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Parameter spaces for stationary
DGPs in spatial econometric
modelling

Matthias Koch

Institute for Economic Geography and GIScience, Vienna
University of Economics and Business, Nordbergstrasse
15/4/A, 1090 Vienna, Austria

Abstract

Unlike the time series literature the spatial econometric liter-
ature has not really dealt with the issue of the parameter space.
This paper shows that current parameter space concepts for spa-
tial econometric DGPs are inadequate. It proves that the para-
meter space proposed by Kelejian and Prucha 2008 can result in
nonstationary DGPs, while the parameter space proposed by Lee
and Liu 2010 can be too restrictive in applied cases. Further-
more it is discussed that the practice of row standardizing lacks
a mathematical foundation.

Due to these problems concerning the current parameter space
consepts, this paper provides a new definition for the spatial
econometric parameter space. It is able to show which assump-
tions are necessary to give row standardizing the needed math-
ematical foundation. Finally two additional applications for the
new parameter space definition concerning models with group
interaction and panels with fixed cross section sample size are
provided. Both applications result in parameter spaces that are
substantially larger than the ones the literature would so far con-
sidered to be stationary.

1 Introduction

Spatial econometric models are widely used for empirical problems con-
taining spatial autocorrelation. The key element to deal with spatial
autocorrelation is to incorporate spatial lags into the regression model.
This is similar to the case of time series where time lags are added. For
the instance of linear problems in time series it is well known which pa-
rameter space configurations yield stationary data generating processes
(DGPs) [see for example Hamilton 1996, chapter 1]. There is no doubt



that the (admissible) parameter space for the time lag given a station-
ary first order autoregressive process is (—1,1). The spatial econometric
literature, so far, has not dealt with the issue of the spatial parameter
space. That is even reflected by the nomenclature like, in the time series
literature it is common to distinguish between admissible, stationary...
parameter spaces, while in spatial econometrics virtually no distinction
takes place. Due to this disregard of the spatial parameter space by the
literature one might not be surprised that this paper can address the fol-
lowing three central issues: First it shows that common parameter space
concepts are inadequate. Second it proposes a new mathematical para-
meter space definition and third shows some applications for this new
parameter space definition. In order to keep the nomenclature simple
this paper will refer to sets containing the spatial autocorrelation para-
meters which result into stationary DGPs simply as spatial parameter
spaces, or if it is clear form the context parameter space.

In applied spatial econometrics the following spatial parameter space
concept is quiet common and this paper will refer to it as the "practi-
tioners" approach: The approach is characterized by normalizing the
spatial structure represented by the spatial weight matrix W,, either
by dividing W,, with it’s maximum absolute row sum (maximum row
standardizing) or dividing each row of W,, by its absolute row sum (row
standardizing) and then, assumes that the process will be stationary for
spatial lag parameters in the set (—1, 1). This procedure seems plausible
due to the similarity to the time series approach. The "practitioners"
approach of row standardizing can be seen as an approximation of the
Kelejian and Prucha 2008 parameter space. Kelejian and Prucha ar-
gue that a parameter space for stationary DGPs must be in a subset of
(—1/|Tmin| s 1/ |Tmax|), where Tyax and 7, represent the maximum and
minimum eigenvalue! of the spatial weight matrix W,,. On the other
hand Lee and Liu 2010 motivate their spatial parameter space concept
an other way. Theirs is based on the Neumannseries, which states that
if a matrixnorm of pW,, is smaller one that the inverse of (I, — pW,,)
exists, where I,, is a identity matrix of size n. Additionally if the Man-
hattan and Infinity norms of pW,, are assumed to be smaller one, due to
the Neumannseries and the subadditivity of matrix norms, the inverse
of (I, — pW,,) will be bounded in row and column sums in absolute
value?. These concepts and their background will be introduced in the

'Since the simple normalzing procedures like maximum row standardizing can
be seen as approximation for the biggest absolute eigenvalue, some authors [ref,ref]
correctly pointed out that this may result in a too restrictive parameterspace, since
(—1,1) may only a subset of 1/ max; {Z}Ll \wi,j|} (—1/ [Tmin] » 1/ |7 max])

2For a mathmatical proof, see Lemma YY in the appendix



next sections in more detail.

This paper shows basically three problems are existing concerning the
previous mentioned parameter spaces. First the parameter space con-
cept of Kelejian and Prucha 2008, which is only considering the eigenval-
ues can result in nonstationary DGPs. Second applying the Lee and Liu
2010 parameter space and the "practitioners" approach of row standard-
izing on the same W,, can result in different parameter spaces®. While
Lee and Liu 2010, given a spatial one forward on behind structure of
W,, would only consider the spatial parameters to be in (—2/3,2/3),
the "practitioners" approach of row standardizing would consider the
spatial parameters to be in (—1,1). Since neither the Lee and Liu 2010
nor the Kelejian and Prucha 2008 parameter space concept cover or are
useful to deduce the "practitioners" approach of row standardizing, it
lacks a mathematically foundation. Third, this paper shows that in many
applied cases the Lee and Liu 2010 parameter space is too restrictive.

These three problems of current parameter space concepts are the
main motivation to define the spatial parameter space indirectly via de-
sired mathematical properties. The properties are chosen so that the new
spatial parameter space can be applied to draw inferences for example
with mean distance estimators, like Generalized Method of Moments or
Maximum Likelihood.

Due to this new parameter space definition the paper provides exam-
ples where accounting for the inner structure of the spatial weight ma-
trix results in spatial parameter spaces that the literature would have
treated as nonstationary. Additionally it is possible to show that the
(—1,1) parameter space for a spatial lag after applying the "practition-
ers" approach of row standardizing, will result in almost all applied cases
stationary DPGs.

The outline of the paper is the following: The next section briefly
describes some spatial econometric DGPs, introduces the spatial para-
meter spaces of Kelejian and Prucha 2008 and Lee and Liu 2010 and then
shows some fundamental problems of them. The problems of Section 2
motivate a different definition for spatial parameter spaces which is pre-
sented in Section 3. Section 4 uses the definitions to show the power
of the new parameter space concept. The last section briefly concludes
and summarizes this work. The appendix provides some useful theorems,
lemmas and proofs like the Neumannseries and Gerschgorintheorem.

3The second practitioners approach, namely maximum row standardizing is cov-
ered by the parameterspace defnition of Lee and Liu 2010.



2 Important spatial DGPs and problems of the Kele-
jian & Prucha and the Lee & Liu parameter space

This section provides two general spatial econometric data generating
processes, introduces the spatial parameter spaces of Kelejian and Prucha
2008 and Lee and Liu 2010 and describes their problems. For further
details regarding the different DGPs see the references.

Notation: Let Y,,,S, € R™!. One can write Y,, also as Y = (y1, v2,
-, Yn)'. | x| denotes the determinant of the matrix x or the absolute value
of the scalar y, while |||, denotes the maximum absolute row sum and
]|, the maximum absolute column sum of a matrix*. Due to notational
convenience, not all indices will always be written. It should be clear
from the context. Sp (W) denotes the set containing the eigenvalues of
the matrix W,,.

2.1 The Manski Model and the problems of Kele-
jian & Prucha parameter space

One general formulation for a spatial econometric DGP is represented
by the Manski model (1).

Y, = oW, Y, + X, 8+ W,X,0 +u, 0
where u,=AW,u,,+€,, € ~ i.i.d(0, 0?)

In (1) X,, represents the matrix of explanatory variables, p, 3, 6
and A are the parameters to be estimated and the ¢; are independently
and identically distributed with zero mean and finite variance 2. W,,
represents the n by n spatial weights matrix of known constants. The di-
agonal entries of W,, are assumed to be zero’. The Manski model incor-
porates various representations of spatial DGPs like the Spatial Autore-
gressive Model, the Spatial Error Model and the Spatial Durbin Model®.
The DGP stated in (1) can be solved for Y, = (I, — pW,,) " (X,.0+
W, X0+ (I, — \W,,) " €) if (I, — pW,,) " and (I, — \W,,) " exist.

The parameter space proposed by Kelejian and Prucha 2008 for
the Manski model stated in (1) can be sketched in the following man-
ner: They argue correctly that if W, is not normalized (I, — pW,,) "
might not be defined for some values of p € (—1,1). Therefore they

*Note that these matrix norms satisfy the following useful inequality: ||A,B,|, <
ALy IBrlly where ¥ € {1, 00} and A,, and B,, are n by n matrices. For more detais
see Bronstein et al 2000 page 268.

5 Allthough it is possible to derive paramerter spaces for W,, matrices where the
diagonal elements are not zero, it is not common in applications...

6For more details to the assumptions and properties of the data generating process
stated in (1), see Elhorst [1]



suggest that the parameter space of the spatial parameter should be
(—=1/7p,1/7,), where 7, = lrgag({]yi] where v; € Sp(W,,)}. Since evalu-

ating the eigenvalues of W,, can be numerically difficult, they suggest to
use the Gershgorin theorem to get an upper bound for 7,,, what they call

n n
75 = min { max {Z |w1jn|} , max {Z |w]m|}} where |7,| < |7%].

1<i<n | /2 1<i<n | I3
As a result they recommend to use (—1/7%,1/7%) as a parameter space
for the spatial parameter’.

Although there are W,-matrices like the one forward one behind
pattern®, where guaranteeing that vn € N U {oo} : 1/p ¢ Sp(W,)
results in a well defined parameter space, this is generally not the case.
Consider for example W,, = W,, where the typical element w;; is defined

by (2)

(2)

One could interpret the lag W, Y,, in a model like Y,, = pW, Y, +¢,
as the time lag of a first order autoregressive process form the time series
literature. Obviously the (admissible) parameter space for this "time"
lag is (—1,1) given the DPG has to be stationary. As the appendix shows
Sp (Wn) = {0}. Therefore, the parameter space in Kelejian and Prucha
2008 would be (—=1/7,,1/7,) = (—00,00) = R and hence can result in
nonstationary DGPs. This is not surprising, since there is a difference
between the solvability and the boundedness of a spatial DGP. For the
W,, stated in (2), one can write down an analytical solution for the
inverse:” vn € N : (I, — an)_l => " pkWi. Note that the series
Y o pkWi converges for every n € N. This example shows if the DGP
stated in (1) is not solvable for a n € N, it is also not stable, but if the

DGP is solvable it does not mean that it is stable as n — oo. Therefore,
one has to use additional assumptions for the parameter space like the

__[1ifi=j+landj€{1,2,.,n-1}
“7 1 0 otherwise

boundedness' of (I, — an)_l in absolute row and column sums as

. 7k .
n — oo. Since Y -, p*W, converges only if |p| < 1, the boundedness
condition constrains the spatial parameter space in a useful manner.

"Please note that this parameter space is not the same Lee and Liu 2010 proposed.
8see Koch 2010
n+1

9Note that in this case (Wn) = 0,,xn, where 0,,5,, denotes a matrix of size n
by n only containing zeros.

10This is a standard assumption for drawing inferences on spatial econometric
models, see for example ....



2.2 High order spatial models and the problems of

Lee & Liu parameter space

Another general spatial econometric DGP!! is represented by the high
order spatial autoregressive models with autoregressive disturbances'?.

p
i (3)
where u,= Y. My, u,+€,, ¢ ~ i.i.d(0,0?)
j=1

In (3) py, ..., p, and A1, ..., A, represent the different spatial lag pa-
rameters, Wy, ..., Wy, and My, ..., M,, are n by n dimensional spa-
tial weights matrices. Like in (1) it is assumed that the diagonal ele-
ments of W, and My, are set to zero. The DGP stated in (3) can be
solved for Y,, = (I, — ?:1 ijjn)_l (Xo8+ (L, =0 MeMy,)e)

if I,, — ?:1 p;Wn and L, — Y1 \xMy, are invertible.

While Kelejian and Prucha 2008 motivate their parameter space via
the eigenvalues of W,, Lee and Liu 2010 on the other hand motivate
the spatial parameter space for the DGP stated in (3) via the follow-

P
ing reasoning: They argue correctly if > |p;| < 1/ max;—1., {|[Wja ||,
=1
q
[Wiall} and 35 el < 1/ maxecs.q {IMially [} that the in-
k=1

verses of I,, — Zp: P;Win and I, — zq: MMy, exist due to the existence
=1 i=1
of the Neuman]nseries and both are]bounded in row and column sums in
absolute value. This condition represents their spatial parameter space.
Although it can be applied on neighboring patterns like (2) the parame-
ter space can be restrictive if p = 1,¢ = 0 and W, is row normalized.
As an example to show the constraints of the Lee and Liu 2010 spatial
parameter space, the spatial one forward one behind pattern represented
by W, is used where the typical element ; ; is defined by (4)

= _Jwa=1lifj=i+landie{l,2, . ,n-1}
“ 71 0 otherwise

(4)

Hsee Lee and Liu 2010 for model details]
2Lee and Liu [2010] have suggested to use either a ML or a B-IV estimator for
this DGP. Badinger and XXX [| have suggested to use an IV- estimator.



Row-normalizing W,, yields Wn Obviously Hvan = 1 holds, but
—~ — \—1
HW" = 1.5. Therefore, it is not clear, whether ’(In — an> =
! 1
szio pﬁWﬁ converges, because Wn > 1 . Hence, the parameter
1 1

space stated in Lee and Liu 2010 for Wn would be p € (_T15’ 1—15) =
(—2,2) in order to ensure convergence of ’ZZ‘;O pEWE
1

The previous reasoning does not imply that the spatial parameter
space of (4) has to be (—2,2). As Theorem 1 in section 4.1 in shows
that for row standardized W, -matrices like W,, given in (4) the para-
meter space is still (—1,1). Therefore, the Lee and Liu 2010 parameter
space results into too restrictive parameter spaces for all W,, where a
row standardization was applied and the row sums of W,, before the nor-
malization were different and the original weight matrix was symmetric.

3 A formal Parameter space definition

In order to derive estimator properties for DGPs like (1) or (3), station-
arity is required. The stationarity assumption is reflected via bound-
edness conditions of the DGP. Hence, this paper proposes to use these
conditions to construct the spatial parameter space. Consequently the
proposed spatial parameter space has to satisfy the following properties
1, 2, and 3:

p
Definition 1 Letp; € ©; CR, ¥, , = >  pWj, ifp>1, ¥, 1 = pW,
j=1

and the diagonal entries of W,, be zero. ©; where i € {1,...,p} is a well
defined spatial parameter space, if the following properties are met:

1. Vp; € ©;,;n e NU{oo}: |I, — ¥, ,| #0

2. Vp; € ©;,n € NU{oo} : ||[(T, — ) ||, < 0o ||(T, — @, )7 <
00 AW, ]l < 00 A, [l, < oo

3. 0;,= 'UNAj’ A; 1s an interval of R.
JE€

The first property simply states that for every sample size, even if
it approaches infinity, there must always exist the inverse of I, — pW,,
or I, — 5.’:1 pjWjn. If one would only use the the first condition in
order to find parameter spaces, one would use the Kelejian Prucha 2008
parameter space. The first condition simply ensures that the spatial

DPG exists for every n € NU {o0}.



The second property ensures the boundedness of the inverse in ab-
solute row and column sums. In an econometric this property ensures
finite moments of Y,. This property guarantees for W,, as defined in
equation (2) that the parameter space is only (—1,1). The properties
[l <00 ||¥y,ll, < oo imply that the spatial spillover has to be
bounded as well.

The third property reflects the idea that only intervals are used as a
parameter space and not a countable set of points. This is for example
necessary if mean value theorems for deriving estimator properties are
used.

Properties 1 and 2 clearly show the difference between solvability and
stationarity of a spatial DGP. Although there exist examples, like the
spatial one forward one behind pattern, where property 1 is sufficient
for property 2, this is not generally the case.

Equipped with the properties 1- 3 the parameter space proposed by
Lee and Liu 2010 becomes clearer. If there is no additional knowledge
about W;, and an explicit spatial parameter space for p,; is desired
one could use the following reasoning: If any matrix norm of ¥, , is
smaller than one the Neumann series can be applied to find the inverse
of I, -, ,. Additionally Lemma 1 shows for ¢ € {1, 00} if [[¥,,, |, < 1

that ”(In - H S H‘I'an
parameter space suggested by Lee and Liu 2010.

The next section shows, how these properties 1-3 can help to con-
struct spatial parameter spaces that are larger than the ones currently
considered by the literature. Additionally the next section shows which
conditions are necessary in order for the "practitioners" approach of row
normalizing to fulfill the properties 1-3.

< oo. This equivalent to the spatial

4 Power of the new parameter space concept

This section provides three applications of the new parameter space con-
cept in order to show its power. Since the concept is defined indirectly
via mathematical properties it is possible to use the inner structure of
the spatial lag(s) to derive the corresponding spatial parameter spaces.
The examples of this section suggest that the more inner structure of the
spatial lag(s) is present the more precise and in these examples larger
the spatial parameter space gets. First subsection 4.1 delivers the math-
ematical foundation for the "practitioners" approach of row standardiz-
ing. The key assumption for this proof is that the W,, was symmetric
before the row standardization took place. A second application is a
group interaction model where the within and between group interac-



tion is modelled with partitioned W- matrices. This particular inner
structure of the spatial lags results in a significantly larger spatial pa-
rameter space than the one proposed by Lee and Liu 2010. Subsection
4.3 provides the third application, where it turns out that in some panel
settings it is possible to use almost the whole real line as the spatial
parameter space. Additionally this section suggests one possible inter-
pretation for the inevitable cross section sample size dependence of the
parameter space. In the context of repeated sampling it can be seen for
example as a consequence of the geographic scale.

4.1 Row standardizing and Stability

This subsection shows that the "practitioners" approach of row stan-
dardizing yields stationary parameter spaces. Let W, be the spatial
weight matrix with the typical element w;; and w;; = 0. The row
standardization for W, is represented by the diagonal matrix A, with
the typical element™ \;; = 1/3°7 , |w; ;|. Hence the normalized weight

matrix is given by Wn = A, W,,. The aim is to find weather p € (—1, 1)
fulfills the parameter space properties 1-3. Property 3 is obviously ful-
filled. In order to find the inverse of I, — pW,, a Numannseries can be

applied (In—p\A7\7'n)_1 => pkWﬁ and hence, property (1) is fulfilled. To
k=0

show property (2) via Theorem 1 additional assumptions are necessary:
W,, has to be symmetric and ||[W, | < x € R.

The first assumption of a symmetric W, is generally fulfilled if for
example, W, represents a spatial neighboring structure. If observation
A is neighbor of observation B, the reverse must also be true. The
second assumption requests that W,, has bounded absolute row sums.
In the context of a neighboring structure that is equivalent to limiting
the number of neighbors for each observation to a finite constant.

Theorem 2 Let W, be a symmetric weigh matrixz with finite weights
w; ; € R. The dependence structure is limited such that |[W,|| < k €

R. Let W,, be the row standardized version of W,. If |p| <1 it follows
-1 -1 __ _
that: H <In - an> A H (In - an) A HW” A HW"
00 1 o0

<cée€
1

Proof. 4 Properties have to be shown:

YTt is assumed that >0, [w; ;| > 0. If w;; represents a neigboring structur,
Z?Zl |w; ;| > 0 is fullfilled if each observation has at least one neigbor.



| W,

< 00: Due to the construction of A, : Han
o0

- = HAanHoo

=1<00.
(Q)HWn < o0: Observe that HW" = AW, |l; = IWLAl
1 1
holds. Since W,, is symmetric and the property of the sub- multiplica-
tively of matrix norms |[W/ A, |l = [[WaALll, < Wil Al <

KAmax < 00 where Ay = maxicicy {1/ 2?21 |w”|}
-1

3) |10 - pW,)
Neumannseries and using the subadditivity /submultiplicativity of ma-

 \-1
trix norms) it follows that: H <In — an>

< o0: Due to Lemma YYY (applying the

_ 1
—1_|p|§c€R.

o0

< 00: First a Neumannseries and the subaddi-
1

(4) H (In - an> B

—~ \—1 0 —~ \ Kk
tivity of matrix norms is used: H (In - an> <3 |pl* (Wn>
k=0
— k—1 ! k—1 !
Note that if & > 2 : Hw,’g - ‘ A, <H WnAn) Wo|[ < 1AW, || TT WA,
1 =1 1 I=1 1

k—1 —~ —1
IWoall, = | Anll; || TT AeWal|  [[Wall, = Amaxk holds. Hence (In - pwn)

=1 .

< 14+ 3 ol K dmax < 0 ®
k=1
4.2 Group- interactions and spatial econometric mod-

elling

This subsection considers the following empirical problem: The DGP not
only contains spatial autocorrelation but also has to account for differ-
ent spatial interaction parameters, namely within and between groups.
The DGP could for example model a housing market with two distinct
geographical markets, namely an east-market and a west-market. These
two groups (east and west) have the sample sizes n; (west- market) and
ny (east- market). The overall sample size is denoted by n = ny + ns.
For simplicity it is assumed that the data is ordered by these partic-
ular groups. To account for the within and between group effects the
following model specification (5) could be used!?.

Y, = <P11W11 + P12W12 + P21W21 + ,022W22> Y, + Xng + €,

where ¢; ~ 1.1.d(0, 0%)

(5)

140f course in order to find asymptotic properties for the spatial parameters it has
to assumed that ny and no — oo

10




Since the data is ordered, the spatial weight matrices have the follow-

. . = W 1.nl 0 1.n2 = O 1.n1 W 1.n2
ing simple form: Wy, = nhnE o nBnE ) Wy = A
0n2,n1 0n2,n2 0n2,n1 0n2,n2

W= (W o ) Wer = (Guni s, ) ottt W
ng,Wm and W22 are partitioned.

The within group effects, given by the terms pllwnY and p22W22Y
would answer the question of how are the western- (p,; W1;Y) and
eastern- market (p22W22Y) affected by themselves. On the other hand
the between groups effects, given by the terms p12W12Y and p21W21Y
would answer the question of how is the western market influenced by
the eastern (p;, W12Y) market and vice versa (py, Wa, Y).

To find the spatial parameter space for (5) let ¥, 4 be defined by
‘I’n4 = ,011W11 -+ ,012W12 + p21W21 + p22W22 Additionally it is as-
sumed'® that max{||W,,||, where o € {1,00} and i,j € {1,2}} < 1.
Although not necessary for the following proof, in most applied cases
Wnl,nl and anmg will be Symmetric and Wnl,nQ = (Wn2,n1)/-

The following paragraph will sketch the search and proof for the para-
meter space, the actual proof is given in the appendix: The first step is to
use the equation system y1 = p;; W11 Y1+ 012 Wai n2y2+s1 (West) and
V2 = Po1 Wi2n1¥1+ Poe Wiz n2y2+s2 (East) and solve for y; and y,. One
condition for solving these equations is that A; := (I,,; — pHWnLnl)_l
and Ay == (Ia — pyyWipane)  are defined. Therefore, two conditions
for the parameter space are: |p;;| < 1 and |pyy| < 1. The second step is
to find the restrictions for py, and p;5. Since it is assumed that |p;;| < 1
and |pys| < 1 one can solve the two equations y; = (I,; — ,011Wn1,n1)_1
(P12 Wt nay2 +81) and yz2 = (L — p3sWio.n2) ' (031 Wiy + 82). In-
serting y» into y; yields: y1 = A1 (p1oWn1.n2A2 (093 Whan1y1 + 82) + 81).
It is possible to solve this equation for y; if || A1 01, Wh1n2A202 Whanil|, <
1. This inequality is satisfied if { o 12' el 1 Hence it is shown that

| 1=ps]
the following two conditions fulfill “the pleirameter space properties 1-3
for the DGP given in (5).

L [py| <1 and [pp| <1

2. lp12] lpo1l <
[1—paa| [1—p14]

»The appendix shows that if W, n1, Wpano, Wiyo g and Wy 0 are row
standardized, W1 ,1 and W3 2 can be written as Wy, p1 = AmWnl n1 and
W2 n2 = AnQan n2 where A represents the row- standardizing and both W are
symmetric and ||VV||Oo [Woin2ll o [Wh2nil|l, < oo hold the same spatial para-
meter space can be applied for the DGP given in (6)

11



This parameter space is significantly larger than the one proposed

by Lee and Liu 2010. For example if |p;;| = |pye| = 1/3 the "" area in
figure (1) represents the Lee and Liu parameter space and "" represents

the parameter space due to inequality %% < 1.

Figure (1) shows quite dramatically that one should take the inner
structure of the W,,- matrices into account in order to find parameter
spaces. This is to some extend similar to the "practitioners" approach
of row standardizing. The more knowledge is present about the inner
structure of the spatial lags, like in this example the weight matrices
are partitioned, the more precise and in this particular example larger is
the resulting spatial parameter space gets. This can also be seen in the
next application of the new parameter space definition.

4.3 Geographic scale and the spatial parameter space

This subsection explores panels where the number of observation units
(n) are fixed. Since n is fixed T the number of time periods has to
go to infinity in order to derive the asymptotic properties of possible
estimators. Let N denote the overall sample size, namely N = nT". The
vector Yy has the elements y1 1,921, ..., Yn 1, .-, Yn,7- A possible spatial
DGP reflecting these properties is given by (6)
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Yy =p(Ir ®W,) Yy + Xyf + €y where ¢; ~ i.i.d(0,0%)  (6)

where ® denotes the Kronecker product. Finding a spatial para-
meter space for (6) can be achieved by the following reasoning: Ob-
viously it has to be ensured that the inverse of Iy — p (I7 ® W,,) ex-
ists. Since Sp(Ir ® W,,) = Sp(W,,) the condition 1/p ¢ Sp(W,)
follows directly. Note that the number of elements in Sp(W,,) is al-
ways smaller or equal n. Since n is fixed |[W,| < oo, [|[W,|; < o0
and [|(T, —an)leLoo < oo have to hold for 1/p ¢ Sp(W,). Re-

mark that (Iy — p(I; @ W,,)) ™' = Iy ® (I, — pW,,) " and therefore
| (I —p(IT@)Wn))*lH100 < oo for all T € NU {oc} as long 1/p ¢
Sp(W,,). Thus the spatial parameter space for (6) is given by R\{1/7,
where 7, € Sp(W,,)}.

The previous paragraph showed above all two noteworthy character-
istics of the spatial parameter space for the DGP given in (6): First,
R\{1/7, where 7,, € Sp(W,)} is tremendously larger than the para-
meter spaces considered by the literature so far. Second, the spatial
parameter space is a function of the by assumption fixed n and thus
can offer an interesting interpretation: The implicit n dependence of the
DGP dynamics can for example be seen as a consequence of different
geographic scales. To illustrate this point let n = 27 represent the coun-
tries in the European Union and y;, their corresponding GDP- growth
rate. If n (and hence W,,) is now changed to n = 271 (n now represents
the NUTS-2 regions of the European Union) this simply would reflect
a change in the geographical scale. Since a change in the geographical
scale is often associated with a change in the model dynamics a parame-
ter space as function dependent on n seems plausible and would simply
reflect some influences of the geographical scale on the DGP.

It is important that the previous reasoning is not suggesting to
use R\{1/7, where 7,, € Sp(W,)} for every spatial panel data DGP.
Whether this makes sense, depends on what the DGP should describe.
Consider for example house prices in a real estate market. Economic the-
ory would suggest that the market prices are independent of the market
size n. As a result the DPG- dynamics should be independent of n as
well and consequently the parameter space must be independent of n
too, like for example the classical (—1, 1)- spatial parameter space, after
normalizing the weigth matrix.
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5 Conclusion and Summary

Unlike the time series literature, there has been not much effort in the
spatial econometric literature to substantially examine the parameter
spaces for spatial econometric models. This paper raises three important
issues concerning spatial parameter spaces:

First, current parameter space concepts and practical approaches are
inadequate. This point is supported by the three following observations:

e Since the Kelejian and Prucha 2008 parameter space is only con-
sidering the eigenvalues of the spatial weight matrix, it is only
concerned about the existence of the DGP and not its stationarity.
Hence it can result in nonstationary DGPs if for example the spa-
tial weight matrix mimic a process from the time series literature.

e The Lee and Liu 2010 parameter space can result in too small pa-
rameter spaces, especially if it is confronted with row standardized
weight matrices. Although it will always result in stationary DGPs
it has to be seen as too restrictive.

e Since neither the Kelejian and Prucha 2008 nor the Lee and Liu
2010 parameter space can be used as a mathematical foundation for
the "practitioners" approach of row standardizing, this approach
lacks a theoretical basis.

Second, a useful spatial parameter space can be defined indirectly via
desired mathematical properties. These properties are showing clearly
the difference between the necessary conditions for the existence of the
DGP and its stationarity. Additionally it shows that the Lee and Liu
2010 parameter space can be seen as a special case of this new parameter
space definition.

Third, the power of the new parameter space concept lies in its ability
to account for the inner structure of the spatial lag(s). Hence it is possible
to derive more precise and in some cases larger spatial parameter spaces.
This can be verified with the help of three practical examples:

e Section 4.1 shows that the "practitioners" approach of row stan-
dardizing under the practical assumption that if the weight matrix
before row normalizing was symmetric, the approach always yields
stationary DGPs. Hence, it is possible to give the "practitioners"
approach of row standardizing a mathematical foundation.
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e Section 4.2 handles models with different spatial interactions re-
flecting the assumed group structure. It is possible to find sub-
stantially larger spatial parameter spaces than the ones previously
considered by the literature.

e Finally, the example of spatial panels with fixed n raises two inter-
esting issues: First it is showing that under certain assumptions
about the DGP, it is possible to use almost the whole real line as
the spatial parameter space. Second, it suggested that the implicit
n dependence of the DGP dynamics can for example be seen as a
consequence of different geographic scales.

These results highlight the importance of the spatial parameter space.
Therefore, applied reseachers should be encouraged to deal with their
parameter space in more detail since it could be larger and reveal some
dynamics of the spatial DGP.

A Appendix

Lemma 3 Let W,, a n by n matm’_a; where the typical element W;;, is
defined by (2). It follows that: Sp(W,) = {0}.

Proof. We proof this theorem by using the Jordan normal form: W,, =
F.LoF ;. If the typical element Jij of Fn and v, ; of I, are defined by
(7) and (8) it follows due to the Jordan normal form that the diagonal
elements of T',, are the eigenvalues of W,,.

(7)

fo= lifi=n+1—jand je€{1,2,...,n}
“J 1 0 otherwise

(8)

Note that F,, = F,, L'and T, is a typical Jordan form. It can easily be
seen that W,, = F,L',F -1 = F,T,,f , holds and hence Sp(W,) = {0}.
]

Proof. for the group model -Part A: If we have a model like (5) the
following parameter space fulfills all the 3 parameter space properties:

lp11] < 1, |pyy| < 1 and el a1 et W4 =p11 Wi +paWia+

[1=p2a [1=p11]
P21 Wai + pey Was. Due to |py;| < 1 |pgy| < 1 and max{||W, ||, where
0 € {l,00} andi,j € {1,2}} <1 the inverse of I,;; — p;; Wy1,,1 and
Lo — Py Wia no exist. We use the equation system y; = p;; Wy ,u1y1 +
P12Wn1,n23’2 +s; and y; = 021Wn2,n1}’1 + 022Wn2,n2}’2 + s2. We can
solve these equations and get:

_{1ifj:z'—|—1andi€{1,2,...,n—1}

Yij 0 otherwise
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Y1 = (Tt = p12P21 AT W1 0 Ao Wino 1) ™1 Ax (1o Wit ma Agss + s1)
Yo = (T2 — p12pn Ao W2t ATW 1.02) " A (s Wiz 1 Assy + 5o)
where A; = (I3 —pHWnl,nl)_l and Ay = (L2 —pQQanmg)_l.
Wy Uy
Wy Way

%11 = (L, — p12p21A1Wn1,n2A2Wn2,n1)_1 Ay,

2’12 = (L1 — p12p21A1Wn1,n2A2Wn2,n1)_1 Aip1o Wi oAy,

Wy = (In2 - p12p21A2Wn2,n1A1Wn1,n2)71 A2,021Wn2,n1A1 and

Usy = (L — propor AosWinami AiWo100) P Ay, If we use a Neu-
mannseries we can show that W, exists if || o900 A1 W21 Ao Wa ||
V 1012021 A1 W2 1 Ao Wz [l oo < 1o 012091 A1 Wi 01 Ao Wg ||, V
1P12P21 A1 W1 02 Ao W || . < 1 is true if el _leal 9 gince

[1—paal [1=py;]
< q,and | As < =———. Therefore,
|1 [1—=pasl

the parameter space property 1 1S fulfilled if |py;| < 1, |pye| < 1 and

lp12] P21l
Hfel Pl o
[1—poal [1—p14]

Since [|p12021 A1 Win1,n2 A2 Wzt |} Al 912021 A1 Wit 2 Ao Woo ||, <
1 hold under the proposed parameter space it follows due to Lemma 1,
the boundedness of A; and A, and max{||W,; ,;||, where o € {1, 00}
and 7,j € {1,2}} <1 that parameter space property 2 is also fulfilled.

The parameter space |p;;] < 1, |pes] < 1 and %‘Jf—% < 1 obvi-
ously fulfills the parameter space property 3.

Part B: The following assumptions are being made: W1 ,,1, W2 52,
W21 and W, 2 are row standardized, W,,; ,1 and W,3,2 can be
written as Wnl,nl = Anl,nlwnml,w,ﬂ,m = Anl,TLQWnLnQ,WTLQ,nl =
Anlnang,nl and W5,0 = An27n2Wn27n2 where A represents the row-
standardizing and both anl and anmg are symmetric, HWHOO Wt mall o

;7,2,711 = W1 0 and “Wnlanoo <

It has be shown that ||L,; — p19051 A1 Wi102AsWa ]| < 00. Un-

der the assumptions, it holds: A; = A, =

Lot — 12031 AW 1m0 Ao Wi i lly = 3 |10 | H(Alwnl,n2A2Wn2,n1)kHl =
k=0

Therefore, we find ¥} 4= where

Lemma 6 shows ||A;

1,00 I 00

L.+ p12p21A1Wn1,n2A2Wn2,nl + Z |p12021|k (Al (Hk ! Wnl,nzAzwnz,nlAl) Wn1,n2A2Wn2,n1
k=2 y

o0
R11R22K12K R11R22R12FK: k—1 k—1
1 |P12P21|F11R22F12R21 |p12021 F11R22F12R21 W AW A
+ [1—poa||1—p11] + Z [1—pas|[1—p11] (|p12p21|> H nl,n2432 V¥V n2 nl1431 )
k—1 Ay
since H Wn1n2A2Wn2n1A1H = HH A Wn2n1A Wnlnz =

k-1
an LA 1 W12 Ao W0 1 . < <+> it follows ||L,1 — p12091 A1 W1,n2AsWig 1 ||, <

[1=posl|1=p11]

o0 k
I przp]
(1 + Iilll‘igglilgligl) Z <m < o0 N
k=0
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Lemma 4 If o € {1,00} and ||‘I'n7p||g < 1 then H(In—\I'mp)*l”Q <

1

— e < 0
%,

Proof. Since || ¥,,,[|, < 1 we apply the Neumannseries to write (I, — v,,) =

kgo\ll’;,p. Therefore, ||(I,, — \I'nyp)_lng = kgo‘l"fl,p < ];)”qlﬁ,pHg <
4

];0 (R IZ = m < 0o. The inequality follows due to the triangle

inequality (see Horn Johnson) and the second due to the sub- multiplica-
tivity of these matrix norms. m

Neumannseries'®: If |¥,| < 1 for any matriz norm it follows'”
(L= W,,) = > Wk
k=0
Proof. First: Let |®,] < 1 then: lim ||¥%|| < lim |®,]" = 0,,
k—o0 k—o0

(for the first inequality we use the sub- multiplicativity of these matrix
norms). Therefore, lim ¥F = 0,,. Second, we show (I, — lIln’p)f1 =

kz—o‘I’ii (In_ np)kZo‘I,k—I <:>( - np)zlpk hmI ‘Ilfz,p;

oI, ~1, m
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