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Abstract

Traditionally, research has been devoted almostiusixely to estimation of
underlying structural models without adequate #erto the drivers of diffusion and
interaction across cross section and spatial WMesreview some new methodologies
in this emerging area and demonstrate their usmeasurement and inferences on
cross section and spatial interactions. Limitatiand potential enhancements of the
existing methods are discussed, and several directfor new research are
highlighted.
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1. Introduction

Many studies in applied statistics and econometiwgern situations where there is
substantial cross section dependence. The usuadagbpto the representation of such
spatial dependence is to define a spatial weighttsixn which represents a theoretical
and a priori understanding of the nature of spatigrdependence between different
geographical regions or, more generally, betwedierdnt economic agents. These
spatial weights represent patterns of interactioth @iffusion, and thereby provide a
meaningful and easily interpretable representatdnspatial interaction (spatial
autocorrelation) in spatial dependence models.olmtgnation with spatial structure
(spatial heterogeneity), they offer a useful framgwfor studying cross-sectional
dependence (see, for example, Anselin, 1988, 199 .spatial weights are usually
interpreted as functions of relevant measures oh@mic or geographic distance
(Anselin, 1988, 2002). The distance between twaegeeflects their proximity with
respect to unobservables, so that the joint digiobh of random variables at a set of
points can be represented as a function of theamsimndistances between them.

The choice of appropriate spatial weights is areémbmponent of spatial models as
it imposes a priori a structure of spatial depewdenwhich may or may not
correspond to reality. Further, the accuracy oé¢hmeasures affects profoundly the
estimation of spatial dependence models (Ansed22 Fingleton, 2003). Indeed, a
challenge for empirical analysis and structurall@xgtions is that interaction between
observation units often cannot be either precisedgsured or in other ways explained
by observed measures of distance.



This is particularly true since, in many applicasp there are multiple possible
choices and substantial uncertainty regarding thpragoriate choice of distance
measures. However, while existing literature corgan implicit acknowledgment of
these issues, most empirical studies treat sp@diad sometimes spatio-temporal)
dependence in a superficial manner assuming itflexdiffusion processes in terms
of known, fixed and arbitrary spatial weights mags (Giacomini and Granger,
2004). The problem of choosing spatial weights bex®o a key issue in many
applications.

In this paper, we review the current literatureroethods that take a nonparametric
view on the nature and strength of spatial diffnsamd cross section interaction. As a
new departure from the literature, this growingwoé of research is developing
methods for estimating spatial weights (or inteoad) that are consistent with an
observed pattern of spatial (or cross sectiongheddence. Once these interactions
have been estimated they can be subjected to iatation in order to identify the
true nature of spatial dependence, representingn#fisant departure from the usual
practice of assuming a priori the nature of spatiéractions. The methods are
illustrated with examples, and important open regegquestions are highlighted.

Consider, for example, an application to diffusiorhousing demand or prices across
housing markets in England. It is commonly beliewadt most housing shocks
originate from London, though how these shocks frepagate through space is not
well understood. In this context, questions like following are natural: which is
closer to London — Hertfordshire, BuckinghamshireBarmingham? If geographic
distance is the relevant criteria, Hertfordshire &uckinghamshire are much closer
to London than Birmingham. However, if the criteridss sociocultural distance,
Birmingham may be closer. Then, which distance mneag more appropriate for
spatial dynamics in housing markets? Previous reke@hattacharjee and Jensen-
Butler, 2005), discussed later, suggests that apsatillover from excess housing
demand in London are significantly higher for theouth East (containing
Buckinghamshire) and the West Midlands (contairBngningham) than they are for
the East of England (containing Hertfordshire). §hwhile geographic distance may
be a useful measure to understand spatial diffubietiveen certain regions (like
London and the South East), it is certainly notrappate for some other regions (like
London and West Midlands or London and the EasEwngland). This situation
highlights typical challenges faced by research&ttaglying spatial diffusion in
housing demand and price signals — there are massilge drivers of the diffusion
process, none of which explains diffusion in afjioms.

The paper is organised as follows. In Section 2follew Bhattacharjee and Jensen-
Butler (2005) and describe estimation of the spateights matrix in a spatial error
model. We emphasize that estimation of spatial eigonsistent with an estimated
pattern of spatial autocorrelations is a partiathgntified problem, and therefore
structural constaints are required for precisenetdion; symmetry of the spatial
weights matrix constitutes such a valid set of idging restrictions. Section 3, based
on Bhattacharjee and Holly (2008a), considers edion and inference on
interactions under moment restrictions which exgicexploit the spatio-temporal
nature of panel data on economic agents. While pileeious methods consider
interactions that are deeply structural, Sectia@egcribes methods (Holly et al., 2008)
that allow for spatial effects that may be driveyn inobserved common factors.



Following this, we discuss issues relating to samgpbf spatial units. We argue that
the methods discussed can be used to suggest apprgampling plans (Section 5).
However equally importantly, the methods can da#i endogeneity in the selection
of sampling units, and that a selection shoulddbaimed for a period of time to allow
for appropriate elicitation of spatial effects inpanel setting. Finally, Section 6
concludes, highlighting strengths and weaknesséseafiscussed methods, as well as
areas of new applications and research.

2. Estimation of spatial weights in a spatial errormodel

Bhattacharjee and Jensen-Butler (2005) considema&tsbn of a spatial weights
matrix in a spatial error model with spatial autyessive errors. They consider a
setting where a given set of cross section unitge hfixed but unrestricted
interactions; these interactions are inherentlycstiral in that they are related to an
underlying structural economic model.

Specifically, Bhattacharjee and Jensen-Butler (20€&nsider a structural spatial
model of regional housing demand)( Demand within a region is explained by the
effects of explanatory variablexX)( and diffusion of excess demand from other
regions. The spatial externalities in the form ehrnd diffusion are driven by the
completely unspecified pattern of spatial weiglgisgn by the spatial weights matrix
W) and the strength of spatial spillovers in eachia® described by spatial
autocorrelation parametesg. The model and its reduced form are as follows:

D, =X,.f+u,, t=1..T

u =RWu, +¢,
=D, =X,.B+( -RW) ¢,
where there ar& time periodst(=1, ... , ) andK regionsk =1, . .., K, D;is the

K x 1 vector of regional demand in periqdV is an unknown spatial weights matrix
of dimensiorK x K, R = diag (o1, p2,-.. ,px) IS aKxK diagonal matrix containing the
(possibly heterogeneous) spatial autoregressioanpeters for each region, andis
theK x 1 vector of independent but possibly heteroscedaptdtial errors.

Bhattacharjee and Jensen-Butler (2005) show thidowi any structural constraints
on the spatial weights matrtxthe estimation problem is only partially identifieup
to an orthogonal transformation of interactionsm@&etry of the spatial weights
matrix constitutes one set of valid identifyingtrections. Under such assumptions,
they describe inference methods and an algorithme&timation of the unknown
spatial weights matrix.

Application of the methods for understanding spafifusion in housing demand
across government office regions in England and e@/grovide important and
interesting inferences. The topological map implydthe estimated spatial weights
(Figure 1) demonstrates that, while contiguity gedgraphic distance provide some
understanding of the strength of inter-region iat#ions, other factors such as socio-
cultural distances and transport infrastructure malap drive the spatial diffusion in
housing demand. Further, some significant negapadial interactions (not allowed

! Other than the condition th&k — R.W) is nonsingular which is required for identificatiin the
reduced form.



in typical spatial econometric applications basedgeographical distance) suggest
alternative markets and asynchronous housing cycles
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Figure 1: Topological Map of England and Wales baskon spatial weight$

However, the identifying restrictions of symmetryaynbe too strong in some
applications. Bhattacharjee and Holly (2008b) apgitpilar methods to committee
decision making under a different set of identi§ystructural constraints.

3. GMM based inferences on endogenous interactions

As discussed above, identifying structural resoig in Bhattacharjee and Jensen-
Butler (2005) can be quite restrictive in many agilons. Besides, standard errors in
the above method have to be estimated by a bootgracedure which can be
cumbersome. Bhattacharjee and Holly (2008a) devalomlternative GMM based
methodology for estimating spatial or interactioreigihts matrices which are
unrestricted except for the validity of the inclddmstruments and other moment

conditions.

2 E: East of England; EM: East Midlands; L: Great®ndon; NE: North East; NW: NorthWest;
SE: South East; SW: SouthWest; W: Wales; WM: Weistiduhds; YH: Yorks & Humberside.

% Weaker (less significant) spatial weights are shdw dashed lines and dotted lines, denoting
significance at only 5% and 10% level respectivedy lines denote negative spatial weights.



Importantly, the above method assumes a nonemptyf s#her cross section units,

correlated with the units under consideration, tnich may change over time,

expand or even vanish. Specifically, motivated bg tsystem GMM approach

(Arellano and Bond, 1991; Blundell and Bond (199Bgy use these additional cross
section (or spatial) units to constitute instrursenh addition to temporal lags

normally available as instruments in a panel datirng. Bhattacharjee and Holly
(2008a) also develop useful extensions of theithoalogy to a model with interval

censored responses.

In a simple way, the above methodology exploitsgaeel nature of the data as well
as spatial interactions to obtain robust inferenoesthe presence of potential
endogeneity. This is particularly important in nmeconomic and spatial contexts
where the positions of economic agents or regiangebgraphical and quality space
are determined strategically, and therefore endmgsy, as a result of repeated cross
section interactions; see also Pinkse et al. (2868)Conley and Topa (2003).

Similarly, recent developments in the economicaetivorks suggest that the pattern
of connections between individual rational agehispgs their actions and determines
their rewards (Goyal, 2007). Understanding, emallyc the precise form of
interaction actually observed is an important cerpdrt to the development of the
theory of networks. Thus, in the context of come&#t and social networks, where
theory suggests certain simple equilibrium netwstrkictures, these methods can be
employed to examine alternative network architesguas well as constraints on
information sharing and incentive compatibility.

Buiter

Figure 2: Connections weights within the Bank of Egland’s MPC*

* Significant directed interactions are shown iro®s, with corresponding figures relating to estiedat
connections weights. The ellipses are drawn pragmat to total influence of each member in decision
making within the committee. Blue ellipses corrashdo internal members of the committee, and



One of the important examples is a monetary patmymittee (for example, in the
European Central Bank or the Bank of England) wineeenbers are expected to hold
either partisan views depending on the constituethey they represent (such as
regions in Europe or sectors in the economy) oerttse have incentives to behave
strategically. Bhattacharjee and Holly (2008a,h)dgt committee decision making
within the Bank of England’s monetary policy comie# (MPC). Personalities of
committee members are reflected in heterogeneitiggrpolicy reaction functions for
the different members, as well as in interactiom®@g members that can be strategic
or just a result of likemindedness. Evidence pototsstrong interactions between
members, and the network architectures that emeffge interesting insights into
capacity constraints, transaction costs and ineesiti Specifically, estimated
connections weights for voting behaviour of seldcteembers in the Bank of
England’s Monetary Policy Committee (Figure 2) pdev strong evidences of
asymmetry, incomplete connectivity as well as safisl heterogeneity in influence
within the committee. Further, negative interactiagights point to strategic voting.

It is an empirical question as to which sets ofntdging assumptions, structural
restrictions as in Bhattacharjee and Jensen-B(#05) or moment restrictions as in
Bhattacharjee and Holly (2008a), is more approgriatthe context of any specific
application.

4. Spatial interactions driven by unobserved commofactors

The above two methodologies are based on an irh@ssumption that spatial
interactions are structural in a deep sense, rdtimmn being driven by common
unobserved factors. In the context of the housieigahd example, this implies that
whatever factors drive spatial autocorrelation, tiwbe geographic distance or
something more intricate, it has no direct effattegional housing demand. It shapes
a particular pattern of spatial interactions, whibbn affects the spatial diffusion of
shocks, and which in turn we can identify and infigon using the above methods.

However, spatial effects are also potentially dnivy common unobserved factors.
There is some discussion of this issue in thedlitee on regional growth and
convergence literature; see, for example, Evans ladas (1996). The above
methods are not applicable in the presence of seohmon factors which affect
spatial responses across multiple regions.

Holly et al. (2008) have developed alternative radttogy for inferring on spatial
interactions in such cases, based on the commorelatd effects (CCE)
methodology developed in Pesaran (2006). Spedificdhey show how these
common factors can be adjusted for, in a simple,wgyincluding in the estimated
regression model cross section averages of allidged regressors and the dependent
variable.

Applying their methods to analysis of changes ial teouse prices within the UK
economy at the regional level, Holly et al. (20883 evidence that adjustment to
shocks involves both a region specific and a spatiact.

green ellipses to externally appointed membersgdig@gdGeorge was the Governor over the period
under analysis.



Shocks to a dominant region - London - are promabaiontemporaneously and
spatially to other regions, but they impact on otregions with a delay. There are
also potential lagged feedback effects back talthrainant region. In turn, London is
linked to international developments through stackd bond markets. New York
house prices have a direct but lagged effect ordbanrhouse prices.

Finally, in the context of the methodology usedHiolly et al. (2008), it is potentially
possible to additionally infer on the drivers oétbtructural spatial effects. This can
be achieved by combining the common correlatedceffenethod with the methods
discussed in the previous sections.

5. Sampling of spatial units

The sampling issues relating to the line of engpitysued in this paper are important
both for credible data analyses as well as forcéffe collection of spatial data by

statistical agencies. It is well understood thavey design plays an important role in
data collection, and potentially impacts upon atiedy results through sample

selection biases.

At the same time, the issues relating to developroéreffective spatial sampling
plans for analyses of the type presented here atevery clearly understood.
Therefore, research in this area is of immense rfapoe. To the best of our
understanding, there are some important issueswiald potential for important and
useful research in the area.

First, the methods considered in this paper explieiccount for endogeneity in the
selection of cross section and spatial units. Thig line with prior research, for
example by Pinkse et al. (2002), Conley and Top@32and Pesaran (2006). Indeed,
it is likely that statistical data collection inaal (and perhaps even cross section)
context will be endogenously related to the sizeé iamportance of spatial units, such
as towns and regions. Therefore, treating spatiatts as potentially endogenous is
an important aspect of such analyses. In doingitsis, expected that part of the
adverse impact of sample selection bias is poignéhminated.

However, and secondly, the effect of such selecbi@ses and potential ways to
account for selective sampling have not been adelyustudied in the literature. We

do not know what the results of such enquiry wd| Bnd point this out essentially as
an important direction of future research. Speailic developing appropriate

selection models in a spatial and cross sectidimgetill be an important objective of

such research.

Third, such selection models can in turn be eféetyi used to classify core
components of the spatial model from those in teeppery. Importantly, this can
then inform statistical agencies regarding furtdervelopment of effective survey
designs for spatial data. Further, this is impdrtior effective identification of

moment conditions (essentially based on periphenék) in some of the reviewed
methods such as the one proposed in BhattachargeEally (2008a).

® The analysis of sampling issues in the paper kesiour discussion, and owes much to the useful
recommendation of an anonymous member of the NTa&h8fic Committee.



Finally, and perhaps most importantly, the immepstential of methods reviewed
here and related future research derives cruciediyn the panel nature of the data.
This is, in particular, important not only for adfments for unobserved fixed and
random effects at the cross section level, but &soaccumulating evidences of
spatial interaction and diffusion patterns overetirin this context, it is certainly very
important for research that sampling of the sametiapunits are continued over
substantial time to render such methods effectngewseful.

6. Conclusion

In this paper, we reviewed several new methodslfawing inferences on spatial and
cross section interactions. In each of the exampbesidered above, the interactions
can be represented in the form of regression madedse attributes of an observation
unit are a function of endogenous attributes ofdter units. Much of the literature
on cross section dependence has focused mainlystomagion of the regression
coefficients in an underlying model, in a way tlstconsistent under unrestricted
cross section dependence. However, estimationrdatences on the magnitude and
strength of spillovers and interactions has beegels ignored. At the same time, as
the above examples illustrate, such inferencesnapertant, not least because they
have structural interpretations and provide usedhibrpretation and structural
explanation for the strength of any interactions.

Research in the above area, both empirical andoecetnic, is still in its infancy.
Here, we have discussed some new methodologiesllasulated these with some
examples. We have also discussed limitations of dkailable methods. Most
importantly, our survey suggests several new ideadurther and useful research.
This includes development of new methodologiesamigining the common factor
approach with structural spatial interactions, &lso important new research ideas
relating to sampling of spatial units.

Also, further applications of the methods need ¢éodeveloped. For example, an
important application area would be economic cogeece of countries and regions.
Previous research suggests that there are stdiiéeedces in productivity across
regions in the EU. Potentially, such spatial inddyiaan be explained by technology
transfer, where some regions are more efficiengenerating new technology or
technology absorption. In turn, technology transéeoften related to trade (imports
and/ or exports), FDI etc., while technology absorp depends on human capital,
R&D and similar features. However, theory providesclear guidance as to which of
these channels are more important, or indeed #tivel importance varies across
regions. Further, while some of the diffusion canelxplained by the pull of common
factors, there may be institutional features timdiaemce or depress technology transfer
between specific pairs of regions. In empiricaldgts, it is useful to allow for
technology transfer in relatively unrestricted manm@and further, to infer on the
strength and direction of inter-region diffusioniielbeing agnostic about the specific
drivers of such interaction; see Bhattacharjee dedsen-Butler (2005) for a
simulation based on the US, and Bhattacharjee.ef2807) for an application to
Danish regions. Further research along similarslingll be important for our
understanding of convergence both within the EU elasdwhere.
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