K = 3 with at = fa, 7^ &)' and zit = (1, yi,t-u xü)'. The following null hypothesis will 
bee considered 

HQHQ : 7i = 72 = - = IN and (3l = 02 = ... = j3N. (5.33) 

Thee resulting model under the null hypothesis is the first order dynamic panel data model 

withh individual specific effects, which has been the workhorse model in Chapters 2 and 
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3.. To analyse the actual size of the different test statistics, artificial data for y have been 

generatedd according to equation (5.32) under (5.33). For simplicity the covariance matrix 

££ is always diagonal in the experiments, so all cross-correlations are zero. In case of a 

scalarr covariance matrix the variance of eit is set at one for all cross-sectional units. In 

casee of cross-sectional heteroscedasticity the diagonal elements of £ are drawn randomly 

fromm the interval [0.5; 1.5], so a mild form of heteroscedasticity is allowed for. 

Thee generating equation for the explanatory variable x is 

xxüü = pxi l̂+£ü, (5.34) 

wheree £,lt ~ 11N{Q,<J\X]. Note that due to the possible cross-sectional heteroscedasticity 

inn the variance of the general disturbance term eit, the value for u\x may differ across 

individualss in order to control the signal-to-noise ratio n\x across cross-sectional units. In 

thee experiments we will keep the signal fixed across individuals, i.e. a2
t = a2

s. Appendix 

5.. A describes in more detail the determination of a2
t. 

Inn Appendix 5.A we discuss also the modifications of the design required when the 

univariatee processes for y and x are non-stationary, which is an important feature often 

encounteredd in real data. In this case p is equal to one and the signal-to-noise ratio a\xt 

iss now varying also with t. Hence, we have chosen to fix the signal in these experiments 

bothh across individuals, i.e. o2
sit = cr2

st, and at the mean value of a2
st over the sample 

period.. The parameters cr| • have been determined as in the experiments with a stationary 

regressorr x. 

InIn all experiments the number of replications has been set at one thousand. The 

actuall size has been calculated as the fraction of the total number of replications for 

whichh the calculated test statistic exceeds the 95% critical value of the corresponding 

limitingg or bootstrap distribution. The number of bootstrap replications is B = 99. In 

thee experiments we vary the dimensions T and N and the autoregressive parameters 7 

andd p. The values for T and N are T = {20,50} and N = {2,5,10,20}. The value of 

77 is set at either 0.2 or 0.8 and p is 0.8 or 1, so we analyse 32 different cases in total. 

Thee long-run effect 0/(1 - 7) of x on y has been set equal to one in all experiments. The 

signall a2 is 2, which corresponds with an expected R2 equal to 3. 

Inn Section 5.3 the robustness of the standard F test has been analysed in models with 

non-sphericall disturbances. Here, we analyse the finite sample distortions of the standard 

FF test in case of dynamics and a scalar covariance matrix. We focus on the performance 

off the asymptotic tests (5.10) and (5.11). The simulation results for the sixteen cases 

concerningg stationary y and x, i.e. p = 0.8, are in the fourth and fifth columns of Table 

5.4.. For low values of 7, i.e. 7 = 0.2, both tests have actual size close to the nominal 
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Tablee 5.4: Actual size of nominal 5% asymptotic tests in case of dynamics 

TT N F JF F JF 

pp = 0.& p = l.0 

2 2 

5 5 

10 0 

20 0 

2 2 

5 5 
10 0 

20 0 
2 2 

5 5 

10 0 

20 0 

2 2 

5 5 

10 0 

20 0 

5 5 

5 5 

5 5 

5 5 
4 4 

7 7 

5 5 

5 5 

8 8 

11 1 

19 9 

26 6 

8 8 
11 1 

12 2 

15 5 

6 6 

7 7 

7 7 

7 7 

5 5 

7 7 

6 6 

5 5 

10 0 

14 4 
22 2 

29 9 

9 9 

12 2 

13 3 

17 7 

4 4 

6 6 

6 6 

5 5 
5 5 

4 4 

6 6 

5 5 

8 8 
14 4 

18 8 

36 6 
11 1 

12 2 

18 8 
23 3 

6 6 

7 7 

7 7 

7 7 
6 6 

4 4 

6 6 

5 5 

9 9 

16 6 

21 1 

40 0 
11 1 

13 3 

20 0 
24 4 

Inn the experiments we have set a  ̂ — 1 and <r 2
s — 2 

size,, which has been set at 5%. However, for 7 = 0.8 this correspondence deteriorates 

rapidlyy as N increases. As can be seen from the last two columns of Table 5.4 similar 

patternss arise for the non-stationary case p = 1, but now the size distortions are even 

worsee for 7 = 0.8 and N large. In general, in dynamic models the asymptotic tests (5.10) 

andd (5.11) reject the null hypothesis too often. Together with the results from the bounds 

analysiss in Section 5.3 it is clear that the anomalies of the standard F test in more general 

regressionn models are severe. Hence, such test outcomes should be treated with care. 

Next,, we will analyse by simulation the finite sample properties of both the generalised 

FF tests of (5.24) and (5.25) and their bootstrap variant (5.26). The simulation design 

containss both dynamics and non-spherical disturbances, i.e. we allow for cross-sectional 

heteroscedasticityy as described above. The fourth and fifth columns of Table 5.5 contain 

thee simulation results on the actual size of the asymptotic tests in (5.24) and (5.25). As 

cann be seen from these results, even for large T and relatively small N these asymptotic 

testss have substantial distortions, i.e. actual size is considerably larger than nominal size. 

Furthermore,, the performance of the asymptotic tests deteriorates rapidly as N increases. 

0.22 20 

50 0 

0.88 20 
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Tablee 5.5: Actual size of nominal 5% generalised F tests 

N N 

2 2 

5 5 

10 0 

20 0 
2 2 

5 5 

10 0 

20 0 

2 2 

5 5 

10 0 

20 0 

2 2 

5 5 

10 0 
20 0 

pp3 3 

6 6 

8 8 
14 4 

18 8 

7 7 

7 7 

7 7 

8 8 

10 0 

16 6 

28 8 

45 5 

9 9 

12 2 

15 5 

21 1 

JF9 JF9 

pp = 0.8 

9 9 

10 0 

16 6 

20 0 

7 7 

7 7 

8 8 

9 9 

13 3 

19 9 

32 2 

50 0 

9 9 

13 3 

17 7 
22 2 

pg,{b) pg,{b) 

7 7 

5 5 

7 7 

6 6 

7 7 

5 5 

5 5 

6 6 

7 7 

7 7 

9 9 

10 0 
6 6 

7 7 

6 6 

7 7 

F<7 7 

5 5 

7 7 

11 1 

14 4 

6 6 

7 7 

6 6 

8 8 
8 8 

17 7 

40 0 

55 5 

11 1 

15 5 

20 0 

30 0 

JF9 JF9 

p=p= 1.0 

6 6 

10 0 

13 3 

17 7 

6 6 

8 8 

6 6 

9 9 

10 0 

21 1 

43 3 

59 9 
12 2 

17 7 

21 1 

32 2 

Inn the experiments we have set o\, ~ £7(0.5; 1.5) and as — 2 

Therefore,, these tests should not be used to test the poolability hypothesis. 

Thee sixth column of Table 5.5 presents the results on the bootstrap test procedure. 

Notee that the bootstrap counterparts of (5.24) and (5.25) are equivalent. The simulation 

resultss are encouraging reflecting the theoretical results on bootstrapping asymptotically 

pivotall test statistics, which have been outlined in the previous section. The simulated 

criticall values approach, i.e. the bootstrap test (5.26), seems to have less size distortions 

thann classical asymptotic procedures. Note that for larger N also the bootstrap procedure 

seemss to perform somewhat less accurately. However, when T is large relative to N, actual 

sizee is again close to the nominal level. The simulation results for the case p = 1, which are 

inn the last three columns of Table 5.5, reassert the superior performance of the bootstrap 

testt over the asymptotic tests. 

5 5 

5 5 

5 5 

6 6 

5 5 

7 7 

5 5 

5 5 

5 5 

7 7 

9 9 

8 8 

7 7 

5 5 

6 6 

7 7 
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5.66 Money demand in the European Union 

InIn this section the performance of the various test procedures will be examined in an 

empiricall application. We will revisit the estimation of EU wide money demand functions 

ass pursued in Section 4.7. Various authors have estimated a money demand function based 

onn aggregated time series for the whole EU area (Kremers and Lane, 1990; Monticelli and 

Papi,, 1996; Fase and Winder, 1998). However, considering the EU countries as a cross-

sectionn one can possibly use panel data techniques. In Section 4.7 this possibility has been 

exploredd and we found plausible estimates of long-run income and interest rate effects. 

Ann important prerequisite for using either aggregate time series or panel data tech

niquess is parameter constancy through time. As the cross-sectional dimension in a panel 

impliess extra data to estimate the same number of unknown parameters, with panel data 

techniquess it is possible to use fewer time observations as in the aggregate time series 

approach.. This may be convenient if the parameters of the money demand relationship 

havee not been constant over the last few decades. In addition to parameter constancy 

throughh time, both approaches also require to some extent parameter equivalence between 

countries.. In contrast to the aggregate time series approach, however, in a panel context 

thee hypothesis of equal slope vectors across countries can be tested explicitly using the 

testss discussed in the previous sections. 

Wee again use the data from Vlaar and Schuberth (1998), see for more details Section 

4.7.. To avoid obvious structural breaks through time only the years after the German 

reunificationn in 1990 will be considered, so the sample period has been set at 1991:1-

1996:IV.. For each of the definitions of money stock (Ml, M2 and M3) the following 

modell has been estimated for each country i 

VitVit = a'iZit + £u, 

p p 

==  ^IpLVit-p + P'iXit + ni + Eit, (5.35) 

with h 

xxitit = {\.ngnpiu\n.9^Pi,t-\,rsxt,rsiti_l,rl iurl iit_uir iuir i l̂,sl^, s2,t,s3>t)', (5.36) 

andd where the dependent variable yit is the logarithm of real money stock, i.e. ln(Ml/P) i t , 

ln(M2/P)ln(M2/P)itit or \n(M3/P)it. The explanatory variables are current and one-period lagged 

valuess of real income (gnp), short- (rs) and long-term (rl)  interest rates and the inflation 

ratee (ir). To account for seasonal patterns a set of seasonal dummy variables (sx, s2 and 

s3)) has been included. Furthermore, lagged values of the dependent variable have been 
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incorporatedd to model autoregressive dynamic adjustments. Separate regressions for the 

individuall countries2 suggest to include one lagged value for the Ml specification and to 

usee two lagged values for the M2 and M3 specifications. Hence, the dimension of the 

parameterr vector a, in (5.35) is K = 13 for the Ml specification and K = 14 for M2 

andd M3. For Ml one period is lost in constructing the lagged value of the dependent 

variable,, so for this specification the first estimation period is 1991:11 and T = 23. The 

estimationn period for M2 and M3 is 1991:III-1996:IV because one extra period is lost in 

constructingg the two-period lagged value of the dependent variable and T — 22. 

Regardingg Ml the estimation results of specification (5.35) for the period 1991:1-

1996:IVV are presented in Table 5.6. Table 5.7 gives some diagnostics of the estimated 

equations,, viz. the LMF statistics for both first and fourth order residual autocorrelation 

(LMF11 and LMF4) and the Jarque-Bera normality statistic. Except for the LMF1 statistic 

forr Spain and the LMF4 statistics for Spain and Italy, all the other test statistics are 

insignificantt indicating that the estimated specification for Ml seems general enough for 

mostt of the individual equations. However, the fit of the individual equations differs a lot 

ass can be seen from the R2 and residual standard error (SE). Also the coefficient estimates 

aree often poorly determined, possibly due to multicollinearity and the limited number of 

degreess of freedom for each individual equation. 

Testingg the poolability hypothesis we consider both separate tests for each particular 

slopee parameter and a joint test on all slope parameters allowing for different intercept 

termss and seasonal patterns. Regarding the disturbance covariance matrix we assume 

twoo different structures, i.e. diagonal and full matrices. In the former only cross-sectional 

heteroscedasticityy is allowed for, while in the latter also interdependencies between dis

turbancee terms of individual countries have been modelled. As we assume a non-spherical 

disturbancee covariance structure3, we will consider the generalised F tests (5.24) and 

(5.25)) and their bootstrap counterpart (5.26) only In Table 5.8 the test outcomes of 

thesee tests are given for two difftrent sets of countries, viz. all 13 countries and 4 core 

countriess (Germany, France, The Netherlands and Belgium). Each entry shows two num

bers,, which are p-values using asymptotic and bootstrap critical values respectively. To 

savee space we do not show the test results for M2 and M3, but these give a similar picture 

ass for Ml . 

Thee second and third columns in Table 5.8 give the test results for the full set of 

countriess (TV = 13). As is clear from the results, using conventional asymptotics leads to 

rejectionn of the null hypothesis in many cases. Especially for the case of a full covariance 

2Too save space country specific regression results are reported only for M l in Table 5.6. 
33 The test outcomes in Section 4.7 strongly suggest a non-scalar disturbance covariance matrix. 
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Tablee 5.6: Individual OLS regressions of model (5.35) for Ml 

ln(Ml/P)i , t~ii \ngnpu l ngnp^ - i rsit rsijt-i rl it rl i<t~i ir it tr, [ t_i 

0.44 4 

(0.29) ) 

0.79 9 

(0.29) ) 

0.39 9 

(0.42) ) 

1.04 4 

(0.17) ) 

0.66 6 

(0.17) ) 

0.56 6 

(0.31) ) 

0.58 8 

(0.26) ) 

0.51 1 

(0.24) ) 

0.63 3 

(0.25) ) 

0.62 2 

(0.13) ) 

0.35 5 

(0.42) ) 

1.09 9 

(0.20) ) 

0.12 2 

(0.24) ) 

0.37 7 

(0.37) ) 

0.41 1 

(0.45) ) 

0.59 9 

(0.93) ) 

-0.09 9 

(0.18) ) 

1.11 1 

(0.66) ) 

0.61 1 

(1.11) ) 

0.01 1 

(0.21) ) 

-0.60 0 

(0.20) ) 

-0.24 4 

(0.50) ) 

-0.95 5 

(0.36) ) 

-0.64 4 

(0.34) ) 

-0.06 6 

(0.21) ) 

0.73 3 

(0.31) ) 

0.20 0 

(0.55) ) 

-0.74 4 

(0.36) ) 

-0.09 9 

(0.59) ) 

0.03 3 

(0.15) ) 

-0.39 9 

(0.56) ) 

0.38 8 

(0.89) ) 

0.39 9 

(0.21) ) 

-0.04 4 

(0.26) ) 

1.15 5 

(0.49) ) 

0.76 6 

(0.28) ) 

0.63 3 

(0.38) ) 

-0.05 5 

(0.22) ) 

-0.74 4 

(0.27) ) 

-0.26 6 

(1.41) ) 

-0.63 3 

(0.32) ) 

-0.87 7 

(3.24) ) 

-0.62 2 

(0.58) ) 

-0.23 3 

(0.64) ) 

0.61 1 

(1.09) ) 

-0.69 9 

(0.39) ) 

0.28 8 

(0.57) ) 

1.79 9 

(1.81) ) 

-3.81 1 

(1.32) ) 

-0.85 5 

(0.44) ) 

-2.20 0 

(1.08) ) 

0.47 7 

(0.33) ) 

1.50 0 

(0.96) ) 

0.16 6 

(0.37) ) 

-0.44 4 

(3.11) ) 

0.62 2 

(0.57) ) 

0.46 6 

(0.58) ) 

-0.56 6 

(0.99) ) 

-0.35 5 

(0.35) ) 

-0.72 2 

(0.48) ) 

-1.55 5 

(2.17) ) 

2.26 6 

(1.26) ) 

0.26 6 

(0.40) ) 

1.07 7 

(1.03) ) 

-0.39 9 

(0.40) ) 

0.21 1 

(1.67) ) 

-2.43 3 

(1.43) ) 

-0.11 1 

(2.31) ) 

-2.18 8 

(1.06) ) 

-1.08 8 

(0.97) ) 

-0.60 0 

(1.99) ) 

-3.33 3 

(1.81) ) 

-0.59 9 

(0.52) ) 

-4.59 9 

(1.91) ) 

3.00 0 

(1.39) ) 

-0.51 1 

(0.66) ) 

-0.21 1 

(0.90) ) 

0.15 5 

(0.44) ) 

-1.84 4 

(1.97) ) 

1.15 5 

(1.28) ) 

-0.93 3 

(2.51) ) 

0.86 6 

(0.97) ) 

-0.32 2 

(0.95) ) 

-0.42 2 

(2.66) ) 

1.77 7 

(1.47) ) 

0.65 5 

(0.68) ) 

1.68 8 

(1.66) ) 

-1.22 2 

(0.96) ) 

-0.11 1 

(0.71) ) 

0.47 7 

(0.76) ) 

-0.53 3 

(0.48) ) 

-1.48 8 

(1.34) ) 

0.46 6 

(0.49) ) 

-0.70 0 

(1.40) ) 

-0.64 4 

(0.52) ) 

-0.22 2 

(0.61) ) 

1.73 3 

(2.78) ) 

-0.27 7 

(0.75) ) 

-1.48 8 

(0.84) ) 

-0.04 4 

(1.11) ) 

-0.68 8 

(0.28) ) 

-0.56 6 

(0.13) ) 

-0.33 3 

(0.51) ) 

-0.18 8 

(0.25) ) 

-0.22 2 

(0.94) ) 

0.06 6 

(0.40) ) 

0.54 4 

(1.46) ) 

0.45 5 

(0.35) ) 

-0.54 4 

(0.64) ) 

0.69 9 

(2.64) ) 

-0.98 8 

(0.94) ) 

0.60 0 

(1.07) ) 

2.70 0 

(1.49) ) 

-0.91 1 

(0.36) ) 

0.24 4 

(0.22) ) 

1.44 4 

(0.58) ) 

0.07 7 

(0.19) ) 

BE E 

DK K 

GE E 

UK K 

FIN N 

FR R 

IE E 

IT T 

NL L 

AT T 

PT T 

SP P 

SWE E 

Figuress in parentheses are standard errors. Estimation period is 1991:II-1996:IV 

file:///ngnpu
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Tablee 5.7: Diagnostics of model (5.35) for Ml 

LMF11 LMF4 ^B R2 SË~ 

BE E 

DK K 

GE E 

UK K 

FIN N 

FR R 

IE E 

IT T 

NL L 

AT T 

PT T 

SP P 

SWE E 

0.333 (0.58) 

0.199 (0.67) 

0.133 (0.73) 

1.488 (0.26) 

2.633 (0.14) 

1.855 (0.21) 

0.977 (0.35) 

0.399 (0.55) 

0.977 (0.35) 

3.677 (0.09) 

0.044 (0.85) 

22.055 (0.00) 

1.988 (0.19) 

0.300 (0.87) 

1.911 (0.23) 

2.255 (0.18) 

0.511 (0.73) 

0.555 (0.71) 

1.133 (0.42) 

1.622 (0.28) 

5.866 (0.03) 

0.499 (0.74) 

1.32(0.36) ) 

0.099 (0.98) 

6.322 (0.02) 

2.933 (0.12) 

0.20(0.91) ) 

0.600 (0.74) 

0.211 (0.90) 

0.644 (0.73) 

0.577 (0.75) 

0.533 (0.77) 

1.799 (0.41) 

0.111 (0.95) 

0.344 (0.84) 

0.088 (0.96) 

1.799 (0.41) 

0.599 (0.74) 

1.166 (0.56) 

0.87 7 

0.83 3 

0.94 4 

0.95 5 

0.98 8 

0.20 0 

0.99 9 

0.85 5 

0.97 7 

0.99 9 

0.92 2 

0.83 3 

0.92 2 

0.019 9 

0.016 6 

0.022 2 

0.012 2 

0.018 8 

0.034 4 

0.022 2 

0.017 7 

0.017 7 

0.008 8 

0.026 6 

0.013 3 

0.011 1 

Figuress in parentheses are p-valu<;s 

matrix,, classical asymptotic tests reject almost always. On the other hand, in most cases 

thee bootstrap p-values do not indicate rejection of the null hypothesis at conventional 

significancee levels. Moreover, there are a considerable number of cases with conflicting 

testt outcomes: the asymptotic tests reject, while the bootstrap test does not. 

Consideringg only Germany, France, The Netherlands and Belgium, which are often 

seenn as the core EU countries, gives the test results in the last two columns of Table 

5.8.. Testing the various poolability hypotheses in this subset of TV = 4 countries leads 

too a different picture. Like the bootstrap procedure, inference based on the classical 

asymptoticc procedures is now more often in favour of the null hypothesis. As a result of 

this,, conflicting test outcomes appear less frequently. 

Thee simulation study may shed some light on the pattern of the test results in Table 

5.8.. The simulation results in Table 5.5 showed that for small N relative to T the clas

sicall asymptotic tests have small to moderate size distortions, while for increasing N the 

performancee deteriorates rapidly. As far as size is concerned the bootstrap test performs 

welll in most experiments. Based on these results, we conclude that the asymptotic tests 

inn Table 5.8 reject too often or, in other words, p-values are too low. However, test results 

forr the core countries are more reliable than for the full sample of countries. In many cases 

thee bootstrap test has rather high p-values indicating that aggregating or pooling the data 

seemss acceptable. Hence, in this particular empirical example the applied researcher may 
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Tablee 5.8: Test outcomes of the poolability hypotheses for Ml 

\n(Ml/P)i,t-i \n(Ml/P)i,t-i 

kignpit kignpit 

lnpnp^t-i i 

rsrsit it 

rsrsijtijt -i -i 
rlrl it it 

rh,t-\ rh,t-\ 

irir it it 

iri,t-i iri,t-i 

all all 

133 countries 

diagonal l 

0.18/0.42 2 

0.01/0.05 5 

0.00/0.07 7 

0.04/0.14 4 

0.30/0.42 2 

0.07/0.28 8 

0.67/0.91 1 

0.69/0.79 9 

0.07/0.18 8 

0.00/0.18 8 

full l 

0.00/0.64 4 

0.00/0.08 8 

0.00/0.03 3 

0.00/0.09 9 

0.00/0.36 6 

0.00/0.45 5 

0.25/0.97 7 

0.22/0.94 4 

0.00/0.05 5 

0.00/0.25 5 

44 core 

diagonal l 

0.94/0.94 4 

0.74/0.70 0 

0.39/0.32 2 

0.80/0.82 2 

0.39/0.49 9 

0.26/0.41 1 

0.57/0.65 5 

0.72/0.74 4 

0.44/0.44 4 

0.47/0.80 0 

countries s 

full l 

0.38/0.49 9 

0.21/0.33 3 

0.14/0.25 5 

0.22/0.41 1 

0.02/0.13 3 

0.08/0.29 9 

0.31/0.59 9 

0.87/0.93 3 

0.10/0.17 7 

0.02/0.26 6 

Firstt and second numbers are asymptotic and bootstrap p-values respectively 

Estimationn period is 1991:II-1996:IV 

proceedd using pooled estimation techniques as has been pursued, for example, in Chapter 

4. . 

5.77 Concluding remarks 

InIn this chapter the actual size of various procedures for testing cross-equation restrictions 

inn a system of linear regression equations has been examined. We have considered both 

standardd and generalised F statistics. The former is similar to the ordinary F statistic 

forr single equation models with spherical disturbances, while the latter deals with more 

generall covariance structures. 

First,, the robustness of the standard F test in case of non-spherical disturbances 

hass been analysed. By bounds analysis we examined the impact of both cross-sectional 

heteroscedasticityy and contemporaneous cross-correlations on the performance of the stan

dardd F test. Among other things, these bounds depend on the dimensions of the data set, 

thee number of regressors and the disturbance covariance matrix. Lower and upper bounds 

forr the actual size of the standard F test have been calculated for a variety of specifica

tions.. These attainable bounds are rather dispersed indicating the severe vulnerability of 

thee standard F test to this type of nuisance parameters. 
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Second,, the effect of dynamics, i.e. including lagged dependent variable regressors in 

thee model, on the performance of the standard F test has been examined by simulation. 

Thee asymptotic test procedures use critical values of either x2 or T distributions, which are 

shownn to be very poor approximations to the finite sample distributions. The simulation 

resultss show that the performance of the asymptotic tests deteriorates rapidly when N 

iss becoming large, i.e. classical procedures reject the null hypothesis too often. The 

magnitudee of the size distortions depends on the strength of the dynamics, i.e. the value 

off the coefficient of the lagged dependent variable regressor. 

Third,, the finite sample performance of the generalised F test has been analysed by 

Montee Carlo experiments. Contrary to the standard F statistic, the generalised F statis

ticc has a known limiting null distribution in case of non-spherical disturbances. The 

simulationn results show that the performance of asymptotic tests based on this statistic 

againn deteriorates rapidly when JV is becoming large, i.e. classical asymptotic procedures 

aree oversized. As an alternative bootstrap procedures have been examined. The finite 

samplee distribution of the generalised F statistic has been simulated under the null hy

pothesiss and bootstrap critical values have been calculated. As the simulation results 

show,, confronting the original test statistics with bootstrap critical values leads to more 

accuratee inference in finite samples. The bootstrap tests have an actual size close to 

nominall significance levels, at least for N relatively small compared to T. 

Inn an empirical example on money demand in the European Union we have shown that 

thee alternative procedures can lead to conflicting test outcomes. Using quarterly data, 

dynamicc specifications for real Ml, M2 and M3 have been estimated for each country with 

income,, short- and long-term interest rates and inflation rate as explanatory variables. 

Poolabilityy hypotheses concerning one or more slope parameters have been tested for the 

periodd 1991-1996 and two sets of countries, i.e. all 13 countries and 4 core countries 

(Germany,, Prance, The Netherlands and Belgium). While classical asymptotic tests often 

rejectt the null hypothesis, bootstrap alternatives do not. Given the superior finite sample 

performancee of bootstrap tests over classical procedures these empirical results indicate 

thatt for the core EU countries aggregating or pooling seems acceptable in the period after 

thee German reunification. For the full sample of EU countries less overwhelming evidence 

hass been found, but again aggregating or pooling seems to some extent acceptable. Hence, 

wee conclude that the misspecification as a result of the assumption of equal slope vectors 

acrosss countries is relatively weak, which validates the panel data analysis performed in 

Chapterr 4. 

Fromm the results in this chapter we conclude that the inference reported by the various 

studiess mentioned in Table 5.1 is at least doubtful. While it could well be that for these 
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dataa poolability has to be rejected, test outcomes using approximate T or \2 critical 

valuess should not be employed. The results in this chapter show that in many situations 

classicall asymptotic tests using these critical values are heavily biased towards rejection 

andd that bootstrap tests are more accurate as far as size is concerned. Moreover, the 

empiricall example on EU money demand shows that these rejections can be the result of 

lackk of robustness or poor small sample performance of classical asymptotic tests. 
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5.AA Details on the simulation design 

Thee data have been generated under the null hypothesis, i.e. the generating equation for 

VuVu is 

yyitit = 7S/i,t-i + fait + Vr + £«, (5.A.1) ) 

forr individuals i — 1,..., N and time periods t = 1, ...,T. The exogenous variable xit has 

beenn generated according to 

xxitit = pxi<t_x +£it. (5.A.2) ) 

Modell (5.A.1) is the first-order dynamic panel data model. The simulation design used 

heree is basically the same as in Chapter 2, but extended for cross-sectional heteroscedas-

ticityy in eit. The only difference with the design in Chapter 2 (see Appendix 2.B) is the 

determinationn of the nuisance parameter cr^, which may differ across individuals in order 

too control the signal-to-noise ratio a2
si across cross-sectional units. The signal-to-noise 

ratioo is in the stationary case (see also (2.B.5)) 

a"Z,i a"Z,i „2.„2.  Q2 <;,» ^ T T ^ C w - 1 ) - ^ ) ' ' + + r r 1 - 7 2 ' ' 

Whenn values for 7, /3 and p have been chosen, tr? t is determined through 

2 2 
22 < i 

'C, i i 11 + 7p 

wheree the signal a2
sx has been fixed across cross-sectional units, i.e. u2

si = 

standardd deviation a  ̂ of the individual specific effect has been determined by 

<r<r vv,i,i = M0"e.i(l - 7 ) . 

(5.A.3) ) 

(5.A.4) ) 

II  The 

(5.A.5) ) 

InIn this chapter each individual specific effect r\x is set at zero without loss of generality. 

Itt turns out that as the null hypothesis does not involve the constant term, which is the 

casee here, the test statistics employed are invariant to the choice for ani. 

Whenn the exogenous variable x is non-stationary the signal is not constant through 

time,, but increasing. We find (see also (2.B.15)) 

if if 
s,it s,it *(11 + 2 77 . 27(1-7*)' 

+ + r r 1 - 7 2 2 (5.A.6) ) 
l - 7 2 < ,, V ' 1 - 7 7 ( 1 - 7 ) 2 

forr t = 1, ...,T. To control the signal both across individuals and over time we again 

equalisee the signal across cross-sectional units, i.e. a2
sxt = a2

st, and fix the mean value of 

aa22
tt.. In this way it was tried to make the outcomes for p = 1 more or less comparable 

withh the results for the stationary case. 
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Summaryy and conclusions 

InIn this thesis we have analysed statistical inference methods for dynamic regression models 

forr panel data. We have focused on the analysis of panels with a limited number of 

observationss in both the time and cross-sectional dimensions. In this case first-order 

asymptoticc theory developed either for the finite T, large TV panel or large T, large TV 

panell may be misleading and yield inaccurate inference in finite samples. Hence we have 

pursuedd two goals, viz. establishing higher-order asymptotic properties and exploiting 

thesee in order to improve on existing first-order asymptotic inference methods. Regarding 

thee former, using asymptotic expansion techniques we have derived several analytical 

resultss on the higher-order properties of asymptotic inference techniques for a variety of 

models.. In addition we have examined the actual performance of these methods in small 

sampless by a number of simulation studies. Regarding the latter goal, we have examined 

too what extent the results from asymptotic expansions may be used to improve on the 

accuracyy of existing techniques. Both bias corrections based on analytical expressions and 

empiricall bootstrap methods have been exploited to enhance the accuracy and efficiency 

off asymptotic inference methods. 

Startingg point for the analysis is the first-order stable dynamic panel data model with 

aa scalar disturbance covariance matrix. The inclusion of a lagged dependent variable re-

gressorr in the model complicates estimation of the unknown parameters, especially when 

TT but also when TV is small. In Chapter 2 we focus on the case where the explanatory 

variabless other than the lagged dependent variable regressor are all strongly exogenous. 

Wee examine by simulation the bias and mean squared error of various coefficient esti

mators,, the bias in related estimators for the disturbance variance and estimators of the 

coefficientt standard errors. Also we examine the actual size of simple coefficient tests. As 

wee are interested in panels with both dimensions small, we compare LSDV, which is con

sistentt for large T, with various IV and GMM techniques, which are consistent for large 
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N.N. We find that for these typical dimensions of the panel all techniques show substantial 

distortions.. However, a particular bias corrected LSDV estimator (LSDVc) as proposed 

byy Kiviet (1995, 1999) performs relatively well. The main theoretical result in Chapter 2 

iss the construction of an appropriate estimator for the asymptotic standard error of the 

LSDVcc estimator, which proves to be non-trivial for the small T, large N case. 

Inn Chapter 3 we continue to focus on higher-order approximations of the bias of LSDV 

andd other estimators in empirically more relevant models. We consider models which in 

additionn to a lagged dependent variable regressor also have a dynamic feedback mecha

nismm from the dependent variable to the explanatory variables. In Chapter 3 the focus 

iss on lagged feedback mechanisms, i.e. weakly exogenous regressors, and their effects 

onn the finite sample properties of LSDV, IV and GMM estimators. By comparison of 

asymptoticc variances we show that, although less biased, the efficiency losses of simple 

IVV estimators are substantial as compared with LSDV (and GMM). Using asymptotic 

expansionn techniques we find several noteworthy results on the higher-order properties of 

GMMM estimators. We consider GMM estimators using instruments in levels for the equa

tionn in first differences (or orthogonal deviations) and vice versa. In general we find that 

thee order of magnitude of the finite sample bias increases with the number of moment 

conditionss used in estimation. In the simulations we compare these GMM estimators 

withh a particular bias corrected LSDV estimator. The bias corrected LSDV estimator 

hass been developed for strongly exogenous explanatory variables and by simulation the 

impactt of weakly exogenous regressors on its finite sample properties has been examined. 

Fromm the simulations we find that, although a weakly exogenous regressor is included, 

biass corrected LSDV can still compete with GMM estimators. 

Wee use the results of Chapters 2 and 3 to analyse the determinants driving local eco

nomicc activity in Moroccan cities. Using annual data for 6 urban areas and 18 industrial 

sectorss indicators for specialisation, diversity and competiton of firms within a particular 

regionn are constructed for the years 1985-1995. The effects of these and other explana

toryy variables on local economic activity are estimated using the model and inference 

methodss analysed in Chapters 2 and 3. The estimation results suggest several empirical 

phenomena.. First, we find significant positive specialisation and diversity effects on local 

economicc activity and significant negative competition effects. Second, significant hetero

geneityy is found reasserting the necessity of analysing small panels in which heterogeneity 

iss mitigated. 

Inn Chapter 4 we continue to analyse the LSDV estimator, but now in higher-order 

dynamicc panel data models with a non-scalar disturbance covariance structure. As the 

covariancee matrix is non-scalar now, also the generalised LSDV estimator is analysed. 
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Usingg asymptotic expansion techniques bias approximations are derived for these esti

mators.. The focus is on panel data models with the number of cross-sectional units N 

relativelyy small with respect to T, hence we derive the bias approximations from a large 

TT perspective. Attention is paid to estimation of both short- and long-run multipliers, to 

estimationn under restrictions and also to variance estimators. 

Inn Chapter 5 we focus on a fundamental assumption of panel data models, viz. ho

mogeneityy of parameters across cross-sectional units. Of course, panel data models allow 

forr individual specific effects, but the assumption of equal slope coefficients for all cross-

sectionall units is a rather strong one. Whenever T is large enough compared to N it is 

feasiblee to test for this type of heterogeneity in the parameter vector within the framework 

off a system of regression equations. Using both simulation evidence and bounds analysis 

wee find that the robustness of the standard F test for single equation models is very 

weakk in case of dynamic regression models and models with non-spherical disturbances. 

Inn the latter case, use of the standard F statistic is not appropriate and we examine a 

generalisedd version of the F statistic (Roy, 1957; Zellner, 1962), for which approximate 

distributionn theory exists. By simulation it is shown that the finite sample performance 

off asymptotic tests is rather poor. However, employing the original test statistics with 

bootstrappedd critical values leads to much more accurate inference in finite samples. 

Withh the econometric theory developed in Chapters 4 and 5 the money demand 

dataa from Vlaar and Schuberth (1998) are analysed. The possibility of exploiting panel 

dataa techniques to analyse these cross-country data is explored in Chapter 4. Signifi

cantt spillovers between countries are found reflecting the dependence of domestic money 

demandd on foreign developments. The empirical results show that in general plausible 

long-runn effects are obtained by the bias corrected estimators. Moreover, bias correction 

cann be substantial underlining the importance of more refined estimation techniques. Also 

thee efficiency gains by exploiting the heteroscedasticity and cross-correlation patterns be

tweenn countries are sometimes considerable. Of course, panel data techniques require 

too some extent slope homogeneity across countries. Hence the results of Chapter 5 are 

appliedd to the money demand data to examine the degree of heterogeneity in the slope 

coefficientss across countries. It is shown that classical asymptotic tests and bootstrap 

proceduress may lead to conflicting test outcomes. Given the superior finite sample per

formancee of bootstrap tests over classical procedures these empirical results indicate that 

aggregatingg or pooling seems to some extent acceptable in the period after the German 

reunification. . 

Basedd on the results in the separate chapters in this thesis we come to several general 

conclusions.. First, the empirical studies show that allowing for dynamic adjustment is cru-
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rialrial for an adequate description of the data. More in particular, including lagged values of 

bothh dependent and explanatory variables as regressors in the model is usually inevitable 

forr getting plausible estimates. However, especially the inclusion of lagged dependent 

variablee regressors complicates statistical inference considerably. In Chapters 2 and 3 

wee partly explained the large differences found between different estimation techniques 

ass emphasised in Chapter 1. We have found some regularities across inference methods, 

whichh may provide the applied researcher with guidelines on deciding which technique to 

usee in a particular situation. However, it seems that there is no method available which 

hass superior performance over a wide range of parametrisations and dimensions. 

Second,, analysing dynamic models for panel data one has to take into account the 

particularr dimensions of the panel as both finite sample and asymptotic distributions 

dependd on these dimensions. For example, in deriving higher-order properties of the LSDV 

estimatorr the approach in Chapters 2 and 4 is from a large NT and large T perspective 

respectively.. As a result the leading term in the bias approximation of the LSDV estimator 

iss different in these chapters. More generally the simulation results of Chapter 2 and bias 

approximationss in Chapter 3 show that dimensions play an important role with respect 

too the accuracy of estimators. The dependence of finite sample distributions on the 

dimensionss of the panel has an analogue in first-order asymptotic theory. Regarding 

asymptoticc theory we considered in this thesis only some particular cases, i.e. letting 

eitherr T or N or both going to infinity. However, letting both dimensions go to infinity 

aa whole spectrum of asymptotic distributions emerges depending on the relative rates 

off N and T going to infinity. The asymptotic distribution of the LSDV estimator, for 

example,, exhibits an asymptotic bias when N and T grow large at the same rate, while 

thiss is absent when T goes faster to infinity than N (Alvarez and Arellano, 1998; Hahn 

andd Kuersteiner, 2000). 

Third,, modelling heterogeneity in panel data models through individual and/or time 

specificc effects may be inadequate. In many data sets homogeneity of slope vectors across 

cross-sectionall units and/or time may be violated leading to serious misspecification. The 

approachh we take in this thesis is to split the available sample into parts and then analyse 

themm separately. An alternative approach is to incorporate a particular specification for 

thee heterogeneity in the model directly. An example is to allow for heterogeneity in 

thee short-run coefficients but impose homogeneity of long-run parameters (Pesaran et al., 

1999).. Another approach is to assume stochastically varying slope coefficients (in addition 

too random individual specific effects) resulting in so-called random coefficient models. 
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Samenvattingg (Summary in Dutch) 

Hett gedrag van economische subjecten is vaak dynamisch van karakter. Beslissingen over 

consumptie,, investeringen etc. worden gebaseerd op ervaringen uit het verleden, huidige 

omstandighedenn en verwachtingen over de toekomst. Wanneer men over tijdreeksen be

schiktt is het gebruikelijk om dit soort processen te modelleren met behulp van dyna

mischee regressiemodellen. Een bepalend element in deze modellen is dat de afhankelijke 

variabelee in de regressie niet alleen verklaard wordt door heden en verleden van andere 

relevantee verklarende variabelen, maar tevens door haar eigen verleden. Deze klasse van 

regressiemodellenn wordt ook wel aangeduid als Autoregressive. Distributed Lag (ADL) 

modellen.. In een ADL regressiemodel kan onderscheid gemaakt worden tussen zogeheten 

korte-- en lange-termijn marginale effecten van verklarende variabelen. Een alternatieve 

representatiee van een ADL model is het fouten-correctie model, waarin korte-termijn 

dynamiekk en lange-termijn evenwichtsrelatie expliciet van elkaar onderscheiden zijn. 

Inn dit proefschrift analyseren we ADL modellen voor panel data. Een panel data 

bestandd bestaat uit tijdreeksen voor een aantal subjecten (de cross-sectie). Het is duidelijk 

datt de hierboven beschreven dynamiek in economisch gedrag niet geanalyseerd kan worden 

mett een econometrische analyse gebaseerd op één enkele cross-sectie. Het gebruik van 

tijdreeksenn is van cruciaal belang, maar er kleven ook bezwaren aan een aanpak gebaseerd 

opp louter tijdreeksen. Enerzijds zijn lange tijdreeksen in veel situaties niet beschikbaar. 

Dee (jaarlijkse) regionale en sectorale data geanalyseerd in Hoofdstuk 2 en 3 bijvoorbeeld 

behelzenn slechts elf jaar. Een analyse gebaseerd op dergelijke korte tijdreeksen zal weinig 

inzichtt geven, maar het gebruik van panel data kan uitkomst bieden. Anderzijds kan een 

analyseanalyse gebaseerd op juist lange tijdreeksen ook complicaties opleveren, bijvoorbeeld door 

dee verhoogde kans op structurele breuken. In het geval van de Europese geldvraag (zie 

Hoofdstukk 4 en 5) compliceert bijvoorbeeld de Duitse eenwording, maar ook oliecrises e.d. 

dee schatting van structurele parameters over een langere periode. Het gebruik van panel 

dataa is ook in deze situatie een mogelijk alternatief, omdat door gebruik te maken van de 

cross-sectiee dimensie het aantal benodigde tijdswaarnemingen teruggebracht kan worden. 

Dee statistische analyse van dynamische regressiemodellen voor panel data is niet een-
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voudig.. De aanwezigheid van vertraagde waarden van de afhankelijke variabele als re-

gressorenn compliceert de analyse aanzienlijk. In Hoofdstuk 1 wordt een overzicht gegeven 

vann verschillende statistische methoden om dit soort modellen te analyseren. Uit initiële 

empirischee resultaten blijkt hoe groot de verschillen tussen schattingsmethoden kunnen 

zijn.. In de volgende hoofdstukken wordt geprobeerd deze verschillen te verklaren. Cen

traall in het onderzoek staat de nauwkeurigheid van statistische methoden in panels met 

zowell een beperkt aantal tij ds waarnemingen (T) als een kleine cross-sectie (N). In de 

hierbovenn beschreven voorbeelden zijn de waarden van T en N tussen 10 en 50. 

InIn Hoofdstuk 2 wordt het eerste-orde dynamische panel data model met verder alleen 

sterkk exogene verklarende variabelen geanalyseerd. Het verloop van zulke verklarende 

variabelenn hangt niet af van het onderzochte proces van de afhankelijke variabele. De 

nauwkeurigheidd in eindige steekproeven van coëfficiënt schatters, variantie schatters en 

tt toetsen wordt onderzocht door middel van Monte Carlo experimenten. Met name de 

kwaliteitt van een specifieke kleinste kwadraten schatter gecorrigeerd voor onzuiverheid 

(LSDVc)) wordt vergeleken met enkele veel gebruikte instrumentele variabelen schatters 

(IVV en GMM). In de simulaties worden T en N, de tijd en cross-sectie dimensies van het 

panel,, beiden klein gehouden. We vinden dat voor dit soort panel data alle statistische 

techniekenn aanzienlijke onnauwkeurigheden vertonen alhoewel de LSDVc schatter relatief 

goedd presteert. Voor deze schatter wordt tevens een analytische expressie voor de asymp-

totischee variantie afgeleid, het voornaamste theoretische resultaat in dit hoofdstuk. Voor 

hett geval T eindig en N oneindig blijkt dit een niet triviale exercitie te zijn. 

Inn Hoofdstuk 3 ligt de nadruk wederom op de nauwkeurigheid van LSDV, IV en 

GMMM schattingsmethoden, maar nu in dynamische panel data modellen met naast de 

vertraagdee afhankelijke variabele ook nog een andere zwak exogene verklarende variabele. 

Inn Hoofdstuk 3 wordt enerzijds een theoretische onderbouwing gegeven van de simulatie 

resultatenn in Hoofdstuk 2 en wordt anderzijds een breder kader gegeven waarbinnen ver

schillendee coëfficiënt schatters vergeleken kunnen worden. De relatieve accuraatheid van 

kleinstee kwadraten en instrumentele variabelen schatters wordt vergeleken door middel 

vann asymptotische varianties en benaderingen van de onzuiverheid. We vinden dat sim

pelee IV schatters, die net zoveel instrumenten als regressoren gebruiken, een veel grotere 

asymptotischee variantie hebben dan de LSDV schatter. Met betrekking tot onzuiverheid 

vindenn we dat voor GMM schatters de onzuiverheid groeit met het aantal instrumenten 

datt gebruikt wordt. Ook blijkt dat de locatie van bepaalde GMM schatters sterk afhangt 

vann onder andere de variantie van het individu specifieke effect, terwijl de LSDV schatter 

invariantt is voor deze parameter. Het effect van een additionele zwak exogene verklarende 

variabelee op de onzuiverheid van coëfficiënt schatters blijkt van dezelfde orde van grootte 
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tee zijn als het effect van de vertraagde afhankelijke variabele regressor. Tevens is deze 

onzuiverheidd afhankelijk van de parameters van het marginale model van de verklarende 

variabele.. Een implicatie hiervan is dat de LSDVc schatter van Hoofdstuk 2 in meer 

algemenee modellen niet voor alle bronnen van onzuiverheid corrigeert. GMM schattings

techniekenn lijken op voorhand dus meer flexibel in dit soort modellen. De simulaties van 

Hoofdstukk 3 wijzen echter uit dat in panels met T and N relatief klein de LSDVc schatter 

desondankss relatief goed presteert vergeleken met GMM schattingsmethoden. 

Dee resultaten van Hoofdstuk 2 en 3 worden gebruikt in het onderzoek naar de de

terminantenn van lokale economische ontwikkeling in Marokko. Panel data over 11 jaar, 

66 regio's en 18 industriële sectoren worden gebruikt in de constructie van indicatoren 

voorr specialisatie, diversiteit en competitie tussen lokale bedrijven. Gebruikmakend van 

eenn dynamisch regressiemodel voor panel data worden vervolgens de effecten van deze 

indicatorenn op de lokale economische ontwikkeling geschat. Omdat de analyse per indu

striëlee sector wordt uitgevoerd beschikken we over panel data met een gelimiteerd aantal 

waarnemingenn in beide dimensies. De theoretische en simulatie resultaten van Hoofdstuk 

22 en 3 geven inzicht in het patroon van de empirische resultaten en de verschillen tussen 

schattingsmethoden.. We vinden positieve effecten voor specialisatie en diversiteit, maar 

tegelijkertijdd een negatief effect voor de indicator van competitie. 

Inn Hoofdstuk 4 wordt de analyse in andere richtingen uitgebreid. Allereerst beschouwen 

wee hogere-orde dynamische modellen waarin meer dan één vertraagde waarde van de 

afhankelijkee variabele voorkomt als regressor. Tevens beschouwen we regressiemodellen 

mett een niet-scalaire covariantie matrix voor de storingsterm. Zowel cross-sectie hetero-

scedasticiteitt als gelijktijdige cross-correlaties worden toegelaten. In Hoofdstuk 4 worden 

panell data geanalyseerd waarin de tijdsdimensie domineert. De analytische resultaten en 

simulatiess van eerdere hoofdstukken laten zien dat voor een beperkte cross-sectie dimen

siee de LSDV schatter relatief goed presteert vergeleken met GMM schattingstechnieken. 

Vanwegee de niet-scalaire covariantie structuur wordt naast de LSDV schatter ook de 

gegeneraliseerdee kleinste kwadraten (GLSDV) schatter geanalyseerd. Met behulp van 

asymptotischee expansies wordt de onzuiverheid in deze schatters benaderd. We onder

zoekenn de nauwkeurigheid van schatters van korte- en lange-termijn parameters, variantie 

schatterss en van schatters onder lineaire restricties. 

Inn Hoofdstuk 5 richten we ons op een fundamentele aanname van panel data modellen, 

tee weten homogeniteit van de parameter vector over cross-sectie eenheden. In standaard 

panell data specificaties wordt enige heterogeniteit toegelaten door middel van individu 

en/off tijd specifieke constanten, maar de aanname van constante reactiecoëfficiënten is 

sterk.. Wanneer T groot genoeg is ten opzichte van N is het mogelijk op heterogeniteit 
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inn deze coëfficiënten te toetsen. De aanpak in Hoofdstuk 5 is die van het toetsen van een 

aantall lineaire restricties binnen een systeem van N regressies met behulp van een F toets. 

Alleenn in speciale gevallen, d.w.z. sterk exogene regressoren en scalaire normaal verdeelde 

storingen,, is de exacte verdeling van de F toetsgrootheid bekend. Voor het model met 

niet-scalairee storingen (met cross-sectie heteroscedasticiteit en cross-correlaties) is deze 

tee benaderen door een onder- en bovengrens, waarvan de exacte verdeling wel te achter

halenn valt. Uit de resultaten blijkt hoe gevoelig de nauwkeurigheid van de F toets is in 

modellenn met niet-scalaire storingen. Actuele en nominale significantie niveaus verschillen 

substantieell van elkaar. Ook wordt een gegeneraliseerde versie van de F toets onderzocht, 

diee wel rekening houdt met een niet-scalaire covariantie structuur en een bekende limiet 

verdelingg heeft. Uit simulaties blijkt echter dat het gebruik van kritieke waarden uit deze 

asymptotischee verdeling uitermate onnauwkeurig is in eindige steekproeven. Daarentegen 

zijnn de prestaties van een zogeheten "bootstrap" variant van deze toets bevredigend te 

noemen. . 

Mett de theoretische en simulatie resultaten van Hoofdstuk 4 en 5 wordt de mogelijk

heidd onderzocht om geldvraag functies te schatten voor een groep landen binnen de Eu

ropesee Unie. In Hoofdstuk 4 ligt de nadruk op het modelleren van de afhankelijkheid 

tussenn landen door enerzijds een niet-scalaire covariantie structuur voor de storingen 

tee specificeren en anderzijds door opname in het model van verklarende variabelen, die 

dee economische ontwikkelingen in het buitenland meten (bijvoorbeeld maatstaven voor 

buitenlandss inkomen en rentestanden). De schattingsresultaten laten zien dat deze ele

mentenn een belangrijke rol spelen in de empirische specificatie van de Europese geldvraag. 

Inn Hoofdstuk 5 wordt onderzocht of het gebruik van panel data technieken wel gerecht

vaardigdd is d.w.z. getoetst wordt op homogeniteit van de reactiecoëfficiënten over de 

verschillendee landen. De verschillende toetsen zijn niet eenduidig: de asymptotische F 

toetsenn verwerpen homogeniteit bijna altijd, terwijl de bootstrap F toets vaak niet ver

werpt.. Omdat de simulatie resultaten van Hoofdstuk 5 laten zien dat de bootstrap F 

toetss nauwkeuriger is, kan de conclusie getrokken worden dat reactiecoëfficiënten niet al 

tee veel verschillen tussen de landen. 

Inn Hoofdstuk 6 worden bovenstaande resultaten samengevat en worden een drietal 

algemenee conclusies getrokken. Ten eerste kan uit de toepassingen afgeleid worden dat 

dynamischee modellen empirisch relevant zijn. In de geschatte specificaties zijn de coëffi

ciëntenn van vertraagde afhankelijke variabele regressoren zonder uitzondering significant. 

Tenn tweede spelen bij de analyse van dynamische panel data modellen de dimensies van 

dee data een grote rol. Algemeen kan gesteld worden dat de accuraatheid van de gebruikte 

statistischee methoden sterk afhangt van het type panel dat geanalyseerd wordt. Als gevolg 
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hiervann is het niet mogelijk een bepaalde techniek te vinden, die voor alle situaties even 

goedd presteert. Ten derde is een verantwoorde modellering van heterogeniteit in panel 

dataa modellen een cruciale voorwaarde voor interpreteerbare empirische resultaten. In 

ditt proefschrift is dit probleem benaderd door de data op te delen in relatief homogene 

stukkenn en vervolgens een empirische analyse op de afzonderlijke delen uit te voeren. Er 

zijnn echter ook verscheidene alternatieve modellen denkbaar waarin, vergeleken met stan

daardd panel data specificaties, flexibeler vormen van heterogeniteit toegelaten worden. 

Dezee zijn echter niet onderzocht in dit proefschrift. 
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Stellingen n 

behorendee bij het proefschrift 

Accuratee Statistical Analysis in Dynamic Panel Data Models 

vann Maurice J.G. Bun 

1.. Dynamiek is een onderschat aspect van economisch gedrag. 

2.. De tijd en cross-sectie dimensies van het panel spelen een bepalende rol bij het 
onderzoekk naar de nauwkeurigheid van statistische methoden voor dynamische panel 
dataa modellen. 

3.. Benaderingen van de onzuiverheid van momenten methode schatters door middel van 
asymptotischee expansies laten zien dat in dynamische panel data modellen de orde 
vann grootte van deze onzuiverheid (uitgedrukt in de steekproefomvang) toeneemt met 
hett aantal gebruikte momentvoorwaarden. 

4.. Meer data is niet altijd de oplossing. 

5.. Het panel data model met individu- en/of tijdspecifieke effecten is een zeer restrictief 
model. . 

6.. Het gebruik van asymptotische kritieke waarden bij het toetsen op heterogeniteit in de 
reactiecoëfficiëntenn van een "Seemingly Unrelated Regression" model zou verboden 
moetenn worden. 

7.. De structuur van een dynamisch panel data model is vergelijkbaar met die van veel 
klassiekee muziek: op het eerste gezicht simpel, maar bij nader inzien complex. 

8.. (Promotie) onderzoek roept meer vragen dan antwoorden op. 

9.. Een goede promotor onderscheidt zich door de promovendus vertrouwen (in eigen 
kunnen)) te geven. 

10.. Economische en politieke vluchtelingen zijn niet van elkaar te onderscheiden. 





Ann important aspect of economic behaviour is dynamics. In time series 
econometricss the usual way to model this empirically is by fitting 
dynamicc regression models to the data. This book considers such 
regressionn models for panel data. More in particular, panel data with a 
limitedd number of observations in both the time and cross-sectional 
dimensionss are analysed. The statistical analysis of dynamic panel 
dataa models in finite samples is both important and cumbersome. 
Whenn both dimensions in the panel are small first-order asymptotic 
theoryy may be misleading. Regarding dynamic panel data models there 
aree only few analytical finite sample results available. Results on 
higher-orderr asymptotic properties of statistical inference techniques 
aree scarce also. In this book we focus on these higher-order properties 
andd try to improve on existing first-order asymptotic inference methods. 
Too assess the accuracy of the theoretical findings in practice various 
Montee Carlo experiments are conducted. Throughout the book two 
empiricall models, viz. on local economic development in Moroccan 
regionss and on the demand for money in the European Union, 
emphasisee the importance of the availability of accurate inference 
proceduress for the analysis of panels with a limited number of both 
timee and cross-sectional observations. 
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ass assistant professor at the Department of Quantitative Economics 
off the University of Amsterdam. His main interests include panel data 
econometrics,, regional economics and international economics. 


	Cover
	Titlepage
	Acknowledgements
	Contents
	Chapter 1 Introduction
	Chapter 2 The finite sample accuracy of inference procedures for dynamic panel data models
	Chapter 3 Weak exogeneity in dynamic panel data models
	Chapter 4 Bias approximation in large T, small N panels
	Chapter 5 Heterogeneity in panel data models
	Chapter 6 Summary and conclusions
	Bibliography
	Samenvatting (Summary in Dutch)
	Recent publications in the Tinbergen Institute Research Series
	Cover

