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Abstract

This paper proposes a theory of educational attainment di¤erences across U.S. metropolitan
areas. The theory is motivated by the �nding that employment in business services predicts
more than 70% of the observed cross-city variation in education. In the model, agglomeration
economies in the production of business services, which are complementary with skilled labor,
account for cross-city variation in education. The theory makes a number of testable predictions
which �nd strong support in U.S. data.
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1 Introduction

Educational attainment di¤ers dramatically across U.S. metropolitan areas ("cities"). In the year
2000, more than half of the adult population held a college degree in the �ve most educated cities,
compared with only 10% in the �ve least educated cities (see section 4.1 for details on how these
�gures are constructed). The purpose of this paper is to propose a theory of educational attainment
di¤erences across cities.

The motivation for the proposed theory is shown in �gure 1. The vertical axis shows educational
attainment for 297 cities in the year 2000. Attainment is de�ned as the ratio of skilled (college
degree) to unskilled (less than college degree) labor input. The horizontal axis shows a statistic,
�m, that is derived solely from data on employment in business services. The point of �gure 1 is:
knowing each city�s employment in business services is su¢ cient to predict 75% of the variation in
attainment across cities.1

Figure 1 is striking because the construction of �m does not use any information about a
number of city characteristics that might plausibly be related to education. These include city size
(suggesting agglomeration economies), industry composition, skill prices (suggesting di¤erences in
skill supplies), or geographic location.

Theory. Motivated by �gure 1, the main idea of the proposed theory is that business services
complement skilled labor in the production of �nal goods. Section 2 describes the model in detail.
The world is endowed with �xed quantities of skilled and unskilled labor. Workers move between
cities and industries to maximize their earnings, net of congestion costs. Business services are non-
traded intermediate inputs in the production of �nal goods, which are costlessly traded between
cities. The production of business services is subject to agglomeration economies.

1That is, the R2 obtained from regressing the logarithm of educational attainment on the logarithm of 'm;x is
0:75.
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Figure 1: Attainment and skill bias

Section 3 derives a number of testable model predictions. In equilibrium, cities of di¤erent sizes
coexist. This is due to the opposing forces of congestion costs and agglomeration economies. The
model�s main prediction is that cities with larger business services sectors are more educated. There
are two reasons for this. (i) Cities with large services sectors specialize in skill intensive industries.
(ii) Even though labor mobility equalizes skill premia across locations, cities with larger services
sectors employ more skilled labor within each industry. Thus, to an econometrician who does not
observe business services inputs, cities with larger services sectors appear to employ more skill
biased technologies in all industries. Finally, due to agglomeration economies, cities with larger
services sectors are more productive and pay higher wages.

The intution for these predictions is as follows. Agglomeration economies reduce the price of
services in cities with larger services sectors. This raises the demand for skilled labor in two ways. (i)
Since services complement skilled labor in production, the demand for skilled labor increases within
each industry. (ii) Cities with cheaper services also have a comparative advantage in skill-intensive
�nal goods and specialize in their production.

Empirical evaluation. To evaluate the model�s predictions, section 4 constructs a dataset span-
ning 297 cities and 126 industries. The main data sources are the 1980 to 2000 U.S. Decennial
Censuses. All of the model�s predictions �nd strong support in the data. Notably, more educated
cities employ more skilled labor in each industry, even though their skill premia do not di¤er sys-
tematically from less educated cities. More educated cities also employ larger fractions of their
labor in business services. This is consistent with the proposed hypothesis that scale economies in
business services a¤ect the demand for skilled labor across industries in a city.

The model makes quantitative predictions about educational attainment for cities and indus-
tries. It accounts for nearly 80% of the observed variation in education across city-industry cells
and for roughly half of the observed cross-city di¤erences in education within industries.

Consistent with the model�s prediction, more educated cities specialize in skill-intensive indus-
tries. However, industry specialization accounts for only one-quarter of cross-city attainment gaps.
The remaining three-quarters are due to within-industry di¤erences in education across cities, which
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the model attributes to variations in services prices.

Related literature. To my knowledge, this is the �rst quantitative theory of educational at-
tainment di¤erences across U.S. cities. However, a number of previous papers have studied closely
related questions.

Eaton & Eckstein (1997) and Glaeser (1999) develop models where cities of di¤erent human
capital levels coexist. This is due to the interaction of congestion costs and human capital spillovers.
In my model, cities are not places of learning. Instead, cities with large business services sectors
are highly educated because they attract skilled workers from other cities.

Several papers argue that technology adoption is central for understanding the changes in
cities�education over time. In Berry & Glaeser (2005), a city�s initial endowment of skilled labor
determines �rms� investment in skill biased technology adoption. Thus, cities� education levels
diverge over time. Lewis (2004, 2005) and Beaudry, Doms & Lewis (2005) study how cities absorb
changes in the supply of skilled labor due to immigration. They argue that exogenous increases in
skilled labor endowments induce skill biased technology adoption. Labor in�ows are absorbed not
by changing a city�s industry mix, but by changing the ratio of skilled to unskilled employment
within industries.

Peri (1998) observes that more educated cities pay higher skill premia. He interprets this as
evidence of skill biased technology adoption in cities with abundant skilled labor.

2 Model

The model is built around two central ideas: (i) the production of business services is subject to
agglomeration economies and (ii) business services complement skilled labor in the production of
�nal goods.

The world lasts for one period. There are M cities, indexed by m, and I industries, indexed
by i. I � 1 industries produce �nal goods, which are traded costlessly between cities. Industry
x produces a nontraded intermediate good: business services. Agglomeration economies imply
increasing returns to scale in the production of services. All industries are perfectly competitive.
The economy is endowed withH skilled workers and with L unskilled workers. These move costlessly
between cities and industries to maximize their labor earnings.

Notation. It is useful to �x notation before describing the model details. Skilled employment in
city i and industry m is denoted by Hm;i. Unskilled employment is Lm;i. Total skilled employment
in citym is given byHm =

P
iHm;i. Unskilled employment is de�ned analogously as Lm =

P
i Lm;i.

My measure of educational attainment is the ratio of skilled to unskilled labor input:

�m;i = ln (Hm;i=Lm;i) (1)

Free trade equalizes the prices of the I � 1 traded goods, denoted by pi. The price of services
(pm;x) di¤ers across cities. Labor mobility equalizes wages across (active) industries within a
city. Skilled labor earns wH;m and unskilled labor earns wL;m. The skill premium is de�ned as
�m = wH;m=wL;m.

2.1 Workers

Workers are either skilled or unskilled. The representative skilled worker inelastically supplies H
units of labor. She derives utility from consuming the I � 1 �nal goods and chooses consumption
levels CH;i and labor supplies Hm to solve

maxU (CH;1; :::; CH;I�1) (2)
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subject to the budget constraint X
i

piCH;i =
X
m

wH;mHm
�m

(3)

and the time constraint
H =

X
m

Hm (4)

The worker divides the time endowment H between the M cities so as to maximize earnings
net of an agglomeration cost �m. The worker takes �m as given. However, in equilibrium, the
agglomeration cost depends on the size of the city:

�m = �m (Hm + Lm)

with �0m > 0. Evidently, labor mobility equates wages, net of agglomeration costs, across all (active)
cities:

wH;m = wH �m (Hm + Lm) (5)

A solution to the skilled workers problem yields demand functions DH;i (p1; :::; pI�1;wH) for
�nal goods. In addition, labor supplies (Hm) must satisfy the time constraint (4) and the no
arbitrage condition (5). The representative unskilled worker solves an analogous problem, which
yields demand functionsDL;i (p1; :::; pI�1;wL) and labor supplies Lm that satisfy the time constraint

L =
X
m

Lm (6)

2.2 Final goods

The production function for industry i is given by

Ym;i = Fi (G (Hm;i; Xm;i) ; Lm;i) (7)

where Ym;i is output and Xm;i denotes purchased business services. Both Fi and G have constant
returns to scale. Fi is common to all cities, but di¤ers by industry. G is common across industries
and cities. Firms maximize pro�ts

max pm;iYm;i � wL;mLm;i � wH;mHm;i � pm;xXm;i (8)

The �rst-order conditions equate marginal products to factor prices:

wL;m=pm;i=FiL (Gm;i=Lm;i) (9)

wH;m=pm;i=FiG (Gm;i=Lm;i)GH (Xm;i=Hm;i) (10)

pm;x=pm;i=FiG (Gm;i=Lm;i)GX (Xm;i=Hm;i) (11)

where Gm;i = G (Hm;i; Xm;i). The partial derivatives, Fiz = @Fi=@z, depend on input ratios due
to constant returns to scale. A solution to the �rm�s problem consists of Ym;i; Lm;i;Hm;i; Xm;i that
satisfy the �rm�s �rst-order conditions and the production function. For the purpose of taking the
model to the data I assume the Fi has a constant elasticity of substitution, (1� �)�1:

Fi =
h
�iG (Xm;i;Hm;i)

� + (1� �i)L
�
m;i

i1=�
(12)

For reasons discussed in section 4.1, I assume � > 0.
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2.3 Business services

The production function for business services is given by

Ym;x = �mFx (G (Xm;x;Hm;x) ; Lm;x) (13)

This di¤ers from the production function for �nal goods only in the productivity term �m. Fx
exhibits constant returns to scale. Services �rms maximize

max pm;x�mFx (G (Xm;x;Hm;x) ; Lm;x)� wH;mHm;x � wL;mLm;x � pm;xXm;x (14)

The �rst-order conditions are the same as for �nal goods producers, except for the �m factors. A
solution to the business services �rm�s problem consists of Ym;x; Lm;x;Hm;x; Xm;x that satisfy the
�rm�s �rst order conditions and the production function.

A key feature of the model is agglomeration economies in the production of business services.
These are modeled as an externality. While �rms take �m as given, in equilibrium it depends on
the scale of the services sector:

�m = Fx (Gm;x; Lm;x)
" ; " > 0 (15)

2.4 Competitive equilibrium

A competitive equilibrium consists of an allocation (CH;i; CL;i; Lm;i;Hm;i; Xm;i; Ym;i;Hm; Lm) and
a price system (wH;m; wL;m; wH ; wL; pm;x; pi) such that

1. Workers maximize utility, given prices and agglomeration costs.

2. Final goods and services producers maximize pro�ts, given prices.

3. Markets clear.

Labor market clearing is implied by the household�s time constraints (4) and (6). The markets
for �nal goods clear whenX

m

Ym;i = DH;i (p1; :::; pI�1; wH) +DL;i (p1; :::; pI�1; wL) ; i 6= x (16)

The market for business services clears when

Ym;x =
X
i

Xm;i 8m (17)

2.5 Discussion

The idea that business services are a source of agglomeration economies is not new. Duranton and
Puga (2003) develop a model of di¤erentiated business services that exhibits scale economies. The
novel idea of this paper is to link business services to the demand for skilled labor in a city.

Most of the model�s implications derived below do not depend on the details of the demand
functions for �nal goods. The demand speci�cation is therefore kept simple. Since �nal goods are
not di¤erentiated across cities, the model makes extreme predictions about industry specialization
(see Proposition 6). In the empirical evaluation of the model, I therefore focus on its implications
for attainment in city-industry pairs, rather than for city attainment.

The assumption of perfect labor mobility is strong. It is responsible for equalizing skill premia
across cities. To check whether this assumption is reasonable, section 4.8 shows that the correlation
between skill premia and attainment is very weak across cities and across city-industry pairs.
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3 Empirical Implications

This section derives empirically testable implications of the model. I focus on equilibria where
multiple cities coexist. First, I show that cities di¤er in service prices,

�m � pm;x=wH;m (18)

Then I characterize how allocations and prices di¤er between cities with high and low service prices.
I �nd that city attainment is negatively related to �m. Section 4 takes the model implications to
the data and shows that cities with low services prices have the properties of highly educated cities
in the data.

Preliminary results. It is easy to show that �rms in low �m cities are characterized by high
Xm;i=Hm;i, Gm;i=Lm;i, Gm;i=Hm;i, and GH , as well as by low GX , and FiG=FiL. In addition, the

�nal goods �rm�s �rst order conditions imply that �m =
GX(Xm;i=Hm;i)
GH(Xm;i=Hm;i)

, so that the ratio of services
to skilled labor inputs is determined by a common function across all cities and industries:

Xm;i=Hm;i = 	(�m) (19)

with 	0 < 0. The intuition is that cheap services lead �rms to substitute services for skilled labor.
Since G is common to all industries and cities, the optimal input ratio Xm;i=Hm;i only depends on
the relative price of the two factors.

An additional assumption is required to ensure that �rms facing cheap services employ larger
amounts of skilled relative to unskilled labor. De�ne g (X=H) � G (X;H) =H.

Assumption A1: GH (X=H) g (X=H)
��1 is increasing in X=H.

This assumption is essential for most of the paper�s results. It formalizes the idea that skilled
labor and services are su¢ ciently complementary, so that lower services prices (�m) lead �rms
to employ more skilled labor. To see why A1 is needed, consider how a �rm reacts to a lower
�m. Substitution towards cheaper services implies that �rms hire more of them: Gm;i=Hm;i and
Gm;i=Lm;i both increase. Whether Hm;i=Lm;i increases depends on how substitutable factor inputs
are in production.

If H is easily substituted for X, �rms respond to cheaper services by "outsourcing" their skilled
labor, i.e., Xm;i increases andHm;i declines so thatHm;i=Lm;i may decline. Intuitively, �rms replace
their own accountants with hired consultants. However, if X and H are strong complements, �rms
will increase both Xm;i and Hm;i in response to cheaper services. In that case Hm;i=Lm;i increases.
Rather than replacing their accountants, these �rms hire additional accountants to work with
external consultants. Assumption A1 ensures that �rms respond in this second way.

A1 is not highly restrictive. For example, A1 holds if G (X;H) = X�H1�� and � > 0. In this
case,

g (X=H)��1 GH (X=H) = [X=H]
�(��1) [X=H]�

is increasing in X=H.

3.1 Coexistence of cities with di¤erent prices

The focus of the analysis is the comparison of cities with di¤erent services prices, which correspond
(by Corollary 7 below) to di¤erent attainment levels. Proposition 1 shows that, in equilibrium,
cities with di¤erent services prices coexist. This requires a technical assumption which rules out
equilibria where cities of di¤erent sizes happen to have the same agglomeration costs.

6



Assumption A2: The agglomeration cost functions are "ordered:" �m+1 (x) > �m (x) for any
scale x.

Proposition 1 If A2 is satis�ed, then all cities di¤er in their services prices, �m.

Proof. Consider two cities with di¤erent �m functions. There are two cases. (i) The cities
di¤er in their �m levels. Due to costless labor mobility, the city with higher agglomeration cost
must pay higher wages, wH;m and wL;m. Firms can only break even, if the high wage city has a low
�m. (ii) The cities share the same �m levels. This leads to a contradiction. Due to labor mobility,
�rms in both cities must pay the same wages. For �nal goods �rms to break even, �m must be
equal in both cities. Thus all factor prices and all factor input ratios are equalized. The cities
also have the same Ym;x; otherwise the unit costs of services would di¤er (see Proposition 9). Now
consider the identity

Hm = Hm;x
Ym;x
Hm;x

Hm
Ym;x

(20)

Note that both cities have the same Xm;i=Hm;i = 	(�m) in all industries, which thus equals
Ym;x=Hm. Hence, both cities have the same Hm and thus the same size, Hm+Lm. This contradicts
the assumption that the �m are the same.

The intuition is as follows. Consider two cities with identical �m. All factor price ratios are the
same in these cities. Hence, the unit costs of �nal goods �rms are proportional to wH;m. Thus, �rms
must pay the same wages in all cities. Labor mobility then requires that agglomeration costs be
the same. If agglomeration cost functions satisfy A2, this means that the cities must have di¤erent
total employment. Then they also di¤er in the scale of services and thus in �m - a contradiction.

3.2 Industry attainment

This section derives the model�s implications for educational attainment at the city-industry level,
�m;i. Since services inputs are not observable, it is necessary to "maximize out" Xm;i before taking
the model to the data. This yields a reduced form production function that expresses Ym;i as a
function of Hm;i and Lm;i. Proposition 2 establishes a key property of this production function:
each city is endowed with an industry neutral skilled labor augmenting parameter  m. That is, the
reduced form production function exhibits skill bias di¤erences across cities that a¤ect all industries
symmetrically.

Proposition 2 Cities are endowed with reduced form production functions of the form

Ym;i=Fi ( mHm;i; Lm;i) (21)

=
h
�i( mHm;i)

� + (1� �i)L
�
m;i

i1=�
(22)

where  m =  (�m) and  0 < 0.

Proof. Write the production function for �nal goods as

Ym;i = Fi(g [Xm;i=Hm;i]Hm;i; Lm;i) (23)

Since the optimal Xm;i=Hm;i = 	(�m) is monotone in �m, we can write

g(Xm;i=Hm;i) =  (�m)

with  0 < 0.
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A similar �nding has been documented in the international trade literature. Tre�er (1993) �nds
that countries are endowed with industry neutral factor augmenting technological di¤erences.

Lacking data on industry output, the empirical evaluation of the model relies on the �rm�s �rst
order conditions to predict industry-city attainment. Proposition 3 shows that these �rst-order
conditions are also characterized by industry neutral skill bias di¤erences. That is, the �rm�s choice
of Hm;i=Lm;i is consistent with a production function that exhibits industry neutral di¤erences in
skill bias. However, the skill bias parameters, ��m = � (�m), are di¤erent from the  m appearing in
the reduced form production function (21).

Proposition 3 The share of skilled labor employed in city m and industry i is given by

Hm;i
Lm;i

=

�
�i
��m

1� �i
wL;m
wH;m

�1=(1��)
(24)

where ��m = � (�m) = g (Xm;i=Hm;i)
��1GH (Xm;i=Hm;i).

Corollary 4 Cities with high ��m employ more educated labor in all industries.

Corollary 5 If A1 is satis�ed, then �0 < 0 and cities with low services prices (�m) employ more
educated labor in all industries.

Proof. The �nal goods �rm�s �rst-order conditions imply

wH;m
wL;m

=
�i

1� �i
(Gm;i=Lm;i)

��1 GH (Xm;i=Hm;i)

=
�i

1� �i
(g [Xm;i=Hm;i] Hm;i=Lm;i)

��1 GH (Xm;i=Hm;i)

=
�i
��m

1� �i
(Hm;i=Lm;i)

��1 (25)

Thus, cities with high ��m employ more skilled labor in any industry i. Since Xm;i=Hm;i is a
decreasing function of �m, ��m and Xm;i=Hm;i are positively related. A1 then ensures that high ��m
cities also have low �m.

Proposition 3 establishes one of the main testable prediction of the model. Given estimates
of skill premia and of the production function parameters �i and ��m, (24) predicts educational
attainment for city-industry pairs.

One implication is that, within an industry, attainment di¤ers systematically across cities.
Cities with higher ��m employ more skilled labor in every industry, even though skill premia are
equalized across cities. To an econometrician, who does not observe services inputs, cities appear
to di¤er in their skill bias parameters

�
��m
�
, even though they are actually endowed with the same

production functions. The skill bias di¤erences are industry neutral because �rms in all industries
face the same relative prices (�m) and use the same production function G.

3.3 Industry specialization

The model implies a second reason why cities with cheap services are more educated: they specialize
in skill intensive industries.

Proposition 6 Cities with low �m specialize in high �i industries. If A1 is satis�ed, then cities
with high ��m specialize in industries with high �i.
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Proof. The unit cost function of good i is given by

cm;i =
h
�
1=(1��)
i p

�=(��1)
m;G + (1� �i)1=(1��)w

�=(��1)
L;m

i1�1=�
(26)

where pm;G (pm;x; wH;m) is the unit cost of G (Xm;i;Hm;i), which is the same for all industries in a
city. Since G is constant returns to scale, we can write:

pm;G = wH;m cG (pm;x=wH;m)

with c0G > 0. The unit cost of good i is then

cm;i = wL;m

"
�
1=(1��)
i

�
wH;m
wL;m

cG (�m)

��=(��1)
+ (1� �i)1=(1��)

#1�1=�
(27)

I show next that unit costs are more sensitive to �i when �m is low. That is

@ ln (cm;i=wL;m)

@ (wH;m=pm;x) @�
< 0 (28)

To see (28), de�ne �̂ (wH;m=pm;x) =
n
wH;m
wL;m

cG (pm;x=wH;m)
o�=(��1)

. Note that @�̂=@ (wH;m=pm;x) >

0. That is, cm;i=wL;m, is low when �m is low. Write unit cost as

ln (cm;i=wL;m) =
�� 1
�

ln
�
��i �̂ + [1� �i]

�
�

and take the derivative:

@ ln (cm;i=wL;m)

@ (wH;m=pm;x)
=
�� 1
�

�
�̂ +

�
1� �
�

����1
�̂
0
< 0

The second derivative is negative:

@2 ln (cm;i=wL;m)

@ (wH;m=pm;x) @�
< 0

Thus, the slope of the unit cost function against �i is steeper (negative) when �m is low. Now
consider the ratio of unit costs cm;i=cm;j in two locations. If �i > �j , then the low �m location has
a comparative advantage in the high �i good. Finally, if A1 holds, low �m implies high  m and
high ��m.

Figure 2 illustrates proposition 6. Consider two cities that di¤er in their services prices. If
wages were equalized across cities, the city with cheaper services would have lower unit cost for all
goods. It would have an absolute advantage in all industries and a comparative advantage in high
�i industries. The intuition is that services prices a¤ect unit costs more in industries that place a
large weight on services inputs (�i).

Since cities with high ��m employ more skilled labor within each industry and specialize in
skill intensive industries, overall city attainment must be higher as well. Thus, the model can
account for the positive relationship between city attainment and ��m documented in �gure 1 in the
introduction.

Corollary 7 If A1 holds, cities with high ��m are more educated (high Hm=Lm).
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Figure 2: Comparative advantage

Lower services prices increase the scale of the services sector. Hence, the model predicts that
cities with low �m have higher total factor productivity. Lacking data on industry output and
services inputs, I cannot test this property directly. However, I can test the prediction that such
cities should pay higher wages.

Proposition 8 If A1 holds, cities with high ��m pay high wages (wH;m; wL;m).

Proof. This follows directly from the fact that unit cost is falling in �m for �xed wages. If A1
holds, then low �m means high ��m and unit cost is falling in ��m as well. As a result, cities with
high ��m have absolute advantage in all goods. To remain competitive, cities with lower ��m then
must pay lower wages (or be shut down).

3.4 Size of the business service sector

One set of predictions that could distinguish the model proposed here from alternative theories
relates to the business services sector. Lacking data on the price of services, I derive how the size
of the services sector di¤ers between cities with di¤erent attainment (and thus �m).

Proposition 9 Cities with low services prices (�m) have larger business services output (Ym;x).

Proof. From (27) the unit cost of Xm may be written as

pm;x = cx (�m; wH;m=wL;m) wL;m = Fx (Gm;x; Lm;x)
" (29)

with @cx=@�m > 0. cx is the unit cost function for the constant returns to scale production function
Fx. Thus

pm;x
wL;m cx

=
�m
cx

wH;m
wL;m

= Fx (Gm;x; Lm;x)
�" (30)
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Since the elasticity of unit cost with respect to any input price (here: �m) is less than one, the ratio
on the left-hand-side of (30) is decreasing in �m for given skill premium. Thus, the model predicts
that cities with low �m have large Ym;x.

This result is intuitive. In some cities, services are cheap due to economies of scale. This
requires large services output. Unfortunately, services output is not observable in my data. I there-
fore, derive implications for services employment, which is observable. This requires an additional
assumption.

Assumption A3: @ lnYm;x=@ lnXm;x < 1.
A3 states that services are produced subject to diminishing returns to X. This assumption is

necessary for the model to make sense. Were it violated, it would be possible to produce larger
amounts of services using less labor of both skills. If A3 is satis�ed, the next proposition shows
that cities with cheap services either employ large amounts or large fractions of skilled labor in the
production of services.

Proposition 10 If A1 and A3 hold, then cities with low �m have either high Hm;x=Hm or high
Hm;x.

Proof. Write the fraction of skilled labor employed in producing services as

Hm;x
Hm

=
Hm;x
Ym;x

Ym;x
Hm

=
Hm;x
Ym;x

Xm;x
Hm;x

(31)

The last equality holds because Xm;i=Hm;i is the same in all industries and
P
Xm;i = Ym;x. Thus

Hm;x
Hm

=
Xm;x
Ym;x

(32)

This can be satis�ed in two ways. If cities with low �m have low Hm;x, then such cities also have
low Lm;x because Hm;x=Lm;x is decreasing in �m due to A1. Due to A3, such cities have high
Xm;x=Ym;x and thus high Hm;x=Hm. Alternatively, Hm;x may be high in cities with low �m. The
model then makes no predictions about Hm;x=Hm.

Note that the case where cities with cheap services have low Hm;x is empirically implausible. It
implies that such cities also have low Hm and thus Lm. That is, cities with larger services sectors
would have smaller (in absolute terms) employment in all other industries.

3.5 City size

Empirically, the relationship between city population and educational attainment is positive, but
weak (see Glaeser 1999 and the evidence presented in section 4.7). This seems to pose a challenge
for models based on agglomeration economies. However, in my model, the correct measure of city
"size" is not its total population, but the scale of the business services sector. In contrast to Eaton
& Eckstein (1997) and Glaeser (1999), my model does not imply that cities with larger population
sizes are more educated. Proposition 11 identi�es the reason for this: agglomeration costs function
(�m) di¤er across cities.

Proposition 11 If all cities share the same �m, then cities with low services prices employ more
labor.

Proof. If all cities share the same �m, then larger cities pay higher wages. They must have
lower unit costs, cm;i=wH;m. This requires low �m.
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4 Empirical Evaluation of the Model

The model�s empirical implications may be summarized as follows: If A1 through A3 hold, then
cities with cheap services are characterized by high values of ��m, high city attainment Hm=Lm,
high attainment in each industry Hm;i=Lm;i, high wages, and by large employment shares in skill
intensive industries. In addition, such cities have large absolute (Hm;x) or relative (Hm;x=Hm)
skilled employment in business services. This section shows that all of the model�s predictions have
strong support in data on U.S. cities.

4.1 Data

The data are drawn from the 1980 to 2000 waves of the Decennial Census 5% Public Use Micro
Samples. Individuals are dropped if they satisfy at least one of the following conditions: reside in
group quarters, in school, zero hours worked, younger than age 17 or older than age 75. A person
with at least 16 years of schooling is classi�ed as holding a college degree. I refer to such persons
as "skilled." Individual wage rates are calculated as the ratio of labor income to hours worked per
year. Wage observations below 10% of the median and above 100 times the median are deleted as
likely measurement errors.

The geographic units considered are metropolitan areas (MAs). Most of the �ndings reported
in this paper are based on data for the year 2000. Results for earlier years are similar, except where
explicitly noted. Appendix A provides more detail on the data and variable construction.

4.1.1 Measurement

Labor input. In measuring labor inputs, it is necessary to account for the possibility that workers
in the same education class di¤er in their labor e¢ ciency. I estimate person j�s e¢ ciency using a
standard Mincerian earnings equation of the form

lnh (ej ; xj ; zj) = �0 + �1ej + �2xj + �3x
2
j + �4zj + "j (33)

where e denotes years of schooling, x is experience, and z denotes other demographic characteristics
(race and sex). Labor e¢ ciency (h) is proxied for using nominal hourly wage rates. The equation is
estimated for the entire U.S. working population, but separately for skilled and unskilled workers.
Skilled labor input in industry i is then given by

Hm;i =
X
j

h (ej ; xj ; zj) lj (34)

where lj denotes hours worked and the sum covers all persons working in industry i and location m.
A similar equation de�nes unskilled labor input, Lm;i. I abstract from the possibility that workers
di¤er in their unmeasured skills. For most of my results this only matters if skilled workers di¤er
from unskilled workers within a given location or industry. City-industry cells with fewer than 20
observations are dropped.

Skill premia are calculated as the ratio of skilled to unskilled wage bills divided by H=L.

Production functions. The production function parameters to be estimated are the �i for all
industries, the ��m for all cities, and �.

The parameter � governs the substitutability of G and L. Direct evidence on its value does
not exist. Empirical estimates of the substitution elasticity between skilled and unskilled labor are
typically based on aggregate rather than industry data (see Ciccone and Peri 2004). Moreover,
how strongly Hm;i=Lm;i responds to a change in wH;m=wL;m depends on the accompanying change
in �m. Lacking better evidence, I set � such that the elasticity of substitution between G and L
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Table 1: Business services
Code Industry
716 Banking and credit
726 Security and commodity brokerage and invest companies
736 Insurance
746 Real estate
756 Real estate-insurance-law o¢ ces
806 Advertising
807 Accounting, auditing, and bookkeeping services
808 Misc business services
879 Legal services
898 Engineering and architectural services

Notes: The table shows the industries classi�ed as business services.

is (1� �)�1 = 1:6. This is in the middle of the empirical range cited by Ciccone and Peri (2004).
The sensitivity analysis explores alternative values of �.

The values of �i and ��m are estimated from the �rst-order conditions of the �nal goods �rm
(24). The model implies

ln (Hm;i=Lm;i) =
ln (�i= (1� �i)) + ln

�
��m
�
� ln (wH;m=wL;m)

1� � (35)

This translates into a regression equation

ln (Hm;i=Lm;i) = �0 +Di + �Dm + �w ln (wH;m=wL;m) + "m;i (36)

which I estimate via OLS. The skill bias parameters may then be recovered from the industry
dummies (Di)

�i =
e(1��)(�0+Di)

1 + e
(1��)(�0+Di)

(37)

and from the state dummies
�
�Dm
�
:

��m = e
�Dm(1��) (38)

Below, estimates of the production function parameters are used to predict city-industry at-
tainment according to the �rm�s �rst-order condition (24). In these calculations, an alternative
measure of ��m is used. A key result of the paper is that employment in business services predicts
a large share of the variation in educational attainment across cities. To drive home this point, it
is desirable to estimate the skill bias parameters ��m from data on business services only. This is
done by solving the business services �rm�s �rst order condition (24) for ��m, given data for skill
premia, Hm;x=Lm;x; and the values of �i taken from (37). This alternative measure of skill bias is
called �m and is used for most of the paper�s results. Note that ln (�m) is a linear transformation
of ln (Hm;x=Lm;x).

Industries. Each worker is assigned to one of 150 industries according to the IPUMS variable
IND1950. Table 1 lists the industries classi�ed as business services. Some of these industries serve
consumers as well as businesses. Unfortunately, it is not possible to measure what fraction of output
a given industry supplies to businesses. For some industries, the classi�cation as business services
is therefore to some extent arbitrary.
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Table 2: City characteristics
1980 1990 2000

N 258 271 297
Hm=Lm [%] 24.2 31.6 38.5

( 8.7) (12.5) (16.5)
Hm;x=Hm [%] 13.8 15.5 18.2

( 4.4) ( 4.9) ( 6.4)
Lm;x=Lm [%] 8.3 9.9 11.2

( 2.5) ( 2.8) ( 3.1)
Frac.services [%] 10.1 12.2 14.0

( 3.0) ( 3.6) ( 4.3)
wH;m=wL;m 1.52 1.59 1.59

(0.10) (0.08) (0.08)
Notes: The table shows means and standard deviations (in parentheses) for MA characteristics.
Frac. services is the fraction of workers employed in business services. N is the number of cities.

Table 3: Attainment and skill bias
Year 1980 1990 2000
� 1.08 1.27 1.27
s.e. 0.06 0.06 0.04
R2 0.54 0.62 0.78
N 258 271 297

Notes: The table shows the results of regressing ln (Hm=Lm) on ln (�m). � is the regression
coe¢ cient and "s.e." denotes its standard error.

4.1.2 Summary statistics

Table 2 shows means and standard deviations of MA characteristics for each year. College attain-
ment (Hm=Lm) rises by nearly 60% over the 20 year sample period. The fraction of skilled and
unskilled labor employed in business services increases by around one-third. Data for individual
cities are shown in the Appendix.

4.2 Skill bias and education

The following sections confront the empirical implications derived in section 3 with the data. Corol-
lary 7 is the main qualitative prediction of the model: Cities with high �m, re�ecting low services
prices, are highly educated. Figure 1, displayed in the introduction, shows that this prediction is
strongly supported in the data.

Variation in �m accounts for a large part of the cross-city variation in attainment. A regression
of ln (Hm=Lm) on ln (�m) yields an R

2 of 0:78 for the year 2000. Table 3 shows the regression
results for the years 1980 to 2000. The correlation between attainment and �m is strong in all
years, but substantially lower in earlier years.

It is worth reiterating that �m is estimated solely from data on business services employment.
It does not use any information about other city characteristics that could plausibly account for
education gaps, including city size (suggested by agglomeration theories), industry specialization,
skill premia, or geographic location. The strong correlation between �m an city education is con-
sistent with the hypothesis of the paper: business services a¤ect the demand for skilled labor in a
city.
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The model o¤ers two reasons why cities with high �m are educated: (i) they employ more
skilled labor in all industries and (ii) they specialize in skill-intensive industries. Next, I explore
the evidence for both reasons.

4.3 City-industry attainment

Corollary 4 predicts that cities with higher �m should employ more skilled labor in each industry.
Figure 3 examines this prediction informally. For the eight largest industries, the �gure plots
ln (Hm;i=Lm;i) against ln (�m). Least squares regression lines (solid) and 45-degree lines (dashed)
are also shown. Consistent with the model prediction, a strong correlation is visible in all cases.2

This patterns holds for the full set of industries. Regressing ln (Hm;i=Lm;i) against ln (�m) for
each of the 49 largest industries yields positive slope coe¢ cients in every case. The mean slope is
0:52 with a standard deviation 0:21. The mean R2 across industries is 0:33. That is, �m accounts
for one-third of the variation in attainment within industries across cities.

Quantitative evaluation. The model�s Proposition 3 makes quantitative predictions for attain-
ment in city-industry pairs. These can be used to measure the fraction of attainment variation
accounted for by the model.

Figure 4 plots the model�s predicted attainment against observed attainment for the year 2000.
Predicted attainment is calculated from the �rm�s �rst-order conditions (24) together with estimates
of �i and �m. The U.S. skill premium is used for wH;m=wL;m. An OLS regression yields an R2 of
0:77. Thus, the model accounts for 77% of the observed variation in attainment across city-industry
pairs.

Attainment variation within industries. Part of the attainment variation shown in �gure 4
is due to technological di¤erences across cities (�i) about which the model has nothing to say. It
is therefore more appropriate to evaluate the model by its ability to account for attainment gaps
across cities within industries.

According to the model, attainment net of industry e¤ects is given by

�netm;i = ln (Hm;i=Lm;i)�
ln (�i= (1� �i))

(1� �) (39)

Equation (24) predicts that �netm;i should equal

�predm;i = ln (wL;m=wH;m) +
ln(�m)

1� � (40)

Note that predicted attainment, net of industry e¤ects, varies solely due to �m. Figure 5 evaluates
this prediction by plotting �predm;i against �

net
m;i. A �tted OLS regression line,

�predm;i = �0 + ��m;i + "m;i (41)

yields a slope coe¢ cient of 0:5, compared with a model prediction of 1. In this sense, the model
accounts for 50% of the variation in attainment, within industries, between high and low � cities.
The regression R2 = 0:29. Thus, the model accounts for 29% of the variation in attainment across
all city-industry pairs, net of industry e¤ects.

In evaluating the model�s performance it is worth keeping in mind that predicted attainment is
calculated only from data on business services employment (�m). In addition, part of the variation
in observed attainment is due to measurement error as many of the industry-city cells contain only
small numbers of observations.

2Lewis (2004) and Glaeser and Berry (2005) show that cities absorb in�ows of labor mostly by changing attainment
within industries, not by changing industry mix. Beaudry et al. (2005) and Lewis (2005) argue that this happens
through local technology adoption.
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4.4 Industry Specialization

Proposition 6 points to a second reason why cities with high � are highly educated: they specialize
in skill-intensive industries. To evaluate this prediction, I decompose city attainment gaps into the
contributions of industry specialization and within-industry attainment di¤erences.

The starting point is the identity

Hm
Lm

=

P
iHm;iP
i Lm;i

=
X
i

Hm;i
Lm;i

!m;i (42)

where !m;i = Lm;i=Lm is the employment share of industry i. The identity suggests a natural
way of decomposing attainment gaps into the contributions of industry specialization (!m;i) and
within industry attainment di¤erences (Hm;i=Lm;i). De�ne two versions of counter-factual city
attainment:

�ISm =
X
i

HUS;i
LUS;i

!m;i (43)

��m=
X
i

Hm;i
Lm;i

!US;i (44)

where !US;i � LUS;i=LUS is the economy wide employment share of industry i. HUS;i �
P
mHm;i

and LUS;i �
P
m Lm;i denote economy wide total employment in industry i. �

IS
m eliminates within-

industry di¤erences in attainment and thus measures the importance of industry specialization.
��m eliminates di¤erences in industry specialization and thus measures the importance of within-
industry attainment di¤erences.

One complication encountered in the computation of �ISm and �USm is that a given city has (near)
zero employment in many industries.3 Conversely, many industries are present only in a few cities.
In computing �ISm and �USm I therefore drop cities that have data for fewer than 30 industries and
industries that have data for fewer than 12 cities. The resulting sample consists of 142 cities and
75 industries. 69% of the remaining industry-city pairs have data.

Figure 6 plots predicted against observed state attainment. The slope is 0:20, leading me to
conclude that specialization accounts for 20% of attainment di¤erences.4

In a similar fashion, the importance of within industry di¤erences in attainment can be quan-
ti�ed. Recall that ��m applies the same employment weights to all cities. Its variation is solely due
to within-industry attainment di¤erences across cities.

Figure 7 plots counter-factual city attainment against observed attainment for the year 2000.
The slope of an OLS regression line is 0:85 (s:e: 0:02). In this sense, within-industry attainment
di¤erences account for a large majority of city attainment gaps.

4.5 Business Services

This section examines the empirical relationship between business services and city attainment.
This evidence is useful for distinguishing the proposed theory from possible alternatives in which
business services play no special role. Lacking data on the quantity (Xm;i) and price of services
(�m), I evaluate the model�s predictions for services employment.

Proposition 10 predicts a positive correlation between �m and either the level (Hm;x) or the
share (Hm;x=Hm) of skilled employment in services. Both correlations are found in the data (see

3Rosenthal and Strange (2002) show that this is true even at the state level.
4The model�s demand side is not su¢ ciently developed to compare the model�s predicted industry composition

with the data.
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�gures 8 and 9). The �nding that highly educated cities employ a larger share of labor in business
services con�rms that the positive association between �m and Hm;x is not simply due to city size.
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Figure 8: Skill bias and business services

4.6 Wages

According to Proposition 8, cities with higher �m pay higher nominal wages. To investigate this
proposition, I calculate a city�s mean wage as

�wm =
X
j

wm;j!US;j (45)

where j indexes age / education / sex groups and !US;j is the U.S. population weight. �wm removes
di¤erences in demographic composition from the mean wages of cities.

Consistent with the model�s prediction, I �nd a positive, albeit weak, correlation between �m
and �wm. Figure 10 shows a scatter plot. An OLS regression line yields an R2 of 0:16. This
is consistent with Rauch�s (1993) �nding of a positive relationship between education and wages
across cities.

I also �nd a signi�cant and positive correlation between a city�s mean wage and the size of the
business services sector, measured by ln (Hm;x) or ln (Hm;x=Hm). This is consistent with the notion
that business services account for productivity and thus for wage di¤erences across cities.

4.7 City size

It is well known that larger cities are more educated (e.g., Glaeser 1999). This motivates agglom-
eration theories in which human capital externalities facilitate learning in cities (Eaton & Eckstein
1997; Glaeser 1999).

Table 4 investigates the relationship between city size and education in my data. The correlation
is positive in all years, but it is not strong. Regressing ln (Hm=Lm) on the logarithm of city
population yields statistically signi�cant point estimates. However, the R2 are only on the order
of 10%. This is consistent with the predictions of my model, in which the correct measure of
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Table 4: Attainment and city population
1980 1990 2000

� 0.115 0.136 0.155
s.e. 0.022 0.023 0.024
R2 0.10 0.12 0.12
N 240 247 289

Notes: The table shows the results of regressing ln (Hm=Lm) on the logarithm of city population.
� is the regression coe¢ cient and "s.e." denotes its standard error.

Table 5: Attainment and skill premia at the city level
Year 1980 1990 2000
� 0.032 -0.008 -0.004
s.e. 0.011 0.009 0.007
R2 0.03 0.00 0.00
N 271 273 297
wH;m=wL;m 1.52 1.59 1.59
Std 0.10 0.08 0.08

Notes: The table shows the results of regressing ln (wH;m=wL;m) on ln (Hm=Lm). � is the
regression coe¢ cient and "s.e." denotes its standard error. The last two columns show the mean

and standard deviation of skill premia across cities.

agglomeration is the scale of the business services sector, not city population. As shown in section
4.5, the correlation between the scale of services and city education is substantially stronger than
the correlation between population size and education.

4.8 Skill Premia

In the model, labor mobility equalizes skill premia across locations and industries. An alternative
view holds that labor is relatively immobile and that the supply of labor is an important determinant
of city attainment. [reference] If skills are imperfect substitutes, such theories imply that highly
educated cities should have low skill premia. This section examines whether skill premia are
correlated with attainment at the city and city-industry level.

Table 5 shows the results for city level data. I regress the logarithm of city skill premia on city
attainment for the years 1980 to 2000. The slope coe¢ cient varies in sign and is signi�cant only in
1980. The R2 statistics are at most 2%.

Table 6 shows that similar results are obtained for city-industry pairs. I regress the logarithm
of the skill premium on industry dummies and attainment.

ln (wH;m;i=wL;m;i) = Di + � ln (Hm;i=Lm;i) + "m;i (46)

The slope coe¢ cients are small and change signs across years. A 10% change in attainment is
associated with a change in the skill premium of roughly 0.1%. When industry dummies are
omitted, the slope coe¢ cients are always positive and slightly larger. However, the regression R2

drops to less than 3%. This is consistent with Peri�s (1998) �ndings of a small, positive correlation
between skill premia and schooling across city-industry cells.

I conclude that skill premia are, to �rst approximation, uncorrelated with educational attain-
ment. This is consistent with the assumption of perfect labor mobility underlying the model.
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Table 6: Attainment and skill premia at the city-industry level
Year Dummies � s.e. R2 N

1980 yes 0.005 0.005 0.464 3810
1980 no 0.028 0.003 0.022 3810
1990 yes -0.010 0.004 0.406 4846
1990 no 0.033 0.003 0.031 4846
2000 yes -0.013 0.004 0.404 5970
2000 no 0.025 0.002 0.016 5970

Notes: The table shows the results of estimating (46) via OLS. "s.e." denotes the standard error
of �.

5 Conclusion

This paper explores why educational attainment di¤ers across U.S. metropolitan areas. A measure
of business services employment (�m) is identi�ed, which predicts a large share of the observed
cross-city variation in attainment. This motivates a theory in which the scale of a city�s business
services sector a¤ects its demand for skilled labor across all industries. The model makes a number
of empirically testable prediction, all of which �nd strong support in the data.
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Appendix

A Data Sources and Variable Construction

Table A1 shows summary statistics for the ten most educated and least educated cities. Some of
the highly educated cities, such as Ann Arbor or Madison, host large universities. These might
increase the supply of college educated labor. I do not drop such cities for two reasons. (i) The
model assumes perfect labor mobility. A city�s attainment should therefore not be correlated with
its production of college graduates. (ii) It is conservative to retain cities with idiosyncratic variation
in attainment. They pose a challenge for the model and should reduce its explanatory power.
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