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Three themes for today

I The Great Divergence between skilled and unskilled cities

I America’s Downtown Revival

I Technology and the city



Dispersion in long-run housing price appreciation
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These differences in long-run rates of appreciation led to an ever-widening gap in 
the price of housing between the most expensive metropolitan areas and the average 
ones. Figure 2 plots the distribution of log mean real house values across metropoli-
tan areas in 1950 and 2000. In 1950, house prices in the most expensive cities were 
twice the national average. By 2000, the gap had risen to four times the national aver-
age. A similar evolution occurred between 1970 and 2000 among US municipalities.

Why house price dispersion has increased so much over such a long time span is 
not well understood. Standard compensating differential models in urban economics 
attribute differences in house prices across markets to differences in the economic 
value to a household from living in one MSA versus another, with that value driven 
by factors such as inherent local productivity (and thus wages), amenities, or fiscal 
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Figure 1. Density of 1950 –2000 Annualized Real House Price Growth Rates 
across MSAs with 1950 Population > 50,000

Table 1— Real Annualized House Price Growth, 1950 –2000, 
Top and Bottom Ten MSAs with 1950 Population >500,000

Top ten MSAs by price growth:
Annualized growth rate, 1950 –2000

Bottom ten MSAs by price growth:
Annualized growth rate, 1950 –2000

San Francisco 3.53 San Antonio 1.13
Oakland 2.82 Milwaukee 1.06
Seattle 2.74 Pittsburgh 1.02
San Diego 2.61 Dayton 0.99
Los Angeles 2.46 Albany (NY) 0.97
Portland (OR) 2.36 Cleveland 0.91
Boston 2.30 Rochester (NY) 0.89
Bergen-Passaic (NJ) 2.19 Youngstown-Warren 0.81
Charlotte 2.18 Syracuse 0.67
New Haven 2.12 Buffalo 0.54

Population-weighted average of the 48 MSAs in this sample: 1.71

Source: Gyourko, Mayer, Sinai (2013)

https://www.aeaweb.org/articles.php?doi=10.1257/pol.5.4.167


Dispersion in long-run housing price appreciation

168 AMERICAN ECONOMIC JOURNAL: ECONOMIC POLICY NOVEMBER 2013

These differences in long-run rates of appreciation led to an ever-widening gap in 
the price of housing between the most expensive metropolitan areas and the average 
ones. Figure 2 plots the distribution of log mean real house values across metropoli-
tan areas in 1950 and 2000. In 1950, house prices in the most expensive cities were 
twice the national average. By 2000, the gap had risen to four times the national aver-
age. A similar evolution occurred between 1970 and 2000 among US municipalities.

Why house price dispersion has increased so much over such a long time span is 
not well understood. Standard compensating differential models in urban economics 
attribute differences in house prices across markets to differences in the economic 
value to a household from living in one MSA versus another, with that value driven 
by factors such as inherent local productivity (and thus wages), amenities, or fiscal 

0

0.1

0.2

0.3

D
en

si
ty

0 0.01 0.02 0.03 0.04

House price growth rate

Figure 1. Density of 1950 –2000 Annualized Real House Price Growth Rates 
across MSAs with 1950 Population > 50,000

Table 1— Real Annualized House Price Growth, 1950 –2000, 
Top and Bottom Ten MSAs with 1950 Population >500,000

Top ten MSAs by price growth:
Annualized growth rate, 1950 –2000

Bottom ten MSAs by price growth:
Annualized growth rate, 1950 –2000

San Francisco 3.53 San Antonio 1.13
Oakland 2.82 Milwaukee 1.06
Seattle 2.74 Pittsburgh 1.02
San Diego 2.61 Dayton 0.99
Los Angeles 2.46 Albany (NY) 0.97
Portland (OR) 2.36 Cleveland 0.91
Boston 2.30 Rochester (NY) 0.89
Bergen-Passaic (NJ) 2.19 Youngstown-Warren 0.81
Charlotte 2.18 Syracuse 0.67
New Haven 2.12 Buffalo 0.54

Population-weighted average of the 48 MSAs in this sample: 1.71

Source: Gyourko, Mayer, Sinai (2013)

https://www.aeaweb.org/articles.php?doi=10.1257/pol.5.4.167


“Superstar cities” of the right tailVOL. 5 NO. 4 169GYOURKO ET AL.: SUPERSTAR CITIES

policies.2 Differences across markets in the elasticity of housing supply also could 
lead to differences in capitalization into land prices. However, in order to extrapo-
late this cross-sectional logic to explain differences in house price growth, long-run 
house price appreciation rates would have to be matched by long-run changes in 
local productivity, amenities, or housing supply elasticities. There is little empirical 
evidence on whether that is the case.3

In this paper, we propose a simple mechanism that generates dispersion in 
long-run house price growth rates without relying on persistent changes over time  
in local fundamentals or people’s tastes over where to live. Instead, we show 
that when households have constant preferences over location—perhaps due to 
cross-sectional differences in local amenities, productivity, or fiscal policies, or to 
heterogeneity in household tastes for local features—and the supply of places to live 
is not perfectly elastic everywhere, a change in aggregate housing demand is mani-
fested in different local house price growth rates and yields a changing composition 
of local resident populations.

Locations that experience persistently high house price growth relative to hous-
ing unit growth are called “superstars.” Two traits are critical to a location being a 

2 Rosen (1979) and Roback (1982) provide the classic formulation using wages and natural amenities. Amenities 
could also include consumption agglomerations, such as in Waldfogel (2003), or local fiscal policy such as in Epple 
and Sieg (1999).

3 Van Nieuwerburgh and Weill (2010) find that the dispersion in metropolitan area-level wages has been large 
enough to account for the spatial distribution in house prices from 1975–2004, but they do not link growth in wages 
and growth in house prices at the individual MSA level. In addition, there is no evidence that amenities grow at 
different rates over long periods of time. Natural amenities such as the weather or physical traits such as coastal 
location clearly do not. Consumption agglomerations have been estimated only in the cross section (Waldfogel 
2003). Nor is there any evidence that household valuations of a given amenity have increased (e.g., see Glaeser and 
Tobio 2008 on the rise of the South).

Figure 2. Density of Mean House Values across MSAs (1950 versus 2000)
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https://www.aeaweb.org/articles.php?doi=10.1257/pol.5.4.167
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Compositiion adjusted college/high-school log weekly wage ratio, 1963-2008

Lo
g 

w
ag

e 
ga

p

Figure 1 Source: March CPS data for earnings years 1963-2008. Log weekly wages for full-time, full-
year workers are regressed separately by sex in each year on four education dummies (high school
dropout, some college, college graduate, greater than college), a quartic in experience, interactions
of the education dummies and experience quartic, two race categories (black, non-white other), and
a full set of interactions between education, experience, and sex. The composition-adjusted mean log
wage is the predicted log wage evaluated for whites at the relevant experience level (5, 15, 25, 35, 45
years) and relevant education level (high school dropout, high school graduate, some college, college
graduate, greater thancollege). Themean logwage for collegeandhighschool is theweightedaverage
of the relevant compositionadjusted cells usingafixed set ofweights equal to theaverageemployment
shareofeachsexbypotential experiencegroup.Theratioofmean logwages forcollegeandhighschool
graduates for each year is plotted. See the Data Appendix for more details on the treatment of March
CPS data.

a�ected by shifts in the experience, gender composition, or average level of completed
schooling within the broader categories of college and high school graduates.11

Three features of Fig. 1 merit attention. First, following three decades of increase,
the college premium stood at 68 points in 2008, a high water mark for the full sample
period. A college premium of 68 log points implies that earnings of the average college
graduate in 2008 exceeded those of the average high school graduate by 97 percent
(i.e., exp (0.68) � 1 ↵ 0.974). Taking a longer perspective, Goldin and Katz (2008)
show that the college premium in 2005 was at its highest level since 1915, the earliest year
for which representative data are available—and as Fig. 1 makes clear, the premium rose

11 These 40 groups consist of five education categories (less than high school, high school graduate, some college, four-
year college degree, post-college schooling), four potential experience levels (0 to 9 years, 10 to 19 years, 20 to 29 years,
and 30 to 39 years), and two genders. Full-time, full-year workers are those who work at least 40 weeks per year and at
least 35 hours per week. The construction of the relative wage series follows Katz and Murphy (1992), Katz and Autor
(1999), and Autor et al. (2008). We follow closely the conventions set by these prior studies to facilitate comparisons.
The Data Appendix provides further details.

Source: Acemoglu and Autor (2011)

http://www.sciencedirect.com/science/article/pii/S0169721811024105


Skill quantities over time1052 Daron Acemoglu and David Autor

College/high-school log relative supply, 1963-2008
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Figure 2 Source: March CPS data for earnings years 1963-2008. Labor supply is calculated using
all persons aged 16-64 who reported having worked at least one week in the earnings years,
excluding those in themilitary. The data are sorted into sex-education-experience groups of two sexes
(male/female), fiveeducationgroups (high schooldropout, high schoolgraduate, somecollege, college
graduate, and greater than college) and 49 experience groups (0-48 years of potential experience). The
number of years of potential experience is calculated by subtracting the number six (the age at which
one begins school) and the number of years of schooling from the age of the individual. This number
is further adjusted using the assumption that an individual cannot begin work before age 16 and that
experience is always non-negative. The labor supply for college/high school groups by experience level
is calculated using e�iciency units, equal to mean labor supply for broad college (including college
graduates and greater than college) and high school (including high school dropouts and high school
graduate) categories,weightedbyfixed relativeaveragewageweights for each cell. The labor supplyof
the ’’some college’’ category is allocated equally between the broad college andhigh school categories.
The fixed set of wageweights for 1963-2008 are constructed using the averagewage in each of the 490
cells (2 sexes, 5 education groups, 49 experience groups) over this time period.

further thereafter. Second, the past three decades notwithstanding, the college premium
has not always trended upward. Figure 1 shows a notable decline in the college premium
between 1971 and 1978. Goldin and Margo (1992) and Goldin and Katz (2008) also
document a substantial compression of the college premium during the decade of the
1940s. A third fact highlighted by the figure is that the college premium hit an inflection
point at the end of the 1970s. This premium trended downward throughout the 1970s,
before reversing course at the end of the decade. This reversal of the trend in the college
premium is critical to our understanding of the operation of supply and demand in the
determination of between-group wage inequality.

The college premium, as a summary measure of the market price of skills, is a�ected
by, among other things, the relative supply of skills. Figure 2 depicts the evolution of
the relative supply of college versus non-college educated workers. We use a standard
measure of college/non-college relative supply calculated in “e⇥ciency units” to adjust

Source: Acemoglu and Autor (2011)

http://www.sciencedirect.com/science/article/pii/S0169721811024105


Relative supply and demand
11/4/2015 https://upload.wikimedia.org/wikipedia/commons/7/7a/Supply-and-demand.svg
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The end of wage convergence

Source: Giannone (2015)

http://home.uchicago.edu/~elisagiannone/


The end of wage convergence

Source: Giannone (2015)

http://home.uchicago.edu/~elisagiannone/


Divergence in human capital

In Section 2 of this article, we document this divergence of skill levels. There
is a strong correlation between changes in the share of the adult population with
college degrees and the initial share of the population that is well educated and
this is robust to a wide number of controls. This relationship is also robust to fol-
lowing Moretti (2004) and using colleges per capita in 1940 as an instrument for
initial skill levels. This tendency of initially skilled places to become more skilled
over time has, so far, caused only very modest increases in segregation by skill
across metropolitan areas. Traditional measures of segregation such as isolation
and dissimilarity indices show a small rise over the past 30 years. Still, segrega-
tion by skill across metropolitan area remains quite modest.

In Section 3, we present a simple model of urban agglomeration that can
potentially explain the increased tendency of skilled people to move to initially
skilled areas. The core assumption of the model is that the number of entrepre-
neurs is a function of the number of skilled (and unskilled) people working in an
area. This model departs from traditional regional models by assuming that new
entrepreneurs are, at least for a time, relatively immobile. If skilled people are
more likely to innovate in ways that employ other skilled people then this creates
an agglomeration economy where skilled people want to be around each other.

The model can explain the observed changes over time through two mecha-
nisms. First, if the tendency of skilled entrepreneurs to particularly hire skilled
people has increased over time, then this would explain why skilled people come
to initially skilled cities. Second, if housing supply has become more inelastic

408 C.R. Berry, E.L. Glaeser
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Fig. 1. Initial attainment and attainment growth, 1990–2000
Note for Figures 1 and 2: Observations include all 318 metropolitan statistical areas and primary

metropolitan statistical areas (NECMA definitions in New England), using constant 1999
boundaries. Data are from the census.

Source: Berry and Glaeser (2005)

http://onlinelibrary.wiley.com/doi/10.1111/j.1435-5957.2005.00047.x/abstract


Skill premia across cities

College wage premia are higher in larger citiesAbilene, TX

Abilene, TX

Abilene, TXAkron, OH

Akron, OH

Akron, OHAlbany, GA

Albany, GA

Albany, GAAlbany--Schenectady--Troy, NY

Albany--Schenectady--Troy, NY

Albany--Schenectady--Troy, NYAlbuquerque, NM

Albuquerque, NM

Albuquerque, NMAlexandria, LA

Alexandria, LA

Alexandria, LAAllentown--Bethlehem--Easton, PA

Allentown--Bethlehem--Easton, PA

Allentown--Bethlehem--Easton, PAAltoona, PA

Altoona, PA

Altoona, PAAmarillo, TX

Amarillo, TX

Amarillo, TXAnchorage, AK

Anchorage, AK

Anchorage, AKAnn Arbor, MI

Ann Arbor, MI

Ann Arbor, MIAnniston, AL

Anniston, AL

Anniston, ALAppleton--Oshkosh--Neenah, WI

Appleton--Oshkosh--Neenah, WI

Appleton--Oshkosh--Neenah, WIAsheville, NC

Asheville, NC

Asheville, NCAthens, GA

Athens, GA

Athens, GAAtlanta, GA

Atlanta, GA

Atlanta, GAAtlantic--Cape May, NJ

Atlantic--Cape May, NJ

Atlantic--Cape May, NJAuburn--Opelika, AL

Auburn--Opelika, AL

Auburn--Opelika, ALAugusta--Aiken, GA--SC

Augusta--Aiken, GA--SC

Augusta--Aiken, GA--SCAustin--San Marcos, TX

Austin--San Marcos, TX

Austin--San Marcos, TXBakersfield, CA

Bakersfield, CA

Bakersfield, CABaltimore, MD

Baltimore, MD

Baltimore, MDBangor, ME

Bangor, ME

Bangor, MEBarnstable--Yarmouth, MA

Barnstable--Yarmouth, MA

Barnstable--Yarmouth, MABaton Rouge, LA

Baton Rouge, LA

Baton Rouge, LABeaumont--Port Arthur, TX

Beaumont--Port Arthur, TX

Beaumont--Port Arthur, TXBellingham, WA

Bellingham, WA

Bellingham, WABenton Harbor, MI

Benton Harbor, MI

Benton Harbor, MIBergen--Passaic, NJ

Bergen--Passaic, NJ

Bergen--Passaic, NJBillings, MT

Billings, MT

Billings, MTBiloxi--Gulfport--Pascagoula, MS

Biloxi--Gulfport--Pascagoula, MS

Biloxi--Gulfport--Pascagoula, MSBinghamton, NY

Binghamton, NY

Binghamton, NYBirmingham, AL

Birmingham, AL

Birmingham, ALBloomington, IN

Bloomington, IN

Bloomington, INBloomington--Normal, IL

Bloomington--Normal, IL

Bloomington--Normal, ILBoise City, ID

Boise City, ID

Boise City, IDBoston, MA--NH

Boston, MA--NH

Boston, MA--NHBoulder--Longmont, CO

Boulder--Longmont, CO

Boulder--Longmont, COBrazoria, TX

Brazoria, TX

Brazoria, TXBremerton, WA

Bremerton, WA

Bremerton, WABridgeport, CT

Bridgeport, CT

Bridgeport, CTBrockton, MA

Brockton, MA

Brockton, MABrownsville--Harlingen--San Benito, TX

Brownsville--Harlingen--San Benito, TX

Brownsville--Harlingen--San Benito, TXBryan--College Station, TX

Bryan--College Station, TX

Bryan--College Station, TXBuffalo--Niagara Falls, NY

Buffalo--Niagara Falls, NY

Buffalo--Niagara Falls, NYBurlington, VT

Burlington, VT

Burlington, VTCanton--Massillon, OH

Canton--Massillon, OH

Canton--Massillon, OHCasper, WY

Casper, WY

Casper, WYCedar Rapids, IA

Cedar Rapids, IA

Cedar Rapids, IAChampaign--Urbana, IL

Champaign--Urbana, IL

Champaign--Urbana, ILCharleston--North Charleston, SC

Charleston--North Charleston, SC

Charleston--North Charleston, SCCharleston, WV

Charleston, WV

Charleston, WVCharlotte--Gastonia--Rock Hill, NC--SC

Charlotte--Gastonia--Rock Hill, NC--SC

Charlotte--Gastonia--Rock Hill, NC--SCCharlottesville, VA

Charlottesville, VA

Charlottesville, VAChattanooga, TN--GA

Chattanooga, TN--GA

Chattanooga, TN--GACheyenne, WY

Cheyenne, WY

Cheyenne, WYChicago, IL

Chicago, IL

Chicago, ILChico--Paradise, CA

Chico--Paradise, CA

Chico--Paradise, CACincinnati, OH--KY--IN

Cincinnati, OH--KY--IN

Cincinnati, OH--KY--INClarksville--Hopkinsville, TN--KY

Clarksville--Hopkinsville, TN--KY

Clarksville--Hopkinsville, TN--KYCleveland--Lorain--Elyria, OH

Cleveland--Lorain--Elyria, OH

Cleveland--Lorain--Elyria, OHColorado Springs, CO

Colorado Springs, CO

Colorado Springs, COColumbia, MO

Columbia, MO

Columbia, MOColumbia, SC

Columbia, SC

Columbia, SCColumbus, GA--AL

Columbus, GA--AL

Columbus, GA--ALColumbus, OH

Columbus, OH

Columbus, OHCorpus Christi, TX

Corpus Christi, TX

Corpus Christi, TXCumberland, MD--WV

Cumberland, MD--WV

Cumberland, MD--WVDallas, TX

Dallas, TX

Dallas, TXDanbury, CT

Danbury, CT

Danbury, CTDanville, VA

Danville, VA

Danville, VADavenport--Moline--Rock Island, IA--IL

Davenport--Moline--Rock Island, IA--IL

Davenport--Moline--Rock Island, IA--ILDayton--Springfield, OH

Dayton--Springfield, OH

Dayton--Springfield, OHDaytona Beach, FL

Daytona Beach, FL

Daytona Beach, FLDecatur, AL

Decatur, AL

Decatur, ALDecatur, IL

Decatur, IL

Decatur, ILDenver, CO

Denver, CO

Denver, CODes Moines, IA

Des Moines, IA

Des Moines, IADetroit, MI

Detroit, MI

Detroit, MIDothan, AL

Dothan, AL

Dothan, ALDover, DE

Dover, DE

Dover, DEDuluth--Superior, MN--WI

Duluth--Superior, MN--WI

Duluth--Superior, MN--WIDutchess County, NY

Dutchess County, NY

Dutchess County, NYEau Claire, WI

Eau Claire, WI

Eau Claire, WIEl Paso, TX

El Paso, TX

El Paso, TXElkhart--Goshen, IN

Elkhart--Goshen, IN

Elkhart--Goshen, INElmira, NY

Elmira, NY

Elmira, NYErie, PA

Erie, PA

Erie, PAEugene--Springfield, OR

Eugene--Springfield, OR

Eugene--Springfield, OREvansville--Henderson, IN--KY

Evansville--Henderson, IN--KY

Evansville--Henderson, IN--KYFargo--Moorhead, ND--MN

Fargo--Moorhead, ND--MN

Fargo--Moorhead, ND--MNFayetteville, NC

Fayetteville, NC

Fayetteville, NCFayetteville--Springdale--Rogers, AR

Fayetteville--Springdale--Rogers, AR

Fayetteville--Springdale--Rogers, ARFitchburg--Leominster, MA

Fitchburg--Leominster, MA

Fitchburg--Leominster, MAFlagstaff, AZ--UT

Flagstaff, AZ--UT

Flagstaff, AZ--UTFlint, MI

Flint, MI

Flint, MIFlorence, AL

Florence, AL

Florence, ALFlorence, SC

Florence, SC

Florence, SCFort Collins--Loveland, CO

Fort Collins--Loveland, CO

Fort Collins--Loveland, COFort Lauderdale, FL

Fort Lauderdale, FL

Fort Lauderdale, FLFort Myers--Cape Coral, FL

Fort Myers--Cape Coral, FL

Fort Myers--Cape Coral, FLFort Pierce--Port St. Lucie, FL

Fort Pierce--Port St. Lucie, FL

Fort Pierce--Port St. Lucie, FLFort Smith, AR--OK

Fort Smith, AR--OK

Fort Smith, AR--OKFort Walton Beach, FL

Fort Walton Beach, FL

Fort Walton Beach, FLFort Wayne, IN

Fort Wayne, IN

Fort Wayne, INFort Worth--Arlington, TX

Fort Worth--Arlington, TX

Fort Worth--Arlington, TXFresno, CA

Fresno, CA

Fresno, CAGadsden, AL

Gadsden, AL

Gadsden, ALGainesville, FL

Gainesville, FL

Gainesville, FLGalveston--Texas City, TX

Galveston--Texas City, TX

Galveston--Texas City, TXGary, IN

Gary, IN

Gary, INGlens Falls, NY

Glens Falls, NY

Glens Falls, NYGoldsboro, NC

Goldsboro, NC

Goldsboro, NCGrand Forks, ND--MN

Grand Forks, ND--MN

Grand Forks, ND--MNGrand Junction, CO

Grand Junction, CO

Grand Junction, COGrand Rapids--Muskegon--Holland, MI

Grand Rapids--Muskegon--Holland, MI

Grand Rapids--Muskegon--Holland, MIGreat Falls, MT

Great Falls, MT

Great Falls, MTGreeley, CO

Greeley, CO

Greeley, COGreen Bay, WI

Green Bay, WI

Green Bay, WIGreensboro--Winston-Salem--High Point, NC

Greensboro--Winston-Salem--High Point, NC

Greensboro--Winston-Salem--High Point, NCGreenville, NC

Greenville, NC

Greenville, NCGreenville--Spartanburg--Anderson, SC

Greenville--Spartanburg--Anderson, SC

Greenville--Spartanburg--Anderson, SCHagerstown, MD

Hagerstown, MD

Hagerstown, MDHamilton--Middletown, OH

Hamilton--Middletown, OH

Hamilton--Middletown, OHHarrisburg--Lebanon--Carlisle, PA

Harrisburg--Lebanon--Carlisle, PA

Harrisburg--Lebanon--Carlisle, PAHartford, CT

Hartford, CT

Hartford, CTHattiesburg, MS

Hattiesburg, MS

Hattiesburg, MSHickory--Morganton--Lenoir, NC

Hickory--Morganton--Lenoir, NC

Hickory--Morganton--Lenoir, NCHonolulu, HI

Honolulu, HI

Honolulu, HIHouma, LA

Houma, LA

Houma, LAHouston, TX

Houston, TX

Houston, TXHuntington--Ashland, WV--KY--OH

Huntington--Ashland, WV--KY--OH

Huntington--Ashland, WV--KY--OHHuntsville, AL

Huntsville, AL

Huntsville, ALIndianapolis, IN

Indianapolis, IN

Indianapolis, INIowa City, IA

Iowa City, IA

Iowa City, IAJackson, MI

Jackson, MI

Jackson, MIJackson, MS

Jackson, MS

Jackson, MSJackson, TN

Jackson, TN

Jackson, TNJacksonville, FL

Jacksonville, FL

Jacksonville, FLJacksonville, NC

Jacksonville, NC

Jacksonville, NCJamestown, NY

Jamestown, NY

Jamestown, NYJanesville--Beloit, WI

Janesville--Beloit, WI

Janesville--Beloit, WIJersey City, NJ

Jersey City, NJ

Jersey City, NJJohnson City--Kingsport--Bristol, TN--VA

Johnson City--Kingsport--Bristol, TN--VA

Johnson City--Kingsport--Bristol, TN--VAJohnstown, PA

Johnstown, PA

Johnstown, PAJoplin, MO

Joplin, MO

Joplin, MOKalamazoo--Battle Creek, MI

Kalamazoo--Battle Creek, MI

Kalamazoo--Battle Creek, MIKankakee, IL

Kankakee, IL

Kankakee, ILKansas City, MO--KS

Kansas City, MO--KS

Kansas City, MO--KSKenosha, WI

Kenosha, WI

Kenosha, WIKilleen--Temple, TX

Killeen--Temple, TX

Killeen--Temple, TXKnoxville, TN

Knoxville, TN

Knoxville, TNKokomo, IN

Kokomo, IN

Kokomo, INLa Crosse, WI--MN

La Crosse, WI--MN

La Crosse, WI--MNLafayette, LA

Lafayette, LA

Lafayette, LALafayette, IN

Lafayette, IN

Lafayette, INLake Charles, LA

Lake Charles, LA

Lake Charles, LALakeland--Winter Haven, FL

Lakeland--Winter Haven, FL

Lakeland--Winter Haven, FLLancaster, PA

Lancaster, PA

Lancaster, PALansing--East Lansing, MI

Lansing--East Lansing, MI

Lansing--East Lansing, MILaredo, TX

Laredo, TX

Laredo, TXLas Cruces, NM

Las Cruces, NM

Las Cruces, NMLas Vegas, NV--AZ

Las Vegas, NV--AZ

Las Vegas, NV--AZLawrence, KS

Lawrence, KS

Lawrence, KSLawrence, MA--NH

Lawrence, MA--NH

Lawrence, MA--NHLawton, OK

Lawton, OK

Lawton, OKLewiston--Auburn, ME

Lewiston--Auburn, ME

Lewiston--Auburn, MELexington, KY

Lexington, KY

Lexington, KYLima, OH

Lima, OH

Lima, OHLincoln, NE

Lincoln, NE

Lincoln, NELittle Rock--North Little Rock, AR

Little Rock--North Little Rock, AR

Little Rock--North Little Rock, ARLongview--Marshall, TX

Longview--Marshall, TX

Longview--Marshall, TXLos Angeles--Long Beach, CA

Los Angeles--Long Beach, CA

Los Angeles--Long Beach, CALouisville, KY--IN

Louisville, KY--IN

Louisville, KY--INLowell, MA--NH

Lowell, MA--NH

Lowell, MA--NHLubbock, TX

Lubbock, TX

Lubbock, TXLynchburg, VA

Lynchburg, VA

Lynchburg, VAMacon, GA

Macon, GA

Macon, GAMadison, WI
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Skill premia across cities

This pattern is getting stronger over timeFigure 3: Relative Skill Levels and Wages by City Size Over Time

Panel A: Fraction College or More by City Size

Panel B: College Log Wage Premium by City Size

0.1

0.2

0.3

0.4

0 2 4 6 8 10
City�Size

2004-7
1999

1979

1989

0.6

2004-7

Notes: Panel A shows the fraction of total hours worked by all men and women with at least a college degree in 
each location type in each year.  Panel B shows relative mean log wages for white men ages 25-54 working full 
time and full year with versus without college degrees.

0.2

0.4

0.6

0 2 4 6 8 10
City�Size

1999

1979

1989

Source: Baum-Snow and Pavan (2013)

http://www.mitpressjournals.org/doi/pdf/10.1162/REST_a_00328


Explaining these patterns

Two possible mechanisms could account for bigger cities having higher

college shares and higher college wage premia:

I Skill-biased agglomeration – cities complement skills

I Spatial sorting of skills – bigger cities host better skills



Spatial sorting of skills

I Baccalaureate and Beyond tracks a cohort graduating from four-year

colleges in 1993

I In 2003, look at 2300 white individuals who obtained no further

education after bachelor’s degree

I Mean SAT score in metros with more than 3.25m residents is 40

points higher than metros with fewer than 0.57m residents
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Where are these college graduates living?

I Spatial sorting of high-skilled into big cities

I Where within these cities do the skilled reside?



Chicago’s downtown developments

Source: socialexplorer.com

Zoom



Chicago’s downtown developments

Source: socialexplorer.com

Zoom



Chicago’s downtown developments

Gleacher:

I In 2000, Gleacher and Navy Pier were in the same census tract

I Then: 8,332 residents 25 and older, 76% bachelor’s degree or more

I Today: Three tracts with 11,562 residents, 83% with bachelor’s +

Lakeshore East:

I In 2000, the census tract containing Lakeshore East community had

4700 residents with 73% BA+

I Now, 8158 residents with 80% BA+

I 3458 increase in population, 3095 increase in bachelor’s degrees

I More building anticipated Wanda Vista



A Downtown Revival?

I Nationwide, population increased from 281 million in 2000 to 309

million in 2010

I Nationwide, college-educated share increased from 24.4% in 2000 to

28.8% today

I Are the changes in downtown Chicago distinctive?

I What about other big cities?



A Downtown Revival?

Couture and Handbury (2015)

I Compare “downtown” census tracts to surburban tracts

I When? Look at all decades from 1970 to 2010

I Where? Look at 100 largest metropolitan areas

I Who? Split population by age and education



America’s Downtown Revival
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America’s Downtown Revival
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America’s Downtown Revival

I Reversal of college-educated workers’ locational choice in 2000-2010

I Coming from 18-45 year old group (i.e. no baby boomers)

I Not just today’s millienals!

I Fast aggregate growth in 50 largest metropolitan areas:

I 25-34 group grew 44% downtown vs. 14% in the suburbs

I 35-44 group grew 30% downtown vs. 10% in the suburbs

I Downtowns contain only 5% of population, but:

I Account for 24% of growth in 25-34 year old college-educated

population

I Account for 11.5% of growth in 35-44 year old college-educated

population



Technology and the city

I How do improvements in information technology change the value of

living and working in cities?

I How will Big Data change our understanding of cities?



IT and urban living

Key question: Are information technology and cities substitutes or

complements?

I Improved telecommunications could eliminate the need for physical

proximity Friedman

I Improved telecommunications could raise the benefits or lower the

costs of meeting in-person

I Improved information can make density more valuable – Yelp

I Improved coordination can make urban living more attractive - Uber

I Silicon Valley is strong evidence for complementarity



IT and urban economists

I Many interesting dimensions of urban activity have long been

invisible to researchers

I Private enterprises are now documenting urban activity - Yelp,

Foursquare, Uber, Google

I City governments are adopting open data initiatives

I City of Chicago crime data is excellent

I Seattle fire department posts dispatches in real time

I Potential privacy concerns, but huge research potential

https://www.data.gov/cities/


Urban planning

Does mixed-use zoning reduce urban crime?

I Jane Jacobs (1961) hypothesized that mixed-use neighborhoods

experienced lower crime due to “eyes on the street”

I During Michael Bloomberg’s mayorship, 37% of city had zoning

changes, many of them for mixed-use developments

I Twinam (2015) combines a high-resolution land-use survey and

Chicago’s geocoded crime data to analyze

I In high-density areas, commercial zoning reduces crime (opposite at

low density)

I Negative effects of commercial zoning largely due to liquor stores

and late-hour bars

http://faculty.washington.edu/twinam/Twinam_Danger_Zone.pdf


Spatial and social frictions in the city

Davis, Dingel, Monras, Morales (2015):

I We use data from Yelp restaurant reviews to characterize

consumers’ decision-making in New York City

I Travel time is paramount: Users are 2-4 times more likely to visit a

restaurant that is half as many minutes away from their residence or

workplace

I Demographic differences fragment the city: Users are 27% more

likely to visit restaurants in a census tract one standard deviation

more similar to their home tract

I Women are more averse to dining in high-robbery areas than men



Summary

I There’s been a divergence between skilled and unskilled cities

I Downtown revival is widespread across large US cities

I Tech and cities are complements, for both residents and researchers



Questions?



Chicago’s downtown developments

Source: socialexplorer.com



Chicago’s downtown developments

Source: socialexplorer.com



Chicago’s downtown developments

Source: Curbed

http://chicago.curbed.com/archives/2015/10/27/vista-tower-second-meeting.php


Does IT make the world flat?

“The world got flat when all 10 of these flatteners converged around the

year 2000. This created a global, Web-enabled playing field that allows

for multiple forms of collaboration on research and work in real time,

without regard to geography, distance or, in the near future, even

language.” – Tom Friedman, 2005

http://www.nytimes.com/2005/04/03/magazine/its-a-flat-world-after-all.html

