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Abstract

This paper analyzes human capital externalities from high-skilled workers by applying func-
tional regression to precise geocoded register data. Functional regression enables us to de-
scribe theconcentrationofhigh-skilledworkersaroundworkplacesascontinuouscurvesand
to e�iciently estimate a spillover function that depends on distance. Furthermore, our rich
panel data allow us to address the sorting of workers and to disentangle human capital ex-
ternalities from supply e�ects by using an extensive set of time-varying fixed e�ects. Our
estimates reveal that human capital externalities attenuate with distance and disappear af-
ter 15 kilometers. Externalities from the immediate neighborhood are twice as large as those
from surroundings ten kilometers away.

Zusammenfassung

Wir analysierenHumankapitalexternalitäten vonHochqualifiziertenmit präzisen georeferen-
zierten Sozialversicherungsdaten. Functional Regression ermöglicht es uns die Konzentrati-
on vonHochqualifiziertenumArbeitsplätzeherumals kontinuierlicheKurven zubeschreiben
und eine von der Entfernung abhängige Spillover-Funktion zu schätzen. Unsere umfangrei-
chenPaneldatenermöglichenesunsaußerdemräumlicheSelektionvonBeschä�igtenzube-
rücksichtigen undHumankapitalexternalitäten von Angebotse�ektenmittels hochdimensio-
naler Fixed-E�ects zu trennen.UnsereSchätzungenzeigen, dassHumankapitalexternalitäten
mit der Distanz abnehmen und etwa 15 Kilometer weit reichen. Humankapitalexternalitäten
aus der unmittelbaren Nachbarscha� sind doppelt so hoch wie solche aus zehn Kilometern
Entfernung.

JEL

C13, D62, J24, J31, R10, R12

Keywords

human capital externalities, functional regression, geodata, wages
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1 Introduction

Workers interact with each other within and across firms. They share their knowledge, dis-
cuss ideas and adopt procedures and technologies. All of these interactions potentially in-
crease the productivity of workers through ‘human capital externalities’ (Davis/Dingel, 2019;
Acemoglu, 1996; Lucas, 1988; Marshall, 1890). Although a large body of empirical literature
supports the existence of geographically bounded human capital externalities (Cornelissen/
Dustmann/Schönberg, 2017; Ciccone/Peri, 2006; Moretti, 2004; Rauch, 1993) little is known
about the exact spatial extent of human capital externalities. For several reasons, human
capital externalities likely decline with distance. For instance, distance raises the costs of
planned social interactions, such as meetings. Similarly, distance reduces the likelihood of
unintended encounters that lead to the exchange of knowledge. Moreover, because distance
generally raises the number of intermediaries between individuals in a social network and an
increasing number of intermediaries impedes information flows, distance depresses indirect
information flows. Consequently, individuals likely benefit more from proximate than from
distant neighbors.

Previous empirical research provides initial evidence for spatially decreasing human capi-
tal externalities. Using cross-sectional data from the US, Rosenthal/Strange (2008) construct
concentric rings around workers that measure the concentration of human capital within 5
miles and between 5 to 25 miles. To explore how human capital externalities attenuate with
distance, they regress individual wages on the concentration of human capital within these
rings. They find that human capital externalities from the inner ring are notably larger than
externalities from the outer ring. A closely related study by Fu (2007) adopts the strategy of
Rosenthal/Strange (2008) to analyze cross-sectional data from theBostonmetropolitan area.
Using more precise geocoded data, Fu (2007) measures the concentration of human capital
within finer rings (i.e., 0-1.5, 1.5-3, 3-6 and 6-9 miles). Fu (2007) finds evidence that human
capital externalities may vanish a�er only threemiles. Recent findings from the Netherlands
in a setting with panel data and concentric rings of 0-10, 10-40, and 40-80 kilometers’ dis-
tance suggest that human capital externalities reach 10 kilometers (Verstraten, 2018). Al-
though these studies provide evidence for the spatial attenuation of human capital exter-
nalities, the exact decay of the e�ects remains unclear because the literature is constrained
either by relatively imprecise geo-information or by specific data from a single area. Further-
more,most empirical evidence is restricted to cross-sectional data,which complicates causal
inference. Additionally, the described studies overlook that human capital externalities from
high-skilled workers are entangled with labor market supply and demand e�ects (Katz/Mur-
phy, 1992; Card/Lemieux, 2001; Borjas, 2003; Moretti, 2004; Ciccone/Peri, 2006).

In this paper, we attempt to address all of these issues and estimate human capital externali-
ties based on high-resolution geodata of an entire economy. Specifically, we estimate the ex-
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ternal e�ect from the local concentration of high-skilled workers on individual wages. Exter-
nal e�ectsmay arise from knowledge exchange (Marshall, 1890; Lucas, 1988) or the di�usion
of new technologies (Nelson/Phelps, 1966; Acemoglu, 1998). Both channels might increase
worker productivity and thus raise their wages. To estimate human capital externalities, we
draw on a large and novel administrative micro panel dataset that features the exact coordi-
nates of nearly all German establishments and rich information on individual workers over
one and a half decades. Furthermore, we propose to use a novel estimation procedure that
is capable of evaluating such detailed geodata. This allows us to estimate the spatial attenu-
ation of human capital externalities with high precision.

To fully exploit the information fromexact geocodes ofworkplaces, we adopt amethodologi-
cally freshapproachandmeasure themagnitudeofhumancapital externalities (or spillovers)
with respect to distance in a continuous manner. Recent developments in functional data
analysis (FDA) provide particularly suitable frameworks. FDA is a branch of statistics that
extends classical statistical methods to random variables with a functional nature, such as
curves or surfaces over a continuous domain. Typical examples of such data are temperature
curves, growth curves or the continuous evolution of stock prices over time. The continuity
of curves entails that adjacent values are somehow related. Inmany applications, exploiting
this informationmakes FDAmore e�icient than classicalmultivariatemethodsondiscretized
data.

While statisticians employ FDA in a wide range of applications (see Ullah/Finch, 2013 for a
systematic overview), FDA is applied quite rarely in economics (examples include Ramsay/
Ramsey, 2002, Wang/Jank/Shmueli, 2008 and Caldeira/Torrent, 2017).1 This paper, there-
fore, illustrates the potential of FDA in economic research with high-dimensional variables.
Our approach relies on a functional linear regression model in which a scalar outcome vari-
able (log wage) is regressed on observations of a functional random variable (share of high-
skilled workers as a function of distance to a worker’s workplace). For this purpose, we aug-
ment the classical scalar-on-function regression model to incorporate further scalar-valued
explanatory variables and use an estimation procedure, suggested by Crambes/Kneip/Sarda
(2009), that is based on smoothing splines and makes it possible to very flexibly model the
function-valued spillover parameter. The estimated spatial spillover function relates wages
to the share of high-skilledworkers as a function of distance, which is evaluated at 500meter
intervals up to 50 kilometers.

The previous literature that estimates the spatial attenuation of economic e�ects follows
a semi-parametric approach (e.g., Rosenthal/Strange, 2008; Fu, 2007; Verstraten, 2018; Gib-
bons/Overman/Sarvimäki, 2017; Faggio/Schluter/vomBerge, 2019; Faggio, 2019).2 In thesemi-

1 Readers with a general interest in FDA are referred to the textbooks of Ramsay/Silverman (2005); Ferraty/
Vieu (2006); Horváth/Kokoszka (2012) and Hsing/Eubank (2015).
2 Some examples of studies that investigate the spatial patterns of agglomeration e�ects are: Arzaghi/Hen-
derson (2008), who study networking e�ects within the advertising agency industry in Manhattan; Ahlfeldt et
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parametric approach, econometricians estimate linear models in which the main explana-
tory variable is measured in several geographically concentric rings or circles around obser-
vations. Although the semi-parametric approach is generally well suited tomeasure the spa-
tial attenuation of economic e�ects and is a straightforward application of the linear OLS
model it is less precise compared to our FDA approach. The reason is that multicollinearity
issues usually do not allow to estimate e�ects from a large or fine-graded series of measure-
ment points. To circumvent multicollinearity issues researches are therefore forced to con-
struct relatively broad rings or circles thatmeasure the spatial distribution of the explanatory
variable. Our FDA approach solves this issue by regularizing the parameter estimates. This
enables us to exploit geographically extremely fine graded data and to estimate the spatial
attenuation of economic e�ects with detail.

There are two major challenges in identifying regional human capital externalities, namely,
confounding labor market supply and demand e�ects and the sorting of high-skilled work-
ers into high-wage regions. We address both problems with an extensive set of time-varying
fixed e�ects. If high- and low-skilled workers are imperfect substitutes, standard supply and
demandmodels indicate that an increase in the share of high-skilled workers raises (lowers)
the wages of low-skilled (high-skilled) workers (see Ciccone/Peri, 2006 and Moretti, 2004 for
detailed explanations in our context). Thus, spillovers are potentially entangled with labor
market supply anddemande�ects. Todisentangle spillover fromsupply anddemande�ects,
we follow Eppelsheimer/Möller (2019) and exploit the di�erent spatial natures of the two ef-
fects. While supply anddemande�ects areplausibly commonwithin local labormarkets (i.e.,
supply and demand e�ects originating in one part of the city uniformly a�ectwages through-
out the city), the intensity of spillover e�ects truly depends on distance (i.e., spillovers af-
fect close neighbors more than distant neighbors). Thus, in the data, we are able to purge
spillover e�ects from supply and demand e�ects by eliminating variation that is common
within regional labor markets. To do so, we include time-varying labor-market-area fixed ef-
fects in the econometric specification (i.e., a specific intercept for every labor market area
in each year). Because supply and demand e�ects may have di�erent impacts on high- and
low-skilledworkers, we further interact these labor-market-area-year fixed e�ectswith a skill
dummy.

FollowingCornelissen/Dustmann/Schönberg (2017),who, ina relatedcontext, addressworker
sorting at the firm level (Abowd/Kramarz/Margolis, 1999; Card/Heining/Kline, 2013), we ad-
dress sorting of high-skilled workers into high-wage regions (Acemoglu/Angrist, 2000) by in-
cludingacomprehensive setof fixede�ects. Inparticular, theabove-introduced labor-market-
area-year fixede�ectsnullifyunobserved regionalheterogeneity thatmightattracthigh-skilled
workers, such as (changes in) averagewages, general labormarket conditions andamenities.

al. (2015), who examine productivity externalities in Berlin; Andersson/Larsson/Wernberg (2019), who evaluate
productivity e�ects from industry specialization and diversity in Swedish cities; and Faggio (2019) and Faggio/
Schluter/vom Berge (2019), who assess the local labor market impact of relocations of public sector jobs in the
UK and Germany.
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Importantly, labor-market-area-year fixed e�ects also cover temporal labor market shocks
that might pull or push skilled workers into or out of regions—a concern raised by Moretti
(2004). Additionally, we account for locational advantages within regions (e.g., proximity
to infrastructure and facilities) and unobserved individual heterogeneity with worker-firm
match fixed e�ects.

We findsignificant spillovere�ects fromthe local concentrationofhigh-skilledworkers. More-
over, our estimates reveal that spillover e�ects decay with distance. Human capital external-
ities from direct neighbors (i.e., high-skilled workers who are located within a 0.5 kilometer
radius) are roughly twice as large as spillovers from high-skilled workers that are located 10
kilometers apart. A�er 15 kilometers, spillover e�ects vanish completely. Overall, an evenly
distributed, one-standard-deviation increase in the local share of high-skilled workers leads
to wage gains of 2 percent. The magnitude of this e�ect is comparable to classical estimates
at the aggregate level. In general, our findings are in line with the urban economic litera-
ture and support the existence of human capital externalities. Additionally, our results imply
that human capital externalities cover entire cities. However, the majority of their e�ect is
bounded within the near neighborhood of high-skilled workers. Workers at firms located in,
or very close to, a skilled neighborhood, therefore, benefit most from spillovers. Those who
work farther away from skilled neighbors gain less, and workers in very remote regions do
not profit from human capital externalities at all.

The remainder of the paper is organized as follows. The next section explains the estima-
tor and our identification strategy. Section 3 summarizes the data. Section 4 presents our
main findings, illustrates the statistical properties of the estimator in a simulation study and
provides an overview of several robustness checks. Section 5 concludes the paper.
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2 Estimation strategy

This paper seeks tomeasure the spatial attenuation and reachof human capital externalities.
Therefore, our aim is to describe the share of high-skilled workers around establishments as
continuous curves andmodel a spillover function that depends on distance. In the following,
we explain the estimator, discuss statistical inference and describe our representation of the
share of high-skilled workers as curves. Finally, we specify the identification strategy that
addresses endogenous sortingofworkers andconfounding labormarket supply anddemand
e�ects.

2.1 The estimator

The spatial allocation of human capital varies considerably across and within administrative
boundaries. For a given location, say worker i’s workplace, the concentration of high-skilled
workers in the immediate neighborhood, therefore, may di�er from the concentration in the
greater neighborhood. Moreover, one canmeasure the concentration of high-skilledworkers
at any distance to worker i’s workplace. It is thus natural to regard the concentration of high-
skilledworkerswith respect to the distance toworker i’s workplace as a curve. We use curves
to assess how the concentration of human capital influences productivity in space.

The functional linear regressionmodelwitha scalar responsevariable is a suitable framework
to measure such a relationship. With Yi being the scalar dependent variable, the model is
defined as

Yi =

∫ 1

0

β(z)Xi(z) dz + εi, (2.1)

whereXi ∈ L2([a, b]) are independent and identically distributed (iid) random functions de-
fined on a common domain, which we set to [0, 1] without loss of generality. The function-
valued coe�icient parameter β ∈ L2([0, 1]) describes the influence of Xi on Yi and varies
over distance z. The error term εi is independently distributed and has a mean of zero and
homoscedastic variance (wewill later consider heteroscedastic andautocorrelatederrors).

Model (2.1) has received considerable attention in the FDA literature (see Morris, 2015: for an
overview). Classically, the estimation of β is based on the Karhunen-Loève decomposition
of the empirical covariance operator of the observed curvesXi. Therefore, the expansion of
the so-called functional principal component (FPC) estimator depends heavily on the ran-
dom curves’ correlation structure. In this paper, we instead build on the smoothing spline
estimator proposed by Crambes/Kneip/Sarda (2009). This approach has the advantage that
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the basis functions are independent of the curvesXi, which results in a more flexible func-
tion space for β̂. From an asymptotic perspective, both estimators have minimax-optimal
convergence rates (Hall/Horowitz, 2007; Crambes/Kneip/Sarda, 2009).

In the following, X denotes the n × p matrix holding all n curves Xi(z) observed at p grid
values z1, . . . , zp, andY denotes the n-vector with observations of the dependent variable.
To estimate β, the approach of Crambes/Kneip/Sarda (2009)minimizes the penalized sumof
squared residuals

1

n

n∑
i=1

Yi − 1

p

p∑
j=1

β(zj)Xi(zj)

2

+ ρ

1

p

p∑
j=1

π2β(zj) +

∫ 1

0

(β(m)(z))2 dz

 . (2.2)

Here, πβ(z) is the best approximation of β(z) by a polynomial of degreem − 1 and ensures
uniqueness without imposing further assumptions on the random functionsXi. The penalty
parameter ρ ≥ 0 controls the flexibility of the estimated parameter function β̂. With ρ =

0, for instance, equation (2.2) coincides with the least-squares criterion. The minimizer of
equation (2.2) is

(
β̂(z1), . . . , β̂(zp)

)
=

1

n

(
1

np
X′X + ρA

)−1
X′Y, (2.3)

whereA = P+pA∗ is a penaltymatrix introducedbyCrambes/Kneip/Sarda (2009). Thisma-
trix is a combinationof a classical regularizationmatrixA∗ ∈ Rp×p andanonstandardprojec-
tion matrix P ∈ Rp×p projecting into the space spanned by polynomial functions of degree
m−1. The latter ensures the invertibility ofX′X+ρAand isdefinedbyP = W(W′W)−1W′,
whereW = (zqj )j,q ∈ Rp×m, q = 0, . . . ,m−1. Traditional smoothing splines penalize second
derivatives. Thus, we setm = 2, which results in an expansion of cubic natural splines with
knots at z1, . . . , zp. The regularization matrixA∗ is defined as usual by

A∗ = B(B′B)−1
(∫ 1

0

b(2)(z)b(2)(z)′ dz

)
(B′B)−1B,

whereB denotes the p× pmatrix of the p basis functions, evaluated at the p grid values, and
b(2)(z) is, for given value of z ∈ [0, 1], a p-vector of second derivatives for each of the p basis
functions.

To account for the influence of further explanatory variables, we expand model (2.1) with a
k-vector of scalar-valued explanatory variables Zi and a corresponding parameter vector γ:

Yi =

∫ 1

0

β(z)Xi(z) dz + Z ′iγ + εi. (2.4)
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Accordingly, we augment the smoothing spline estimator of Crambes/Kneip/Sarda (2009) to
incorporate scalar-valued explanatory variables. LetXZ denote the compound data matrix
(X, pZ), where the matrix Z holds the sample values of the k additional scalar explanatory
variables. The compound estimator of (discretized) β and γ then is:

β̂ =
(
β̂(z1), . . . , β̂(zp), γ̂1, . . . , γ̂k

)
=

1

n

(
1

np
X′ZXZ + ρAZ

)−1
X′ZY. (2.5)

Because the scalar-valued explanatory variables do not load into the roughness penalty, we
extend the penalty matrixA by appending k zero columns and k zero rows:

AZ =

(
A 0

0 0

)
∈ R(p+k)×(p+k).

The estimator (2.5) depends on the smoothing parameter ρ that controls the complexity of
the estimate of the function-valued slope parameter β. The smoothing parameter ρ itself has
no meaningful interpretation. Instead, a well-established measure for the complexity of the
estimate β̂ is the e�ective number of degrees of freedom (edf):

edf(ρ) = trace
(
Hρ

Z

)
, (2.6)

whereHρ
Z = (np)−1XZ

(
(np)−1X′ZXZ + ρAZ

)−1
X′Z is the hatmatrix of model (2.4). Given

a predefined number of degrees of freedom, equation (2.6) allows us to determine ρ. In our
preferred specification, we set edf(ρ) = 2.5; the resulting estimate can thus be substantially
more complex than a straight line. We experiment with di�erent penalties in appendix A.4.
Qualitatively, our results do not depend on the exact choice of the penalty term ρ.

2.2 Inference

From a theoretical perspective, drawing local inference about the slope parameter β in the
functional linear regressionmodel is a di�icult issue. WhenXi(z) are elements of the infinite-
dimensional Hilbert space L2, the estimator β̂ is not asymptotically normal (w.r.t. the strong
topology on L2). The reason is that such models belong to the class of ill-posed inversion
problems, that is, the (compact) covariance operator of the random curves Xi(z) has no
bounded inverse (see Cardot/Mas/Sarda, 2007: for details).
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Toquantify the estimationuncertainty, weproceedas in the classical linear regression frame-
work. In classical linear regression, inference about the model parameters builds on the
variance of the parameter estimates conditional on the observed regressors. Similarly, the
(pointwise) variance of the compound parameter vector β̂ for given observations of curves
and covariates,XZ, and the regularization parameter, ρ, can be computed by (see also Ram-
say/Silverman, 2005: equation 15.16)

Var
(
β̂|XZ, ρ

)
=

1

n2

(
1

np
X′ZXZ + ρAZ

)−1
X′ZΩXZ

(
1

np
X′ZXZ + ρAZ

)−1
. (2.7)

Here, Ω is the covariance matrix of the error term, which does not necessarily have to be
diagonal. By replacing this matrix with an appropriate estimate Ω̂, we obtain an estimate for
the variance of the parameter vector β̂. Furthermore, we estimate the ’meat’,X′ZΩXZ, based
on clustered standard errors at the firm level (see, for instance, Abadie et al., 2017: equation
2.3).

We use the variance (2.7) to visualize the pointwise variability of the estimate β̂ with confi-
dence bands. We obtain confidence bands bymultiplying the square-root of the correspond-
ing diagonal entry of Var

(
β̂|XZ, ρ

)
by appropriate quantiles of the normal distribution. To

account for the family-wise error rate, wedivide the significance level by the e�ective degrees
of freedom. The simulation exercise (section 4.2) supports such a procedure and shows that
it indeed controls sizewhen the (global) null is a linear function. Even if the true parameterβ0
is more complex, the estimator is able to resemble β0 quite well, although a local bias leads
to a pointwise violation of the nominal coverage probability of the confidence bands.

2.3 Calculation of curves

Akey featureof our analysis is the representationof the spatial densityof high-skilledworkers
aroundworkplaces as curves. To calculate these curves fromgeocodeddata,wecompute the
values of the functionsXi(z) for each worker i on an equidistant grid z1, . . . , zp:

Xi(zj) =
nhs[zj − h; zj)

n[zj − h; zj)

. (2.8)

Here,nhs[zj − h; zj)
refers to the number of high-skilled individuals forwhich the spheric distance

between their working location and the workplace of worker i is at least as large as zj − h
and smaller than zj . Similarly, n[zj − h; zj) is the number of all workers (high-skilled and low-
skilled) within the distance window. In other words, the value of the curveXi at distance zj
indicates the share of high-skilled workers in all workers within the distance window [zj −
h, zj), where h is a fixed bandwidth. To ensure that a firm’s own skill structure does not a�ect
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measurements of its neighborhood, we computeXi(z1) without its own number of workers.
Thus, we only measure regional human capital externalities without firm-internal spillovers.
To balance analytical precision and computational costs, we choose a bandwidth of h = 500

meters and computeXi(zj) on the grid zj = 500m, 1000m, . . . , 50000m.

There are several options for the actual measure of the concentration of high-skilled work-
ers. We decide to measure the density of high-skilled workers by their share in all workers
instead of, for instance, by their absolute numbers or high-skilled workers per square meter
for several reasons. First, just as the geographic area covered by [zj − h, zj) increases with
distance zj , the absolute number of high-skilledworkers that could potentially populate that
area also increases with distance. Thus, when using absolute numbers, the intensity of high-
skilled workers would increase with distance almost by definition and would therefore not
provide comparable values ofXi(z) across space. Second, as the data show, the proportion
of inhabited land decreases with z. As knowledge transfers appear only in inhabited areas,
usinghigh-skilledworkers per squaremeterwould thereforedecrease the intensity of human
capitalwithdistancebyconstruction. Thus, high-skilledworkersper squaremeterwouldalso
not su�ice to compare the concentration of high-skilledworkers at varying distances. By con-
trast, the number of workers within the distance window [zj − h, zj) is a reasonable unit of
measurement of the de facto populated area, which, thinking of skyscrapers, not only cov-
ers actual land use but also the intensity of land use. Therefore, we measure the intensity of
human capital as high-skilled workers relative to the total number of workers (i.e., we take
the share of high-skilled workers). Using shares is also in line with the recent literature on
regional human capital externalities following Moretti (2004).

2.4 Identification

Having explained the estimator, wewill now address confounding labormarket demand and
supply e�ects and the endogenous sorting of individuals. The empirical literature has es-
tablished that high- and low-skilled labor are imperfect substitutes (e.g., Autor/Katz/Kear-
ney, 2008; Ciccone/Peri, 2005; Card/Lemieux, 2001; Krusell et al., 2000). As Acemoglu/Angrist
(1999), Moretti (2004) and Ciccone/Peri (2006) illustrate, apart from potential externalities,
changes in the supply of high-skilled labor therefore entail a market mechanism that a�ects
wages. Due to these labor market demand and supply e�ects, an increase in the share of
high-skilled workers in the labor market depresses the wages of high-skilled workers and
raises the wages of low-skilled workers. Consequently, changes in the local concentration
of high-skilled workers might simultaneously influence wages through labor market e�ects
and human capital externalities.

To disentangle human capital externalities from labormarket supply anddemand e�ects, we
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follow Eppelsheimer/Möller (2019) and exploit the di�erent spatial nature of the two e�ects.
On the one hand, the intensity of human capital externalities should be highly localized and
decay with distance. We therefore expect larger spillovers from close neighbors than from
distant neighbors. On the other hand, labor market supply and demand e�ects plausibly
uniformly a�ect the local labor market. Thus, independent of the exact location, a shi� in
the supply of high-skilled labor homogeneously a�ectswageswithin a local labormarket. We
are thus able to nullify labormarket supply and demand e�ects by eliminating all variation in
thedata that is commonwithin local labormarketswithout removing intra-regional variation
from human capital externalities.

As labor market supply and demand shi�s vary over time and the direction of such shi�s id-
iosyncratically a�ects high- and low-skilled individuals, we expand equation (2.4) to include
time-varying labor-market-area fixed e�ects for each skill group πrst (i.e., an intercept for
each labor market area and skill group in every year). Our full estimation equation is:

Yit =

∫ 1

0

β(z)Xit(z) dz + Z ′itγ + θif + τt + ωo + πrst + uit. (2.9)

Here, Yit is the individual log wage of worker i in year t, andXit(z) is the share of high-skilled
workers, described as a continuous curve around the workplace of individual i that depends
ondistance z. Note that allworkersof firm i in year t share the same locational characteristics,
specifically they all have the same curveXit(z). β(z) is the associated spillover function that
we seek to retrieve from thedata. Themodel controls for time-varying observable individual,
establishment and regional characteristicsZit anda series of fixede�ects. θif is aworker-firm
match fixed e�ect, τt is a year fixed e�ect and ωo is an occupation fixed e�ect.

Endogenous sorting of workers (Acemoglu/Angrist, 2000) constitutes another challenge in
identifying regional human capital externalities. In our application, sorting threatens identi-
fication on two levels: first on the level of treated individuals (i.e., individuals whose wages
we observe) and second on the treatment level itself (i.e., the spatial density of high-skilled
workers). Regarding treated individuals, the most able workers might sort into high-skilled
neighborhoods. Sorting would thus create a spurious relationship between wages and the
local concentration of human capital. Regarding the treatment level, high-wage areas might
attract high-skilled workers. Sorting would thus lead to reverse causality. Inspired by Cor-
nelissen/Dustmann/Schönberg (2017), we address sorting with an extensive set of fixed ef-
fects.

Although the empirical literature finds that workers do not sort into cities based on their (un-
observed) abilities (De la Roca/Puga, 2017; Glaeser/Mare, 2001), there is evidence of ability-
drivensortingofworkers into firms (Card/Heining/Kline, 2013;Abowd/Kramarz/Margolis, 1999).
Ifmore-productive firms locate in neighborhoodswith high concentrations of human capital,
sorting ofworkerswould create a spurious relationship betweenwages and the local share of
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high-skilled workers. Thus, to ensure that neither sorting of workers nor sorting of firms bi-
ases theestimates,we includeworker-firmmatch fixede�ects (θif ) inourmodel. Worker-firm
match fixed e�ects eliminate the unobservable characteristics of workers and firms that are
time-constant during thematched employment period (i.e., from the beginning to the end of
the focal employment relationship). Thus, worker-firm match fixed e�ects prevent the data
from reflecting worker ability or firm productivity.

Regarding sorting at the treatment level, high-wage regions might attract high-skilled work-
ers, which would reverse the direction of causality in equation (2.9). Let us discuss the is-
sue of reversed causality on two levels: the local labor market and the closer neighborhood
of firms. Moretti (2004) raises the concern that local labor market conditions might a�ect
the regional concentration of high-skilled workers. For instance, booming cities with grow-
ing wages might attract high-skilled workers. Our identification strategy overcomes such is-
sues by removing all time-constant and time-varying variation at the local labormarket level
(πrst). Thus, reversed causality in the local labor market area is impossible in our estima-
tion framework. In equation (2.9), identification of human capital externalities comes from
temporal variation within local labor markets. Thus, one is tempted to think that reversed
causality might also threaten identification on the intra-regional level. However, it does not
seem plausible that high-skilled workers systematically sort into high-wage neighborhoods
within regions. Instead, high-skilled workers might sort into high-wage firms. However, on
the treatment level, such a sorting process would not materialize into wages at neighboring
firms and thus not reverse the direction of causality in our framework.

As explained above, we include worker-firm match fixed e�ects in our estimates. An addi-
tional benefit of worker-firmmatch fixed e�ects is that they also remove neighborhood char-
acteristics from the data that are time-constant during the matched employment period.
These characteristics include locational advantages that might influence productivity, like
proximity to infrastructure or market access. Our estimates of human capital externalities
are thus also not biased by neighborhood characteristics that are relatively stable over time.
The average length of worker and firm matches in our data is 8 years. Consequently, only
small area shocks that simultaneously a�ect wages and the concentration of human capital
in the neighborhood that have considerably short-lived e�ects might remain in the data. Al-
though we believe short-lived e�ects that contemporaneously a�ect individual wages and
the concentration of high-skilledworkers are rare, we cannot fully exclude that our estimates
might be influenced by such shocks.3

In summary, equation (2.9) allows us to estimate human capital externalities that are unre-

3 An example of a highly localized shock that might influence individual wages and the concentration of hu-
man capital could be the opening of a new subway station. A new subway station might increase the market
potential of shops close to the subway station and thus might raise the wages of their employees. At the same
time, a subway stationmight increase the attractiveness of the neighborhood, and thusmore high-skilledwork-
ers would be inclined to work in that neighborhood.
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lated to labormarket demand and supply e�ects and the endogenous sorting of individuals.
We also purge the data from potentially confounding neighborhood characteristics that are
relatively stable over time. The remaining variation of Xit(z) in equation (2.9) stems from
temporal intra-regional changes in the concentration of high-skilled workers.
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3 Data and descriptive statistics

3.1 Data

In the empirical analysis, we combine administrative data on almost all German firms and
rich data from a representative sample of workers over a period of 15 years. Our panel data
include exact geo-coordinates of establishments and therefore allow us to describe the dis-
tribution of high-skilled workers as spatial functions around workers. We evaluate the share
of high-skilled workers at 500-meter intervals up to a distance of 50 kilometers.

Our main meso-level data sources are the Establishment History Panel (BHP 7516) and IEB
GEO fromthe Institute for EmploymentResearch (IAB).4 TheEstablishmentHistoryPanel com-
prises all German establishments with at least one employee on June 30 of each year. The
dataset provides establishment-level information on, among other metrics, the number of
employees and the number of employees with tertiary education. To measure the distribu-
tion of high-skilled workers, we classify employees holding a degree from a university or a
university of applied sciences as high skilled.5

We expand the dataset with exact geo-coordinates from IEB GEO. IEB GEO is a novel data
source that includes addresses of establishments in the Establishment History Panel between
2000 and 2014 as geo-coordinates. In Germany, firms are obliged to register at least one of
their establishments per municipality and industry. In general, the registration of one es-
tablishment per municipality provides a detailed description of the geographic landscape
of workplaces. In some cases, however, firms might actually have multiple establishments
within the same industry in a single municipality, which they do not report. In these cases,
we cannot confirm that individuals workwhere they are registered. We therefore exclude the
following chain-store industries from our data: construction, financial intermediation, pub-
lic service, retail trade, temporary agencywork and transportation. With the remaining set of
establishments, we compute the density of high-skilled workers as spatial functions around
establishments as described in section 2.3.

In the econometric analysis of human capital externalities, wemerge the constructed spatial
functions of high-skilled workers withmicro-level data from the Sample of Integrated Labour
Market Biographies (SIAB 7514).6 The Sample of Integrated Labour Market Biographies is a

4 For a detailed description of the Establishment History Panel, see Schmucker et al. (2016)
5 There are two types of universities in the German tertiary education system: traditional universities and
universities of applied sciences (Fachhochschulen). Compared to traditional universities, universities of applied
sciences focus more on practical topics. Universities of applied science usually also have a stronger focus on
engineering and technology. Both kinds of universities award bachelor’s andmaster’s degrees.
6 For a detailed description of the Sample of Integrated Labour Market Biographies, see Antoni/Ganzer/vom
Berge (2016)
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2 percent random sample of social security records. The dataset contains information on
wages, age, work experience and education, among other data, with daily precision. To join
the individual-level data to the establishment-level data, we transform the spell dataset into
a yearly panel with June 30 as the reference date and linkworkers and firmswith unique firm
identifiers.

Because employers face legal sanctions for misreporting, information on wages in German
social security data is generally highly reliable. However, one limitation is that roughly 10
percent of earnings are right-censored at the social security maximum. Therefore, we im-
pute top-coded wages following Dustmann/Ludsteck/Schönberg (2009) and Card/Heining/
Kline (2013) (see appendix A.1 for details). Further, we improve information on education
following Fitzenberger/Osikominu/Völter (2005) and restrict the sample to full-time workers
aged between 18 and 64. Aswe are only interested in the e�ects on individuals in regular em-
ployment, we exclude apprentices, interns, marginally employed workers and trainees. The
final dataset consists of 3,498,536 observations from 539,179 individuals between 2000 and
2014.

To assign workplaces to local labor markets, we use the de facto standard definition of lo-
cal labormarket areas in Germany from the Federal Ministry for Economic A�airs and Energy
(BMWi). Thegoal indesignating these local labormarket areas is todesign regionswith strong
internal commuter links but clear detachment fromother areas. The construction is basedon
Kosfeld/Werner (2012),whouse factoranalysisoncommuter flows to identify local labormar-
ket areas in Germany. The BMWi partitions Germany into 258 local labor market areas with
an average radius of 21 kilometers. The size of these local labor market areas corresponds
well to the findings of Manning/Petrongolo (2017), implying that 80 percent of the e�ects of
local labor demand shocks are measurable within 20 kilometers. As a rule of thumb, the au-
thors further suggest that treatment areas for labor demand shocks should be 2.5 times the
median commute. In our case the rule of thumbwould suggest 24 kilometers and is therefore
close to the actual size of the labormarket areas from theBMWi (Dauth/Haller, 2018: own cal-
culations). Because labor market areas consist of multiple counties (Stadt- und Landkreise,
NUTS-3), we complete our datasetwith county-level indicators onpopulation density, unem-
ployment and number of hotel beds (as a proxy for amenities) from the Federal Institute for
Research on Building, Urban A�airs and Spatial Development (BBSR).

3.2 Descriptive statistics

Figure 1 provides anoverviewof thedistribution of high-skilledworkers inGermany. For data
protection reasons, the map shows the share of high-skilled workers in 1 × 1 kilometer grid
cells. Note that the data used in the econometric analysis are more precise and o�er exact
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coordinates. Themap illustrates the considerable diversity in the distribution of high-skilled
workers in Germany. For instance, among the largest cities, there is a massive concentration
of high-skilled workers in Munich, Hamburg and Berlin. By contrast, Nuremberg and Bremen
exhibit significantly lower shares of high-skilled workers. Moreover, apart frommetropolitan
areas, there are several hot spots for skilled labor. For example, in Erlangen (15 kilometers
north of Nuremberg), Darmstadt (25 kilometers south of Frankfurt) and Jena (70 kilometers
south east of Leipzig) over 30 percent of full-time workers hold a degree from a university or
university of applied sciences. Moreover, the distribution of high-skilled workers also varies
considerably within administrative regions. The upper-right panel of figure 1 shows a sub-
stantial cluster of high-skilled workers in the city center of Berlin. Additionally, there are sev-
eral smaller clusters along themain tra�ic connections. The bottom-le� panel focuses on the
Rhein-Ruhr area. While high-skilled workers are evenly distributed in Essen and Dortmund,
they appear to be very concentrated in the city centers of Düsseldorf, Cologne and Bonn.
There are numerous small hot spots between the cities.

Tocapture theheterogeneousdistributionofhigh-skilledworkers,wecomputeaspatial func-
tion that relates the share of high-skilled workers to distance for each workplace in our data.
Figure 2 illustrates the resulting curves. The light gray curves are 100 random examples and
provide an impression of the variability in the data. The solid line shows the average share
of high-skilled workers around establishments, and the dashed lines indicate the pointwise
standard deviation around the mean. Although individual curves have strong variation, the
average share of high-skilled workers around workplaces is stable in space. On average, the
share of high-skilled workers is 17 percent in the direct neighborhood of establishments and
gradually declines to 14.5 percent 50 kilometers away. The graph shows that there is no in-
herent distance at which the share of high-skilled workers suddenly falls. Instead, irregular
city sizes and distances between settlements lead to a stablemean of the intensity of human
capital over the whole domain. Note that the slight decline in the standard deviation is an
artifact: The share of high-skilled workers within a distance window [zj − 500m, zj) is the
average of a binary variable, and since the absolute number of workers in [zj − 500m, zj) in-
creases with z, the variance of the average decreases. Refer to appendix A.2 for illustrative
examples on the distribution of high-skilled workers around workplaces.

To obtain a first impression of the relationship between individual earnings and the spatial
concentration of human capital, figure 3 shows the correlation between log wages and the
share of high-skilledworkerswithin distancewindows [zj−500m, zj), zj = 500m, 1000m, ...,

50000m. While the magnitude of the ordinary correlation has no direct interpretation, the
declining trend signals that the relationship between income and the spatial concentration
of high-skilled labor decays with distance.7

7 The magnitude of the correlation between wages and the share of high-skilled workers in some distance
window has no direct interpretation for two reasons. First, the bandwidth of the distance window determines
the strength of the correlation. We could, for instance, shrink the correlation coe�icient to arbitrarily small
values by decreasing the bandwidth of the distance window. Second, the ordinary correlation does not partial
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Figure 1: Distribution of high-skilled workers in Germany
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Notes: The figure depicts the share of high-skilled workers in 1 × 1 kilometer grid cells in Germany
(le� panel), Berlin (upper-right panel), and the Rhein-Ruhr area (bottom-right panel) in 2014. For data
protection reasons, the maps depict aggregated data in grid cells. For the same reason, we removed
cellswith fewer than fourestablishments fromthegraphs. Note that thedata forour statistical analysis
aremore precise and provide the exact coordinates of workplaces. Light blue cells indicate low shares
of high-skilled workers, and dark cells signal high shares (see the scale at the bottom le�). For the
sake of clarity, values are capped at 50 percent. In the le� panel, black lines depict the boundaries of
federal states. In the right panels, green areas depict forests, and in the upper-right panel, gray lines
and dashed gray lines illustrate streets and railways, respectively.
Source: Own calculations, IAB-SIAB (7514 v1), IAB-BHP (7516 v1), IAB-IEB-GEO (v01.00.00.1504)

One reason that the magnitude of the correlation coe�icients has no direct interpretation
is that the functions for the share of high-skilled workers are spatially autocorrelated. Fig-
ure 4 illustrates this issue. Thegraphdepicts the correlationbetween the shareof high-skilled
workers in three selected distance windows with the remaining 99measurement points. For
instance, the first panel presents the correlation of the share of high-skilledworkers between
measurement point t1 and the random curve’s value at t2, . . . , t100. As the figure shows, ad-
jacent values have a very high correlation compared tomore distantmeasurement points.

While ordinary correlations (figure 3) ignore spatial autocorrelation, standard OLS regres-
sion is in principle able to orthogonalize covariates. However, as discussed in the next sec-

out the relationship between wages and other distance windows than the focal one. Naturally, neighboring
distance windows are (spatially auto-) correlated.
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Figure 2: Spatial functions of the share of high-skilled workers
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Notes: The figure shows the pointwise mean (solid line) and standard deviation (dashed lines) of the
shareofhigh-skilledworkersaroundworkplaces. Throughout thepaper,wedescribe theshareofhigh-
skilledworkerswith spatial functions thatmap the share of high-skilledworkers to thedistance froma
workplace. Thegraphalso illustrates thevariabilityof thespatial functionswith100 randomlyselected
curves (light gray lines). Each gray line depicts the spatial distribution of high-skilled workers around
an establishment.
Source: Own calculations, IAB-SIAB (7514 v1), IAB-BHP (7516 v1), IAB-IEB-GEO (v01.00.00.1504)

tion, given the strong correlation between adjacent measurements, an unpenalized OLS re-
gression does not reveal any relationship at all. For further summary statistics on individual
wages and other covariates in our dataset, we refer to appendix A.3.
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Figure 3: Correlation of individual wages and the regional share of high-skilled workers
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Notes: The figure illustrates the correlation between log wages and the share of high-skilled workers
within distance windows [zj − 500m, zj ], zj = 500m, 1000m, ..., 50000m. The graph suggests that the
correlation between individual earnings and the intensity of human capital attenuates with distance.
Note that themagnitude of the correlation coe�icients cannot be interpreted directly.
Source: Own calculations, IAB-SIAB (7514 v1), IAB-BHP (7516 v1), IAB-IEB-GEO (v01.00.00.1504)

Figure 4: Spatial autocorrelation at selectedmeasurement points
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Notes: The graphs shows the spatial autocorrelation of the spatial functions of high-skilled workers
at di�erent measurement points. For instance, the panel in the middle shows the correlation of the
shareofhigh-skilledworkers24.5 to25kilometersaway fromworkplaceswith the shareofhigh-skilled
workers at the other 99measurement points. The focal points in the remaining two panels are 0 to 0.5
and 37 to 37.5 kilometers, respectively. As is typical with functional data, values close to the focal
point have high correlation. The correlation declines with distance from the focal point. Note that
the three selected focal points well illustrate the general pattern of the underlying three-dimensional
correlation function.
Source: Own calculations, IAB-SIAB (7514 v1), IAB-BHP (7516 v1), IAB-IEB-GEO (v01.00.00.1504)
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4 Results

Ourmain results show that spillover e�ects from the local concentrationof high-skilledwork-
ers significantly increase individual wages. The spillover e�ects decay with distance, and the
point estimates suggest that a�er 10 kilometers, the e�ects are reduced by half. Beyond 15
kilometers, the e�ects are no longer distinguishable from zero. In the following, we present
the estimation results and discuss our findings. Next, we corroborate the robustness of our
estimates with a simulation study and a placebo test. Finally, we summarize several addi-
tional robustness checks.

4.1 Main findings

We illustrate estimatesof the spatial intensity of humancapital externalities fromhigh-skilled
workers in figures 5 and 6. Figure 5 depicts an unrestricted estimate of equation (2.9) (i.e.,
ρ = 0 in equation (2.5)), which coincides with standard OLS regression. Figure 6 presents
penalized estimates of equation 2.9 (i.e., ρ > 0). Both estimates control for labor market
demand and supply e�ects and endogenous sorting of individuals with an extensive set of
fixed e�ects. In addition to standard controls form the labor literature, our models include
worker-firm match fixed e�ects and skill-specific yearly labor-market-area fixed e�ects. In
the graphs, black lines display the estimated spillover functions. The gray area indicates the
associated 99 percent confidence band. Note that OLS estimates of equation (2.9) would be
mis-scaled by the number of discretization points ofXit(z). By contrast, our estimates pro-
vide an approximation via a Riemann sum and are thus correctly scaled.

As figure 5 shows, the unpenalized estimate of equation (2.9) identifies no significant link be-
tween the spatial concentration of high-skilled workers and individual earnings. The point
estimates are very unstable, and the confidence bands include the null over the whole do-
main. There are two reasons for the unstable behavior of the curve. First, as described in
the previous section, themeasurement points of the share of high-skilled workers are highly
correlated. Because the unrestricted estimator is (up to a scale) identical to the standardOLS
estimator, high correlation among a large set of regressors posesmulticollinearity problems.
Consequently, the estimates exhibit high variance. Second, an unrestricted estimator allows
one to compute unnecessarily complex functions and is therefore potentially prone to over-
fitting the data by modeling noise.

By contrast, the penalized estimates in figure 6 reveal a clear influence of the spatial concen-
tration of high-skilledworkers on individual wages. The spatial spillover function depicted in
the figure was obtained with 2.5 e�ective degrees of freedom. With such a specification, the
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Figure 5: Unrestrictedestimatesof spatial humancapital externalities fromhigh-skilledwork-
ers
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Notes: The figure presents an unrestricted estimation of spatial human capital externalities fromhigh-
skilled workers into individual log wages (equation (2.9)). We measure the concentration of high-
skilled workers as the share of high-skilled workers within distance z. The black line illustrates the
estimated spillover function (β(z)), and the gray area indicates the 99 percent confidence band. The
unrestricted estimator (equation (2.5), with ρ = 0) coincides with the standard OLS estimator. Due to
multicollinearity and overfitting, the estimator cannot retrieve valid estimates of β(z) from the data.
The underlying model controls for worker-firmmatch fixed e�ects, skill-specific yearly labor-market-
area fixed e�ects, occupation and time fixed e�ects andworker characteristics (age, work experience,
tenure and the respective second-order polynomials), log establishment size and county character-
istics (unemployment rate, log population density and the log number of hotel beds as a proxy for
amenities).N = 3, 498, 536

Source: Own calculations, IAB-SIAB (7514 v1), IAB-BHP (7516 v1), IAB-IEB-GEO (v01.00.00.1504)

estimate can be substantiallymore complex than a straight line. Estimateswithmore (fewer)
e�ective degrees of freedom are qualitatively similar but are of course more (less) flexible
(see appendix A.4).

Our estimates in figure 6 reveal economically significant spillover e�ects from the local con-
centration of high-skilled workers. The spillover e�ects decay with distance and vanish a�er
approximately 15 kilometers. The magnitude of the e�ects from direct neighbors is roughly
twice as large the size of e�ects from high-skilled workers located ten kilometers away. In
the graph, the e�ect of a p-percentage-point increase in the share of high-skilled workers
within distance zj and zj′ (in a 0 to 1 range), is p times the area bellow the estimated spillover
function from zj to zj′ . For instance, a 20-percentage-point increase in the concentration of
high-skilled workers within 5 kilometers leads to wage gains of 1.75 percent (≈ 20× {0.75×
5
50 + 1

2

[
(1− 0.75)× 5

50

]
}). An evenly distributed ten-percentage-point (one standard devi-

ation) increase in the share of high-skilled workers over the whole domain raises individual
wages by 2 percent (≈ 10 × 1

2

(
1× 20

50

)
). Reassuringly, classical estimates at an aggregate
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Figure 6: Spatial human capital externalities from high-skilled workers
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Notes: The figure shows spatial human capital externalities from high-skilled workers into individual
log wages. Wemeasure the concentration of high-skilled workers as the share of high-skilled workers
within distance z. To compute the spatial spillover function (β(z)) we estimate equation (2.9)with the
estimator (2.5). We restrict the capacity of the β curve to a parabola-like function that may remain
flat over some interval, and we set the penalty parameter ρ accordingly. The black line illustrates the
estimated spillover function (β(z)), and the gray area indicates the 99 percent confidence band. The
graph shows significant spillover e�ects that decay with distance. The e�ect of a p-percentage-point
increase in the share of high-skilled workers within distance z0 and z1 (in a 0 to 1 range) is p times
the area bellow the estimated spillover function from z0 to z1. For instance, a 20-percentage-point in-
crease in the concentration of high-skilledworkerswithin 5 kilometers (z0 = 0, z1 = 5

50 ) leads towage
gains of 1.75 percent. The underlyingmodel controls for worker-firmmatch fixed e�ects, skill-specific
yearly labor-market-area fixed e�ects, occupation and time fixed e�ects and worker characteristics
(age, work experience, tenure and the respective second-order polynomials), log establishment size
and county characteristics (unemployment rate, log population density and the log number of hotel
beds as a proxy for amenities). Refer to table A.4 in the appendix for a complete list of parameter esti-
mates.N = 3, 498, 536

Source: Own calculations, IAB-SIAB (7514 v1), IAB-BHP (7516 v1), IAB-IEB-GEO (v01.00.00.1504)

level, where we use OLS to model the wage e�ect of the share of high-skilled workers within
counties and identical covariates as in equation (2.9), suggest e�ects of the samemagnitude
(see appendix A.5).

Our results are also similar to the findingsof Rosenthal/Strange (2008) for theUS. Theauthors
regress wages on the number of workers with a college degree or higher education within 5
miles’ distanceandwithin5 to25miles’ distance. They report that spillovers fromhigh-skilled
workers within 5 miles’ distance are up to 3.5 times larger than spillovers from high-skilled
workers 5 to 25miles away. Averagingour estimateswithin the samedistancewindows yields
a ratio of 6. Although we follow a di�erent estimation approach with di�erent data, our find-
ings seem to be consistent with those of Rosenthal/Strange (2008).
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Let us now briefly discuss the importance of removing demand and supply e�ects when es-
timating human capital externalities. Figure 7 reports estimates of ourmodel (equation (2.9))
without skill-specific yearly labor-market-area fixede�ects (πrst) and thus includes labormar-
ket demand and supply e�ects that stem from imperfect substitution of high- and low-skilled
labor (see Moretti, 2004; Ciccone/Peri, 2006). Compared to our main findings, the estimated
relationshipbetween individualwagesand theconcentrationofhigh-skilledworkersappears
stronger in these estimates. Specifically, there is a global upward shi� of the estimated β(z)

by, roughly, a factor of two. Although πrst also nullifies other confounders (e.g., temporal
e�ects from sorting of high-skilled workers), the uniform upward shi� of β(z) corresponds
well to Ciccone/Peri (2006). They also find large bias from the demand and supply e�ects in
Mincerian estimates of human capital externalities.

Figure 7: Spurious estimates of spatial human capital externalities from high-skilled workers
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Notes: The figure presents estimates of the spatial human capital externalities fromhigh-skilledwork-
ers into individual log wages without nullifying labor market demand and supply e�ects that stem
from imperfect substitution of high- and low-skilledworkers. Specifically, the graphdepicts estimates
of the spatial spillover function (β(z)) from equation (2.9) without skill-specific yearly labor-market-
area fixed e�ects (πrst). We measure the concentration of high-skilled workers as the share of high-
skilled workers within distance z and compute the model with the estimator (2.5). We restrict the
capacity of the β curve to a parabola-like function that may remain flat over some interval, and we
set the penalty parameter ρ accordingly. The black line illustrates the estimated spillover function
(β(z)), and the light gray area indicates the 99 percent confidence band. The graph shows a significant
relationship between the spatial concentration of high-skilled workers and wages. However, approx-
imately half of the relationship is attributable to labor market supply and demand e�ects and other
confounders. The underlyingmodel controls for worker-firmmatch fixed e�ects, occupation and time
fixede�ects andworker characteristics (age,workexperience, tenureand the respective second-order
polynomials), log establishment size and county characteristics (unemployment rate, log population
density and the log number of hotel beds as a proxy for amenities).N = 3, 498, 536

Source: Own calculations, IAB-SIAB (7514 v1), IAB-BHP (7516 v1), IAB-IEB-GEO (v01.00.00.1504)
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4.2 Simulation study

As outlined in section 2.2, drawing local inference about the function-valued parameter β is
di�icult. The following simulation exercise, therefore, is intended to evaluate the statistical
properties of our estimation framework. The results show that our estimation framework,
although yielding locally biased estimates, is reliable in the sense that it is able to reproduce
the structure of the true curve well. We also show that the inference procedure controls for
size when the null is a linear function.

In the simulation study, we consider four scenarios. First, we evaluate the estimator’s prop-
erties in a situation where the data generating process (DGP) resembles the particular real-
world problem. Therefore, we take theDGP from the preferred estimate (figure 6). We also in-
corporate parameter estimates from all covariates and generate artificial observations of the
dependent variable based on iid errors that are drawn from N(0, σ̂2u). Here, σ̂u denotes the
standarderror of the residuals of theestimatedmodel. The structureof the simulateddataset
(e.g., sample size, number of firms, number of workers per firm), therefore, is the same as in
the original sample. The remaining three scenarios assess the statistical properties of the es-
timator in di�erent extreme situations. Here, we simulate data that have a similar structure
as the real dataset. In particular, we replicate the first twomoments of the original data.8 The
second and third scenarios evaluate the accuracy of the inference procedurewhen the null is
the zero function or a linear function. The fourth andmost extreme setting analyzes the per-
formance of the estimator when the true parameter is a non-smooth step function. To asses
the statistical properties of the estimator, we simulate 1000 replications in each scenario.

Figure 8 summarizes the results of the four simulations. In each panel, the bold dashed line
depicts the true parameter function β0(z) of the DGP, the light gray areas show pointwise
minimum andmaximum of all estimates, and the dark gray areas show the first and the 99th

percentiles of all estimates of the parameter function. The solid line represents the pointwise
mean over all replications. In general, the estimates follow the true parameter function well,
andno replicationdeviates substantially fromtheDGP.However, as is typical forpenalized (or
nonparametric) models, the estimates deviate from the true curve in regions with complex
structure (i.e., in regionswith strong nonlinearities). In such regions, the estimator possesses
a local bias. As onemight expect, this behavior is especially pronouncedat the jumpdisconti-
nuity of the step function in the bottom-right panel of figure 8. By construction, however, the
smoothing splines estimator never produces estimates di�erent from zero in regions where
the true curve is zero in a larger neighborhood. Therefore, if the underlying functional shape
of the spatial decay of human capital externalities is monotonically decreasing and zero be-
yonda certain distance, the regularized estimation captures the true curvewell. This appears
to be a reasonable assumption in our application.

8 To replicate this part of the simulation study, refer to the code in the online supplement of this article.
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Figure 8: Performance of the estimator in di�erent simulations
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Notes: The figureshows fourMonte-Carlo simulations. Thebolddashed linedepicts the trueparameter
function β0(z), the light gray areas show pointwise minimum andmaximum of all estimates, and the
dark gray areas show the first and 99th percentile of all estimates of the parameter function. The solid
line represents the pointwisemean over all replications. Simulated replications of the estimator were
obtained by estimating model (2.9) based on simulated data. The setup corresponding to the top-le�
panel uses the predictors from the real-data application, and observations of the dependent variable
are simulated based on estimated coe�icients and iid normally distributed errors. All other setups are
based solely on simulated data that mimic the original sample but use di�erent specifications for the
functional parameter β(z). In the top-right panel β(z) = 0, bottom-le�: β(z) = 0.4(1−z) and bottom-
right β(z) = 0.5 · 1(z < 0.5).
Source: Own calculations, IAB-SIAB (7514 v1), IAB-BHP (7516 v1), IAB-IEB-GEO (v01.00.00.1504)

Table 1 provides the integrated squared bias, integrated variance, and the coverage prob-
ability of the confidence bands for each scenario. The integrated (squared) bias is largest
for the setup in which the function-valued parameter is taken from the real-data application
because the true parameter is curved over the whole domain (column 1). Similarly, the vari-
ance is the largest in this setup. The two scenarios with linear parameter functions, by the
construction of the estimator, show favorable properties and exhibit the lowest variance and
no bias (columns 2 and 3). In this situation, confidence bands based on equation (2.7) have
proper coverage probability that, however, no longer holds with more complex parameter
functions. In the most extreme case (discontinuous β0), the bias at the jump discontinuity
is so large that the confidence bands are unable to cover the true parameter over the whole
domain (column 4).
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Table 1: Performancemeasurements in di�erent simulations
Specification for β0

I II III IV
Integrated squared bias 0.0096 0.0000 0.0000 0.0055
Integrated variance 0.0030 0.0009 0.0009 0.0010
Coverage probability of 99%-CIs 0.7290 0.9920 0.9930 0.0000

Notes: The table contains integrated variance, integrated squared bias and the coverage probability
of confidence bands of the parameter estimate for the functional coe�icient for all four setups con-
sidered in the simulation exercise. In the first setup, the data were generated based on the regressors
and functional predictors with corresponding coe�icients taken from the original estimate. The other
setups are based solely on simulated data but with similar characteristics. In setup II, the functional
coe�icient of the DGP is zero; in setup III it is a linear function. The coe�icient in the last setup (column
IV) is discontinuous andpossesses adiscrete jump in the interior of its domain. We compute integrated

variance as 1000−1
∫ ∑1000

r=1

(
β̂r(z)− β(z)

)2
dz and integrated squaredbias as

∫ (
βr(z)− β0(z)

)2
dz,

where β(z) = 1000−1∑1000
r=1 β̂r(z).

Source: Own calculations, IAB-SIAB (7514 v1), IAB-BHP (7516 v1), IAB-IEB-GEO (v01.00.00.1504)

The implications from the simulation study for our main findings are as follows. If the true
spatial decay of human capital externalities is not too complex, our estimates and confidence
bands are generally reliable. However, because the estimator is locally biased in regionswith
amore complex β0, identifying the exact distance at which human capital externalities cease
is di�icult. A conservative strategy would be to choose a threshold somewhat lower than
indicated by the confidence bands. Regarding our main findings, such a strategy suggests
that human capital externalitiesmight already be statistically nonsignificant a�er 15 kilome-
ters.

4.3 Placebo test: future concentration of high-skilled workers

Following Cornelissen/Dustmann/Schönberg (2017), who identify human capital externali-
ties in the workplace, we corroborate our findings with a placebo test, in which we expand
our model with a one-year lead of the spatial distribution of high-skilled workers. Because
workers cannot receive spillovers fromneighbors who have not yetmoved in, the future con-
centration of high-skilled workers serves as a placebo. As figure 9 indicates, the future con-
centration of high-skilled workers is almost unrelated to wages (bottom curve). Only a�er
17 kilometers’ distance from the workplace does themodel detect a small and economically
negligible negative relationship between wages and the future concentration of high-skilled
workers. Moreover, estimates of the human capital externalities from the current share of
high-skilled workers change only slightly relative to the baseline specification (top curve).
Overall, the placebo test buttresses our main findings.
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4.4 Further robustness checks

Appendix A.6 provides details on further robustness checks. In this section, we briefly sum-
marize the results of these exercises.

Theprevious literature thatmeasures the spatial attenuationof economice�ectsusesa semi-
parametric framework, inwhich themain explanatory variable ismeasured in a series of con-
centric ringsor circles. Theoutcomevariable is then regressedon the seriesofmeasurements
(e.g., Rosenthal/Strange, 2008; Fu, 2007; Verstraten, 2018;Gibbons/Overman/Sarvimäki, 2017;
Faggio/Schluter/vom Berge, 2019; Faggio, 2019). The beauty of the semi-parametric frame-
work is that it is a straightforward application of the linear OLS model and in principle can
be applied to any geographical data. The drawback of the semi-parametric framework com-
pared to our FDA approach is that estimates of the spatial attenuation of e�ects are less pre-
cise. The reason is thatmulticollinearity issues (usually) do not allow to estimate e�ects from
a large or fine-graded series of measurements. To circumvent multicollinearity issues re-
searches construct relatively broad rings or circles that measure the spatial distribution of
the explanatory variable. We corroborate ourmain findings by applying the semi-parametric
framework to our research question. Specifically, we estimate the e�ects from the shares of
high-skilledworkers in 0-1, 1-5, 5-10, 10-25 and 25-50 kilometers distance on logwages using
OLS. Albeit less precise, the estimated e�ects are of similar magnitude as our main findings
and support our procedure. See appendix A.6.1 for details.

As the data source is based on register data from the German social security system, infor-
mation on high-skilled workers outside of Germany is not available. Consequently, in border
regions, we construct our measure of the spatial concentration of human capital with partly
truncated information. However, excluding border regions from our model yields similar re-
sults to ourmain findings. We conclude that truncated information fromborder regions does
not a�ect our results. See appendix A.6.2 for details.

Another concern may be that global labor market shocks influence our findings through lo-
cal industry or occupation clusters. If, for instance, wages and the demand for skilled labor
temporarily rise within a sector and firms in this sector tend to cluster locally, our estimates
would capture a spurious relation betweenwages and the local concentration of high-skilled
workers. To rebut these concerns, we augment our model with year-specific industry and
occupation fixed e�ects. Reassuringly, absorbing industry and occupation trends does not
a�ect our results. See appendix A.6.3 for details.

Plausibly, the strength of human capital externalities di�ers in urban and rural areas. We
therefore separately estimate our model in urban and rural areas. The associated estimates
imply that human capital externalities are considerably stronger in urban areas than in ru-
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ral areas. In fact, we find only weak evidence for human capital externalities in rural areas.
We therefore conclude that our main findings are mostly driven by urban areas. See ap-
pendix A.6.4 for details.

AppendixA.4 shows thatour results are robust toalternative choicesof thepenaltyparameter
ρ. Finally, appendix A.5 outlines that themagnitude of the e�ects from our functional model
is close to comparable estimates at the county level.
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Figure 9: Estimatesofhumancapital externalities fromthecurrent and the futuredistribution
of high-skilled workers
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Notes: The figure depicts estimates of the human capital externalities from the current and future
distributions of high-skilled workers on individual log wages. We measure the concentration of high-
skilled workers as the share of high-skilled workers within distance z and define the future concen-
tration of high-skilled workers as the one-year lead of the share of high-skilled workers within dis-
tance z. We estimate equation (2.9), expanded with the lead of Xit(z), with the estimator (2.5). The
top panel presents estimates of the contemporaneous spillover function. The bottom panel depicts
estimates of the link between log wages and the future concentration of high-skilled workers, which
serves as the placebo. Black lines illustrate computed β functions, and gray areas indicate 99 percent
confidence bands. The underlying model controls for worker-firm match fixed e�ects, skill-specific
yearly labor-market-area fixed e�ects, occupation and time fixed e�ects and worker characteristics
(age, work experience, tenure and the respective second-order polynomials), log establishment size
and county characteristics (unemployment rate, log population density and the log number of hotel
beds as a proxy for amenities).N = 2, 959, 357

Source: Own calculations, IAB-SIAB (7514 v1), IAB-BHP (7516 v1), IAB-IEB-GEO (v01.00.00.1504)
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5 Conclusions

This paper studies the impact of human capital externalities from the regional concentration
of high-skilledworkers into the individual wages of neighboringworkers. We use, for the first
time, precise geocoded register data of an entire economy and a novel estimation method
from the field of functional data analysis (FDA) to compute the spatial decay of human capital
externalities. We find significant spillover e�ects from the local concentration of high-skilled
workers that attenuate with distance. Human capital externalities from the direct neighbor-
hoodof firmsare roughly twice as large as those fromhigh-skilledworkerswhoare located10
kilometers away. A�er 15 kilometers, the e�ects vanish. Overall, an evenly distributed one-
standard-deviation increase in the local share of high-skilled workers leads to wage gains of
2 percent.

Two developments in modern social science are primarily responsible for our ability to de-
rive a precise functional relationship between the concentration of high-skilled workers and
individual earnings. First, the availability of exact geospatial data enables us to describe the
distribution of high-skilled workers around workplaces as functional objects with high reso-
lution. Specifically, we evaluate the concentration of high-skilled workers every 500 meters
within a radius of 50 kilometers around almost all establishments in Germany. Second, FDA
provides tools to fully exploit suchdetaileddata. Weemploy theestimatorofCrambes/Kneip/
Sarda (2009) to regress a scalar outcome (log wage) on a continuous functional variable (the
concentration of high-skilledworkers depending on distance). Our application illustrates the
potential of FDA in economic research. FDA is particularly beneficial when the variable of
interest can be regarded as a function over some continuum.

Generally, our findings imply that education creates positive externalities in local labor mar-
kets. Thus, regions benefit from attracting and training skilled workers. Moreover, to maxi-
mize these external e�ects, firms should settle close to one another. Although spillover ef-
fects cover entire cities, workers and firms benefit most from the skill distribution in their
nearneighborhood. Because thee�ects vanisha�er15kilometers, firms in remote regionsdo
not gain from human capital externalities. Overall, our findings support Rosenthal/Strange
(2008), who argue that the physical concentration of human capital remains important for
economic development. Among other agglomeration e�ects, human capital externalities
help to explain di�erences in productivity between densely populated cities and rural ar-
eas.
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Appendix

A.1 Imputation of wages

A common limitation of social security data is the right-censoring of earnings. To address
this issue, we follow Dustmann/Ludsteck/Schönberg (2009) and Card/Heining/Kline (2013)
and impute censored wages with a two-step procedure.

In the first step, we group observations by year, East and West Germany, and three levels
of education (i.e., no vocational training, vocational training and degree from a university or
universityof appliedscience). Withineachgroup,we fit aTobitmodelwith the following list of
explanatory variables: age, age2, tenure, tenure2, work experience, (work experience)2, firm
size, and indicators for gender, beingolder than40years andbeing foreignborn. Additionally,
we include interaction terms of age and age2 with the indicator variable older than 40. At the
county level, we further include the predictors population density, the unemployment rate,
thenumber of hotel beds and the shareof high-skilledworkers. With theparameters from the
Tobit estimates (ζ̂), we impute wages byXζ̂ + σ̂Φ−1 [k + u(1− k)], where σ̂ is the estimated
standard error of the regression, Φ is the standard normal density, u is a random value from
a uniform distribution between zero and one, k = Φ

[
(c−Xζ̂)/σ̂

]
and c is the censoring

point.

In the secondstep,wecompute the lifetimeaveragewagesof eachworkerand firm, excluding
the focal period. For workers and firms with only one observation, we assign the sample
mean. With the period-specific lifetime average wages as additional predictors, we repeat
the Tobit estimates. Finally, we impute censored wages byXζ̂ + σ̂Φ−1 [k + u(1− k)].

A.2 Examples of spatial functions of high-skilled workers

In the paper, we describe the distribution of high-skilled workers as continuous curves. More
precisely, we define spatial functions that map the share of high-skilled workers to the dis-
tance from the workplace. To illustrate these functional objects, figure A.1 provides four ran-
domly drawn examples. In each of the four graphs, red lines represent the share of high-
skilled workers around an establishment. The light gray lines in the background indicate the
pointwisemean and standard deviation in our dataset. For instance, in the first panel, we ob-
serveahighconcentrationof skilled laborof 30percent in thenearneighborhoodof thework-
place. Between 5 and 15 kilometers’ distance, the share of high-skilled workers declines to
15 percent. A�er a decline around 25 kilometers away from theworkplace, the share of high-
skilled workers increases again. At the end of the domain,the share of high-skilled workers is
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approximately 15 percent. The remaining three panels illustrate di�erent patterns.

Figure A.1: Examples of spatial functions of the share of high-skilled workers
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Notes: The figure shows the distribution of high-skilled workers around four randomly drawn work-
places (red lines). The light gray lines indicate the pointwisemean and standard deviation of the share
of high-skilled workers in the dataset. Throughout the paper, we describe the share of high-skilled
workers as spatial functions that map the share of high-skilled workers to the distance from a work-
place.
Source: Own calculations, IAB-SIAB (7514 v1), IAB-BHP (7516 v1), IAB-IEB-GEO (v01.00.00.1504)

A.3 Summary statistics

Thedatasetused inoureconometricanalysis covers15yearsandconsistsof 3.5million records
of 540,000 workers. Table A.1 summarizes the dependent variable (log wage) and numerical
control variables. In the data, the mean daily wage is 111 euros, and the first and second
quartile range from 68 to 129 euros. The average individual in the dataset is 41 years old and
has 15 years of work experience. Themedian population density in the dataset is 119 inhabi-
tants per square kilometer (exp(4.78)). Furthermore, 36 percent of the observations are from
females and 7 percent are from workers with foreign nationality. The proportions of low-,
medium- and high-skilled workers are 8, 73 and 19 percent, respectively.
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Table A.1: Summary statistics
Mean Std. Dev. 25th Perc. Median 75th Perc.

daily wage 111.37 78.05 68.17 94.64 129.02
daily log wage 4.55 0.56 4.22 4.55 4.86

age 41.14 10.65 33.00 41.00 49.00
work experience (days) 5528.31 3305.44 2860.00 5105.00 7974.00

tenure (days) 3059.98 2796.97 883.00 2160.00 4398.00
log firm size 4.68 2.10 3.14 4.63 6.10

log population density 3.71 2.38 0.97 4.78 5.66
log hotel beds 3.16 0.70 2.68 3.14 3.53

unemployment rate 8.74 4.11 5.60 7.90 11.00
Notes: The table presents summary statistics ofwages and (numerical) control variables. The underly-
ing dataset contains 3,498,536 observations of 539,179 individuals over a period of 15 years. Regional
characteristics come from 402 counties.
Source: Own calculations, IAB-SIAB (7514 v1), IAB-BHP (7516 v1), IAB-IEB-GEO (v01.00.00.1504)

A.4 Estimates with di�erent penalties

Inourpreferredspecification,weestimateequation (2.9)with theestimator (2.5) andapenalty
ρ that corresponds to 2.5 degrees of freedom, which restricts estimates of the spillover curve
β(z) to smooth parabola-like functions that may remain flat over some interval. To demon-
strate the behavior of the estimatorwith di�erent penalties, figure A.2 reports estimateswith
alternative values of ρ. Panels A and B allow formore flexible curves than our preferred spec-
ification, panel C repeats our preferred specification, and panel D restricts β(z) to a linear
function. Qualitatively, all models lead to similar results. The response of individual wages
to an increase in the share of high-skilledworkers in the direct neighborhood is close to unity.
Whenwe reach 10 kilometers from theworkplace, the e�ects are only approximately half the
size. In allmodels, the spillovers become statistically nonsignificant a�er 13 to 23 kilometers.
The confidence bands of the four estimates overlap over the whole domain.

However, depending on the hyperparameter ρ, the estimates of the spillover function are
of course more or less flexible. Up to 20 kilometers’ distance, the more volatile models in
panels A and B are similar to our preferred specification and suggest that human capital ex-
ternalities decline with distance. A�er 20 kilometers, however, the point estimates increase.
Statistically, the rise at the end of the domain is accompanied by broad confidence bands.
Thus, these estimates are imprecise. Moreover, it seems economically implausible that the
intensity of human capital externalities follows a U-shaped pattern. Therefore, we regard the
estimates from panels A and B as overly flexible. By contrast, the curve in panel D is forced to
be linear. Again, up to20kilometers away fromtheworkplace, theestimates are similar toour
preferred model. Farther away, the point estimates diverge from our preferred specification
and proceed to decline even a�er intersecting the abscissa. Similar to panels A and B, these
estimates are less precise at the end of the domain. Moreover, theoretically, it seems implau-
sible that human capital externalities follow a linear function. Thus, we regard the estimated
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Figure A.2: Estimates of spatial human capital externalities with di�erent penalties
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Notes: The figure shows estimates of the spatial human capital externalities fromhigh-skilledworkers
into individual logwages based on four di�erent penalty parameters. To compute the spatial spillover
function (β(z)), we estimate equation (2.9)with the estimator (2.5). Each panel summarizes estimates
with a di�erent penalty ρ. The di�erent penalty terms correspond to 5 (top le� panel), 3.5 (top right
panel), 2.5 (bottom le� panel) and 2 (bottom right panel) e�ective degrees of freedom. The black line
illustrates the estimated spillover function (β(z)), and the gray area indicates the 99 percent confi-
dence band. The underlying model controls for worker-firm match fixed e�ects, skill-specific yearly
labor-market-area fixed e�ects, occupation and time fixed e�ects and worker characteristics (age,
work experience, tenure and the respective second-order polynomials), log establishment size and
county characteristics (unemployment rate, log population density and the log number of hotel beds
as a proxy for amenities).N = 3, 498, 536

Source: Own calculations, IAB-SIAB (7514 v1), IAB-BHP (7516 v1), IAB-IEB-GEO (v01.00.00.1504)

spillover function from panel D as overly inflexible.

A.5 County-level e�ects

In our paper, wemodel the distribution of high-skilled workers as continuous curves around
workplacesandestimatehumancapital externalitieswitha functional regressionmodelbased
on Crambes/Kneip/Sarda (2009). To evaluate the magnitude of our results, let us now esti-
mate a classical OLS model, in which we estimate spillovers from high-skilled workers at an
aggregate level. Specifically, we calculate spillovers from the share of high-skilled workers
within counties (NUTS-3, Landkreise and kreisfreie Städte). Apart from this, our estimation
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equation is identical to our main model (equation (2.9)):

Yit = αxit + Z ′itγ + θif + τt + ωo + πrst + uit. (5.1)

Yit is the individual log wage of worker i in year t, and xit is the share of high-skilled work-
ers within the county of i’s workplace. Accordingly, α is the spillover coe�icient we seek to
measure. Identical to ourmain specification, themodel controls for time-varying observable
characteristics of individuals, establishments and regions (Zit) and a series of fixed e�ects.
θif is a worker-firm match fixed e�ect, πrst is a skill-specific yearly labor-market-area fixed
e�ect, τt is a year fixed e�ect, and ωo is an occupation fixed e�ect.

To estimate equation (5.1), we use the same dataset as in the paper and cluster standard
errors at the county-level. Table A.2, column 2 summarizes the results. Our model suggests
significant positive spillovers fromhigh-skilledworkers into individualwages. The coe�icient
of 0.323 indicates that a one-standard-deviation increase in the regional share of high-skilled
workers (7.2 percentage points) raises the wages of incumbent workers by 2.3 percent. The
magnitude of this e�ect is close to our main findings, which imply that an evenly distributed
one-standard-deviation increase in the share of high-skilled workers increases wages by 2
percent. Moreover, and similar to our main findings, neglecting skill-specific labor-market-
area-year fixed e�ects significantly increases the computed coe�icient (column 1). In sum-
mary, the predicted magnitude of spillover e�ects from an overall increase in the share of
high-skilledworkers is almost identical in county-level estimates and estimates based on the
exact spatial distribution of workers.

Table A.2: human capital externalities at the county-level
(1) (2)

Share of high-shilled workers 0.409∗∗∗ 0.323∗∗∗

(0.095) (0.045)
Worker-firmmatch fixed e�ects Yes Yes

Labor-market-area× year× skill fixed e�ects No Yes
Notes: The table summarizes estimates of the human capital externalities from high-skilled workers
into individual log wages at the county level. The estimates replicate our main model at an aggregate
level and serve as a comparison of the magnitude of the e�ects. The underlying models further con-
trol for occupation fixed e�ects, time fixed e�ects and worker characteristics (age, work experience,
tenure and the respective second-order polynomials), log establishment size and county character-
istics (unemployment rate, log population density and the log number of hotel beds as a proxy for
amenities). Cluster-robust standard errors are in parentheses.∗∗∗ indicates significance at the 0.1%-
level.N = 3, 498, 536

Source: Own calculations, IAB-SIAB (7514 v1), IAB-BHP (7516 v1), IAB-IEB-GEO (v01.00.00.1504)
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A.6 Robustness

A.6.1 Semi-parametric OLS estimates with broader rings

When estimating the spatial attenuation of economic e�ects, the literature follows a semi-
parametricapproach (e.g., Rosenthal/Strange, 2008; Fu, 2007; Verstraten, 2018;Gibbons/Over-
man/Sarvimäki, 2017; Faggio/Schluter/vomBerge, 2019; Faggio, 2019). In suchmodels, econo-
metricians estimate linearmodels inwhich themain explanatory variable ismeasured in sev-
eral geographically concentric rings or circles around observations. The bandwidth of the
rings or circles are usually of varying size. As a robustness exercise, we apply such a proce-
dure to our application.

Beforeexplaining thecorrespondingeconometric specification, letusbrieflydiscuss theprop-
erties of the semi-parametric approach bymeans of a small simulation exercise. To this end,
wegenerated 1,000 replications of theDPG (2.1) usingpredictors resembling the first and sec-
ond moments of our real data application. The functional coe�icient β0 corresponds to the
dashed lineof Figure A.3. We then computedaveragesof the simulated curveswith respect to
larger intervals of the domain.9 We obtain the spillover parameters by regressing the (simu-
lated) dependent variable on these averages and normalizing the respective coe�icient with
the ring’s width. The aggregation scheme is equivalent to the one used in (5.2).

In Figure A.3, we illustrate the results of the simulation study. The coe�icient function of the
DGP is depicted by the dashed line, and the vertical solid lines indicate boundaries of the
rings used in our specification. The grey areas illustrate the first and 99th percentiles of all
replications, and the vertical black lines represent the mean over all replications. In gen-
eral, the results show that the approximation via a Riemann sum also works quite well, but
the outcome heavily depends on how the rings are defined. In addition, such an estimation
framework does not allow learning from thedata how the coe�icient function behaves inside
the intervals.

Now, let us compare ourmain functional estimates to the semi-parametric approach. To this
end, we estimate the following model:

Yit = α1x1km,it + α2x5km,it + α3x10km,it + α4x25km,it + α5x50km,it

+ Z ′itγ + θif + τt + ωo + πrst + uit.
(5.2)

9 By aggregating the curves in such amanner, the resulting rings no longer reflect shares of high-skilledwork-
ers in a particular ring but a weighted average where, assuming a uniformly populated area, the more central
observations obtain a greater weight than the more distant observations in each ring. In our real data applica-
tion, we are of course able to compute the shares of high-skilled workers in the distance windows.
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Figure A.3: Simulation results of semi-parametric OLS estimates
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Notes: The figure shows a Monte-Carlo simulation for the semi-parametric OLS estimation. The bold
dashed line depicts the true parameter function β0(z). The vertical solid lines depict the boundaries
of the rings and the horizontal black lines illustrate the mean over all replications of the approxima-
tion of the functional coe�icient via a Riemann sum. The grey areas reflect the range between 1st and
99th percentile of all estimated coe�icients of the Riemann sum. The Riemann sum coe�icients are
obtained by dividing the raw regression coe�icient of the aggregated rings by the ring’s width. Simu-
lated replicationswere obtained by estimatingmodel (5.2) on data generated byDGP (2.1)butwith the
same predictors used in the Monte-Carlo exercise described in section 4.2.
Source: Own calculations, IAB-SIAB (7514 v1), IAB-BHP (7516 v1), IAB-IEB-GEO (v01.00.00.1504)

Here, Yit is the individual logwage of worker i in year t. x1km is the share of high-skilledwork-
ers within 0 to 1 km distance of i’s workplace, x5km is the share of high-skilled workers within
1 to 5 km distance of i’s workplace, x10km is the share of high-skilled workers within 5 to 10
km distance of i’s workplace and so on. Accordingly, αz is the spillover coe�icient we seek
to estimate. In line with our main model, we control for the time-varying observable charac-
teristics of individuals, establishments and regions (Zit) and a series of fixed e�ects. θif is a
worker-firmmatch fixed e�ect, πrst is a skill-specific yearly labor-market-area fixed e�ect, τt
is a year fixed e�ect, and ωo is an occupation fixed e�ect.

Table A.3 summarizes the results. Column 2 of table A.3 shows the strength of human capital
externalities fromfivedi�erentdistances (i.e., 0-1km, 1-5km, 5-10km, 10-25kmand25-50km).
The e�ects are statistically significant up to a distance of 25 kilometers.

Due todi�erentbandwidths,wecannotdirectly compare themagnitudeof the rawestimates.
To illustrate the issue, consider that the parameter estimate on the first ring measures wage
e�ects from a one-percentage-point increase in the share of high-skilled workers within one
kilometer around these individuals. The parameter estimate on the second ring expresses
the e�ects of an one-percentage-point increase at a one to five kilometer distance. Both esti-
mates implicitly assume that the one-percentage-point increase in the share of high-skilled
workers is uniformly distributed within each bandwidth (i.e., the share of high-skilled work-
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Table A.3: Semi-parametric OLS estimates with broader rings
raw per km

(1) (2) (3) (4)

Share of high-shilled workers in ...

0–1km 0.050∗∗∗ 0.030∗∗∗ 0.050∗∗∗ 0.030∗∗∗

(0.003) (0.003)
1–5km 0.074∗∗∗ 0.070∗∗∗ 0.018∗∗∗ 0.017∗∗∗

(0.005) (0.007)
5–10km 0.078∗∗∗ 0.089∗∗∗ 0.016∗∗∗ 0.018∗∗∗

(0.006) (0.010)
10–25km 0.085∗∗∗ −0.051∗∗ 0.006∗∗∗ −0.003∗∗

(0.009) (0.019)
25–50km 0.004 −0.052 0.000 0.000

(0.013) (0.028)

Worker-firmmatch fixed e�ects Yes Yes Yes Yes
Labor-market-area× year× skill fixed e�ects No Yes No Yes

Notes: The table summarizes estimates of the human capital externalities from high-skilled workers
in broad concentric rings into individual log wages. The estimates replicate our main model in a less
precisemanner and serve as a comparison of themagnitude of the e�ects. The first two columns show
rawcoe�icient estimates. Columns three and four showestimated e�ectswithin one kilometer bands.
The underlyingmodels further control for occupation fixed e�ects, time fixed e�ects andworker char-
acteristics (age, work experience, tenure and the respective second-order polynomials), log establish-
ment size and county characteristics (unemployment rate, log population density and the log number
of hotel beds as a proxy for amenities). Cluster-robust standard errors are in parentheses.∗∗∗ indicates
significance at the 0.1%-level.N = 3, 498, 536

Source: Own calculations, IAB-SIAB (7514 v1), IAB-BHP (7516 v1), IAB-IEB-GEO (v01.00.00.1504)

ers increases by one percentage point in each kilometer). Thus, by construction, the second
ring captures a treatment that is five times stronger than the first ring does. To make the
parameter estimates comparable across rings, we divide the raw estimates by their underly-
ing bandwidth in column 4. The corresponding numbers give the e�ect of a one-percentage-
point increase in the shareof high-skilledworkerswithinonekilometerwithin a certainband-
width.

In line with our main findings, column 4 shows that human capital externalities decay with
distance. Also similar to our main findings, human capital externalities lose their economic
significance between 10 to 25 kilometers of distance. Also the magnitude of the estimated
e�ects are similar to those of our main model. For instance, according to our main model, a
20-percentage-point increase in the share of high-skilledworkerswithin five kilometers leads
towagegainsof 1.75percent. According toour semi-parametric estimateswithbroader rings,
the same increase in the share of high-skilled workers raises wages by 2 percent. The di�er-
ence between the two estimates is minor. In summary, the semi-parametric estimates but-
tress our main findings.
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A.6.2 Non-border regions

Because we have no data on workers outside of Germany, measurements of the distribution
of high-skilled workers in border regions are partly truncated. For instance, establishments
in the city center of Passau are only two kilometers from the Austrian border. Therefore, past
two kilometers’ distance, weobserve the concentration of high-skilledworkers only in south-
west to northeast directions. Consequently, information on the distribution of high-skilled
workers comes solely from these data points. Ignoring the partial truncation, we implicitly
assume that the distribution on the Austrian side of the border is the same as on the German
side of the border and that there are no costs from frictions in information flows across the
border. To assess whether these assumptions influence our estimates, we now remove bor-
der regions from our dataset and re-estimate our main model with establishments that are
at least 50 kilometers from the German border.

Figure A.4 summarizes the results. Generally, the estimated curve resembles the spillover
function from the full sample. Identically to our main findings, the function value is slightly
above unity in the direct neighborhood of establishments. However, the graph implies that
spillovers in non-border regions are slightly higher, and the point estimates reach seven kilo-
meters farther than in the full sample. There are several explanations for the stronger ef-
fects in non-border regions. First, due to labor market barriers, spillovers in border regions
might generally be lower, which would reduce measurements of the overall e�ect. Second,
the concentration of high-skilled labor behind the German border might be lower than on
the German side of the border, which would oppose our assumption of similar skill distribu-
tions on both sides of the border. Third, there are institutional di�erences between border
and non-border regions that depress human capital externalities in border regions. Fourth,
by chance, cities in border regions benefit less from human capital externalities than other
cities do. Given the multitude of possible explanations, it seems plausible that estimates in
non-border regions di�er slightly from those in the full sample. Reassuringly, the point esti-
mates of the spillover function are nonetheless similar in both samples, and the confidence
bands overlap over the whole domain. Overall, the robustness exercise therefore confirms
our main findings.

A.6.3 Labor market trends and industry clusters

Another concern may be that industry- or occupation-specific trends in the labor market in-
fluence our results through local clusters. To illustrate this issue, consider the following sce-
nario. Industry b experiences an economic upswing that raises wages and the demand for
skilled labor. If firms in industry b tend to cluster geographically, wages and the concentra-
tion of high-skilled labor would simultaneously rise in these areas. In our estimates, a global
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Figure A.4: Spatial human capital externalities from high-skilled workers (without border re-
gions)
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Notes: The figure shows spatial human capital externalities from high-skilled workers into individual
log wages in regions that are at least 50 kilometers from the German border. Wemeasure the concen-
tration of high-skilled workers as the share of high-skilled workers within distance z. To compute the
spatial spillover function (β(z)), we estimate equation (2.9)with the estimator (2.5). We restrict the ca-
pacity of theβ curve toaparabola-like function thatmay remain flat over some interval, andweset the
penalty parameter ρ accordingly. The black line illustrates the estimated spillover function (β(z)), and
the gray area indicates the 99 percent confidence band. The e�ect of a p-percentage-point increase in
the share of high-skilled workers within distance z0 and z1 (in a 0 to 1 range) is p times the area bellow
the estimated spillover function from z0 to z1. The underlying model controls for worker-firm match
fixede�ects, skill-specific yearly labor-market-area fixede�ects, occupationand time fixede�ects and
worker characteristics (age, work experience, tenure and the respective second-order polynomials),
log establishment size and county characteristics (unemployment rate, logpopulationdensity and the
log number of hotel beds as a proxy for amenities).N = 2, 489, 083

Source: Own calculations, IAB-SIAB (7514 v1), IAB-BHP (7516 v1), IAB-IEB-GEO (v01.00.00.1504)

labor market shock at the industry level would therefore create a spurious relationship be-
tween wages and the regional concentration of high-skilled workers. The same applies to
labor market shocks to occupations.

To assesswhether industry or occupation trends in the global labormarket a�ect our results,
we augment our estimation equation (equation (2.9)) with year-specific industry and occu-
pation fixed e�ects. These fixed e�ects absorb changes in wages and the concentration of
high-skilled workers that stem from industry- or occupation-wide shi�s in the labor market.
Figure A.5 shows the resulting spillover function. The curve is almost identical to that from
our main specification (figure 5). We therefore conclude that trends at the industry or occu-
pational level do not influence our results.
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Figure A.5: Spatial human capital externalities from high-skilled workers (removing industry
and occupation trends)
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Notes: The figure shows spatial human capital externalities from high-skilled workers into individual
log wages. Wemeasure the concentration of high-skilled workers as the share of high-skilled workers
within distance z. To compute the spatial spillover function (β(z)), we estimate equation (2.9) with
the estimator (2.5). To control for industry- and occupation-specific trends in the labor market, we
additionally control for time-varying industry and occupation fixed e�ects. We restrict the capacity of
the β curve to a parabola-like function thatmay remain flat over some interval, andwe set the penalty
parameter ρ accordingly. The black line illustrates the estimated spillover function (β(z)), and the
gray area indicates the 99 percent confidence band. The graph shows significant spillover e�ects that
decay with distance. The e�ect of a p-percentage-point increase in the share of high-skilled workers
within distance z0 and z1 (in a 0 to 1 range) is p times the area bellow the estimated spillover function
from z0 to z1. The underlyingmodel further controls for worker-firmmatch fixed e�ects, skill-specific
yearly labor-market-area fixed e�ects, occupation and time fixed e�ects and worker characteristics
(age, work experience, tenure and the respective second-order polynomials), log establishment size
and county characteristics (unemployment rate, log population density and the log number of hotel
beds as a proxy for amenities).N = 3, 498, 536

Source: Own calculations, IAB-SIAB (7514 v1), IAB-BHP (7516 v1), IAB-IEB-GEO (v01.00.00.1504)

A.6.4 E�ects in urban and rural areas

Plausibly,marginal travel costs for physical distance di�er between cities and rural areas. Ad-
ditionally, social interactions in sparsely populated regions might be more costly than those
in dense urban areas. Thus, the intensity and spatial reach of human capital externalities in
cities and rural areas might di�er. To assess these considerations, we separately estimate
human capital externalities in urban and rural areas.

Figure A.6 and figure A.7 illustrate the estimates of human capital externalities within urban
and rural areas. Estimates of human capital externalities in urban areas are generally similar
to our main findings. However, compared to the overall population, human capital external-
ities in urban areas are stronger and reach slightly further than in the average population.
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For instance, an increase of the share of high-skilled workers within five kilometers distance
increases the wages of workers in cities by 2.5 percent. The same increase in the share of
high-skilled workers raises wages of the average worker by only 1.75 percent.

Contrarily, as figure A.7 indicates, estimates of human capital externalities in rural areas are
nonsignificant. These results suggest that workers in rural areas do not benefit from human
capital externalities. Our identification strategy relies on a extensive set of fixed e�ects that
remove all variation in the data that comes from the labor market area and time-invariant
individual and establishment characteristics. Thus, we only measure human capital exter-
nalities from changes in the concentration of high-skilled workers in closer areas. Common
variation in the intensity of human capital on the labor market area level and time-invariant
regional di�erences are not captured in our estimates. Apparently, our identification strategy
is very demanding. Since the number of observations in rural areas is considerably smaller
than the number in urban areas, we cannot rule out that nonsignificant results in the ru-
ral sample might be due to e�iciency issues. Figure A.8 shows estimates where we replace
worker-firm match fixed e�ects by worker fixed e�ects. Consequently, we do not control for
time-invariant neighborhood characteristics in this estimation. Estimates in figure A.8 are
therefore less demanding because they use not only time-variant variation in the data but
also variationbetweenworkplaces. Allowingbetweenvariation leads to significant estimates
of human capital externalities. However, estimates are still considerably smaller than in the
urban sample (even with less demanding controls). Moreover, since we no longer control
for worker-firm match fixed e�ects, estimates might be confounded by other neighborhood
characteristics.

Overall, our findings imply that human capital externalities are considerably stronger in ur-
ban areas than in rural areas. In fact, we find only weak evidence for human capital external-
ities in rural areas. Although these findings support our main results, they also suggest that
they are mostly driven by urban areas.

A.7 Estimates of spatial human capital externalities: full table

Table A.4 presents parameter estimates from our preferred specification and accompanies
figure 6. In accordancewith figure 6, the table shows strong human capital externalities from
high-skilled workers from nearby areas. The e�ects decay with distance and become statisti-
cally nonsignificant a�er 17 to 18 kilometers. The parameter estimates of worker character-
istics are in line with the labor literature. Due to the extensive set of fixed e�ects in themodel
(equation (2.9)), theparameter estimates for county-level variables are statistically nonsignif-
icant.
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Figure A.6: Spatial human capital externalities from high-skilled workers (urban areas)
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Notes: The figure shows the spatial human capital externalities from high-skilled workers into indi-
vidual log wages in rural areas. We measure the concentration of high-skilled workers as the share of
high-skilled workers within distance z. To compute the spatial spillover function (β(z)), we estimate
equation (2.9)with the estimator (2.5). We restrict the capacity of the β curve to a parabola-like func-
tion that may remain flat over some interval, and we set the penalty parameter ρ accordingly. The
black line illustrates the estimated spillover function (β(z)), and the gray area indicates the 99 per-
cent confidenceband. Theunderlyingmodel controls forworker-firmmatch fixede�ects, skill-specific
yearly labor-market-area fixed e�ects, occupation and time fixed e�ects, worker characteristics (age,
work experience, tenure and the respective second-order polynomials), log establishment size and
county characteristics (unemployment rate, log population density and the log number of hotel beds
as a proxy for amenities).N = 2.601.624

Source: Own calculations, IAB-SIAB (7514 v1), IAB-BHP (7516 v1), IAB-IEB-GEO (v01.00.00.1504)
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Figure A.7: Spatial human capital externalities from high-skilled workers (rural areas)
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Notes: The figure shows the spatial human capital externalities from high-skilled workers into indi-
vidual log wages in rural areas. We measure the concentration of high-skilled workers as the share of
high-skilled workers within distance z. To compute the spatial spillover function (β(z)), we estimate
equation (2.9)with the estimator (2.5). We restrict the capacity of the β curve to a parabola-like func-
tion that may remain flat over some interval, and we set the penalty parameter ρ accordingly. The
black line illustrates the estimated spillover function (β(z)), and the gray area indicates the 99 per-
cent confidenceband. Theunderlyingmodel controls forworker-firmmatch fixede�ects, skill-specific
yearly labor-market-area fixed e�ects, occupation and time fixed e�ects, worker characteristics (age,
work experience, tenure and the respective second-order polynomials), log establishment size and
county characteristics (unemployment rate, log population density and the log number of hotel beds
as a proxy for amenities).N = 896.912

Source: Own calculations, IAB-SIAB (7514 v1), IAB-BHP (7516 v1), IAB-IEB-GEO (v01.00.00.1504)
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Figure A.8: Estimates of the spatial human capital externalities fromhigh-skilledworkers (ru-
ral areas, no worker-firmmatch fixed e�ects)
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Notes: The figure shows estimates of the spatial human capital externalities fromhigh-skilledworkers
into individual log wages in rural areas without nullifying worker-firmmatch fixed e�ects (but worker
fixed e�ects only). We measure the concentration of high-skilled workers as the share of high-skilled
workerswithin distance z. To compute the spatial spillover function (β(z)), we estimate equation (2.9)
with the estimator (2.5). We restrict the capacity of the β curve to a parabola-like function thatmay re-
main flat over some interval, andwe set the penalty parameter ρ accordingly. The black line illustrates
the estimated spillover function (β(z)), and the gray area indicates the 99 percent confidence band.
The underlying model controls for worker fixed e�ects, skill-specific yearly labor-market-area fixed
e�ects, occupation and time fixed e�ects and worker characteristics (age, work experience, tenure
and the respective second-order polynomials), log establishment size and county characteristics (un-
employment rate, log population density and the log number of hotel beds as a proxy for amenities).
N = 896.912

Source: Own calculations, IAB-SIAB (7514 v1), IAB-BHP (7516 v1), IAB-IEB-GEO (v01.00.00.1504)
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Table A.4: Spatial human capital externalities from high-skilled workers (full table)
Distance Value Sig. SE Distance Value Sig. SE Distance Value Sig. SE

0.5 1.0654 *** 0.1178 20.5 0.0890 0.0876 40.5 -0.2024 0.1332
1.0 1.0380 *** 0.1151 21.0 0.0723 0.0882 41.0 -0.2037 0.1355
1.5 1.0106 *** 0.1125 21.5 0.0562 0.0888 41.5 -0.2049 0.1379
2.0 0.9831 *** 0.1100 22.0 0.0407 0.0894 42.0 -0.2060 0.1404
2.5 0.9558 *** 0.1076 22.5 0.0258 0.0900 42.5 -0.2070 0.1430
3.0 0.9284 *** 0.1052 23.0 0.0115 0.0907 43.0 -0.2080 0.1456
3.5 0.9011 *** 0.1029 23.5 -0.0023 0.0913 43.5 -0.2088 0.1482
4.0 0.8739 *** 0.1008 24.0 -0.0155 0.0920 44.0 -0.2096 0.1509
4.5 0.8467 *** 0.0987 24.5 -0.0281 0.0926 44.5 -0.2103 0.1537
5.0 0.8196 *** 0.0968 25.0 -0.0401 0.0933 45.0 -0.2109 0.1566
5.5 0.7926 *** 0.0949 25.5 -0.0516 0.0940 45.5 -0.2115 0.1594
6.0 0.7656 *** 0.0932 26.0 -0.0625 0.0946 46.0 -0.2120 0.1624
6.5 0.7387 *** 0.0916 26.5 -0.0729 0.0953 46.5 -0.2124 0.1653
7.0 0.7119 *** 0.0901 27.0 -0.0828 0.0961 47.0 -0.2128 0.1683
7.5 0.6852 *** 0.0887 27.5 -0.0921 0.0968 47.5 -0.2131 0.1714
8.0 0.6585 *** 0.0875 28.0 -0.1009 0.0976 48.0 -0.2134 0.1745
8.5 0.6320 *** 0.0864 28.5 -0.1093 0.0983 48.5 -0.2137 0.1776
9.0 0.6057 *** 0.0854 29.0 -0.1171 0.0991 49.0 -0.2139 0.1808
9.5 0.5795 *** 0.0846 29.5 -0.1245 0.1000 49.5 -0.2142 0.1839
10.0 0.5535 *** 0.0838 30.0 -0.1314 0.1008 50.0 -0.2144 0.1872
10.5 0.5277 *** 0.0832 30.5 -0.1379 0.1018 Controls
11.0 0.5021 *** 0.0827 31.0 -0.1440 0.1027 Age -0.6766 1178.6
11.5 0.4768 *** 0.0824 31.5 -0.1496 0.1037 Age2 -0.0003 *** 0.0000
12.0 0.4518 *** 0.0821 32.0 -0.1548 0.1048 Exper. 0.0814 *** 0.0016
12.5 0.4270 *** 0.0819 32.5 -0.1597 0.1059 Exper.2 -0.0001 *** 0.0000
13.0 0.4026 *** 0.0818 33.0 -0.1642 0.1071 Tenure 0.0042 *** 0.0009
13.5 0.3785 *** 0.0818 33.5 -0.1684 0.1083 Tenure2 -0.0001 *** 0.0000
14.0 0.3548 *** 0.0819 34.0 -0.1723 0.1096 l. firm size 0.0258 *** 0.0009
14.5 0.3315 *** 0.0821 34.5 -0.1758 0.1109 l. p. dens. 0.0011 0.0006
15.0 0.3086 *** 0.0823 35.0 -0.1792 0.1124 l. hotel b. 0.0059 0.0034
15.5 0.2861 *** 0.0826 35.5 -0.1822 0.1139 Unemp. 0.0009 0.0006
16.0 0.2641 *** 0.0829 36.0 -0.1851 0.1155
16.5 0.2425 *** 0.0833 36.5 -0.1877 0.1171
17.0 0.2214 ** 0.0838 37.0 -0.1901 0.1189
17.5 0.2009 ** 0.0842 37.5 -0.1923 0.1207
18.0 0.1809 * 0.0847 38.0 -0.1943 0.1226
18.5 0.1614 0.0853 38.5 -0.1962 0.1245
19.0 0.1424 0.0858 39.0 -0.1980 0.1266
19.5 0.1241 0.0864 39.5 -0.1996 0.1287
20.0 0.1063 0.0870 40.0 -0.2011 0.1309

Notes: The table accompanies figure 6 and shows the strength of spatial human capital externalities
from high-skilled workers at numerous distances on individual log wages. To compute the spatial
spillover function (β(z)), weestimate equation (2.9)with theestimator (2.5). We restrict the capacity of
the β curve to a parabola-like function thatmay remain flat over some interval, andwe set the penalty
parameter ρ accordingly. The table also reports coe�icient estimates for the control variables. The un-
derlyingmodel further controls for worker-firmmatch fixed e�ects, skill-specific yearly labor-market-
area fixed e�ects, occupation fixed e�ects and time fixed e�ects. Standard errors are clustered. ***,
** and * indicate significance at the 1%-, 5%- and 10%-level, respectively.N = 3, 498, 536

Source: Own calculations, IAB-SIAB (7514 v1), IAB-BHP (7516 v1), IAB-IEB-GEO (v01.00.00.1504)
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