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- a simple OLS regression;
- a spatial lag panel model,
- a spatial lag panel model with time fixed effects.

A spatial lag model is computed as follows:

y=pWy+XB+u,

u~(0,Q), ©)
where the values assumed by the dependent variable y are explained by spatial autoregressive
values defined according to a row-standardized geographic weights matrix W, and by the
values of the explanatory variables. We choose to compute a spatial lag panel model on the
basis of a set of specification search LM tests (Anselin 1988, 2002), carried out year-by-year,’
a summary of which is presented in Table 8. The spatial-lag time-fixed-effects specification is
an expansion of the spatial lag model illustrated above, in that it also employs year dummies
to take into account temporal shocks. Results for the three models appear in Table 9.

Table 8 — Year-by-year specification search LM test results, 19962002
1996 1997 1998 1999 2000 2001 2002

LM-lag Yes Yes Yes Yes Yes Yes Yes
LM-error Yes Yes Yes Yes Yes Yes Yes
Robust LM- Yes Yes Yes Yes Yes Yes Yes
lag

Robust LM- No No No No Yes No No
error (95%)

Suggested Spatial Spatial Spatial Spatial 7? Spatial Spatial
model lag lag lag lag lag lag

Yes: Hy rejected (significant at the 99 per cent level).
No: Hj not rejected.

Table 9 — Fit statistics for the benchmark model specifications, 1996-2002

Model (Pseudo-)R’ Lag coefficient
OLS 0.3276 —

Spatial lag 0.7528 0.57""

Spatial lag w/ time fixed effects 0.7934 057"

99 per cent significant.

Results reported in Table 9 indicate that the fittings of the three benchmark model
specifications are poorer than that for the GLMM specification (which has an average pseudo-
R* of 0.945), mostly because its random effects term is a surrogate for various model
deficiencies. The signs of the covariates were found to be consistent with those previously
observed (Table 4 and Table 6).

Given these results, we can conclude that the GLMM estimation provides a satisfactory
statistical description, showing higher fitting than the benchmark models and providing
parameter estimates consistent with the expectations. However, implementing more suitable
comparison models, which mirror the serial correlation captured by the GLMM, as well as the

6 Ideally, single specification tests could be carried out for the entire time range. We resorted to cross-sectional
diagnostics, since the software packages employed (Geoda and R) do not provide such a possibility.
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geographically-varying effect of the GLMM intercept, is more desirable. This need for further
computations is reflected in the conclusions of this paper.

5. Conclusions

In this paper we presented an analysis of German regional unemployment data by means of
‘spatial filtering’ techniques. The analysis enabled us to uncover underlying spatial structures
by selecting sets of ‘spatial filters’ that significantly explain geographic variations in a given
dataset. In addition, we observed subsets of spatial filters that (partially) define spatial
structure over time. The spatial filters selected in this case are the ones that were common to
the analyses carried out for each year in the 19962002 period.

If shown as graphical visualizations, the spatial filters found in our analyses provide certain
indications of the geographical distribution of unemployment trends. Using Figure 2 as an
example, map (a) can be interpreted as the visualization of a North-South divide, while maps
(b), (c), and (d) seem to distinguish particular areas from the rest of the country. Additional
eigenvectors (not shown here) show smaller scale patterns of the regional/local spatial
dependence structure.

The initial analysis then was repeated, in Section 4.3, by introducing into the initial spatial
statistical framework three explanatory variables with socio-economic meaning: wages,
employment and population. We constructed new sets of spatial filters, which, in this case, are
the result not only of the analysis of the dependent variable, but also of the covariates. We
show, in this case as well, the possibility to select a time-invariant spatial filter subset that
accounts for spatial structures in all the years of data analysed. Subsequently, a GLMM,
estimated via a penalized quasi-likelihood procedure, was used in order to model
unemployment rates by means of the covariates and the spatial filter components jointly. We
show that the GLMM estimation provides a high level of statistical reliability, as well as
parameter estimates consistent with the literature.

The results obtained in this paper illustrate spatial structure underlying georeferenced
unemployment data. Nevertheless, future research along these lines is needed. On the
empirical side, a proxy of spatial economic linkages could be employed as an alternative to a
spatial weights matrix based on a contiguity rule. Also, the analysis of unemployment levels
has its counterpart in that of employment growth rates. Future investigations should address
this objective. Furthermore, the analysis of unemployment levels should be more formally
concerned with the joint analysis of factors pertaining to labour supply and demand. While the
introduction in this analysis of three covariates is a first step, future investigations need to
address this issue, for example adopting a full regional labour markets model, such as the one
of Blanchard and Katz (1992). On the methodological side, a comparison of the performance
of the spatial statistical approach with other conventional spatial econometrics methods, as
well as with non-linear approaches, such as neural networks, is desirable. Mixed neural
networks/spatial filtering approaches also should be tested. Policy-wise, more in-depth
examination of the spatially-filtered GLMM residuals resulting from the analysis should be
carried out, in order to fully grasp the benefits of the methodology applied.

The analyses presented in this paper have highlighted the relevance — and most importantly
the persistence — of spatial structures in German regional unemployment rates (and, we could
generalize, in the corresponding labour markets). Our finding of common spatial filters for
different years is a reflection of this general stability. Consequently, the spatial filtering
technique employed here is one of several useful tools that can be deployed in the analysis of
regional disparities.
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Finally, a detailed spatial filter analysis of the individual covariates used here also is
desirable, for comparison purposes and to attain a better understanding of the role played by
spatial structure.

References

Akaike H. (1974) A New Look at the Statistical Model Identification. IEEE Transactions on
Automatic Control 19 (6), 716-23

Anselin L. (1988) Spatial Econometrics: Methods and Models. Dordrecht Boston: Kluwer
Academic Publishers

Anselin L. (2001) Spatial Econometrics. In B.H. Baltagi (ed.), 4 Companion to Theoretical
Econometrics (pp. 310-30). Malden: Blackwell

Anselin L. (2002) Under the Hood: Issues in the Specification and Interpretation of Spatial
Regression Models. Agricultural Economics 27 (3), 247-67

Anselin L., R.J.G.M. Florax and S.J. Rey (eds) (2004) Advances in Spatial Econometrics.
Berlin Heidelberg New York: Springer

Bayer C. and F. Juessen (2007) Convergence in West German Regional Unemployment
Rates. The German Economic Review 8 (4), 510-35

Blanchard O.J. and L.F. Katz (1992) Regional Evolutions. Brookings Papers on Economic
Activity 1, 1-75

Bockstael N.E. (1996) Economics and Ecological Modeling: The Importance of a Spatial
Perspective. American Journal of Agricultural Economics 78 (5), 1168-80

Breslow N.E. and D.G. Clayton (1993) Approximate Inference in Generalized Linear Mixed
Models. Journal of the American Statistical Association 88 (421), 9-25

Carlino G.A. and E.S. Mills (1987) The Determinants of County Growth. Journal of Regional
Science 27 (1), 39-54

Cliff A.D. and J.K. Ord (1981) Spatial Processes: Models & Applications. London: Pion

Cracolict M.F., M. Cuffaro and P. Nijkamp (2007) Geographical Distribution of
Unemployment: An Analysis of Provincial Differences in Italy. Growth and Change
38 (4), 649-70

Eckey H.-F. (2001) Der Wirtschafliche Entwicklungsstand in den Regionen des Vereinigten
Deuschland (Discussion Papers in Economics 20/01). Kassel: University of Kassel,
Institute of Economics

Elhorst J.P. (1995) Unemployment Disparities between Regions in the European Union. In
H.W. Armstrong and R.W. Vickerman (eds), Convergence and Divergence among
European Unions (pp. 209-21). London: Pion

Elhorst J.P., U. Blien and K. Wolf (2007) New Evidence on the Wage Curve: A Spatial Panel
Approach. International Regional Science Review 30 (2), 173-91

Evans M. and T. Swartz (2000) Approximating Integrals via Monte Carlo and Deterministic
Methods. Oxford: Oxford University Press

Getis A. (1990) Screening for Spatial Dependence in Regression Analysis. Papers of the
Regional Science Association 69, 69-81

Getis A. (1995) Spatial Filtering in a Regression Framework: Examples Using Data on Urban
Crime, Regional Inequality, and Government Expenditures. In L. Anselin and
R.J.G.M. Florax (eds), New Directions in Spatial Econometrics (pp. 172-85).
Heidelberg: Springer

Getis A. and D.A. Griffith (2002) Comparative Spatial Filtering in Regression Analysis.
Geographical Analysis 34 (2), 130-40

Griffith D.A. (1996) Spatial Autocorrelation and Eigenfunctions of the Geographic Weights
Matrix Accompanying Geo-Referenced Data. The Canadian Geographer 40, 351-67

20



Griffith D.A. (2000) A Linear Regression Solution to the Spatial Autocorrelation Problem.
Journal of Geographical Systems 2, 141-56

Griffith D.A. (2003) Spatial Autocorrelation and Spatial Filtering: Gaining Understanding
through Theory and Scientific Visualization. Berlin, New York: Springer

Griffith D.A. (2004) A Spatial Filtering Specification for the Autologistic Model.
Environment and Planning A 36 (10), 1791-811

Griffith D.A. (2008) A Comparison of Four Model Specifications for Describing Small
Heterogeneous Space-Time Datasets: Sugar Cane Production in Puerto Rico, 1958/59-
1973/74. Papers in Regional Science 87 (3), 341-55

Griffith D.A. and J.H. Paelinck (2009) Specifying a Joint Space- and Time-Lag Using a
Bivariate Poisson Distribution. Journal of Geographical Systems (forthcoming)

Haining R. (1991) Bivariate Correlation and Spatial Data. Geographical Analysis 23, 210-27

Kelejian H.H. and L.R. Prucha (1998) A Generalized Spatial Two-Stage Least Squares
Procedure for Estimating a Spatial Autoregressive Model with Autoregressive
Disturbances. Journal of Real Estate Finance and Economics 17 (1), 99-121

Kelejian H.H. and L[R. Prucha (1999) A Generalized Moments Estimator for the
Autoregressive Parameter in a Spatial Model. International Economic Review 40, 509-
33

Kosfeld R. and C. Dreger (2006) Thresholds for Employment and Unemployment. A Spatial
Analysis of German Regional Labour Markets 1999-2000. Papers in Regional Science
85 (4), 523-42

Lacombe D.J. (2004) Does Econometric Methodology Matter? An Analysis of Public Policy
Using Spatial Econometric Techniques. Geographical Analysis 36 (2), 105-18

Lee L.-F. (2004) Asymptotic Distributions of Quasi-Maximum Likelihood Estimators for
Spatial Autoregressive Models. Econometrica 72, 1899-925

Longhi S. and P. Nijkamp (2007) Forecasting Regional Market Developments under Spatial
Autocorrelation. International Regional Science Review 30 (2), 100-51

Lopez-Bazo E., T. del Barrio and M. Artis (2002) The Regional Distribution of Spanish
Unemployment: A Spatial Analysis. Papers in Regional Science 81 (3), 365-89

McCullogh C.E., S.R. Searle and J.M. Neuhaus (2008) Generalized, Linear, and Mixed
Models. Hoboken: John Wiley & Sons

McQuarrie A.D.R. and C.-L. Tsai (1998) Regression and Time Series Model Selection.
Singapore River Edge: World Scientific

Niebuhr A. (2003) Spatial Interaction and Regional Unemployment in Europe. European
Journal of Spatial Development 5

Oud J., H. Folmer, R. Patuelli and P. Nijkamp (2008) A Spatial-Dependence Continuous-Time
Model for Regional Unemployment Analysis in Germany. Lugano: Quaderno N. 08-
11, Faculty of Economics, University of Lugano

Patuelli R. (2007) Regional Labour Markets in Germany: Statistical Analysis of Spatio-
Temporal Disparities and Network Structures. Unpublished Ph.D. Thesis, VU
University Amsterdam, Amsterdam

Patuelli R., A. Reggiani, P. Nijkamp and U. Blien (2006a) New Neural Network Methods for
Forecasting Regional Employment: An Analysis of German Labour Markets. Spatial
Economic Analysis 1 (1), 7-30

Patuelli R., D.A. Griffith, M. Tiefelsdorf and P. Nijkamp (2006b) The Use of Spatial Filtering
Techniques: The Spatial and Space-Time Structure of German Unemployment Data
(TI Discussion Paper 06-049/3). Amsterdam: VU University Amsterdam

Tiefelsdorf M. and B. Boots (1995) The Exact Distribution of Moran's 1. Environment and
Planning A 27, 985-99

21



Tiefelsdorf M. and D.A. Griffith (2007) Semiparametric Filtering of Spatial Autocorrelation:
The Eigenvector Approach. Environment and Planning A 39 (5), 1193-221

Tiefelsdorf M., D.A. Griffith and B.N. Boots (1999) A Variance Stabilizing Coding Scheme
for Spatial Link Matrices. Environment and Planning A 31, 165-80

Venables W.N. and B.D. Ripley (2002) Modern Applied Statistics with S (4th ed.). New York:
Springer

Weinhold D. (2002) The Importance of Trade and Geography in the Pattern of Spatial
Dependence of Growth Rates. Review of Development Economics 6 (3), 369-82

Williams D.A. (1982) Extra-Binomial Variation in Logistic Linear Models. Applied Statistics
31 (2), 144-8

Wolfinger R. and M. O'Connell (1993) Generalized Linear Mixed Models: A Pseudo-
Likelihood Approach. Journal of Statistical Computation and Simulation 48 (3-4),
233-43

22



