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Abstract

This paper evaluates, in the context of economic geogragtimates, the magnitude of the distortions arising from the
choice of a speci ¢ zoning system, which is also known as tleelMible Areal Unit Problem (MAUP). We undertake
three standard economic geography exercises (the analyspatial concentration, agglomeration economies, and
trade determinants), using various French zoning systénesehtiated according to the size and shape of their spatial
units. While size might matter, especially when the depahdariable of a regression is not aggregated in the same
way as the explanatory variables @odthe zoning system involves large spatial units, shaps doanuch less. In
any case, both dimensions are of secondary importance cethfzaspeci cation issues.
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1. Introduction

Most empirical work in economic geography relies on scattegeo-coded data that are aggregated
into discrete spatial units, such as cities or regions. Hewdhe aggregation of spatial dots into boxes of
di erent size and shape is not benign regarding statisticadente. The sensitivity of statistical results to
the choice of a particular zoning system is known as the Malole Areal Unit Problem (hereafter MAUP).

Surprisingly, up until recently, economists paid littléeation to this problerd.Our main objective here is to
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assess whether derences in results across empirical studies are reallkaspdny economic phenomena in
the process under scrutiny, or rather just byetent zoning systems. We rst investigate whether changes
in either thesize (equivalently the number) of spatial units, or thelvape(equivalently the drawing of
their boundaries) alter any of the estimates that are ysoathputed in the economic geography literature.
Second, we address the important question of whether tiistsrdue to the MAUP are large compared to
those resulting from speci cation changes.

Disentangling these two @cts is essential for policy. For instance, much work hasltio check empir-
ically whether agglomeration enhances economic perfocmanthe scale of countries, European regions,
U.S. states or even smaller spatial units such as U.S. esunttiFrench employment areas. The magnitude
of the estimates diers between papers, but we do not know whether this re eatingosystems or real
di erences in the extent of knowledge spillovers, intermedigbut linkages, and labor-pooling ects on
rm productivity. The resulting economic policy prescriphs regarding cluster-formation strategies will be
a ected accordingly. In the same vein, a large body of liteeahas evaluated the degree of spatial concen-
tration, but does not check whether the conclusion that sathestries are more concentrated than others
results from the chosen zoning system or from more fundamheterences in the size of agglomeration
and dispersion forces across industries aedent spatial scales.

This paper is based on three standard empirical questi@wimomic geography, although many others
could have been considerédVe start by evaluating the degree of spatial concentratimteuthree types of
French zoning systems (administrative, grid and partlgloam spatial units) and by comparing the €li-
ences between concentration measures (Gini vs. EllisorGéaeker) with those between zoning systems.
We then turn to regression analysis as not only is the meadumay spatial phenomenon likely to be sen-
sitive to the MAUP, but also its correlation with other vdnlizs. We estimate the impact of employment
density on labor productivity and compare the magnitudeggl@neration economies across zoning sys-
tems and econometric speci cations. Finally, we run grakgigressions. We study how changes in the size
and shape of spatial units ect the elasticities of trade ows within France with resperboth distance-
and information-related trade costs.

All of these empirical exercises suggest that, when spatias remain small, changing their size only

slightly alters economic geography estimates, and chartbieir shape matters even less. Both distortions

SFor comparison purposes, we use the same specications ase thypically found in the literature (see

Combes, Mayer, and Thiss2008h), even though we do not necessarily think that they are thet aut.

2



are secondary compared to speci cation issues. More gastiould be warranted with zoning systems
involving large units, however. The MAUP is obviously lesyasive when data variability is preserved
from one scale to another. When moving from dots to boxes;i spattention should be devoted to the
following key points: 1- the size of boxes in comparison vitik original dots, 2- the way data are aggre-
gated, i.e. averaging or summation, 3- the degree of spattacorrelation in the data. The MAUP is less
jeopardizing when data are spatially-autocorrelated aedaged, as is the case in wage regressions. By
way of contrast, the MAUP is more challenging when varialies regression are not computed under the
same aggregation process. In gravity regressions fomiostanoving from one scale to another requires a
summation of trade ows on the left-hand side, whereas destas averaged on the right-hand side.

The remainder of the paper is organized as follows. Se@ipnovides a simple illustration of the
possible size- and shape-dependency of spatial statistfeaence, along with a data simulation exercise.
Section3 lists the zoning systems for which our estimations are edrdut. As a rst sensitivity test,
section4 is dedicated to the study of French spatial concentratidtenmes. Sections and6 investigate the
extent to which changing econometric speci cations andrmpiystems aect the size and signi cance of

wage and trade determinants respectively. Sedticoncludes and suggests further lines of research.

2. The Modi able Areal Unit Problem : A Quick Tour

The Modi able Areal Unit Problem is a longstanding issue f@ographers. In their seminal contribu-
tion, Gehlke and Bieh(1934) were the rst to emphasize that simple statistics such aetadion coe -
cients could vary tremendously across zoning systems. fbtythat, in the United States, the correlation
between male juvenile delinquency and the median equivatemthly housing rent increases monoton-
ically with the size of spatial unitsOpenshaw and Tayldil979 pursued this line of investigation and,
drawing on correlations between the percentage of Refublioters and the percentage of the population

over sixty, standardize what they called the “Modi able AréJnit Problem™

2.1. Asimple illustration of the MAUP

Spatial statistics may vary along two dimensions: rsthe tevel of aggregation, or trgézeof spatial
units, and secondly, at a given spatial resolution, the ihguef their boundaries, or theghape Figurel

illustrates these two related issues via the employmenrgityeniabor productivity relationship.

4SeeFotheringham and Won@ 991) for an extended review of the earliest MAUP contributions.
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Figure 1— The size and shape issues

Black points display the location of skilled workers, whaseividual productivity is denoted, while
empty dots stand for unskilled workers, with productiyty. y. In the top gure, space is divided into four
rectangles, each consisting of three skilled and two uleskivorkers. The spatial distribution of workers
across units is uniform and average productivity is the sammess units. To illustrate the shapeeet,
consider the bottom-left gure. Spatial concentration eges here, with two clusters of six high-skilled
workers and two clusters of four low-skilled workers. Avgegoroductivity is higher in the former due to
the spatial sorting of labor skills. Hence, agglomeratioarmmies, de ned here as the positive correlation
between productivity and employment density, are zeroenr$t zoning system but positive in the second.
We now turn to the size ect. In the bottom-right gure, we consider smaller rectasgwith the same
proportions as in the top gure. Spatial concentration soalound here, but the relationship between
productivity and density is less marked than in the bottefhidase. Indeed, the derence in productivity
between low- and high-productivity regions remains theesgamcept for empty boxes), whereas the density
gap is higher in the bottom-right case. Hence, the extensaope of agglomeration economies change with
the size and shape of units, even though the underlyingajraftormation -the location and productivity of
workers- remains the same.

The question we pursue in this paper is hence twofold. Howhndaes moving from a particular
zoning system to another alter the perception of an econpheaomenon? And how does this alteration
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vary accordingly to whether information is summed or avedagnder this aggregation process? Se@i@n

provides a rst clue to these questions, drawn from a simjpleiktion exercise.

2.2. Mean and variance distortions: a rst illustration visimulated data

A number of authors have provided detailed analyzes of théJMAased on simulated data. Accord-
ing to Arbia (1989, both size and shape distortions are minimized (althougtemneliminated) under two
restrictive conditions that are rarely met in practice: ¢éixact equivalence of sub-areas (in terms of size,
shape and neighboring structure) and the absence of spatielorrelation. In a subsequent wolimrhein
(1995 carries out a simulation exercise where he draw®Q0 values from a randomly-generated variable
and allotsrandomlyeach of these values to a Cartesian address within a unitesguadoing so, the value
at one address is independent of the values at contiguoussags and there is no spatial autocorrelation.
The author then divides the unit-square into respectivlly, #9 and 9 equally-sized sub-squares. Finally,
he aggregates the information by averaging the valuesressitp each sub-square. In line wifttbia
(1989, he concludes that, under the strong assumption of randimcation, means do not display any
pronounced size and shapeeets and the changes in variances are only driven by thenftiei number of
units® Based on Canadian Census d#&mrhein and Reynold§1997) further show that the distortions of
simple statistics, such as the mean and variance, do notdepgnd upon the spatial organization of raw
data, as re ected for example in their spatial autocori@fatoe cient, but also on the aggregation process,
namely on whether information is either averaged or summed.

To get insights from more realistic data con gurations,Ustextend this literature and compare the dis-
tortions arising from both a random and a sorted processatiad@ssignment of simulated data. Consider
a unit segment with @00 equally-spaced addresdessach address is given the occurrence of a log-
normally-distributed variabl@. To study size distortions, we aggregate the addresses sdf@st spatial
units that constitute a partition of the unit-segment. tFik& choose equally-shaped spatial units. Then, we
consider randomly-shaped spatial units, that do not ircthé same number of addresses. To see whether

size distortions depend on how information is aggregatexistudy four polar cases: data summation or

SMore technically,Amrhein (1995 considers that the Cartesian coordinates of addressedisariduted either uniformly or

normally, and that the generated variable follows eithesramal or an uniform distribution.
5Under the same assumption of randomnetst, Steel, Tranmer, and Wrigleit996) are able to justify theoretically the nd-

ings ofAmrhein(1995. Note thatReynoldg1998 generates more realistic data con gurations allowingsfeatial autocorrelation.
A two-dimension analysis of the MAUP would be more infornaatibut it is largely beyond the scope of the paper.
8The logarithm of the variable has a mean equal to 0 and a a&riegual to 1.
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Figure 2 — Aggregation with identically-shaped spatial units
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averaging over the addresses of each spatial unit, witbrgitbrfect or no data sorting over address values.
In the unsorted con guration, the value at a given addressdspendent of surrounding addresses, as is
the case irAmrhein (1995. In the perfectly sorted con guration, the addresses anked by increasing
order of their assigned values before aggregation. Figu@mpares the log-distribution of the simulated
data (tight line) with their log-distribution when spatiaits are equally-shaped (thick lin&)Three main

conclusions emerge:

1. Mean and variance can be almost perfectly recoveredajtgegation when data are spatially sorted,
regardless of whether data are averaged or summed (topsyraphe support of the distribution is
only slightly reduced after aggregation. In the case of sation, the distribution is shifted to the
right by a constant that depends on the number of aggregdtirdsses.

2. More information is lost when data are not sorted. Whikertiean is more or less correctly inferred

after aggregation (up to the above constant), the variangeeatly reduced (by a ten-fold factor with

%We de ne units such that they include 100 contiguous adésess
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Figure 3 — Aggregation with randomly-shaped spatial units
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our parametrization).

3. In any case, the distribution form remains more or lesséme, and keeps its single peakness.

Subsequently, with lowvithin-unit heterogeneity (e.g. spatial sorting) and lbatween-uniheterogeneity
(e.g. identically-shaped units), the rst moments of thstiilbution are not too much distorted by aggre-
gation and changes in the size of units. By way of contrad) atrongwithin-unit heterogeneity (e.qg.
unsorted data), aggregation yields a loss of informatigenéf units are shaped homogeneously.

Figure3 shows that aggregation is likely to raise more concerns whatial units are randomly-shaped:

1. When data are both sorted and averaged (top left gragbjpiation can be partially recovered.

2. This is not the case anymore when data are unsorted (btgfograph). As before, the variance is
drastically reduced.

3. Summation is more problematic with randomly-shapedsumiten if data are perfectly sorted (top
right graph): it does not only shift the distribution to theght (so as equally-shaped units), but it also

enlarges the distribution support, thereby yielding ameéasing dispersion of the variable.
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To put it in a nutshell, when spatial units do not have the sahape, averaging is less sensitive to
changes in size than summation, though part of the infoonas lost when data are not spatially-sorted.
Conversely, if spatial units are randomly-shaped, sunonas more distorted by a shift in their size. Dis-

tortions are even worse than data are unsorted.

2.3. Correlations distortions

Clear theoretical underpinnings are more dult to come by for correlations, would they be univariate
or multivariate. Fotheringham and Won@@.991), who consider a multivariate analysis of the determinants
of mean household income for various zoning systems, coraa &arming conclusion: “The MAUP [...]
is shown to produce highly unreliable results in the muttat@ analysis of data drawn from areal units”.
They also nd a sizable range for correlation and regress@ cients, which are positively (or negatively)
signi cant for certain data con gurations, but insigni oa for others, suggesting that correlation inference
is not robust to the aggregation procesd&mrhein (1995 is the rst to suggest separating aggregation
e ects from other types of discrepancies, such as model mis-sption in multivariate settings. In his
simulation exercise, he shows that bivariate regressien cients and Pearson correlations are sensitive
to changes in the size and shape of spatial units, even if wwe khe data generation process and if we
force the correlation between the two randomly-generatethbles to be zero. However, he reaches a less
alarming conclusion thakotheringham and Won¢l991), and suggests that, for well-speci ed models,
such asAmrhein and Flowerdew1992), aggregation does not produce too many distortions, velseiiar
others, likeFotheringham and Won@@.991), the estimates are contaminated by size and shape.

Let us come back to our simulation exercise and turn to thdysisaof regression coecients. If
aggregation distorts the explanatory and dependent Vesiab the same way, the size ect should be
small. This is the case when, for instance, both the expayaind dependent variables are spatially
autocorrelated and averaged (top-left graph of g8reln sharp contrast, the size issue is more prevalent
when the dependent and explanatory variables are not aggoegnder the same process or do not exhibit
the same degree of spatial autocorrelation.

As for shape distortion, it can be considered as a standestsén-variables issue. Let us consider the
relationshipy = o+ 1x + ,wherey andx are two random variablesg and 1 two parameters, and
an error term uncorrelated with, and assume that the relationship is valid for a particubairey system.
Then, change the shape of spatial units so as toyhavg + andx = x + efor the new spatial units. It

is straightforward to show that, under this new zoning systeegressiny = €, + §x+ gives a biased
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estimator of 1:
coMx; ) icoMx ;e)+cove ) 1V[e
| V[x]+ V[e{‘]z+ 2co\(X ;€) } '

bias

&= 1+

(1)

Note that there is no reason why the second right-hand teragadtion 1) should be zero, except for
knife-edge spatial con gurations. Conversely, if the aggation process generates random errors only and
hence,co(x ;€) = 0, cox ; ) = 0 andcove, ) = O, the bias tends towards zero whéfx ] grows
faster thanV[eg]. The larger the changes in borders, the larger the err@isd e and thereby, the shape
e ect. Importantly, under the weaker condition thas exogenous in the OLS regressionyobn x, the
bias is also zeré? In this respect, correcting the endogeneityxpfor instance with instrumental variables
techniques, should alleviate the MAUP issue. Alternagivehproving speci cation should also reduce
shape distortions, by making the explanatory variablesregogenous.

However, this exogeneity condition is not ful lled if the ke of x in one unit a ects the outcome
of the surrounding units (and therefoeey and ). The bias de nitively increases withoyx ; ) and
cove; ), i.e. with spatial correlation between andy . By way of contrast, own spatial autocorrelation,
re ected incoVx ; ), has a mixed eect on the magnitude of the bias. This is due to the spatisihgor

e ect highlighted in sectio.2, which mitigates the negative impact of non-random errors.

In what follows, we build on these intuitions to extend the WRliterature in a number of ways. First
of all, we systematically assess the magnitude of size aafdestistortions relative to mis-speci cation
biases. Secondly, we examine drent aggregation processes to test the sensitivity ofomsimninference
to the MAUP. In wage-density regressions, raw informat®averaged over spatial units, while for gravity
regressions it is either summed or averaged. In light of bw@ discussion, the former should be associ-
ated with less distortions than the latter and thereby;, isteiloltion of wages and density variables should
be barely unmodi ed by changing zoning systems. In contithsttrade dependent variable might well ex-
perience an enlargement of its distribution support, wérethe dispersion of most of the trade explanatory
variables should shrink. Therefore, MAUP distortions dtidae more salient in gravity regressions. Fi-
nally, we extend the work dfotheringham and Wond.991) by comparing the estimates from six éirent

administrative and grid zoning systems to those from a hedhdguivalent random systerts.

OwWe havey = o+ 1X + ) y= o+ 1x+ + ,€e. Variablex is exogenous if and only ifo(x; + 16=0),

coMx; ) icoMx;e)+coUe ) 1V[e=0.
n this respect, our study echoes the workHufimes and Legforthcoming, who investigate the prevalence of a Zipf's law
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Figure 4 — Small zoning systems

341 Employment Areas@) 341 Small squares$

3. Zoning systems and data

The rst zoning system we consider is that composed of 341nldad “Employment areas” (hereafter
ed. These spatial units are underpinned by clear economiunditions, being de ned by the French Na-
tional Institute of Statistics and Economics (INSEE) so@stnimize daily cross-boundary commuting,
or equivalently to maximize the coincidence between regidkeand working areas. This zoning system,
currently composed of 341 areas, was designed to reducéatimisal artifact due to boundaries, which is
why it is widely used in France. As can be seen on the left-Isighel of gure 4, the average employment
area is fairly small, covering 1,570 Kimwhich is equivalent to splitting the U.S. continental itemny into
over 4,700 units.

Shape distortions can be identi ed from spatial units thatsamilar in size (or number) to employment
areas. Conversely, size distortions can be highlighteti patrtitions of France involving units that are
larger than theeas. Hence, to disentangle the two faces of the MAUP, we apjetiiree other sets of

zoning systems.

for the U.S., based on an arbitrarily-drawn grid zoning syst It is also closely related fdenon (2008, who uses randomly-
generated zoning systems equivalent to the commutingett@ore Based Statistical Areas to study industrial aggiatiza in
the US.
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3.1. Administrative zoning systems

The rst set refers to French administrative units. Contita¢ France is partitioned into 21 administra-
tive “Régions” fe), depicted on the left of gur®, which are themselves split into 94 “Départementt (
shown on the left of gures. All such units are aggregates of municipalities, the ngsatial division for
which data are available in Frante.

It can nonetheless be argued that administrative boursddenot capture the essence of economic
phenomena that often spill over boundaries, which is onéefreasons whgas were created. To cir-
cumvent this drawback, some authors, especially geograpmefer to work with (often arbitrarily-drawn)
checkerboard grids. The rationale is that, even if they donecessarily better match the “true” bound-
aries of economic phenomena, grid zoning systems provideaday degree of spatial homogeneity than do

administrative zoning system3.

3.2. Grid zoning systems

We therefore construct a second set of zoning systems pheslgd on grid units. We rst enclose
France into the smallest possible rectangle. We then dihiderectangle into lattices of squares (based on
longitude and latitude). As France is more or less hexag@eakral squares jut out into the sea and we
obviously left this out. We obtain the nal grid by aggregsgiall municipalities which have their centroid
into the same square. The resulting units are not perfe@reguas their boundaries follow those of real
municipalities. We choose the size of the squares to prothree di erent zoning systems analogous to
administrative ones: 22 (non-empty) large squal®s 91 medium squaresn@ and 341 small squaresq.

It is worth noting that the largest zoning systerssandmsin gures 5and 6) include several squares which
are partially truncated due to French national boundaifiég nest grid such ass( gure 4) circumvents
this pitfall at the expense of geometry, since the units daties become increasingly ragged at the very
ne scale. Therefore, overtly enlarging or tightening thets alters both their symmetry and regularity.

A comparison of the results obtained under respectivelyde andeaor Is, msandssgives a avor
of any size distortions. We capture the impact of shape bypawimg the results obtained across zoning

systems involving units of similar sizeg(to Is, deto ms andeato s§. While these comparisons tell us

12The French metropolitan area is covered by 36,247 munitigsl
BAnother argument is that grid zoning systems do not change time, while administrative areas may do so. §&PON

(2006 for an overview of this issue.
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Figure 5— Large zoning systems

21 Régionsie) 22 Large squaress)

Figure 6 — Medium zoning systems

94 Départementslf 91 Medium squares{s
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whether MAUP distortions exist, they do not indicate whettie di erences in the results are systematic

and signi cant, however, which is why we propose a third detaning systems.

3.3. Partly random zoning systems

Our third set of zoning systems involves arbitrarily-draspatial units. We de ne a set of 100 dirent
partitions of France, by randomly aggregating the 4,662éhr¢Cantons™* into zoning systems that have
a number of units strictly equivalent to those of admintsteaones (341 units foea 94 fordeand 21 for
re): we call theseea, rde andrre respectively. These are constructed using the followiggrghm. We
randomly draw one canton, called the seed, within each asirative unit. We then aggregate each seed
to a second canton randomly drawn from those contiguous Ygdtcontinue with a third canton and so on,
until all existing cantons have been drawn. We run the algoril00 times at each scale. Broadly speaking,

this procedure produces, for each scale, a partition ofderarith jiggling borders.

3.4. Characteristics of zoning systems

Our empirical analysis builds on sectoral time-series datae municipal level. The aggregation into
the aforementioned larger zoning systems yields a thneemkion panel of employment, number of plants
and wages for 18 years (within the 1976-1996 period) and @8simies (at the two-digit level for both
manufacturing and services). For 1996, we match this parettade data set for manufactured gobus.

As can be seen in table zoning systems dier sharply in their economic features. The spatial vanatio
in land area is smaller for small grid units than for employinareas, a property that does not hold for
larger administrative units. This re ects two oppositeeets. On the one hand, grid units are more regular,
which reduces the variance. On the other hand, the sharerafated grid units increases with size, which
increases the variance. The latteeeet dominates for medium and large units. A clear drawbadke§rid
strategy is that, when units are not small enough, the gdiredacing the variance of land area cannot be
attained due to the irregularity of national borders. Cosely, this also shows that the French authorities
were fairly successful in designing quite homogeneous agtnative units.

Regarding the other variables, an important distinctionceons the way in which information is ag-

gregated. Some variables, such as employment and trade a@summedwhereas others, such as job

We use this intermediate grouping of French municipalitieseduce the computational time without losing too mucttiapa

variability in the randomization process.
SMore details on the data are provided in Appendix.
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Table 1— Summary statistics

Zoning system (ed (s9 (de (m9 (re) (Is)
Number of units 341 341 94 91 21 22
Land Area (kmd) Av. | 1569.8 1580.4 5733.3 5922.3 25663.4 24496.7
Cv. 0.63 0.35 0.34 0.5 0.43 0.53
Employment (workers) Av| 2012 2019 7300 7541 32678 31193
Cv. 2.45 3.73 1.28 2.37 1.16 1.33
Employment density (workefiem?) ~ Av. 4.6 15 12.3 1.7 1.8 13
Cv. 8.7 3.1 6.3 1.7 1.8 0.8
Aggregate Market Potential Av. 2910 2432 2956 2161 2137 1791
Cv. 0.6 0.3 0.8 0.3 0.3 0.2

Municipality-level Market Potential ~ Av.| 3300 2758 3585 2705 3097 2736

Cv. 0.7 0.4 0.9 0.4 0.5 0.3
(Gross) Wage Av. 1.3 1.2 1.3 1.3 1.3 1.3
Cv. 0.2 0.2 0.1 0.1 0.1 0.1
Aggregate Distance (km) AV 393 419 384 445 371 448
Cv. 0.49 0.48 0.5 0.49 0.52 0.52
Municipality-level Distance (km) Av. 394 417 386 435 381 420
Cv. 0.49 0.48 0.49 0.49 0.49 0.49
Trade Flow (tons 1000) Av. | 91.05 102.22 382.83 496.8 5956.48 5839.38
Cv. 6.6 6.5 5.6 6.2 3.1 3.2

Notes: () (ed: employment areass$: small squares,dg: Départements,ng9: medium
squares, re): Régions, I6): large squares.iij Averages over 18 years, except for trade
ows (1996 value). (i) Av. is the mean. Cv is the Coeient of variation (standard
deviation divided by mean).iM) No unit for wage because detrended and centered around

individual mean. No unit for market potential.

density and wages, aeveraged The former increase with the size of the units, which isightforward.

By way of contrast, the overall picture vary less for avethiggormation. For instance, employment density
di ers only little across grid zoning systems, regardless @fsthe of their units, while it varies more for
administrative units, which re ects that the design of adistrative zoning systems was not based on this
variable. Average wages are little @cted by both administrative and grid zoning systems. Thpision

that the MAUP could still bias the estimate of the impact aflagheration economies motivates the exercise
14



carried out in sectiob.

However, there are two variables, distance and market fiatefor which information is neither
summed nor averaged. Consider rst distance. It can be ctadpeither as the great-circle distance be-
tween the centroids of spatial units (“Aggregate Distariogable 1), or as the average distance between
the municipalities of each unit (“Municipality-level Datce” in tablel). In the former case, there is no
obvious link from one zoning system to the other, whereahénlatter, less information is lost through
aggregation. The same argument holds for market potetitzdn be the average of market potentials over
municipalities or the aggregate market potential. Evehéfttivo rst moments of both couples of variables
do not di er drastically, the MAUP could be more severe when variabtescomputed at the aggregate

level. This source of distortions is investigated in sawi®and6.

4. Spatial concentration

Before turning to regression analysis, we carry out the rbasic exercise in economic geography,
which consists in measuring the extent of spatial conctotraan issue widely-covered in the literature.
Apart from a small number of continuous approaches, sucburanton and Overma(2005, work in
this area is based on discrete zoning systems. While sonehasrfocused on the comparison of spatial
concentration across industries, suclEfison and Glaesef1997), only little has assessed the legitimacy
of comparing results across zoning systems thagidin the size and shape of spatial units. In this section,
we compare the variability in concentration due to the zgmsiystem with that from dierent concentration

indices.

4.1. Giniindices

We compute the spatial Gini index associated with everyrmpsi/stem for 98 industries and 18 years
(see Appendix). The moments of the index distribution avided in table2. Every moment of the
distribution, in particular the mean, falls with aggregatievel. The rationale is straightforward: smallers
units have more areas with no registered employment foaiceidustries, which raises the Gini index
mechanically for each industry.

We then rank industries by spatial concentration and coemppearman rank correlations across zoning
systems. The results are shown in takle

Rank correlations across zoning systems that are similaizen ga and ss de and ms andre and

Is) are very high, with values of at least 0.98 (see the subedialgelements in tabl8). The ranking of
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Table 2— Summary statistics for the Gini index

Mean St. Dev.|| Min P25 P50 P75 Max

(ze | 0.587 0.224] 0.134 0.410 0.597 0.767 0.994
(s9 | 0.553 0.220 0.111 0.370 0.560 0.720 0.992
(de | 0.481 0.217]| 0.098 0.299 0.465 0.637 0.980
(mg | 0.439 0.213|| 0.072 0.260 0.415 0.582 0.971
(re) | 0.338 0.187|| 0.051 0.184 0.321 0.443 0.947
(Is) | 0.327 0.185|| 0.043 0.181 0.300 0.433 0.891

Note: Computed on 1764 observations (98 industrid8 years).

Table 3— Spearman rank correlations between Gini indices

Averages over 18 years

(g (s9 (dg (mg (re) (Is)
(ed | 1 099 0.99 099 095 0.95
(s9 1 098 099 096 0.96
(de 1 099 097 0.97
(m3 1 098 0.98
(re) 1 0.98
(Is) 1

industries is therefore virtually unacted by changes in the shape of units. Size has a slighthtegre
e ect on concentration. For instance, the rank correlatidwédmeneaandre is 0.95, which remains high.
Making shape more homogeneous across scales leads ta sesiléts, with the correlation betwesesand

Is zoning systems being 0.96.

4.2. Ellison and Glaeser indices

It is well known that the spatial Gini index is contaminatedibdustry structure. Given total indus-
try employment, industries with fewer plants will have heghGinis, even with random plant location.
Ellison and Glaesef1997) develop a measure of concentration that is purged of thist@ize eect. Ta-
ble 4 describes moments of the EG index distribution.

Contrary to the Gini coecient, the EG index monotonically increases with the agafieg scale,
which gives further support to well-known result alreadyt farward by Ellison and Glaese(1997), or

Maurel and Sédillo(1999 and Devereux, Gri th, and Simpsorf2004), for a slightly modi ed index. It
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Table 4— Summary statistics for the Ellison-Glaeser index

Mean St. Dev|| Min P25 P50 P75 Max
(ze | 0.017 0.027| -0.015 0.004 0.009 0.019 0.396
(s9 | 0.021  0.037 -0.065 0.004 0.012 0.027 0.365
(de | 0.022  0.034|-0.014 0.005 0.012 0.025 0.407
(mg|0.031 0.051-0.067 0.004 0.014 0.039 0.364
(re) | 0.042  0.059 -0.062 0.006 0.023 0.051 0.434
(Is) | 0.040 0.056|-0.116 0.005 0.018 0.052 0.326

Note: Computed on 1764 observations (98 industrid8 years).
can be taken as evidence that various industrial spilloptearg at di erent scales. If we turn to the Spear-
man rank correlations, we have the results depicted in &able

Table 5— Spearman correlations between EG indices

Averages over 18 years

(g (s9 (d§ (mg (re) (Is)
(ed | 1 0.83 0.94 0.84 0.83 0.81
(s9 1 0.79 0.87 0.85 0.84
(de 1 0.85 0.85 0.82
(m3 1 0.93 0.90
(re) 1 094
(Is) 1

The rank correlations are generally lower than those fo&imé indices. Hence, any distortions due to
the MAUP are more pronounced when spatial concentratiore@snred via the EG index. In particular, size
distortions are slightly aggravated, even though the ramketations remain fairly high (0.83 for instance

betweereaandre).

4.3. Comparison between the Gini and the EG

The success of the EG index over the Gini cegnt lies in its alleviation of concentration due to the
location of big plants. In this respect, the EG index sho@ddvored. The crucial question we address here
is whether the zoning system ects the ranking of industries more than does the choiceeahttex itself.

To answer, we turn to a between-index rank correlation amly
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Table6 shows that the between-index Spearman rank correlatierdeanitely smaller than their within
counterparts. Even within each zoning system (the diagelraients of tablé), the rank correlation is 0.81

at best (fore), with the lowest correlation being 0.56 (feg.

Table 6 — Spearman rank correlations between Gini and EG indices

Averages over 18 years

(e (s9 (dg (m3g (re) (Is)

(eg | 0.65 0.53 0.70 0.61 0.67 0.64
(s9 |0.65 0.56 0.70 0.63 0.69 0.66
(de |0.69 0.56 0.75 0.65 0.71 0.67
(m3|0.68 0.58 0.74 0.67 0.73 0.69
(re) |0.73 0.65 0.78 0.74 0.81 0.76
(Is) |0.73 0.65 0.78 0.73 0.79 0.78

There is considerable evidence that index choice, whichameconsider as a speci cation issue, pro-
duces greater distortions than the choice of zoning systetarms of both size or shape. It should thus be

of greater concern than the MAUP.

5. Agglomeration economies

While the MAUP only slightly distorts spatial concentratipatterns, it might have a greaterezxt on
the explanation of the spatial distribution of economidalales. We therefore now consider the incidence
of the MAUP in the context of multivariate regression anely$n this section, we focus on the estimation
of agglomeration economies. Evaluating the magnitude eftttne ts reaped from spatial proximity is
important for policy, and much work, such @&ccone and Hal{1996), has been devoted to the estimation
of the productivity gains resulting from dense clusters aifvities. The bene ts from proximity to large
markets and the local composition of labor skills are gdlyesamultaneously estimatetf.

We regress local wages, a frequently-used measure of labat Iproductivity,on local employment
density. Letw,; denote the wage in areeat datet, computed as thaverageearnings of all workers located
in a at datet (hereafter the “gross” wage), ariden,; employment density (per square-kilometer). The

benchmark speci cation we run is the following:

logwat = logDeryt + Xat+ "at; (2

6see for instanc€ombes, Duranton, and Gobill¢20083.
18



where Xy is a vector of control variables. We compare the estimatastielty of wages to employment
density across zoning systems. In this exercise, we cansidewverage wage and employment density per
areal unit. In light of the simulations performed in sect®yrwe expect the MAUP to be mitigated in this
setting. As for concentration indices, we then check whethe choice of zoning systems matters less for
the magnitude of agglomeration economies than the biasas ¢hoice of controls in the wage equation,

which is a speci cation issue.

5.1. A wage - density simple correlation

In order to have a benchmark, we rst look at gross wagkensity correlations. Given the panel
structure of the data, we estimate equatomith no controls other than time dummies. TalBleeports on

the resulting elasticities.

Table 7— Gross wages and density

Simple correlations

Dependent Variable: Log of gross wage

(pooled years)
Zoning systen| (ed (s9 (de (m9 (re) (Is)

Density 0.072 0.07¢ 0.073 0.05¢ 0.09G¢ 0.099
(0.001) (0.002) (0.001) (0.002) (0.003) (0.006)

Time dummies yes yes yes yes yes yes
Obs. 6138 6118 1692 1638 378 396
R? 0.468 0.237 0.729 0.376 0.762 0.549

Notes: () All variables in logarithms. i() Standard-errors in brackets.

(iii) 3, ®, : Signi cant at the 1%, 5% and 10% levels respectively.

The elasticity of wages with respect to employment dengtyih the usual range of [0.04, 0.10] found
for U.S. and European data (S8embes et a]2008h). Even though some derences result from the move
to a larger scale, the shapeezt remains small.

Size di erences do not really matter when moving from small to mediwnits, although larger dif-
ferences occur as we move to the largest units. In bathindde the value is about 0.07. However, the
aggregation fronaeto re induces a 20%-increase in the cagent estimate. As for the grid zoning system,
the estimated elasticity is more sensitive to scale.

It is worth noting that the explanatory power of employmeenhsity is signi cantly lower (almost
19



halved) for checkerboard grids than for administrativetauniTherefore, boundaries which do not re ect
administrativéeconomic realities do actually generate measurementsenpossibly in both the left-hand
and right-hand side variables. However, the good news istliese errors seem to be largely randomly
distributed: even though density loses explanatory patverpverall picture with respect to elasticity is one
of stability. In line with the intuitions provided i.3, this corroborates the OLS consistency in the presence
of random measurement errors and exogenous explanatoay ke

As a second step, we compare the two MAUP distortions to tl@gds induced by including skills

controls (Sectiorb.2) and market potential (Sectidn3d) into the wage equation.

5.2. Controlling for skills and experience

Our empirical analysis uses rich individual wage inforrmatfrom a large panel of workers followed
across time and jobs. We are hence able to apply a sophéstipabcedure to control for observed and
unobserved individual skills, so as to check whether thatgreproductivity observed in dense areas is
partly due to the spatial sorting of workers and whether ti¢JA a ects these magnitudes. In a rst stage,

we calculate individual wages net of individual skills angberience, as follows:
logwie = i+ i+ Xie + it (3)

wherew; is the wage of worker at datet. This is a function of ;, an individual xed-e ect capturing the
impact of both time-invariant observed and unobservedsskili.y, an e ect speci ¢ to the rmj wherei is
employed at date andX;; a set of controls for workersexperience at datgage, age-squared, and number
of previous jobs interacted with gender). Based on the estisnprovided ilAbowd, Creecy, and Kramarz
(2002, and followingCombes et al(20083, we de ne a wage net of any individual observed and unob-
served skills and experience ects, wit T Xt . Wethen compute the average of this net wage over all
individuals living in the same ares at datet (hereafter net wage). This yields a measure of local labmr pr
ductivity purged of individual skills and experience. Wegeed by regressing net wages on employment
density. The results are shown in taBle

The elasticity of net wages with respect to employment dgisihalf of that for gross wages. Hence,
the speci cation issue induces a dirence in coe cient of an order of magnitude greater than that due to
the MAUP. We therefore reach the same conclusion as for thAlgsia of spatial concentration: dérences
due to the size and shape of spatial units are small compatbd tipward bias induced by the omission of

workers' skills and experience in the wage equation, egfigavhen data are not aggregated at a too large
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Table 8— Net wages and density

Simple correlations

Dependent Variable: Log of net wages

(pooled years)

Zoning systen| (ead (s9 (de (m9 (re) (Is)
Density 0.033 0.028 0.02¢ 0.023 0.048 0.052
(0.001) (0.001) (0.001) (0.002) (0.003) (0.004)

Time dummies yes yes yes yes yes yes
Obs. 6138 6118 1692 1638 378 396
R? 0.220 0.098 0.338 0.238 0.619 0.570

Notes: () All variables in logarithms. i{) Standard-errors in brackets.

(iii) 3, ®, ©: Signi cant at the 1%, 5% and 10% levels respectively.

scale. Moreover, shape and size distortions are slightiyraated in many cases (betwadmandms and

re andls, for instance), once these controls are included.

5.3. Market potential as a new control

Not only local density and skill composition act labor performance, but so does the proximity to large
economic centers outside the area. A major drawback of tbeealvage speci cations is that there are no
controls for the relative position of the area within the \eheconomy. For instance, wage equations de-
rived from fully-speci ed economic geography models, sasRedding and Venablg2004) andHanson
(2005, account for spatial proximity via structural demand angpy access variables. It is beyond the
scope of this paper to replicate such a sophisticated andulli to implement approach. Here we only
include, as well as density, Harris (1954 market potential variable based on the employment addessi
from any given area, divided by the distance necessary thri@m?’

X Y0

Market Potentiak - X
2 a Disty. 20

(4)

whereYy is employment in area and Dist, 50, the great-circle distance between the centroids of aaeas

anda’. The results for gross and net wages are listed in tabésl 10 respectively.

"The literature shows that this atheoretic market potenftah has an explanatory power similar as the one of straltoarket

potential.
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Table 9— The spatial determinants of gross wages

Dependent Variable: Log of gross wage

(pooled years)

Zoning system | (ed (s9 (de (m9 (re) (Is)
Density 0.058 0.065 0.059" 0.05G' 0.09G' 0.098
(0.001) (0.002) (0.002) (0.002) (0.003) (0.006)

Market Potential 0.10¢ 0.09% 0.062 0.07% 0.024 -0.009
(0.004) (0.008) (0.005) (0.008) (0.011) (0.020)

Obs. 6138 6118 1692 1638 378 396
R? 0.521 0.256 0.753 0.411 0.765 0.549

Notes: () All variables in logarithms. i() Standard-errors in brackets.

(iii) 3, ®, : Signi cant at the 1%, 5% and 10% levels respectively.

Once market potential is accounted for, the impact of dgrmit gross wage is attenuated. This is
even more salient for low-scale and administrative zonysliesns. The elasticity of gross wages to market
potential is slightly stronger for medium squares than @it administrative counterparts, Départements.
This is consistent with the intuition that cross-boundagcikpancies should be more salient for grid units
that were not designed to minimize them in the rst place.

Regarding the size issue, the impact of market potentialatomically decreases with the aggregation
scale (for both the administrative and grid zoning systers)for density, size distortions are more preva-
lent for re or Is, and market potential becomes either insigni cant or evegative. This is due to an
important loss of information in the aggregation procesat tve detail below.

In table 10 where skill controls are accounted for, shape and size aitr slightly the estimates at
the lowest scales. It con rms our previous result that spation is of primary concern when working
with small spatial units. Dierences due to size and shape are much less pronounced dkarrdbulting
from a change in speci cation. For instance, the elastioitgensity is only @27 at the small-unit levels,
once skills and market potential are controlled for, while baseline estimates were abo@7 Similar
conclusions are reached for the market potential eldsticitvith slightly larger dierences at the largest
scales e andls). To gain further insights on the underpinnings of suchdasgale discrepancies, we turn

to an alternative de nition of market potential.
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Table 10— The spatial determinants of net wages

Dependent Variable: Log of net wage

(pooled years)
Zoningsystem | (ed (s9 (d& (mg (re) (Is)

Density 0.027 0.026' 0.02F 0.023 0.048 0.052
(0.001) (0.001) (0.002) (0.002) (0.003) (0.004)

Market Potential0.037 0.043 0.036 0.044 0.02% -0.0002
(0.004) (0.007) (0.006) (0.007) (0.01) (0.012)

Obs. 6138 6118 1692 1638 378 396
R? 0.232 0.104 0.354 0.256 0.624 0.570

Notes: () All variables in logarithms. i() Standard-errors in brackets.
(iii) 3, ®, : Signi cant at the 1%, 5% and 10% levels respectively.
5.4. An alternative de nition of market potential
If we use the average of municipality-level market potdstiastead of the aggregate market potential,

we obtain the results reported in tablEsand12.

Table 11— The spatial determinants of gross wages:

Municipality-level market potential

Dependent Variable: Log of gross wage

(pooled years)
Zoningsystem | (ed (s§9 (de& (mg (re) (Is)

Density 0.05G¢ 0.06F 0.05F 0.038 0.063 0.06%
(0.001) (0.002) (0.002) (0.002) (0.004) (0.006)

Market Potentiald.102 0.094 0.0772 0.12¢ 0.092 0.12%
(0.004) (0.008) (0.005) (0.007) (0.01) (0.014)

Obs. 6138 6118 1692 1638 378 396
R? 0.520 0.254 0.761 0.464 0.808 0.624

Notes: () All variables in logarithms. i() Standard-errors in brackets.

(iii) P, ¢: Signi cant at the 1%, 5% and 10% levels respectively.

In this second set-up, the aggregation process conservesimiarmation and, as expected, the elastic-
ity of market potential is less sensitive to changes in tlashand size of units, and even less at the largest

scales. Interestingly, the MAUP is also less salient raggrémployment density, and the explanatory
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power of the model increases, in comparison with taBlaad10.

Table 12— The spatial determinants of net wages:

Municipality-level market potential

Dependent Variable: Log of net wage

(pooled years)

Zoningsystem | (ed (s§9 (de& (mg (re) (Is)
Density 0.025 0.024 0.017 0.016' 0.032 0.038&
(0.001) (0.002) (0.002) (0.002) (0.004) (0.004)

Market Potentigl0.03& 0.044 0.04Z 0.063 0.056* 0.05%
(0.004) (0.006) (0.006) (0.007) (0.009) (0.009)

Obs. 6138 6118 1692 1638 378 396
R? 0.232 0.105 0.357 0.278 0.652 0.611

Notes: () All variables in logarithms. i() Standard-errors in brackets.

(iii) &P, °: Signi cant at the 1%, 5% and 10% levels respectively.

As for net wages (see tabl?), the coe cients of both density and market potential are more than
halved compared to gross wages, whereas shape and sizeaatg nbt big issues.

Figure7, that displays the density and market potential estimatasmfrom the three partly random
zoning systems, provides further support to this conctusieor a given size, the dispersion of estimates
is much lower than that induced by a shift of speci cation,igthcon rms the absence of shapeeazts.
Once again, the only signi cant derence due to size regards density for the largest unitsn Bogthis
distortion almost vanishes in the best speci cation (neg@s, as do the derences in the impact of market
potential. These conclusions clearly echo the nding#ofrhein and Flowerdewl1992 and suggest that
a good speci cation is actually an ecient way to circumvent the MAUP.

In line with the simulations provided in secti¢h3, the loss of information incurred when variables
are aggregated is the primary source of the MAUP. It can bigatéd (but never completely eliminated)
when the process of aggregation is of the average-type amth Wie raw information is not too much
heterogeneouwithin-unit, which is the case for spatially autocorrelated data atlsscales. If so, the

MAUP is of secondary concern compared to modeling is$ties.

80ne important concern is not tackled here. In the above wiagsity analysis, we inevitably face the major dulty that
causality could run both ways since the worker's locatioal# determined by their earnings anticipations. We lehigissue

aside, as it has already been extensively discussed irt¢natlire, and is orthogonal to the MAUP.
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Figure 7 — The size- and shape-dependency of wage determinants
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6. Gravity equations

So far, we have investigated MAUP distortions for aggregegiprocesses that are of the average-type

only. We now turn to gravity regressions that need both @extaand summed information.

6.1. Basic gravity

The gravity model has been widely used to investigate therchéhants of trade. A basic speci cation
explains the trade owFa, originating from area and shipped to area’, by various proxies for the
proximity betweena anda’. These include the great-circle distance between theaidatofa and &,
Dista0 and, often, a dummy variable stating whether the areas arigoous,Contigy0.2° Finally, the
“border e ect” (seeMcCallum, 1995 is captured by a dummy variable for within-area owWd,ithin,=z.

As a rst step, we estimate the following two-way xed-ect speci cation:
IN(Faz) = a+ a0 In(Distyp) + Contigye + Withing=g0 + a20; (5)

where 5 and  are destination and origin xed ects respectively, and,p is an error term. This xed-
e ect approach has the attractive property of being strubtuzampatible with many trade models (based
on comparative advantage as well as imperfect competitfon)

Table 13 reports on the related estimates under both the adminmgtrahd grid zoning systems. The

great-circle distance elasticity is systematically larfpe grid than for administrative zoning systems, at a

19A for grid zoning systems, we assume that two units are coatig if they share a common edge.
20SeeFeenstrg2003.
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Table 13— Basic gravity

Aggregate distance

Dependent Variable: log of positive ows
(Year 1996)

Zoning system (ed (s9 (de (mg  (re) (Is)
Distance -0.996¢ -1.175% -1.608 -1.912 -1.602 -1.90C¢"
(0.022) (0.024) (0.056) (0.048) (0.075) (0.113)

Within 1.738 1.04G 1.39% 0.221 1.466 0.44%
(0.063) (0.066) (0.111) (0.135) (0.151) (0.211)

Contiguity 0.967 1.09% 0.959 1.044 0.728 0.89%
(0.041) (0.044) (0.063) (0.077) (0.087) (0.118)

Obs. 24849 22189 6600 5069 441 443
R? 0.516 0.541 0.706 0.752 0.941 0.928

Notes: () All variables in logarithms. i() Standard-errors in brackets.

(iii) P, ¢: Signi cant at the 1%, 5% and 10% levels respectively.

given scale. The shape ect on distance increases with the scale of aggregationtidlidy is less a ected
by shape. Again, size ects are slightly more salient at the largest scales, espesihen moving from the
eassto either thedemsor re-Is zoning systems. The magnitude of the distancece (in absolute value)
increases with size (for the administrative and grid zorsystems). The border ect is always lower for
grid zoning systems, which is further evidence of the ecdn@onsistency of administrative units.

If we use the average of inter-municipality distance indtebaggregate distance (see tabdg, results
remain virtually the same, but the bordereet is magni ed.

In sharp contrast with market potential in wage equationsaleernative measure of distance does not
alleviate the MAUP. Gravity regressions are hence moreitbenso the MAUP. The rationale is found in
the simulations depicted in secti@mB. The dependent variable, trade ows, is summed over unit&reas
the explanatory variable, distance, is averaged. The psaafeaggregation shifts to the right the distribution
of the former and raises its dispersion (which nds suppotablel). By way of contrast, since distance is
a highly autocorrelated averaged variable, it is less Se@d4d aggregation. The rise (in absolute value) of
the distance coecient re ects the need to reconciliate an increasing dsiparof trade ows with a stable
support of the distance distribution.

Figure8 illustrates the way in which both size and shapect the values and standard errors of esti-
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Table 14— Basic gravity

Municipality-level distance

Dependent Variable: log of positive ows
(Year 1996)

Zoning system (ed (s9 (de (mg  (re) (Is)
Weighted Distancel1.009' -1.182 -1.645 -1.909" -1.71C¢" -1.968
(0.022) (0.024) (0.058) (0.047) (0.088) (0.096)

Within 2.13% 1.547 1.938 1.138 1.90¢ 1.39%
(0.058) (0.056) (0.099) (0.097) (0.146)  (0.21)
Contiguity 1.03% 1.139* 1.02¢* 1.058 0.768 0.863
(0.04) (0.044) (0.062) (0.069) (0.082) (0.094)
Obs. 24849 22189 6600 5069 441 443
R2 0.517 0.544 0.709 0.757 0.942 0.933

Notes: {) All variables in logarithms. i{) Standard-errors in bracketsii ) 2,

b, ¢ Signi cant at the 1%, 5% and 10% levels respectively.

mates from partly random zoning systems. Dark dots in théefipgure stand for the elasticity of distance
(and for contiguity and border ects in the top-right and bottom gures respectively). Th&®con dence
interval is shown by the surrounding lighter dots. Randomirzp systems are ranked by increasing esti-
mated values. For all three proximity measures, we nd thatariability in estimates raises with scale (as
re ected by the increasing slope of dark curves), sugggstitore shape-dependency in larger zoning sys-
tems. Nonetheless, this variability is of lower magnitudent the di erences due to moving from one scale
to another (fronreato rde or rre , regarding distance and borderezts). The shape-dependency of larger
zoning systems (especialiye ) is due to two joint phenomena. First, coeient estimation is more likely

to su er from nite-sample bias for larger (and hence less numgromits. Second, the random process of

aggregation is likely to produce more distinct zoning systevhen data are aggregated over larger units.

6.2. Augmented Gravity

Barriers to trade do not only concern proximity. Other tréitgions result from costs unrelated to dis-
tance (such as trade policy, exchange-rate volatilityivest times, and inventory or regulation costs), and
from more subtle frictions due to the need to acquire infaiomaon remote trading partners or to enforce

contracts, as emphasized Byauch(2001). To tackle these, the literature extends the basic grawiygel
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Figure 8 — The size- and shape-dependency of the impact of spatiginpitg on trade
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by making trade costs depend not only on spatial proximityatao on cultural and informational proxim-
ity. For instancéVagner, Head, and Ri€2002) report that migrations between two countries enhance thei
bilateral trade by around 50%. To evaluate the trade-ergatipact of social and business networks within

countries,Combes, Lafourcade, and May@005 estimate:

IN(Fazp) = a+ 2 In(Distyp) + Contigyo+ Withing=q0 (6)
+ In(1+ Migap) + In(1+ Migas) + In(1+ Planty) + a:0;
whereDist, is municipality-level distancé! Migaz is the number of people born in ara%and working in

areaa, called (relative to area) immigrants,Migao, are analogously emigrants, aRthnt, is the number

of nancial connections between plants belonging to theesaomsiness group (see Appendix).

Table 15— Augmented Gravity

Dependent Variable: log of positive ows
(1996, Municipality-level distance)

Zoning system (ed (s9 (d® (mg (re) (Is)

Distance -0.616' -0.698 -1.23F -1.294 -1.29F -1.34CG
(0.023) (0.027) (0.062) (0.061) (0.103) (0.102)

Within 1.20F 0.92% 0.88 0.338 0.517 0.436
(0.064) (0.06) (0.126) (0.095) (0.171) (0.241)

Contiguity 0.31% 0.403 0.366* 0.317 0.296 0.42%
(0.049) (0.049) (0.068) (0.072) (0.072) (0.119)

Emigrants 0.228 0.226° 0.2372 0.2448 0.28F 0.248
(0.014) (0.013) (0.028) (0.034) (0.088) (0.104)

Immigrants 0.24P 0.256 0.20%* 0.286 0.257 0.26&
(0.014) (0.015) (0.037) (0.035) (0.086) (0.134)

Business network$.043 0.013 0.22 -0.021 0.225 0.646
(0.016) (0.019) (0.072) (0.064) (0.173) (0.161)

Obs. 24849 22189 6600 5069 441 443
R? 0.538 0.568 0.723 0.772 0.953 0.945

Notes: {) All variables in logarithms. i{) Standard-errors in bracketsii ) 2,

b, ¢ Signi cant at the 1%, 5% and 10% levels respectively.

2!Results are virtually unchanged with the alternative messfidistance, i.e. aggregate distance.
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It can readily be seen from tablis that, controlling for networks reduces the distance alagtby
about one-third, whereas the contiguityeet is three to four times smaller. The bordeeet is reduced
even further, and disappears completely atrénds scales. The MAUP distortions are subsequently far
larger than those observed in talif@and14.

It is worth noting that the trade-creating ect of migrants is robust to the shift of zoning system, in
terms of both size and shape. Migrant and business netwoidbles are indeed summed from one scale
to another, and this aggregation process increases bathntban and dispersion. Their elasticity is not
very sensitive to the MAUP because the dependent variablie tis aggregated under the same summation
process. By way of contrast, even though the trade-creatipgct of business networks increases slightly
with the scale of administrative units, it is no longer stitally signi cant for grid zoning systems.

Figure9 displays the estimated immigrant and emigrant caents in the same way as in guB Both

groups of estimates monotonically increase with the lefabgregation.

Figure 9 — The size- and shape-dependency of the trade-creatingiropanigrants
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We therefore continue to nd that size matters more than shalloreover, the magnitude of this
distortion is de nitely larger than in our previous exerss The explanation is that gravity regressions
involve variables aggregated under éient processes. Since the MAUP is fundamentally linkedhetier
the distribution of variables is preserved, it jeopardiges/ity estimations more than wage equations. Still,

MAUP distortions remain of smaller magnitude than mis-gpation biases.
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7. Conclusion

The overall picture is fairly clear. The use of dirent speci cations to assess spatial concentration, ag-
glomeration economies, and trade determinants produtssasial variation in the estimated coeients.

In most cases, theory provides a clear explanation of sugatizans. Although the size eect of the MAUP
might still be important, especially at large scales, itfisecond-order compared to speci cation at lower
scales. Shape distortions remain of only third-order conc®©n the other hand, when zoning systems
are speci cally designed to address local questions, dseicase for French employment areas, we de -
nitely argue that they should be used. Those who are left @titar administrative units should not worry
too much however, as long as the aggregation scale is noatge.| We therefore urge researchers to pay
attention in priority to choosing the relevant speci catifior the question they want to tackle.

We also want to draw attention on the fact that the aggregatiocess conditions the magnitude of the
MAUP distortions. If these distortions are negligible wHawth the dependent and explanatory variables
are averaged, they are clearly more jeopardizing when theeggtion processes are not consistent on both
sides of the regression, and even more that we work with{segée spatial units. For instance, the MAUP
could be of greater concern with U.S. data aggregated attttie Bvel.

We do not of course claim that the various speci cations Ligdtiis paper are actually the best. They
are simply those frequently found in the economic geogrdjtesature. Many other empirical questions
can be considered. We focus on three simple exercises leetta@ysare quite dierent in spirit, and cover a
wide range of estimations. This makes us fairly con dent tha conclusions are robust to other exercises,
even though this remains to be shown.

Finally, the French economical and institutional desigry e particularly well-designed to minimize
MAUP problems. For instance, the division of France into &&ments, was adopted simultaneously with
the rst French constitution in 1790 to replace the old “praes”, which more or less represented dioceses.
These latter exhibited signi cant variation in tax systempspulation and land areas, and the new division
aimed to create more “regular” spatial units under a comnamtral legislation and administration. Their
size was chosen so that individuals from any point in the Biépgent could make the round trip by horse
to the capital city in no more than two days, which translated a radius of 30 to 40 km. Hence, it might
well be that the French administrative zoning systems a® $ensitive to the MAUP by de nition. We

therefore encourage researchers to replicate the exerasaeed out here in the context of other countries.
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Appendix: Data

Economic variables for all zoning systems are obtained lgreggating information over the 36,247
French municipalities (“communes”).

First, over the 1976-1996 period, the composition in terfmestablishments (employment size, and
number of establishments) and workers (year and place tbf lbige, gender, occupation, and wage, among
others) is available at the 4-digit industrial level. Theéadeome from the INSEE survey&claration An-
nuelle de Données Socialg®ADS), which collects matched employer-employee infatian in France.
Our analysis builds on a panel extract covering people bofdtober of all even-numbered years, exclud-
ing civil servants, which is a representative24™ of the French population. No survey was carried out
in 1981, 1983 or 1990, producing a nal sample of over 12.3iomil plant-individual year observations,
which are then re-aggregated by spatial unit, year (18 gpiand industry (98 two-digit sectors covering
both manufacturing and service®)As the key parameter of the sampling process is the datetbf biere
is no obvious reason to believe that the sample is geographlnased.

For 1996, the above data are matched with information onrdmetvolumes shipped by road, both

22As in Abowd et al.(2002), part-timers are retained and outliers (over ve standamabrs above and below the mean) are

dropped. The selection of industries and the removal of §amprrors at the smallest scale follo@®mbes et al(20083.
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within and between municipalities, which we aggregate witocerent larger zoning systems. The data
comes from the French Ministry of Transport, which annuallyveys a strati ed random sample of trucks.
Regarding social and business networks, we compute migtacks based on the number of natives
from one area who moved to work in another aféaBusiness networks are captured via the number of
nancial connections between plants belonging to the sansnless group. For each business group, we
count the number of plants located in each area. We then denfipueach pair of areas the sum over all
business groups of the product of the two counts. The datacedere is the INSEE survey faisons
Flnanciere$ (LIFI), which de nes a business group as the set of all rmentrolled either directly or

indirectly (over 50%) by the same parent rm, which is itsetit controlled by any other rnt?

23This gure is also calculated using the DADS survey.
24SeeCombes et al(2005 for more details on the network variables.
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