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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. 
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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 

r2 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. 



1.2.1.2. Cross-sectional time series data 13 3 

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. 




