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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: 
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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,6 
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, 1996–2002 
 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-
lag 

Yes Yes Yes Yes Yes Yes Yes 

Robust LM-
error 

No No No No Yes 
(95%) 

No No 

Suggested 
model 

Spatial 
lag 

Spatial 
lag 

Spatial 
lag 

Spatial 
lag 

?? Spatial 
lag 

Spatial 
lag 

Yes: H0 rejected (significant at the 99 per cent level). 
No: H0 not rejected. 
 
Table 9 – Fit statistics for the benchmark model specifications, 1996−2002 
Model (Pseudo-)R2 Lag coefficient 
OLS 0.3276 − 
Spatial lag 0.7528 0.57*** 

Spatial lag w/ time fixed effects 0.7934 0.57*** 
*** 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-
R2 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 1996–2002 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. 
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