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Abstract

I illustrate the importance of choosing the correct space in empirical applications

of spatial econometric models. I consider di¤erent spatial weighting matrices in

a SAR(1) model � contiguity matrix, distance based matrix and their variants

adjusted for �size� of each observation. I show formally that only the modi�ed

weighting matrices imply speci�cations that are robust to changes in the sample

size. I demonstrate the e¤ect of spatial misspeci�cation by presenting simulations of

a regional convergence model. The di¤erent speci�cation of space are also estimated

using European regional data. The results con�rm the sensitivity of the conclusion

with respect to the choice of the space.
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I. Introduction

The motivation for this paper is to point out certain type of aggregation problems in mod-

els with spatial dependence. In order to demonstrate the issue on a practical example, I

revisit the question of determining whether poor regions converge to the richer regions.

There is large body of literature dealing with the topic of so called � and ��convergence,

following the work of Barro and Sala-i-Martin (2004). Recently, it has attracted a re-

newed interest and many authors re-estimated the convergence regression using spatial

speci�cations. See, for example, the papers in the special issue of Papers in Regional

Science (Bode and Rey, 2006 give an overview). Many applications use European NUTS

regional data1 on economic and social variables and then assume that the relevant space

is based on a spatial weighting matrix that is the row normalized contiguity matrix for

the regions in the sample. This implies that the relevant distance of two regions is de-

termined only by the number of regions one has to cross to get from one to the other.

Given the diversity of the NUTS regions in terms of geographical and population size,

this can be misleading and many authors in this literature admit that such speci�ca-

tion is chosen in the absence of better data. Other papers (for example Le Gallo and

Cern, 2003) use distance based weighting matrices. Overall, there is no clear consensus

as to what is the appropriate speci�cation of the economic space. The lack of consensus

might not be problematic if the empirical results are robust with respect to the choice of

the spatial weights. Note that both contiguity and distance based weights yield spatial

weighting matrices that are in some sense �similar�and it might be di¢ cult to statistically

distinguish these as alternatives.

In this paper, I illustrate the importance of choosing the correct space in the empirical

application and document the surprisingly large sensitivity of the empirical results to the

choice of the spatial weights. This gives some hope for development of formal statisti-

cal tests with reasonable power properties that would be able to pose di¤erent spatial

speci�cations as alternatives. Note that the existing tests (such as Kelejian and Prucha,

1NUTS stands for �Nomenclature des unités territoriales statistiques�, see
http://europa.eu.int/comm/eurostat/ramon/nuts for de�nitions.
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2001), provide a test of a particular spatial weights matrix against the alternative of no

spatial autocorrelation.

I consider several di¤erent speci�cation of the spatial weighting matrix in a conver-

gence regression. The �rst is the usual contiguity matrix and its row normalized variant.

The second spatial weights speci�cation improves on the �rst by calculating the popula-

tion weighted centers for each region and then constructing the weights as a function of

the distances among the centers of the regions. The last set of weighting matrices re�ects

the suggestions made in this paper and takes the contiguity and distance based weights

and adjusts them by the relative sizes of the appropriate regions.

The adjustment to the weight matrices is motivated by the fact that many applications

use regional data that is available for widely heterogeneous (in terms of size) regions. Note

that regional data available in Europe follows the NUTS classi�cation. At the NUTS 1

level, the largest region in terms of population is Nordrhein-Westfalen in Germany with 18

million inhabitants, while the smallest region of Åland in Finland has only 26 thousand

inhabitants.2 At a �ner level of classi�cation (NUTS 2), the size varies in a similar

fashion.3 The adjustment for the size of a region should allow the researcher to better �t

the data when using such heterogenous samples. The modi�cation of the spatial weights

also allows to consider samples that combine data at di¤erent levels of aggregation (i.e.

combining NUTS 1 level data with NUTS 2 level data where available). In the rest of

the paper I provide a theoretical justi�cation for the modi�cation and, in particular, I

show that my preferred speci�cation is robust to changes in the sample when a particular

region is replaced by its sub-regions. I also examine the di¤erences that are likely to arise

in practical applications.

In the next section I look at what happens to the di¤erent speci�cations of space when

the sample size increases and show that adjusting the spatial weights for the size of the

appropriate regions is the only possibility to retain an invariant speci�cation. I take this

2Based on Eurostat data for regional population as of January 2002, series d2jan from
the directory �General and regional statistics/Regions/Population and area�, accessible at
http://epp.eurostat.cec.eu.int.

3The largest NUTS 2 region is Île de France with 11 million of inhabitants. The smallest region is
again Åland in Finland with only 26 thousand inhabitants.
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idea to the European data in Section 3, where I estimate a ��convergence regression with

spatial lag of the dependent variable using di¤erent de�nitions of the spatial weights. The

estimated coe¢ cients are then used as guidance for setting the parameter space for the

Monte Carlo experiments in Section 4. I provide conclusions and suggestions for future

research in Section 5.

II. Theoretical Considerations

When one combines heterogenous locations in one sample, one has to pay extra attention

to the way the spatial weights are speci�ed. To �x ideas, let us consider SAR(1) model

(in Anselin�s terminology, Anselin (1998)):

yi;n = xi;n� + �
nX
j=1

wij;nyi;n + ui;n; (1)

where yi;n is the dependent variable at location i for the sample size n, xi;n is a vector of

explanatory variables, ui;n is the disturbance term and � and � are (vector and scalar)

parameters. The spatial weights wij are assumed to be nonstochastic and known to the

researcher. I now consider several speci�cations for the spatial weights common in the

applied literature and judge whether these are sensible or not when the sample contains

units with di¤erent levels of aggregation and/or units that are heterogeneous in size. I

have the following thought experiment in mind. I write down the model (1) for two

di¤erent sample sizes n1 and n2, with n1 < n2. The larger sample is obtained by splitting

a particular location into several new ones, due to say better data availability. Such

increase can occur, for example, when the European regional data on NUTS 1 level are

used and a particular region is now replaced by its NUTS 2 level components. However,

this thought experiment also captures situations where it is reasonable to assume that

the true data generating process operates at a �ner level of disaggregation while in the

observed sample some of the regions are aggregated together.

I now compare the implication of the increased sample size on the observations that

remain unchanged in the sample. I propose that for sensible speci�cations, the change in
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the sampling design should not a¤ect the locations that are retained unchanged in the

sample. I show that several of the speci�cations do not have this property and suggest

modi�cations that alleviate this problem.

Observe that I consistently specify the components of our model in (1), including the

spatial weights wij;n, to be triangular arrays and depend on the sample size. Let us now

consider the new sample to be created from the old sample by splitting a �xed region.

Without loss of generality I assume that this region has an index n, and it is split into

two new regions, say n and n + 1. Consider the equation (1) written for an arbitrary

region i < n:

yi;n = xi;n� + �

" 
n�1X
j=1

wij;nyi;n

!
+ win;nyn;n

#
+ ui;n; (2)

for the sample size n, and

yi;n+1 = xi;n+1� + �

" 
n�1X
j=1

wij;n+1yi;n+1

!
+ win;n+1yn;n+1 + wi;n+1;n+1yn+1;n+1

#
+ ui;n+1;

(3)

for the sample size n + 1. I assume that the locations 1; :::; n � 1 are not a¤ected by

the change in the sampling design and hence we have xi;n+1 = xi;n, wij;n = wij;n+1 and

ui;n = ui;n+1 for i; j < n.4 Therefore,

yi;n+1 � yi;n = � (win;n+1yn;n+1 + wi;n+1;n+1yn+1;n+1 � win;nyn;n) : (4)

If the speci�cation is to be invariant to the increase in the sample size, the above

expression must be equal or close to zero. Note that in a practical application, the

observed value of yi of course does not change with the sample size change assumed

in the argument. The di¤erence between the two speci�cations would be absorbed in

the disturbances. The interpretation adopted here is that the underlying disturbance

does not change with the sample size change and hence the implied di¤erence among

the speci�cations (yi;n+1 � yi;n) can be interpreted as the additional error due to the

aggregation problem. I consider next whether two popular speci�cations for the spatial

4This implicitly assumes that the spatial weights are not normalized. Row normalization complicates
the albegra but does not change the results in this paper.
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weights common in the literature - contiguity matrix and distance based weights - ful�ll

this condition.

Contiguity Based Weights

In this case, we have wij = 0 when the two regions (observations) are not neighbors. As

a result, when the i � th region was not neighboring the region n (in the sample of size

n), all the weights win;n, win;n+1, and wi;n+1;n+1 are equal to zero and we have trivially no

di¤erence between yi;n and yi;n+1. However, when the region i is a neighbor of the region

n, we have win;n = 1.5 Suppose additionally that in the larger sample only the region n

is a neighbor of i and hence win;n+1 = 1 and wi;n+1;n+1 = 0. As a result, we have

yi;n+1 � yi;n = � (yn;n+1 � yn;n) : (5)

In many applications, the dependent variable is measured in levels and hence for a sub-

region we have that yn;n+1 < yn;n, and, consequently yi;n+1�yi;n 6= 0. Thus the contiguity

weights are not well-suited for variables in levels. If the dependent variable is a rate of

change or size standardized variable (such as GDP per capita or productivity), one can

postulate that

yn;n =
a1

a1 + a2
yn;n+1 +

a2
a1 + a2

yn+1;n+1; (6)

where ai are appropriate measures of the contribution of the two subregions to the depen-

dent variable in region n (in sample size n). However, this speci�cation leads to similar

conclusion, namely that

yi;n+1 � yi;n = � (yn;n+1 � yn;n) (7)

= �

�
yn;n+1 �

a1
a1 + a2

yn;n+1 �
a2

a1 + a2
yn+1;n+1

�
= �

a2
a1 + a2

(yn;n+1 � yn+1;n+1) 6= 0:

5Again, assuming that the spatial weighting matrix is not row normalized - under row normalization
this would be an inverse of the number of neighbors of the region i. However, this does not change the
conclusion made in this section.
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On the other hand, contiguity weights matrix can be appropriate in spatial lags in the

disturbances where one can reasonably postulate that the disturbances for the two sub-

regions can be expected to be the same.

Distance Based Weights

Let us now consider distance based spatial weights. Here the wij depends negatively on

the distance of observations (regions) i and j: One has to choose the speci�c functional

form and I, as an example, consider the same functional form as has been used in the

literature examining extent of intra- vs. international price variation6 as well as in the lit-

erature on ��convergence.7 In these papers, the e¤ect of geographic distance is captured

by using the following speci�cation:

wij = � log
�
dij
dmax

�
= log (dmax)� log (dij) ; (8)

where dij is the distance of regions i and j, and dmax is the largest distance in the sample.

Consider now the same increase in the sample size, i.e. region n is split into two new

regions indexed by n and n+1. I pick an arbitrary region i and assume that its distances

to the new subregions are given by

din;n+1 = din;n � (1� "i) ; (9)

di;n+1;n+1 = din;n � (1 + "i) ;

where the last subscript indicates the sample size, i.e. din;n is the distance of regions i

and n in the sample size n; as opposed to the distance of regions i and the new subregions

n and n+ 1 in sample size n+ 1, which is denoted by din;n+1 and di;n+1;n+1 respectively.

6See e.g. Engel and Rogers (1996) or Beck and Weber (2001) and many others.
7See e.g. Le Gallo and Cern (2003), Badinger et al. (2004), Egger and Pfa¤ermayr (2006) and many

others.
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Using this notation, the spatial weights are given by

win;n = log (dmax;n)� log (din;n) ; (10)

win;n+1 = log (dmax;n+1)� log (din;n)� log (1� "i) ;

wi;n+1;n+1 = log (dmax;n+1)� log (din;n)� log (1 + "i) :

To simplify the derivations, I assume that the largest distance remains the same in the

two samples and dmax;n = dmax;n+1. As before, I allow the dependent variable to be

measured in levels and/or rates of change or ratios. Hence, I assume that the dependent

variable in region n is a weighted average of the dependent variables in its subregions as

in (6). The di¤erence in the dependent variable yi in the two sample sizes is then

(1=�) (yi;n+1 � yi;n) = win;n+1yn;n+1 + wi;n+1;n+1yn+1;n+1 � win;nyn;n (11)

= [win;n � log (1� "i)] yn;n+1

+ [win;n � log (1 + "i)] yn+1;n+1

�win;n
�

a1
a1 + a2

yn;n+1 +
a2

a1 + a2
yn+1;n+1

�
= win;n

�
a2

a1 + a2
yn;n+1 +

a1
a1 + a2

yn+1;n+1

�
�yn;n+1 log (1� "i)� yn+1;n+1 log (1 + "i)

= win;nyn;n

�
a2

a1 + a2

a1 + a2
a1

+
a1

a1 + a2

a1 + a2
a2

�
�yn;n+1 log (1� "i)� yn+1;n+1 log (1 + "i)

= win;nyn;n

�
a2
a1
+
a1
a2

�
�yn;n+1 log (1� "i)� yn+1;n+1 log (1 + "i) :

For small "i we can approximate the natural logarithm by a linear function:

� log (1� "i) � log (1 + "i) (12)
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and thus

�yn;n+1 log (1� "i)� yn+1;n+1 log (1 + "i) (13)

� log (1 + "i) � (yn;n+1 � yn+1;n+1) ;

which could potentially be equal to zero, provided that the region n (in sample n) is split

into equal components (in sample n + 1). Nevertheless, even under such scenario, we

would still be left with

yi;n+1 � yi;n � �win;nyn;n
�
a2
a1
+
a1
a2

�
6= 0: (14)

Therefore, I conclude that distance based weights as considered in the literature are not

well suited for applications with heterogeneous units and the weights are applied to a

variable that is measured as a rate of change or as a ratio to size.

When the dependent variable is measured in levels, the distance based weights will

only be appropriate when the increases in the sample size are due to splits into equal size

sub-regions. To see this, consider the dependent variable to be such that

yn;n = yn;n+1 + yn+1;n+1; (15)

and derive the analogy to (11) as

(1=�) (yi;n+1 � yi;n) = win;n+1yn;n+1 + wi;n+1;n+1yn+1;n+1 � win;nyn;n (16)

= [win;n � log (1� "i)] yn;n+1

+ [win;n � log (1 + "i)] yn+1;n+1

�win;n (yn;n+1 + yn+1;n+1)

= �yn;n+1 log (1� "i)� yn+1;n+1 log (1 + "i)

� log (1 + "i) � (yn;n+1 � yn+1;n+1) :

Thus there will be no di¤erence between the speci�cation for the two sample sizes only
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when yn;n+1 � yn+1;n+1 = 0 (when yi:n is measured in levels). This in turn might not be

satis�ed in many applications.

Sample Size Consistent Weights

I now suggest appropriate modi�cation to the spatial weights that make the empirical

speci�cation consistent under changing sample size. Let us �rst consider the case of

distance based weights.

Suppose that the weights in (8) are amended by a factor that re�ect the size of

each region. I show here that this modi�cation alleviates the problem of changing the

sample size. I assume that the dependent variable in a region is a weighted average of

the dependent variables in its sub-regions, and that these weights are known, as in (6).

Hence each location i has with it associated size which I denote ai;n where the second

subscript indicates the sample size. I assume that the size of the regions is additive, i.e.

an;n = an;n+1 + an+1;n+1. Observe that we can then rewrite (6) as

yn;n =
an;n+1
an;n

yn;n+1 +
an+1;n+1
an;n

yn+1;n+1: (17)

I take the distance based weights wij;n as de�ned in (8) and de�ne the proposed

modi�ed weights as

w�ij;n = wij;n �
�

aj;nPn
k=1 ak;n

�
: (18)

Observe that these weight are consistent with di¤erent sample sizes. In particular, ana-

logical to (11) we now have

(1=�) (yi;n+1 � yi;n) = w�in;n+1yn;n+1 + w
�
i;n+1;n+1yn+1;n+1 � w�in;nyn;n (19)

= [win;n � log (1� "i)]
 

an;n+1Pn+1
k=1 ak;n+1

!
yn;n+1

+ [win;n � log (1 + "i)]
 

an+1;n+1Pn+1
k=1 ak;n+1

!
yn+1;n+1

�win;n
�

an;nPn
k=1 ak;n

�
yn;n:
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I assume that the size of the regions retained in both sample is the same, i.e. ai;n = ai;n+1,

for i < n. Thus
Pn+1

k=1 ak;n+1 =
Pn

k=1 ak;n and we have

(yi;n+1 � yi;n)
nX
k=1

ak;n=� = win;n(an;n+1yn;n+1 + an+1;n+1yn+1;n+1 � aj;nyn;n)| {z }
=0

(20)

�an;n+1yn;n+1 log (1� "i)� an+1;n+1yn+1;n+1 log (1 + "i) :

As above, for small "i I approximate the natural logarithm by a linear function (� log (1� "i) �

log (1 + "i)), and thus

(yi;n+1 � yi;n)
nX
k=1

ak;n=� � log (1 + "i) � (an;n+1yn;n+1 � an+1;n+1yn+1;n+1) (21)

= log (1 + "i) ��
an;n+1

an;n+1 + an+1;n+1
an;n+1

yn;n � an+1;n+1
an;n+1 + an+1;n+1

an+1;n+1
yn;n

�
= log (1 + "i) � yn;n (an;n+1 + an+1;n+1 � an;n+1 + an+1;n+1)

= 0:

This demonstrate that the proposed adjusted distance based weights lead to speci�-

cations that are robust to sample size increases of the kind considered in this paper.

Next, consider the case of contiguity weights. The same adjustment makes the speci-

�cation robust to sample size changes in this case as well. To see this consider the same

change in the sample size, i.e. splitting the n� th region into two new sub-regions. Let

us again consider a region i such that it is a neighbor of the �rst sub-region but does not

neighbor the second sub-region. In terms of our notation we have win;n = wi;n;n+1 = 1

and wi;n+1;n+1 = 0. Consider a set of transformed weights w�ij;n as in (18). As above we

have the di¤erence between the speci�cation for the two sample sizes for location i given
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by

(1=�) (yi;n+1 � yi;n) =
an;n+1Pn+1
k=1 ak;n+1

yn;n+1 �
an;nPn
k=1 ak;n

yn;n (22)

=
an;n+1Pn+1
k=1 ak;n+1

an;n+1 + an+1;n+1
an;n+1

yn;n �
an;nPn
k=1 ak;n

yn;n

=
an;n+1 + an+1;n+1Pn+1

k=1 ak;n+1
yn;n �

an;nPn
k=1 ak;n

yn;n

=
an;nPn+1

k=1 ak;n+1
yn;n �

an;nPn
k=1 ak;n

yn;n = 0:

Hence, the proposed adjusted contiguity weights also lead to speci�cation that are

robust to sample size increases of the kind considered in this paper.

III. Estimation Results

I now take the di¤erent speci�cations of spacial weights to the data and compare the

di¤erent estimates these will yield. I consider the 72 NUTS 1 and 206 NUTS 2 European

regions8 and construct the spatial weights based on their actual locations. The contiguity

matrix is constructed based on the maps provided by Eurostat on their website.9 In

particular I set wcij = 1 whenever the two regions share a common border. The distances

of the regions are calculated as distances of the population weighted centers for each

region. I use the data from World Gazetteer.10 In particular, the data includes longitude

and latitude coordinates and population of cities in the world. For each municipality it

also provides the country and containing region that were matched (after some linguistic

issues are cleared) to NUTS 2 regions.

In particular, the data includes 203,957 municipalities that I was able to match to

a NUTS 2 region in my sample. In terms of population, these municipalities represent

82 percent of the EU total for these regions. The population of these municipalities

varies between 1 (Rochefourchat, Rhône-Alpes, France) and 3,398,362 (Berlin, Germany)

8I only consider the continental regions in order to be able to construct the contiguity matrix in a
sensible way. Thus I exclude UK and Ireland and the overseas regions of France, Portugal and Spain.

9See http://europa.eu.int/comm/eurostat/ramon/nuts/home_regions_en.html
10Available freely at htpp://www.world-gazeteer.com. I use the sample contained on the website in

November 2005.
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inhabitants. The median population size is about 870 inhabitants. In general, for all

countries except for Germany, I was able to match the data entries to their NUTS 2

regions. For Germany, I used the list of local administrative units from Eurostat (LAU)

and matched their names to the Gazetteer dataset. I found that in some cases there was

a multiple match, or no match, and I dropped these locations. In terms of population,

the dropped locations represent between 6.2 percent of the regions population (Baden

Würtenberg) and 0.0 percent (Sachsen Anhalt). To check the extent of the coverage of

our data, I calculate the population totals for NUTS 1 regions based on the matched

locations and compare it to the population reported by Eurostat. The ratio of my data

relative to the population totals from Eurostat varies between 83 and 105 percent.

I select the locations in a particular NUTS region and calculate their average latitude

and longitude, weighting each location with its population size. As a result, I obtain

the coordinates of the centers of each NUTS region, denoted by LATi and LONGi. The

geographic distance of regions i and j is the calculated using the formula

dij = �r arccos
�
sin�i sin�j + cos�i cos�j cos (�j � �i)

�
; (23)

where r = 6731:1 is the Earth�s radius, �i = �
LATi
180

is the latitude coordinate of the region

i in degrees radius, and �i = �LONGi180
is the longitude coordinate of the region i in degrees

radius.

I estimate the following regressions:

gi = �+ �yi0 + �

nX
j=1

wijgj + "i; (24)

where gi is the average growth rate of GDP per capita for the i�th region for the period

1995 to 2002 (calculated from the GDP per head at market prices; series e2gdp95 provided

by Eurostat in the directory �Regional Statistics/Regions/Economic Accounts/Gross Do-

mestic Product Indicators�, accessible at http:/epp-eurostat.cec.eu.int), yi0 is the natural

logarithm of the initial GDP per capita of region i, wij are the spatial weights, "i is a

disturbance term and �; � and � are parameters.

13



I estimate the above equation with the di¤erent speci�cations for wij and in particular

consider:

(i) contiguity matrix where

wcij = 1; (25)

when regions i and j are neighbors and wcij = 0 otherwise,

(ii) row normalized contiguity matrix with

wcnij =
wcijPn
k=1w

c
ik

; (26)

(iii) population normalized contiguity matrix with

wc�ij =
wcijpj=pPn
k=1w

c
ikpk=p

; (27)

where pk is the population of region k and p is the total population of the regions

in the sample,

(iv) distance based weights with

wdij = log (dmax)� log (dij) ; (28)

where dij is the distance of regions i and j and dmax is the largest distance in the

sample,

(v) row normalized distance weights with

wdnij =
wdijPn
k=1w

d
ik

; (29)

(vi) population normalized distance weights

wd�ij =
wdijpj=pPn
k=1w

d
ikpk=p

: (30)
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The empirical equation is estimated with an instrumental variable (IV) procedure

where I use higher order (up to the third order) spatial lags of the exogenous variable yi0

as instruments for the spatial lag of the dependent variable. For detailed description and

large sample results of such procedure, see Kelejian and Prucha (1998). As a robustness

check, I also estimate the model without the spatial lag of the dependent variable by

ordinary least squares (OLS). Table 1 summarizes the results. In order to facilitate an

easier comparison across di¤erent models, I report a coe¢ cient �� = � � �max where �max

is the largest (in absolute value) eigenvalue of the appropriate spatial weighting matrix.

Observe that for row normalized weights matrices �max = 1.
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TABLE 1

Estimates of ��convergence regression, NUTS 1 regions

Parameter � � �� �2

Model

OLS 2:67 (17:51) �0:25 (�15:22) n:a: n:a: 0:12

Wc 2:99 (13:23) �0:27 (�12:63) �0:22 (�1:91) 0:12

Wcn �39:83 (�7:02) 3:56 (6:70) 19:41 (8:54) 2:09

Wc� 0:90 (2:77) �0:09 (�2:87) 0:81 (6:24) 0:12

Wd 2:81 (18:35) �0:24 (�15:70) �0:56 (�2:86) 0:11

Wdn 2:21 (5:89) �0:23 (�10:37) 0:81 (1:33) 0:12

Wd� 2:32 (5:87) �0:23 (�10:32) 0:68 (0:93) 0:12

Notes: T-statistics are in brackets.

TABLE 2

Estimates of ��convergence regression, NUTS 2 regions

Parameter � � �� �2

Model

OLS 2:43 (23:92) �0:22 (�20:63) n:a: n:a: 0:12

Wd 2:62 (24:94) �0:22 (�21:22) �0:68 (�4:78) 0:12

Wdn 2:16 (7:14) �0:21 (�14:09) 0:54 (0:95) 0:12

Wd� 2:15 (7:08) �0:21 (�13:69) 0:55 (1:02) 0:12

Notes: T-statistics are in brackets.

16



Observe that due to scaling by the largest eigenvalue of the weights matrix, only

estimates of �� that are less then one in absolute value imply spatially stable model.

At the same time, I expect the positive spatial autocorrelation to be present. In light

of this, when using the contiguity based weights, only the weights scaled by population

size (Wc�) yield estimates of expected magnitude and sign. The distance based weights

produce more robust results, with both the row normalized and population normalized

weights (Wdn andWd�) leading to sensible estimates.

As one would expect based on the theoretical considerations in the previous section,

the population size adjusted weights lead to similar estimates in both sample sizes. This

is not true for the other speci�cations of space.

IV. Monte Carlo Experiments

To get an idea of the importance of the consideration in this paper, I conduct a simulation

study. I want to make the Monte Carlo designs as close as possible to those in practical

applications. Thus I take the same 72 NUTS 1 European regions considered in the

previous section and construct the same weighting matrices. As an alternative with a

larger sample size, I consider the sample of 206 NUTS 2 regions and calculate their weights

in the same fashion. I also take logs of the actual level of the economic activity for the

regions in 1995 as the initial values of the data generating process. I collect the initial

values in an n � 1 vector y0;n (where as above n 2 f72; 206g is the number of regions).

In all experiments I generate the data according to

gn = (In � �Wn)
�1 ��+ �y0;n + "n� ; (31)

where gn is the n� 1 vector of (simulated) growth rates, �; � and � are parameters, and

the n� 1 vector of disturbances is generated as

"n � N
�
0n�1; �

2In
�
; (32)
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where �2 is a parameter.

Motivated by the empirical results in the previous section, I consider the parameter

space to be combinations of � and � from the following ranges: � 2 f:00;�:10;�:15;�:20;�:25;�:30g,

� 2 f:0; :1; :2; :3; :4; :5; :6; :7; :8; :9g. In all experiments I set � = 2 and �2 = :12. The spa-

tial weighting matrix in the data generating process is chosen to be the row normalized

region size adjusted distance weights matrix, i.e. with elements

w�ij =
wijPn
j=1wij

; (33)

where

wij = [log (dmax)� log (dij)]
pjPn
k=1 pk

;

with pk being the population of the region k.

Thus, I have 60 parameter combinations. For each parameter constellation, I use the

same random numbers to generate the vector of disturbances "n one thousand times.

Hence, I obtain 1,000 replications of the vector gn for each of the 70 parameter designs.

For a given replication of the data, I estimate the model under the di¤erent speci�cations

of the spatial weighting matrix and calculate the biases (mean of the estimator over the

1,000 replications minus the true values) and root mean square errors of each of the

estimators. The results for the two sets of experiments, corresponding to NUTS 1 and

NUTS 2 samples, are reported in Tables A1-A14 in the appendix. Tables 3 and 4 below

reports biases and root mean square errors for the di¤erent estimators averaged over

the di¤erent parameter designs. Note that the designs where � = 0 are omitted in the

calculation of the averages as under such speci�cation the IV estimation procedure does

not work. This is due to the fact that the IV estimators rely on instruments that are

spatial lags of the exogenous variables. These are only valid when � 6= 0. When � = 0,

the IV procedure should work badly and this is con�rmed in the results.
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TABLE 3

Average biases and RMSEs, NUTS 1 regions

Parameter � �� �2

Model Bias RMSE Bias RMSE Bias RMSE

OLS �0:007 0:012 na na �0:036 0:008

Wc �0:007 0:017 �0:451 0:301 �0:035 0:010

Wcn 0:150 5:548 0:595 60:947 0:067 2:940

Wc� 0:110 4:286 2:138 232:188 0:174 4:551

Wd �0:006 0:013 �0:450 0:286 �0:036 0:009

Wdn 0:000 0:016 �0:102 0:942 �0:036 0:009

Wd� 0:001 0:017 0:061 1:877 �0:035 0:012

TABLE 4

Average biases and RMSEs, NUTS 2 regions

Parameter � �� �2

Model Bias RMSE Bias RMSE Bias RMSE

OLS �0:010 0:008 na na �0:035 0:006

Wd �0:009 0:008 �0:450 0:285 �0:035 0:006

Wdn 0:000 0:010 0:006 0:587 �0:035 0:006

Wd� 0:001 0:011 0:049 0:587 �0:035 0:006
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Observe that the ��convergence parameter is only modestly underestimated by pro-

cedures that incorrectly specify the space. However, the spatial autoregressive parameter

is not estimated as signi�cant by all procedures except those based on Wdn and Wd�.

Notice that the extent of convergence of the regions implied by the model with spatial

dependence, depends on both �� and � (see, for example, Egger and Pfa¤ermayr, 2006).

Hence the estimators based on incorrectly speci�ed space are signi�cantly underestimat-

ing the amount of convergence in the data. Finally, I also note that the performance of

the row normalized contiguity matrixWcn can be very poor for some parameters.

These conclusion seem to be in line with the estimation results obtained using the

actual European data. The spatial autocorrelation parameter was estimated to be even

negative by under some speci�cations while the estimates of � were robust across the

di¤erent speci�cations.

V. Conclusions and Suggestions For Future Research

The main message I hope to have illustrated is that one should pay careful attention to

the speci�cation of the relevant economic space in empirical applications using spatial

econometric methods. I have examined what happens when sample size changes through

rede�nition of (some of ) the spatial units and I have found that only spatial weights that

are adjusted for the size of each observation (region) are sensible and can be expected to

be robust to such sample size changes. I then look at the performance of the di¤erent

speci�cations of space on the European data as well as on arti�cial data in the context

of estimating ��convergence regression. I �nd that only normalized (row or population)

distance weights provide estimates that do not change dramatically when the sample

size is increased from 72 to 206. These conclusions are underpinned by the Monte Carlo

experiments that use the same design as the empirical equations, in particular the same

space as well as exogenous variables.

In the future research, it seems to be necessary to conduct more extensive Monte

Carlo experiments and check the performance of the di¤erent estimators under di¤erent
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data generating processes (using di¤erent de�nitions of space as the true space that

generates the data). In terms of empirical research, the estimations contained in this

paper are only to be taken as illustrative and it would be of interest to estimate a more

comprehensive conditional ��convergence regression where other appropriate exogenous

variables are added to the regression. Finally, given the importance of the correct space

one would like to consider not only geographical space in the regression but also space

based on economic distance among the regions. Such economic distance should be based

on factors such as the strength of economic links among the regions (size of the trade

or investment �ows, size of investment exposure, etc.) as well as cultural links (common

language, common legal tradition, etc.). At the moment the lack of data on the regional

level makes such speci�cation to be infeasible. Given that some data exists on national

level, an intermediate step would be to consider the national border e¤ect where the �size�

of the border is related to such variables.
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