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Abstract: This paper proposes a set of tools for anaysing the regiona distribution of
unemployment. As we were interested in the characteritics of the distribution as awhole,
resultsfrom a traditiona regression analysis were complemented with those obtained by
edimating its externa shape before and after being conditioned to factors underlying regiond
unemployment. In addition, the paper specificdly consders the spatid characterigtics of the
digribution, and the empiricad modd developed in order to determine explanatory factors
includes spatid effects. This framework is applied to the study of the provincia distribution
of unemployment rates in Spain. Results point to increasing spatia dependence in the
digtribution of regiond unemployment rates, and a change in the factors causing regiona

differentids over the last decade.
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“Spain’s cooking can be considered by way of the different autonomous

regions, although there are similarities between neighbouring areas’

Iberia Airline Magazine (December 1999)
1. INTRODUCTION
High unemployment rates have typified some European countries in recent decades. Most
studies point to structura conditions and rigidities of the labour market, together with the
system of unemployment benefit in those European economies, as the major causes of such
high figures (Bean, 1994). In addition to the question of nationwide aggregate unemployment,
another interesting, but less studied, aspect is the geographical ditribution of unemployment.
Thereis, however, evidence as to the relevance of spatia differentials with respect to
unemployment rates in Europe, Canada and the US. Aside from the fact that |abour markets
remain essentidly regiona, there are reasons for considering unemployment from aregiond
point of view. Elhorst (2000) proposes three: the magnitude of regiona differences between
regions within countries; the absence of explanations for the existence of regiona
unemployment disparities in macroeconomics, and the inefficiency created by such disparities
in the economy as awhoale. In this regard, most previous contributions have amed to andyse
the determinants of regiona unemployment by usng aregresson anays's, in which
unemployment in regions of a given economy is explained by a set of explanatory variables
that include characterigtics of the regiond labour market, of the population, the industrid mix,
natiorwide unemployment, etc (Marston, 1985; Elhorst, 1995; Partridge and Rickman, 1997,
Taylor and Bradley, 1997)".

Such analyses provide an estimate of the effect that each factor has on the unemployment

rate of an average or representative region in the sample being andysed. Quah (1993, 1996)
initidly raised this point with respect to growth regressions. He suggested studying the effect

on the whole digtribution of the economic variable under analyss by complementing the

! Taylor and Bradley (1997) and Elhorst (2000) discuss the determinants of regiona unemployment and



traditiona analysis with dternative techniques. This gpproach has recently been applied to the
andysis of the dynamics of regiond unemployment rates (Overman and Puga, 2002; L 6pez-
Bazo et a, 2000). In this paper, we develop it further by combining the results of aregresson
andyds with the estimation of the shegpe of the regiona didtribution of unemployment,
conditiona to some of the above-mentioned factors. Comparing the red observed ditribution
with that in which the impact of the explanatory variables has been removed dlows therr
effect on the characteritics of the distribution as awhole to be determined. Our results
provide interesting indghtsinto, for example, the formation of groups of regions with

Separate unemployment rates.

We bdlieve, also, that andyses of regiond unemployment should specificaly consder
the spatia characterigtics of the digtribution, and empirica modds developed in order to
determine explanatory factors should include the possibility of spatia effects. Spatia
interactions across regiond labour markets may be the result of workersin aregion being
willing to fill vacanciesin other regions and firms looking for workers outsde theregionsin
which they are located. Burda and Profit (1996), for locd |abour marketsin the Czech
Republic, and Burgess and Profit (2001), for the travel-to-work areasin Britain, have
provided evidence for the existence of such spatid interactions. More generaly, the outcome
of the labour market in aregion could be influenced by the circumstances of other regionsin
the system. In this regard, Bronars and Jansen (1987) and Molho (1995) report the
sgnificance of satid spilloversin the process by which unemployment differentids adjust to
local shocksin the UK and the US, respectively.

Accordingly, our study includes an explicit spatid econometric andysis of the regiond
digribution of unemployment and, therefore, is consstent with the work of Rey and
Montoury (1999), who reconsidered the question of regiona economic growth from a spatia

econometric perspective. Thar paper provided new ingghts into the geogrgphica dynamics

summarise results from previous research.



of US regiond income growth patterns by applying methods of exploratory spatial data
andydssand induding spatid effectsin the econometric models used to study regiond
income convergence.

In our paper, we apply the andysis of the regiond didribution of unemployment rates,
induding spatid effects, to Spanish unemployment. Severd studies have tried to explain why
unemployment in Spain has behaved the way it has, and also, why it has followed a different
pattern to that experienced in other countries (Bentolila and Blanchard, 1990; Blanchard and
Jmeno, 1995; Dolado and Jmeno, 1997; Marimon and Zilibotti, 1998). However, the
regiond digtribution of unemployment rates in Spain has atracted less attention. Y e, as will
be shown below, the Spanish case is somewhat extreme in thisregard as well. The
distribution of unemployment rates is characterised by sizesble differences between regions
and aremarkable stability in their ranking. Thus, the Spanish provinces (NUTS I regionsin
Spain?) with the highest unemployment in the late nineties have rates that are dmost double
the Spanish average for those years. They were aso among the regions with the highest rates
in previous decades. In contrast, some other provinces had rates that were actudly below the
EU average. Indeed, in recent decades they have consistently been among the most favoured
provinces in Spain, with rates never above haf the Spanish average.

Our andysisisfocused on the digtribution of unemployment in the50 Spanish provinces
for two particular years, 1985 and 1997. It isinteresting to study changesin the digtribution
over aperiod in which the Spanish economy underwent important economic reformsas a
result of the processes of market liberdisation, openness and integration into the European
Union. In addition, labour market reformsin that period were aimed at incressing flexibility

and deregulatior?. It islikely that Spanish regions did not dl react in the same way to these

2 Most labour commuting takes place within these territoria units, so they can be taken to gpproximately define
integrated labour markets. The dze of the average province, as messured by the labour force, was 571,654
workersin 1985 and 644,879 in 1997.

® There have been various reforms in labour market legidlation in Spain over the last two decades (1984, 1992,



reforms. In addition, the determinants of unemployment differences across provinces may
have changed during that period, and this isin fact confirmed by our results. The first year in
our andyd's comes at the end of adecade of crisisand industrid restructuring, and was the
year before Spain joined the European Community. At that time, unemployment figures
reached their highest levels ever. Twelve years later, the Spanish economy had undergone a
period of notable growth and afdl in unemployment rates (late eighties and early nineties),
followed by some years of decderation and arise in unemployment to previous levels. Thus,
the two pointsin time that we are considering encompass a complete cycle and, therefore, the
andyssisnot contaminated by separate regiona responses to the different phases of the
business cycle. In addition, smilar aggregate unemployment rates for Spain in both years
mean that the analyses of relative or absolute deviations do not differ greetly (see Martin,
1997 for adiscusson of regiona unemployment disparitiesin terms of relativities or
differentials).

The rest of the paper is organised asfollows: a prdiminary spatid exploratory analyss of
the digtribution of unemployment ratesin the Spanish provincesis presented in section 2,
where the techniques used throughout the paper are concisaly described; section 3 briefly
summarises the explanatory variables of regiona unemployment included in our study and
presents the empirical model used in section 4. This section describes the results of the
explanatory andyds. It includes the regression results and analys's of the impact of the
vaiablesinfluencing unemployment in the provincid distribution. The paper’ s find section

offers some concluding comments.

1994, 1997). These introduced new types of contracts (part time, training, fixed duration), decressed the cost of
firing workers, and redefined the system of unemployment benefit. However, doubts have been raised about the
effectiveness of such messures, while none of the reforms addressed the problem of heavily centrdised labour

market bargaining (see Segura, 2001 for further details).



2. EXPLORATORY ANALYSSOF THE SPATIAL DISTRIBUTION OF
UNEMPLOYMENT RATES
Changes over time in the aggregate Spanish unemployment figures have been widely reported
and the causes behind thar high leve in recent decades have been andysad in previous
contributions—Blanchard and Jmeno,1995; Marimon and Zilibotti,1998). During the sixties,
the average rate remained stable at around 2-3%. It climbed moderately throughout the next
decade, reaching afigure of around 10% by the beginning of the eighties. The unemployment
rate then doubled in afive-year period so that more than 20 out of every 100 workers were
unemployed (Table 1). Later, unemployment rates moved in paralel with the business cycle,
yet dways within arange far above those in other Western economies -it was around 20% in
1997. In this same period, the standard deviation, as a raw measure of unemployment
differentids in the Spanish provinces, increased markedly up to the mid-eighties. Afterwards,
it remained generdly stable.

A comparison of unemployment rates in those provinces which each year report
extreme vaues provides a clear picture of the magnitude of the spatid differences. The last
row of Table 1 shows the difference in unemployment rates between the provinces with the
highest and lowest ratesin 1985 and 1997. Usng unemployment rates as a rough measure of
the probability of being unemployed, these figures reved that workersin certain provinces
were much more likdy to be unemployed than those in some other provinces. Furthermore,
this probability may be increasing. Indeed, more recent figures seem to indicate that certain
provincesin north-east Spain are close to full employment, while at a distance of afew

hundred kilometres rates remain above 20%. The provincid didribution of unemployment,

4 These figures, as well as the ones used throughout the paper on labour market variables, come from the Labour
Force Survey (EPA) caried out by the Spanish Statidicd Office (INE) following the homogeneous EU-wide
methodology of EUROSTAT. The survey defines an unemployed person as someone aged 16 or over who has
not been employed that week, but who is available for work and is actively seeking a job. Another mgor source
of unemployment deta in Spain is the unemployment records of the Nationd Employment Office (INEM). We

have discarded thislatter source as only part of the unemployed are registered in the INEM.



however, seemsto be characterised by strong, though not perfect, persstence, asthe
correlaion coefficient for unemployment differentidsin both periods is 0.79°.

With the am of providing further ingghtsinto the regiona pattern of unemployment
rates in Spain, we estimated the density function associated with the distribution of
unemployment in 1985 and 1997. This function proxies the shape of the distribution, and
actually gives more information than the single measures of position and dispersondo. The
densty function is estimated non-parametricaly by the kernel method. The kernd density
estimator replaces the “boxes’ in a histogram by smooth “bumps’ (Silverman 1986).
Smooathing is done by putting less weight on observations that are further from the point being
evauated. More technicdly, the kernd dendity estimate of aseries X at apoint x is estimated
by

f(X)_ 149 K&(- X, )
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where N is the number of observations, h is the bandwidth (or smoothing parameter) and K()
isakernd function thet integrates to one. The kernd function is aweighting function that

determines the shape of the bumps. We have used the Gaussian kernd in our estimates.

1 661 20 (2)

where u isthe argument of the kernd function. The bandwidth, h, controls the smoothness of
the densty estimate; the larger the bandwidth, the smoother the estimate. Bandwidth selection
isof crucid importance in dengty estimation, and various methods have been suggested in
the literature. In this paper we have used the data- based automatic bandwidth suggested by

Silverman (1986, equation 3.31):

h =0.9N % min{s, R/134) €)

® The coefficient of a smple regresson between unemployment differentials in 1997 and those in 1985 is 0.82,
with an R? of 63.7%.



where sisthe standard deviation and R the interquartile range of the series.

The externa shape of two or more distributions can be compared by means of the
edimated dengty functions. More specificaly, the changein shape of the digtribution over the
period under andysis can be assessed by comparing the dengity function for provincid
unemployment rates in 1985 and 1997. However, this method comes up againgt one of the
main drawbacks of this type of andysis, namdly, how to test the equdity of the distributions
from the estimated densities. We have addressed thisby applying an overlapping coefficient
(OVL). Bradley (1985) and Inman and Bradley (1989) promote the use of OVL as an intuitive
measure of substantive smilarity between two probability digtributions. The closer the OVL
isto 1, the more amilar the distributions being compared. Confidence intervals can be
computed by bootstrap techniquesin order to test that samples of unemployment rates in both
years were indeed drawn from the same theoretica distribution. Additionaly, the OVL can be
gplit into the overlgp associated with three ranges of unemployment rates: low, medium and
high. Further details of this coefficient are provided in the Appendix.

Figure 1 plots the estimated dengties for the difference between the unemployment ratein
each province and the average rate for the Spanish economy in the years under analysis. In
addition to the high degree of disperson - aready illusrated by the datain Table 1 - the
figure would seem to show that the shape of the digtribution did not undergo important
changes. However, acloser look at both densties reveals a tendency towards the
concentration of the mass of probability in particular unemployment rate intervals. The most
driking feature is the consolidation of apesk a very high positive differentidsin 1997, while
another peak may be forming to the left of the distribution. Thisis confirmed by the OVL
which, for the whole range of unemployment reate differentids, has a value of 0.873, below
the critica vaue, and thus the hypothesis that both digtributions are Smilar is rejected.

Codfficients for the three intervas indicate that differences in the digtribution are due to the



range of low (0.804) and, epecidly, high (0.763) unemployment rete differentids, while
gmilarity in the intermediate interval camot be rejected.

Summing up, changesin provinciad unemployment rates over the period under analysis
may have caused the formation of two clusters of provinces. The clearest isthe onein the
range of unemployment rates far above the Spanish average, while the other, perhaps il
being formed, is characterised by low reative unemployment.

The above andyss does not, however, consider the particular patid locetion of the
provinces. Thus, the impact of geography on the dispersion of the distribution and on the
process of cluster formation over the period, detected by means of the estimated dengities,
cannot be assessed. A amilar point has recently been raised in sudies deding with the
regiond digtribution of production, and specific tools have been gpplied in such casesin order
to detect the type and intengity of spatid association (Rey and Montouri, 1999; L 6pez-Bazo et
d, 1999). The type and intensity of spatia association in the regiond distribution of
unemployment rates can be easily depicted by an X-Y plot in which the standardised value for
each region is represented on one axis and the sandardised value in the nelghbouring regions
(spetid lag) on the other — a Moran scatterplot, as suggested in Anselin (1996). In addition,
the degree of spatia association can be summarised by means of what is known as Moran's |

gatistic (Moran, 1948). It is defined as:

(4)

where x; and x; are the observations for region i and j of the variable under andyss; X isthe
average of that variable in the sample of regions, and wj; isthei-j element of arow-
standardised matrix of weights, W. Thisisan NxN mairix of spatial weights whose

characterigtic e ement, w;;, summarises the interaction between regionsi and j. Differert



definitions of interactions cause different W matrices. Here, we adopted the smplest, but
probably aso the most popular, definition: the binary contiguity metrix, whereby the dement
i-] of the weight matrix, w;=1 --before being row-standardised-- if regionsi and j sharea
border, and wj;j = 0 otherwise®. Therefore, the spatid lag is Smply the average of the
unemployment rate in the neighbouring provinces.

The top pand of Figure 2 shows the Moran scatterplot for unemployment ratesin
1985, while the plot for the find year, 1997, is shown at the bottom. Results for the Moran's |
gatistic in each year are dso shown in the figure. The position of the provincesin quadrants |
and 11 in the Moran scatterplot corresponding to 1985 indicates that provinces with high
unemployment rates have neighbours with the same characterigtic, while low-unemployment
provinces are more likely to be surrounded by provinces with low values . The positive spatid
relationship seemsto be even stronger in 1997. Accordingly, the vaue of Moran's| is
significant in both cases and higher for the find year under analysis’. Therefore, we can
conclude that the regiond ditribution of unemployment ratesin Spain is characterised by
intense spatia dependence. Furthermore, it ssemsto have increased over the last two decades.

In order to shed light on the effect which the observed spatial dependence coud have
on the characteristics of the distribution detected above, we compared the shape of the
digribution of provincid unemployment rates, relative to the average rate in Spain, with that
for the difference between the rate in each province and the average rate in the neighbouring
provinces, that is, the patia lag of unemployment rates. If some of the disperson inthe
digtribution is linked to spatia dependence, then we would expect the latter distribution to be
more concentrated. Similarly, if custer formation is, a least partly, a geographica

phenomenon, the digtribution of unemployment ratesin each province minus the rate in the

® It should be stressed that the main results in this paper were not affected by the use of a distance weight matrix.
On the contrary, therole of spatial dependence was even larger in thet case.

" Spatid dependence is observed in each one of the years between 1985 and 1997, with continuous incresse.
Theseresults are not reported in order to save space; they will be provided upon request.



neighbouring ones should not show the mass of probability at the very high and low
unemployment rates. Given that we previoudy detected some changes in the shape of the
digtribution, and in the degree of spatia autocorrelation between 1985 and 1997, we made the
comparison for both years (Figure 3).

It can be seen how the digtribution in 1985 shifts to the right when the neighbouring
effect is removed, being the mode located now around zero. It is dso moderately more
concentrated than the origina digtribution, athough the mass of probability remains at the
large pogtive differentias. The OVL dearly indicates that distributions are different,
particularly in the case of the low unemployment range. The same exercise for 1997 reveds
that the neighbouring effect could be responsible for most of the characteristics of thet year's
digtribution. Not only is the distribution now less dispersed, but aso the clusters detected in
the origind ditribution completely disgppear when the density function is estimated for
deviations with respect to neighbouring provinces. Once again, condusions from visua
ingpection are confirmed by the OVL coefficients.

Summing up, asmple descriptive andyss shows how the regiond distribution of
unemployment is Spain islargdy dispersed, and that there is a trend toward the formeation of
clusters of extreme vaues. Furthermore, the spatia didribution isfar from random or
homogeneous. On the contrary, the unemployment rate in aprovince isincreasingly related to
the one in the surrounding provinces, and this phenomenon could be responsible for the
mgority of the digtribution' s characterigtics. Thisis particularly soin 1997, where it seens to

account for the above-mentioned clusters of provinces.

3. EMPIRICAL MODEL OF REGIONAL UNEMPLOYMENT
Causes of regiond unemployment have been discussed in detall in the literature (Marston,

1985; Partridge and Rickman, 1997; Martin, 1997; Taylor and Bradley, 1997). Elhorst (2000)



has recently produced a comprehensive review that includes alist of the explanatory variables
suggested as having an influence on regiona unemployment. Among the factors on the list
arethe naturd change in the labour force, the participation rate, net in-migration and
commuting, wages, employment growth, the industria mix, the educationd attainment of the
population, market potentia, and other characteristics of the labour market such as the degree
of unionisation. Although we do not intend to describe in detall the effects whichthose
variables have on regiond unemployment rate differentids, we should point out that we used
the above-mentioned papers in salecting the variables for our empirica modd. The process of
selection was adso influenced by studies providing particular evidence about factors which
affect Spanish unemployment (e.g. Rodriguez- Pose, 1996 and 1998; Marimon and Zilibotti,
1998), and the availahility of reliable data at the provincid levd. In this regard, we were not
able to include factors such as long-term unemployment and unemployment benefits due to
the lack of spatialy disaggregated data for those variables. However, the omisson of these
factors should not dter the main resultsif they have a homogeneous impact on al provinces,
given thet we are focusing on unemployment differentias. Furthermore, some of the variables
dready included may capture at least some of their effects. The factors finally sdlected in our
andysswere as follows?

Employment growth (EM P): It is expected that additional jobs decrease the

unemployment rate, and most of the studies which have considered this variable support

that negetive effect. However, the sgn of the influence can be reversed, as pointed out by

Harris and Todaro (1970), through induced urban-rurd migration.

Net migration (M ): The effect of net migration on regiond unemployment ratesis not

draightforward, as it may increase labour supply and demand over along time period.

Accordingly, empirica evidence has produced mixed results. In the case of Spainiit

8 The precise definition of variables and sources can be found in the data appendix.
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should be stressed that internationa as well as interregiond migration flows were an
important mechanism in balancing the labour market up to the eighties, though they fal to
lower levelsin the last two decades.

Unit labour costs (UL C): We assumed that firms are concerned with wagesin relaion to
[abour productivity, since wage differences across regions accommodate to productivity
differences. In so doing, we are basicaly consdering the postive influence of labour

cogts on unemployment through the effect on labour demand. The impact through |abour
supply would require the use of dataon real wages. Asfar aswe know, serieson
provincid prices are not available to correct nominal labour costs for differencesin
purchasing power. Nominal labour costs were always non-ggnificant when they were
introduced in the andysis.

Industrial mix: We controlled for the share of agriculture (% AGR) and manufacturing
(% M ANU) in employment. Regions specidised in declining industries are expected to
exhibit higher unemployment rates than those based around growing activities. Indudtria
restructuring in the seventies and eighties was particularly severein Spain. Asaresult,
employmert in agriculture and manufacturing fdl markedly. Consequently, a negative

rel ationship between employment share in those industries and unemployment rates would
be expected. However, Elhorst (2000), congdering the possibility of industrid mismatch
and some drawbacks in the use of employment shares, points out that it is not clear what
the sgn of these variables should be. Thisis confirmed by the diversity of results obtained
by empiricd studies which have included these variables (e.g. Elhorst, 1995; Partridge
and Rickman, 1995 and 1997;Taylor and Bradley, 1997).

Human capital (H): For anumber of reasons (higher demand for skills, lower probability
of lay off, influence on migration decisions, etc) the educationd attainment of workersis

expected to be negatively related to unemployment rates. Unemployment rates for



workers with higher level studies have been reported to be lower than for workers who
leave education with few or no qudifications (Nickell and Bell, 1996). There has been a
congtant increase in the level of education of the Spanish population over recent decades,
but regiond differences in these levels remain great (Rodriguez- Pose, 1996). If the
average human capitd of the [abour force in the Spanish provinces differs this might
explain some of the inequdity in the geographica digtribution of unemployment. We have
proxied this factor by the percentage of the labour force that has at |east started secondary
schoaling.
Demography and participation: The sructure of the population has an obvious effect on
[abour supply. Unemployment rates have been notably higher for people aged 16-25. In
the Spanish economy, 36 out of 100 workers aged under 25 were unemployed in 1999 -
well above the 19% average for the EU as awhole. Furthermore, differences across
Spanish regions are notable: above 40% in those with higher youth unemployment and
below 25% where the problem islessintense. Therefore, our modd includes the share of
working age population aged 16 to 25 (YOU). Asregards participation, thereisa
controversy about the effect of participation rates on unemployment, as severa opposite
mechanisms might be a work smultaneoudy (Elhorts, 2000). To dlow for the possibility
that these mechaniss exerted a separate influence on mae and female participation
decisions, we included both participation rates (MAL E, FEMALE) as explanatory
variablesin our model.

Asaresult the model to be estimated can be expressed as.

U'= bg+ b EMP + b, M'+ g ULC' + by %AGR' + bs % MANU" + (5)
be H' + by YOU' + bg MALE' + by FEMALE' +e'
where U' isthe vector of differences between the unemployment rate in each province in year

t (=1985,1997) and the average unemployment rate in Spain. The explanatory variables, as



defined above, are dl expressed as deviations from the Spanish average aswell. Findly, e isa
random perturbance. The unknown coefficients were estimated by ordinary least squares
(OLS) using the observations from the 50 Spanish provinces. Given thet the effect on
unemployment rates of the explanatory variable may have changed over the period under
andysis, we did not impose equality restrictions on the coefficients across equations for each
one of theyears

However, we did check for spatia dependence in the resduds of the regressions for
each one of the years. Three tests of spatia dependence were computed: the resduas Moran's
I, and the robust Lagrange multiplier tests for spatia lag and spatid error autocorrelation.
While the Moran test is not able to digtinguish the two types of patial autocorrelation, the
robust tests have been shown to have good power againgt a specific dternative (Ansdinet d,
1996), and thus can be used to formulate the gppropriate spatial mode (Florax and Folmer,
1992). More specificdly, the spatia error modd congders the following structure for the
perturbance of (5):

e =dWe +x (6)

where e is the perturbance vector, W the matrix of spatia weights defined in the previous
section, d the spatial error coefficient, and x ~N(0,s?1). The spatia lag model includes the
spatid lag of the unemployment rates (WU) intheligt of regressors:

U'= bo+ b EMP + b, M'+ g ULC' + by %AGR' + bs % MANU" + @)

bs H'+ b; YOU' + bg MALE' + bg FEMALE'+ gWU' + e

where gisthe spatia autoregressive parameter.

4. EXPLANATORY ANALYSISOF THE SPATIAL DISTRIBUTION OF

UNEMPLOYMENT RATES
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In this section we study the influence which the factors outlined in the previous section have
on the main characteridtics of the distribution of regional unemployment differentidsin the
two years under anadysis, and particularly on the dispersion and clustering described in the
exploratory analyss. Severa variables proposed in the literature as affecting the leve of
regiond unemployment are considered. These are factors within each province that may
influence the performance of the labour market in generd, and the rate of unemployment in
particular. Given that we have already shown spatial dependence to be an important
characterigtic of the provincid digtribution of unemployment, we aso congder the likely
existence of interactions across provinces which may help in understanding unemployment
rates.

As our interest was not only focused on a representative or average province, we
estimated the effect of those factors on the whole distribution of unemployment rates.
Therefore, we began with atraditiona regresson andyssin which esimates of the
parameters should provide evidence about the effect which the different variables have on the
unemployment differentids of an average Spanish province for each of the two years being
analysed®. Then, using the tools described in section 2, we complemented that andysis by
comparing the origind distribution with that conditiond to the factors under andyss. In so
doing, we were able to assess their impact on the whole range of unemployment rete
differentids, including, for example, their contribution to the formation of clustersin the

digtribution.

4.1. Regression results.

° Pooling observations for both years would alow unobservable regiond effects in unemployment differentials
to be accounted for. However, this would be at the cost of imposing equdity condraints on the effects of the
variables under analysis acrosstime. This hypothesis was clearly rejected by standard tests.
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We gpplied OL Sto the linear specification given by (5), athough the dependent variable was
restricted to the interval {-unar, 1-UnaT} , Where unar is the nationwide unemployment rate'®.
Thisisacommon problem in empirical analyses of unemployment rates, and only afew
sudies have applied the logidtic transformation in order to address this (see the summary of
the collection of sudiesin Table 1 in Elhorst, 2000). When the focus of the andysisisthe
regiond unemployment rete, the dependent variable ranges within the interva {0,1}, and can
be taken to be the probability of an average worker in aregion being unemployed. Thus, the
model proposed for andysing regiona unemployment rates is based on proportions data, and
so thelogigtic transformation is gppropriate. Unfortunately, in our case, such a transformation
could not be applied as regiond unemployment rate differentids may be negative. Therefore,
we continued to estimate the coefficients based on the linear modd, but reported the standard
errors from the White (1980) heteroskedasticity consstent estimator of the covariance matrix
for the parameter estimates. In so doing, we sought to account for the heteroskedastic
perturbance of amodd of proportions data (see Greene, 1993 for further details).

The OLS estimates of (5) for 1985 and 1997 are summarised in Table 2. Before
discussing the sign and magnitude of the estimated coefficients, it should be stressed that the
overdl fit achieved by the factorsincluded in the specification for both yearsis quite high.
Furthermore, the degree of collinearity among the regressors, as summarised by the condition
number, is surprisngly moderate, taking into account the cross influence of the different
factors. This enables us to be more confidert in the estimates of single coefficients. However,
the spatiad dependence tests point to the presence of spatia autocorrelation in the resduals of
the equations for both years. In accordance with the results in the exploratory section, this
phenomenon seems to be more intense in 1997. As patia autocorrelaion would invaidate
conclusions based on the misspecified model, we have not commented on the vaue of the

parameters from the OL'S estimates. Instead, we have estimated the mode which best

10 We thank an anonymous referee for pointing this out to us.
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accounts for spatia dependence. In this regard, the vaues of the robust tests clearly point to
the spatial lag modd as the preferred specification. However, the OLS isinconsgtent in this
case due to smultaneity induced by the spatid lag (Ansdin, 1988). Instrumenta variables and
maximum likelihood estimators have been suggested to provide consstent estimates.

Table 3 presents the maximum likelihood estimates of the spatid lag modd (7), where
reported standard errors come from the heteroskedasticity consistent estimator of the
covariance matrix of the maximum likelihood parameters, as suggested in White (1982) and
Davidson and MacKinnon (1993). The mgor conclusion to be drawn from the parametersisa
change in the main causes of provincid unemployment rate differences. While excess of
labour cogts over productivity, industrid mix, and human capitd differences across provinces
seemto explain mogt of the provincid unemployment rates in the mid-eighties, they lose their
explanatory power at the end of the nineties. Unit labour costs affect positively, and human
capital negatively, the rate of unemployment in 1985, as expected on a priori grounds.
Differences in the share of manufacturing employment, and particularly of agriculture, have
sgnificant coefficentsin 1985. They show a negative effect on unemployment differentids
which, despite being somewhat counterintuitive, isin line with results obtained for some other
economies (Jones and Manning, 1992; Taylor and Bradley, 1997; and the discussonin
Elhorst, 2000). However, neither the change in employment nor the demography and
participation variables have a sgnificant impact on unemployment differentias for thet year.

In sharp contrast, the variables with significant coefficients a the usud levelsin 1997 are
employment growth, net migration, youth population and fema e participation. Provinces that
creste employment at higher rates tend to experience less relative unemployment. The same
gppliesto net in-migration, as supply-sde effects seem to surpass the demand-side effects
and, therefore, provinces with a net increase in people had, conditiond to the other factors,

lower unemployment ratesin 1997. The positive effect which the percentage of youth

17



population has on unemployment differentids is particularly strong. One extra point of
difference between a province and the nationd average trandated into more than one
additiond point in the difference in unemployment rates. Findly, dthough the effect of mde
participation rates is negligible, femae participation reduces unemployment rates. This could
be due to the fact that femae decisons to participate in the Spanish labour market are closely
related to the current level of unemployment. As aresult, female participation would be lower
in provinces with high unemployment and higher where unemployment islow. In any case,
there is an important dispersion in this estimated effect as the coefficient is only sgnificant at
10%.

Thus, none of the factors that appear to be sgnificant in explaining unemployment rate
differentias for an average Spanish province in the mid-eghties seems to be important in the
late nineties. Thereis another noteworthy result from these estimates, namdly, theincreasein
the spatia coefficient observed over the period. Itsvalueis estimated to be 0.284 and
sgnificant a 5% by at-ratio test in 1985. However, it is only sgnificant a 10% when amore
gopropriate likelihood ratio test (LR-LAG) is used. Therefore, we can conclude that most of
the spatial dependence detected in the provincia distribution of unemployment rates can be
explained by factors within each of the provinces included in our empirical modd. On the
contrary, the spatid coefficient in 1997 is clearly sgnificant, and is double the one for the
initid year. Furthermore, there is no evidence of remaining spatia autocorrelaion in the
resduds (LM-ERR).

Asamatter of comparison, Table 3 incudes the estimates of a pure autoregressive spatia
modd - excluding from our specification the factors within each province. In this case, the
gpatid parameter for both yearsis quite Smilar and as high as 0.669 and 0.751, respectively,
in accordance with the exploratory results above. The estimated value for the spatia

coefficient is, therefore, much lower when factors within each province are included,
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indicating that spatiad dependence in the explanatory variables was mogly responsible for
spatid dependencein the didtribution of unemployment ratesin 1985, dthough only partidly

responsible for this phenomenon in 1997.

4.2. Conditioned distributions.
Once an estimate of the parametersin (7) was available we could obtain the ditribution of
rel ative unemployment conditiond to the factors defined above for each of the years. In order
to separate the effect of within-province factors from the spatid effect, we computed a
conditiona digtribution for each. To do this, we firg had to compute the unemployment
differentids conditiond to the set of factors. This was obtained by combining the estimates
for the parameters and the corresponding variables plus the vector of resduas, where the
vauesfor the variables we wanted to condition for were set to zero. That isto say, we
esimated the unemployment differentids in case there was no difference across provinces
with respect to the factors within each region that affect unemployment, leaving undtered the
origina vauesfor the spatid lag of unemployment rates. Correspondingly, the distribution
conditioned to having similar neighbours was obtained by substituting the vaues of the
spatia lagfor avector of zeros, whileusng current vaues for the other variablesin the
modd. The density function for the unconditiona and conditiond distributions could then be
computed as described above. Visud ingpection of both dengties for each year and the
cdculation of the OVL coefficients enabled thar amilarity to be checked and conclusions
could thus be drawn about the impact of the variables on the whole digtribution.

Figure 4 depicts the dengties for the current distribution of unemployment differentias
and the digtribution conditioned to no differences in within-province factors, whereas those
for the digtribution conditioned to the neighbouring effect are shown in Figure 5. In the first

year (top pand), it can be observed how the geographica distribution of unemployment
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would have been much more concentrated had the provinces not differed in the rate of
employment growth, migration flows, unit labour cogts, industrid mix, educationa
attainment, youth population and participation rates. In fact, the conditiona distribution
amogt collapses around the range of no differences. Asaresult, the OVL coefficient rgects
amilarity between the unconditional and conditiona digtributions, for the whole range and for
the three intervals defined above. Moreover, factors within each region dmaost completely
explain the mass of probability at the positive differentias detected in the red digtribution. In
contrast, there are no significant differences between the red distribution and the one that
results from removing the patia |ag effects. The only noteworthy effect is observed in the
intervd of pogtive differentids. When the neighbouring effect is removed the mass of
probability in that interva shiftsto the left. In fact, the OVLicn leads to rgection of
amilarity for that particular interval, and is strong enough to cause the global OVL to reject
amilarity for the whole range, even when smilarity seems to be acceptable for low and
medium unemployment differentias.

The picture for the end of the nineties (bottom panel of Figures 4 and 5) shows, once
again, how factors within each province account for an important amount of the distribution’s
characterigtics. Once conditioned, most of the probability is concentrated close to the point of
no regiond differences. The clugter of low reative unemployment disgppears and the one of
positive differentials shifts to the Ieft. However, it is aso clear that these factors cannot fully
explain the clugter. Interestingly, it is mostly explained by the spatid interaction effect, as
shown by the distribution once conditioned to no differences across provinces in the spatia
lag of unemployment.

Summing up, the within-province factors consdered in our study account for most of
the digtribution’s characteristics in 1985, the neighbouring effect having only a moderate

influence. Thislatter effect only hepsto explain some aspects of the cluster of pogitive



differentids under formation that year. Of greater importance, however, isits explanatory
vaue with respect to such phenomenain 1997, as here the cluster isadmost unexplained by
the explanatory variables. Nevertheless, they gill seem to be responsible for most of the

disoersgon in the digtribution.

5. CONCLUSION

This paper has andysed the digtribution of unemployment in the Spanish provinces from a
new perspective, and has paid specid attention to the spatiad dimension of the phenomeron. A
st of gatidicd tools for studying both changes over timein the digtribution of unemployment
rates and the influence which the determinants of regiond unemployment have on the whole
distribution has been proposed. Furthermore, spatid effectsin that distribution have been
specificadly andysed by applying spatia exploratory techniques and spatial econometric
models. Our results for the Spanish provinces show how this type of study complementsthe
traditiond regresson andyss and provides new insights into the geographica digtribution of
unemployment.

Applying the above to the Spanish provinces for the last two decades revedls that the
ongoing processes of economic integration and |abour market deregulation have caused akind
of regiond cluster formation, as the digtribution of unemployment rates in the late nineties
shows amass of probability at the interva of large relative unemployment, while another
group of regions, where rates are far behind the nationwide average, may aso be under
formation. This would confirm differencesin the regiona reaction to the new economic
framework. Interestingly, our results reved a shift in those factors which may explain
unemployment differentials from the mid-eighties to the late nineties. While, in 1985, the
sgnificant variables were differences in unit labour costs, the industrial mix and, to a lesser

degree, the educationd attainment of the labour force, these do not explain themain

21



characterigtics of the digtribution in 1997. In contragt, the dispersion in the distribution for that
year seemsto be related to aregion' s ability to create employment, to the net attraction of
population, and characterigtics of the regiona population, such as the percentage of youth
population or female participation in the labour market. 1t should be stressed, however, that
contrary to what happened in 1985, spatid effects play arole at the end of the nineties. Asde
from the fact that the spatid lag of unemployment rates could well be proxying for other
factors within each region that were not included in our analysis, spatid effects prove to be
highly sgnificant in the regresson analysis and amost completely account for the duster of
provinces with unemployment rates above the average. Therefore, it would be worthwhile
induding explicitly soatid varigblesin future empirica andyses of regiond unemployment in
order to ducidate which kinds of mechanismare responsible for the Sgnificant spatid effects
detected in this paper.

Findly, wewould like to stress that other economies in Europe may share at least some
of the characteristics observed in the case of Spain. Large disperson in regiond
unemployment rates not only characterises the European Union as awhole, but isaso
common to some member states. Policies aimed at dleviating this problem can only be
developed if the reasons for such spatid disparities in these economies are clearly understood.

We therefore aim to carry out further sudies in the future.



APPENDIX

A.1. Data description and sources

Variable
Unemployment rate

Employment growth

Migration

Labour unit costs

Labour in agriculture

Labour in menufacturing

Human capita

Femae participation

Male participation

Y outh popul ation

Definition
U,

U, =—*100
A

U; : Tota unemployed forcein region i
A, : Totdl labour forcein region i

EMP - th - Lit-5
1
it-5
Li;: Employment inregioni in period t
_NM, - OM,

POP,

NM;: in-migration OM;: Out-migration POR,: Population

__ LG
GDPPW,
LG;: Labour costs per worker

UCL,

GDPPW : Gross domestic product per worker

_agri; |
%AGR; = 100

agri; : Employment in agriculture in region i

L; : Totd employment in regioni

manu;
%MANU; =

*100

manu; : Employment in manufacturing in region i

L; : Totd employment in regioni
hi

H, =—*100
A

h : Labour force that has at least started secondary

schooling inregion i

A : Totd labour forcein regioni
FEML,

FEM16- 65,

FEML, : Femaelabour forcein region i

*

FEMALE; =

FEM16 - 65, : Femaesof working agein regioni

MALE; =L*1oo
MALI6 - 65;

MAL;: Mae labour force
MAL16-65: Maes of working age
you

YOU, =——L—*100
N16- 65,

you, : Populaiion aged 16 to 25 yearsold in region i
N16 - 65; : Population of working agein region i

Source

Labour Force Survey (EPA)
from the Spanish Satidtica
Office (INE)
http://mww.ine.es

EPA

INE

Fundacion BBVA
http://bancoreg.fbbvaes.

EPA

EPA

From Pérez and Serrano (1998),
taking as primary source EPA

EPA

EPA

EPA
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A.2. Overlapping Coefficient

Bradley (1985) and Inman and Bradley (1989) proposed an overlapping coefficient (OVL) as
an intuitive measure of the amilarity between two probability digtributions. In our case, we
used the OVL to compare frequencies throughout the range of a variable for two samples. The
idea behind the OVL can be summarised in the following figure, where the range of vaues of
two variables, x1 and x2, is on the x-axis, and the dengty on the y-axis. The OVL isthe area
where the dengities of the two distributions overlap when they are plotted on the same axes.

The expression for this coefficient in the discrete caseis the following:
OVL = § min[f(x,).f(x,)] (AD)

OVLT [(;;L]
where f(x,) and f(x, ) arethe empirical density functions. In the case of continuous
digributions, summation is replaced by integration. A vaue of 1 for the OVL meansthat the
two dengty functions are exactly the same, whereas a null vaue indicates the absence of
overlgpping in the dengty function at any point in the range of the variable. The closer the
OVL to 1 the more smilar the two distributions being compared.
If we wish to assess the contribution of the different individuds in the sample to
differencesin the digtributions, it is possble to compute the OVL for different intervas of the
total range of the variable, using the following expresson:
a min[f (x,).f(x,)] (A2)

~

VL = B e

Xl a

where a denotes a specific intervd.

We have computed the OVL, for three different intervals of the unemployment rate

differentids (a=low, medium and high). OVL,,, consders vaues from the minimum to the
average minus one stlandard deviation of the unemployment rate, OVLnigh goes from the
average plus one standard deviation to the maximum of the unemployment rate. OVLned
measures the discrepancy of the distribution in between.

The satistica properties of the OVL coefficient depend on those of the data under
andyss Thus, the way to approach the issue is viasmulation. Furthermore, the OVL isa
biased datigtic, because any sampling variation in the densities of two samples obtained from
the same population causes the OVL to be drictly less than one.

We used the bootstrap method to obtain the mean and variance of the OVL. We did this

by resampling both the origina data and asmulated sample of the same Szefrom a
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N(X,s ), (i=85, 97). The number of replicationsis m=10000. Tabulated valuesin Tables A.1

and A.2 were used to congtruct akind of confidence interva in order to test the hypothesis of
equdity of two distributions. The rule of thumb was to rgect the hypothesis of smilar
digributionsiif the value estimated for the OVL was lower than the expected vaue for the
OVL in each case minus twice the sandard deviation. The null hypothesis was rejected when
the overlap was lower than that which would be expected by dlowing for sample deviations
given the size of our sample. On the contrary, when the OVL was closer to 1 than the critica

vaue we could be more confident about assuming Smilarity.
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Table 1. Evolution of unemployment ratesin the Spanish provinces.

1985 1997
Nationwide unemployment rate 21.63 20.80
Standard deviation 6.80 6.99
Difference between maximum 26.98 20.85
and minimum rates

Notes maximum and minimum correspond to unemployment rates in the provinces with the highest and lowest

ratesfor each year. Thus, they do not necessarily correspond to the same province each year.



Figure 1. Estimated density function of regional differencesin unemployment rates.
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Figure 2. Moran scatterplots of regional unemployment rates.
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Figure 3. Neighbouring effect in the regional distribution of unemployment rates.
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Table 2. OL S estimates of the deter minants of regional unemployment and spatial tests.

1985 1997
Congtant -0.367 0.098
(0.586) (0.851)
Employment change 0.226* -0.221
(0.135) (0.162)
Net migration 2.866 -5.829**
(2.271) (2.357)
Labour costs 42.719* ** 17.504
(12.720) (17.455)
Share agriculture -0.425* ** -0.060
(0.125) (0.119)
Share manufacturing -0.240* -0.133
(0.227) (0.126)
Humean capita -0.331** -0.156
(0.148) (0.152)
Y outh population 0.633 1.693**
(0.460) (0.755)
Female participation -0.112 -0.379*
(0.1245) (0.204)
Male participation -0.187 0.110
(0.288) (0.411)
R 0.749 0.700
LIK -131.771 -137.585
AIC 283.542 295.171
Condition number 6.624 5.578
Moran's| 0.581 1.944**
Robust LM-ERR 4.042** 3.683*
Robust LM-LAG 6.970*** 12.312***

Note: Robust standard errors (White, 1980) in parenthesis. ***, ** and * denote sSgnificant at

1%, 5% and 10%, respectively.



Table 3. ML estimates of the deter minants of regional unemployment.

1985

Unemployment spatid lag 0.669* ** 0.284** 0.751*** 0.462***
(0.105) (0.133) (0.102) (0.1241)

Congtant -0.701 0.480 -0.188 0.648
(0.656) (0.559) (0.660) (0.629)
Employment change 0.187 -0.308**
(0.115) (0.136)
Net migration 2418 -5.106**
(1.980) (2.293)

Labour costs 46.110*** 10.752
(11.846) (10.624)

Share agriculture -0.346*** -0.054
(0.100) (0.088)

Share manufacturing -0.192* 0.001
(0.113) (0.085)

Human capita -0.223** -0.066
(0.109) (0.109)
Y outh population 0.386 1.283***
(0.319) (0.456)

Femae participation -0.041 -0.264*
(0.116) (0.161)

Made participation -0.293 -0.001
(0.235) (0.295)
LIK -155.347 -130.056 -151.933 -132.747
AIC 314.693 282.112 307.865 287.494
LR-LAG 22.013*** 3.430* 31.533*** 9.676***
LM-ERR 1.664 2.854* 4.903** 2.609

Note: Robust standard errors (White, 1982) in parenthesis. *** ** and * denote significant at

1%, 5% and 10%, respectively.



Figure 4. Distributions conditioned to the deter minants of regional unemployment rates.
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Figure 5. Digtributions conditioned to the neighbouring effect.
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Figure A.1. Overlapping Coefficient.
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Table A.1. Expected value and variance of theOVL by bootstrapping

(10000 replications)

Resample over origindl data~ Resampleover N(X,, ;) i=85, 97

E[OVL] VAR[OVL] E[OVL] VAR[OVL]

85 0.9181 0.0009 0.9061 0.0012

97 0.9161 0.0009 0.9036 0.0011




Table A2. Expected value and variance of the OVL 5 by bootstrapping

(10000 replications)

Resample over origina data Resample over N(X ,s, ) i=85, 97

E[OVL] VAR[OVL] E[OVL] VAR[OVL]
85-Low 0.7892 0.0122 0.8188 0.0104
85-Mid 0.8728 0.0028 0.8352 0.0034
85-High 0.8093 0.0106 0.8121 0.0101
97-Low 0.8405 0.0106 0.8271 0.0112
97-Mid 0.8742 0.0027 0.8357 0.0035

97-High 0.7567 0.0139 0.7854 0.0090




