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Abstract

We study spatial changes in labour market inequtdit US states and cities using Census
and American Community Survey data between 198028id. We report evidence of
significant spatial variations in education empl@r shares and in the college wage
premium for US states and MSAs, and show that #teem of shifts through time has
resulted in increased spatial inequality. Becaudative supply of college versus high
school educated workers has risen faster at thigabpavel in places with higher initial
supply levels, we also report a strong persisteano@ increased inequality of spatial
relative demand. Bigger relative demand increasesobserved in more technologically
advanced states that have experienced faster sgs@a R&D and computer usage, and in
states where union decline has been fastest. ¥ivedl show the increased concentration
of more educated workers into particular spatiatatmns and rising spatial wage
inequality are important features of labour manelarization, as they have resulted in
faster employment growth in high skill occupatiohat also in a higher demand for low
wage workers in low skill occupations. Overall, apatial analysis complements research
findings from labour economics on wage inequaligntls and from urban economics on
agglomeration effects connected to education actthtdogy.
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1. Introduction

Study of changing labour market inequality has bezoa major preoccupation of
empirical economists. A widening of the wage dimttion showing rising wage inequality
in a number of countries has been very clearly dmnted in this work. Empirical
studies have highlighted the temporal evolutiopafticular wage differentials linked to,
for example, education or experience emphasisiagases in the college wage premium
or the wage return to experience that have gond-lehand with rising wage inequality.
At the same time, the structure of employment ti@seal significantly, in particular with
more educated and skilled workers doing betteelative terms than before.

Despite there being a big urban economics liteeagiudying the urban wage
premiunf, study of the spatial dimensions of rising labooarket inequality remains
relatively sparsé.In part, this is because within/between type dqmsitions show that a
significant part of the increase in overall wageeguality, or in particular wage
differentials, has been within, rather than betwegpatial units of observation like
regions, states, cities or local labour markets.

Nonetheless, at a given point in time, there aralde spatial differences in wages
and in wage differentials between different groopsvorkers. Given the relatively small
body of work in this area, a notable exceptionis &analysis of Black, Kolesnikova and
Taylor's (2009) which reports sizable spatial drifes in education related wage

differentials. In the past, these kinds of spagiatnings or income differences tended to

! See Katz and Autor (1999) or Acemoglu and Autdil(® for reviews of the large literature in labour
economics and Hornstein et al. (2005) for a revaéthe work in macroeconomics.

2 See Puga (2010) or Rosenthal and Strange (2004)idoussions of the literature on urban wage paemi
and how they relate to agglomeration effects thiserproductivity in cities.

® Although less concerned with inequality rises owere, see the recent work on spatial wage diffezen
and skill sorting (e.g. Combes, Duranton and Gobhjl2008 or Baum-Snow and Pavan, 2012) and on local
wage and skill distributions (Combes et al., 20handful of older papers in labour economics algb
look at rising wage inequality in US regions (Tq94) or in small numbers of metropolitan ardajas

and Ramey, 1995).



show persistence through time, with if anythingréhéeing evidence of regional and
spatial convergenck.

It is interesting to note that, in the period sima@ge inequality started to rise in the
US (since the mid-to-late 1970s), this convergepatern seems to have stalled. Since
then mean reversion or convergence in spatial wéfgrences is less marked or absent as
the spatial persistence of wages has strengthemédhere is even some evidence of
higher wage growth in places with higher initial gea. Moretti (2010), for example,
shows plots of the wages of college graduates agl $chool graduates in 288 US
Metropolitan Statistical Areas (MSAs) in 1980 and0Q where wages grow faster in
MSAs with higher wage levels in 1980 for both greumf workers. We find a similar
pattern using data between 1980 and 2010 for 2184dy18s demonstrated in Figure 1.
This shows either constant or faster increases,nanevidence of convergence, in wage
levels in MSAs with higher wage levels in 1980. Eollege workers there is significantly
higher wage growth in MSAs where their wages wéneady higher in 1980.

In this paper, our interest is in the spatial disiens of labour market inequality
and how they have altered through time. We studingimg patterns of spatial college
wage premia in the context of changing relativepsyjand demand of college educated
versus high school educated workers. In a simidgan Yo some of the aspects of earlier
work by Berry and Glaeser (2005), Black, Kolesni&and Taylor (2009) and Moretti
(2013), we begin by documenting the nature of chang education-specific employment

shares and the college wage premium across diffexeatial units, looking at their

* Seejnter alia, Barro and Sala-i-Martin (1991) who show regicnabme convergence using data from the
mid-1800s up to 1980.

® The Figure is based on the 5 percent 1980, 198860 Censuses and the 1 percent 2010 ACS which we
collapse to 216 consistently defined MSAs. The Fgeplicates Moretti's (2010) Figure based on 1280
2000 Census data. Moretti (2010) reported slop#icmmts (and associated standard errors) of {0829)

for high school graduates and 3.54 (0.11) for gellgraduates.



evolution over time at state and MSA level. To dp we use US Census and American
Community Survey (ACS) data from 1980 through 20k uncover an interesting
spatial dimension where, despite very rapid in@eas the supply of college workers, the
college wage premia has risen almost everywheretduarying degrees as the spatial
variation in the wage gap between college educatelchigh school educated workers has
become more persistent over time.

In the wage inequality literature, rising wage ghpsveen college and high school
workers have been connected to shifts in the welatemand and supply of these groups
of workers. Indeed, aggregate evidence shows thayaaspect of rising wage college
premia has been an increased relative demand llegeceducated workers (see Katz and
Murphy, 1992; Katz and Autor, 1999; Acemoglu and@u2010). The presence of rising
spatial college wage premia at different rateshi@ face of rapidly rising supply also
suggests there may be differential relative densdiftis occurring at the spatial level. We
thus modify the commonly used relative demand amgbly model to calculate the extent
of spatial relative demand shifts and examine tiana in their evolution through time.
We also consider what factors may have been cteckiaith the observed spatial shifts in
relative demand, exploring the extent to which mtbgy measures (like R&D spending,
patent intensity or computer usage) and the reduoggbrtance of labour market
institutions (through union decline) display splatarrelations with changes in relative
demand.

Another key feature of labour market inequalitytthas featured prominently in
recent research is the polarization of work acreege and less skilled occupations. Autor,

Katz and Kearney (2008) and Autor and Dorn (20X®wsthat job growth in the period



of rising wage inequality has been U-shaped adiwsskill distribution® Autor and Dorn
(2013) study the way in which an increased demand skervice occupations has
underpinned labour market polarization at the commguzone level, but this apart, the
spatial dimensions of labour market polarizatiomento date not received much attention.
In this paper, we therefore consider how spatialcation sorting and rising spatial wage
inequalities are connected to the polarizatiorheflabour market.

Previewing our key results, we report evidenceighiicant spatial variations in
education employment shares and the college waageipm for US states and MSAs, and
show that the pattern of shifts through time hasulted in a strengthening of spatial
persistence and increased spatial labour markguaigies. Because the relative supply of
college versus high school educated has also fasger at the spatial level in places with
higher initial supply levels, we also report anregased inequality of spatial relative
demand. These relative demand increases are biggaore technologically advanced
states that have experienced faster increases i iR&nsity and computer usage, and in
states where union decline has been fastest. ¥inalé report that the increased
concentration of more educated workers into pdedrcspatial locations and rising spatial
wage inequality are important features of labourk®iapolarization, as they have resulted
in faster employment growth in high skill occupato but also higher demand for low
wage workers in low skill occupations.

The rest of the paper is structured as follows.ti®ec2 offers a descriptive
analysis of changes in college shares in employnagat college/high school wage
differentials in the US at different levels of sphtaiggregation. Section 3 then considers

these changes in the context of a relative supptgahd framework, showing spatial

® U-shaped labour market polarization has also lgemtified in other countries where wage inequatias
risen. See, among others, Goos and Manning (2@0Thé UK, Spitz-Oener (2006) for Germany and Goos,
Manning and Salomons (2009) for a comparison obgean countries.



variations in the nature of relative demand shdt®r time. Section 4 considers the
relationship between state level relative demarifissand some potential drivers of the
shifts. Section 5 considers the spatial dimenswinbour market polarization, whilst

Section 6 concludes.

2. Spatial Employment Shares and Wage Differentials Initial Descriptive Analysis

To investigate spatial changes in labour markeguaéty we use data from the US
Census in 1980, 1990 and 2000, and the Americann@onty Survey (ACS) pooled
across 2009 to 2011. We use the 5 percent Censydesaand the three 1 percent ACS
samples of 2009, 2010 and 2011 to study the ewoludf education employment shares
and wage differentials for the 48 contiguous USestédropping Alaska, Hawaii and the
District of Columbia) and for 216 consistently eheftdd MSAs. In this analysis, we focus
on US born individuals aged 26-50.

It has been widely documented that the employmbates of more educated
workers have increased over time in the US (s#e, alia, Acemoglu and Autor, 2010).
As with much of the work in this area, we begindmonsidering changes in the relative
employment of two composite education groups, egal equivalent' and 'high school
equivalent' workers. To form these composite gropwps first define five education
groups, namely high school drop outs (with lessithaelve years of schooling), high
school graduates (with exactly twelve years of stihg), those with some college
(thirteen to fifteen years of schooling), collegadyuates (sixteen years of schooling) and
postgraduates (with over sixteen years of schoplifige college equivalent group then

comprises college graduates plus postgraduatesranduarter of the some college group

" See the Data Appendix for more detail on the da&al throughout the paper.



(both weighted by their wage relative to collegadyratesf. High school equivalent
workers are defined analogously as high schoolugted or high school dropouts plus
three quarters of some college workers (with thgh lichool dropouts and some college
workers having efficiency weights defined as theiage relative to high school
graduates).

Table 1 shows the average college equivalent hehage between 1980 and 2010
for the 48 states and 216 MSAs. It reports thatawerage across the 48 states we look at,
the hours share of college equivalents rose by pfr6entage points between 1980 and
2010, going from a share of 29.5 percent in 19800td percent by 2010. The comparable
average increase is similar at MSA level, showimisa of 8.9 percentage points (going
from 30.1 to 39 percent).

This average rise has gone hand-in-hand with amased concentration of more
educated workers into particular spatial locatioritse standard deviation of hours shares
(reported in square parentheses in Table 1) alsesh significant rise between 1980 and
2010, going up from 0.042 in1980 to 0.057 in 20d 6tate level, and from 0.065 to 0.086
at MSA level.

Despite showing significant rises in the first asgtond moments of the spatial
hours share distribution, what Table 1 does notvstery clearly is the sizable spatial
disparities in this relative education supply vhalea For example, for states, the lowest
hours share of college equivalents is 22 percelVést Virginia in 1980 and the highest

is 55 percent in Massachusetts in 2010. Figurearza2b therefore plot the state and

® The wage weights used are the average wage ok#pective education group over all time periods. 2
percent of the some college group are assignelet@dllege equivalent group and 75 percent to tge h
school equivalent group because the some college vgacloser to the high school wage than to thiege
wage by approximately the one quarter/three quapbt. However, we show that our results are rolaos
allocating different shares of the some collegeugras college and high school equivalents latethén

paper.



MSA values of the college equivalent hours shaoedife three periods 1980-90, 1990-
2000 and 2000-2010. The same scale is utiliset(f®R0 to 0.55 for states, 0.15 to 0.65
for MSAS) so as to clearly show how the spatiaretdave moved through time over the
three ten year intervals.

The pattern in the Figures is quite striking. Fokall, in all time periods there is a
strong persistence in rankings of high and lowegsl equivalent states/MSAS’ Second,
there is evidence of relative supply increasedlistates through time, as the scatterplot
moves in a North Eastern direction when moving fithi 1980-1990 plot at the top, to
the 2000-2010 plot at the bottom. But this movemeoturs to varying degrees in
different states and MSAs. For example, for states the whole 1980-2010 time period,
the smallest increase is in Wyoming and New Mexuiih a 3 percentage points increase
and the largest in Massachusetts, which rises hyet@entage points! Thus, the spread
widens: in 1980 the range was 16 percentage pdigt2010 it was 25 percentage points.
For MSAs, the spread rises from 37 to 47 percenfamets between 1980 and 2010.
Thirdly, the slopes on the Figures show that, iftaimg, the college hours shares are
diverging over time (as the coefficient of abovéyion the slopes in the Figures shows).

Thus, the relative supply of college workers hasnisharply, and with differential
spatial evolutions and rising dispersion. What alibe spatial college wage premium?
Our analysis of the Census/ACS data makes it evitdhe, at the same time as the hours

shares of the college educated have risen, sothawraelative wage differentials. Table 2

® Spearman rank correlation coefficients are stypsignificant for all three time periods. For swtéhey

are: 0.94 (p-value = 0.00) for 1980-90; 0.97 (pueak 0.00) for 1990-2000; 0.96 (p-value = 0.00)F000-

10. For MSAs, they are: 0.94 (p-value = 0.00) f680-90; 0.93 (p-value = 0.00) for 1990-200; 0.96 (p
value = 0.00) for 2000-10.

19 Our focus is on relative education differencedaibour supply and demand. Other papers show that
broader sets of skills to be concentrated in paleiccities. Some recent examples are Bacolod, Blach
Strange (2009) who place a focus on the distributiba range of cognitive and non-cognitive skiidJS
cities and Hendricks (2011) who considers city Iskdmpositions looking at spatial complementarities
between business services and the skill structueenployment.

! The states (and in later Figures MSAs) which abelled on the Figures are those mentioned inetkte t



presents mean composition adjusted log weekly vaiffierentials for college graduates
relative to high school graduates across statesViBwis?> One can see the well known
average pattern of increasing wage payoffs to gellgraduates as the college/high school
log wage premium rises by 0.259 percentage poieitsden 1980 and 2010 across states
of residence and by 0.257 percentage points adi@#s. The standard deviation of the
composition adjusted spatial wage differential® at&reases over time at state and MSA
level, revealing rising inequality in the spatiallege wage premium through time.

Previous research by Black, Kolesnikova and Ta{&@09) has noted that, at a
point in time (in their case the cross-sectionsnfithe 1980, 1990 and 2000 US Census),
there are sizable spatial disparities in educatteted wage differentials. This is also the
case for our analysis, both in terms of the yeadyiations across spatial units (thus
confirming the Black, Kolesnikova and Taylor fings) and in terms of the sharp increase
in the college premium and its variability.

This can also be shown in the same way as for adree analysis of relative
education supply, as Figures 3a and 3b show theabkgdsstributions of the college wage
premium for the three sub-periods, 1980-1990, 1280 and 2000-2010. There is very
clear evidence of wide variations in the collegenpium. The lowest college/high school
wage differential is 0.16 log points in Wyoming1880 and the highest is 0.71 log points

in New York in 2010. Within years there is a wigeesad which widens over time, from

2 To ensure that we study movement in spatial wagenja that are likely to be related to productivity
changes rather than changes in composition, thesvage composition adjusted on the basis of estignat
log weekly wage equations for full time full yeaoskers separately for each year, for five setdvef year
birth cohorts/ages and by gender in each yearh®dB states and 216 MSAs respectively. The equatio
include dummies for age and race. To derive thepomition adjusted educational wage differentials,
education dummies are included for college workeosnprising postgraduates with more than 16 yefrs o
education and college only workers with 16 yearsdication), some college (13 to 15 years of edutat
and high school dropouts (less than 12 years o€atdhn) relative to the omitted group of high schoo
graduates (12 years of schooling). The college/Bigiiool graduate log wage differential is the ested
coefficient on the college variable, which we weighross the sub-groups for states/MSAs over tig® 18
2010 time period.



0.23 log points in 1980, reaching 0.31 log poing2610. Comparing the three Panels in
the Figures also reveals, as was the case foiveelstipply changes, a significant North
Eastern movement over time. Thus, the college wag®ium rises in all states, mirroring
the national pattern, but it goes up by more inesqbaces. In terms of states, the smallest
rise is in Delaware (at 0.15 log points) and thigdat is in Illinois (at 0.36 log points).

This upward movement in spatial wage differentiesalso characterised by
persistence over time, and a persistence that se®rgst stronger. For the state level
analysis in Figure 3a, the estimated slope overté¢heyear interval rises from 0.65 in
1980-1990 to 0.93 in 1990-2010 and 0.93 in 2000320hus, in the first decade there is
some evidence of catch up, or mean reversion invdge premia, from the states that has
lower wage premia to begin with. However, this@ali@ 1990-2000 and 2000-2010 where
the slope steepens as the premia move in the N@skern direction in the Figures and
become insignificantly different from unity. Thensa qualitative pattern of a steepening
slope also occurs in the MSA data in Figure 3thaalgh there is also more evidence of
mean reversion at this more disaggregated leveds(ply due to more noise because of
smaller samples of individuals from the Census/Ala at this level of aggregation).

This descriptive section of the paper has highédhgpatial disparities in education
supply and in the college wage premium in the U8Srahe last thirty years. In the
remainder of the paper, we focus on reasons whsetklesparities are present and why
they have been persistent. In the next section evisider spatial demand and supply
models that enable us to use these patterns ofjehiareducation supply and the college

wage premium to calculate spatial shifts in remtemand.



3. Spatial Relative Supply and Demand Models

The spatial dimensions of rising supply of more caded workers and simultaneously
rising college wage premia suggests a need to denkiow these empirical phenomena
map into a supply-demand model of spatial labourketa. Consequently, we now draw
upon the Katz and Murphy (1992) canonical modektdtive supply and demand to see if
there are differential relative demand shifts atesand MSA.

The starting point is a Constant Elasticity of Suthtion production function
where output in for state or MSA s in period tJYs produced by two education groups
(E1stand Bs) with associated technical efficiency parametérsdndo,) as follows:

Yoo = (016D, +055E5) P 1)
wherep = 1 — 16g, andog is the elasticity of substitution between the teducation
groups.

Equating wages to marginal products for each daducgroup, taking logs and
expressing as a ratio leads to a relative wage tiequéor inverse relative demand

function) of the form

2
|og(%j = Gi {Dst - log[ Em H @)
2st E 2st

where D,is an index of relative demand.

This equation therefore relates the relative wageetative demand and supply
factors, and this is why the approach is sometifreesed as a race between supply and
demand* The extent to which increases in relative suppfieca relative wages is

determined by the elasticity of substitution betwé#®e education groups of interest, A

13 For the production function in (1) ,s3 [0g©1s/02s).
14 This dates back to Tinbergen (1974).

10



by now quite large literature has, in various wagtiempted to estimate=."®> For our
purposes, we would like an estimatecgfat the spatial level, so that we can construct a

measure of implied relative demand at the spatiadllby rearranging equation (2) as:

DSt - |Og( Elst J + GE|Og( xlst J (3)

2st 2st

where spatial relative demand is the relative sujphlis the product of the elasticity of
substitution and the relative wage.

There are two main routes to obtaining an estiroatg: which we can use to put
together the patterns of spatial college wage meand spatial relative education supplies
we described in Section 2 of the paper to form itilex of spatial relative demand. First,
we could use estimates from existing research. d¥ew there are only a few at state
level as most existing estimates are at the agtgdgael. Moreover, the ones that do exist
do not match our samples and time period of stlilys, we decided to follow the second
route and estimate: ourselves. To check robustness, we do also benklona estimates
to other state level estimates of the substitugiasticity (albeit from the different samples
studied in Ciccone and Peri, 2005, and Fortin, 2006s worth noting that this is not at
all fundamental for our analysis as we are onlyigdo use a single estimateagfapplied
to all states and so it is really only a scalingtda that weights the relative employment
and wage parts of the demand shift. Nonethelessjomequire an estimate to calculate
the implied relative demand shifts and so use &mate from our own empirical analysis
and also calibrate using an upper and lower borord the existing literature.

An issue in estimatingg, particularly at the sub-national level, is thesgibility of

bias emerging from geographical migration or beeao$ potential endogeneity. In

!5 For the traditional labour demand work, see Hanesim(1993). For the wage inequality research, see
Acemoglu and Autor (2010).

11



addition, when estimating at the spatial level ¢heray be issues of measurement error
that could cause attenuation bias. Consequentlyadeopt a Two Stage Least Squares
(2SLS) approach where we instrument relative latsuoply. We obtain our instruments
(like Ciccone and Peri, 2005, and Acemoglu and Atg2000) by exploiting the fact the
Census/ACS data not only contains information amemporary state/MSA of residence,
but also has information on state of birth. We tbassider education measures from the
state of birth matched to individuals at age 18nelg when they would be making their
decisions of whether or not to attend collegenasuments for relative supply.

We use two instruments from the individuals’ statéirth at age 18. The first is
the share of females enrolled in college at thaketi The logic for this instrument is
recognition of the fact that much of the relativgly increase over the period we study
is driven by increased female college graduatioge (&oldin and Katz, 2008). We
hypothesise that more female enrolment in collegié state where individuals grew up
could be a driver of women themselves enrolling icvllege. The second instrument we
use is the size of the age 18 cohort in the stdtenwindividuals are making their
enrolment decisions, arguing that a larger cohiaa s likely to result in lower relative
supplies. We then use these state of birth at 8geslinstruments for changes in relative
supply at the state and MSA levél.

On a practical level, to be able to estimate #wsd stage equation (2) we need to
model the demand shift term in some way. To doasspecify that R is a function of

spatial fixed effects and time so thBt; = og +1(t) + e, where f(t) is a function of time

(e.g. proxied by a time trend in the economy widpraaches of Katz and Murphy, 1992,

16 Ciccone and Peri (2005) adopt a similar methoihstftumentation based on state of birth using caang
in compulsory school leaving laws in the state Wwhetindividuals grew up when they estimate statelle
demand and supply models for high school graduaedive to high school drop outs using 1950-1990
Census data.

12



Autor, Katz and Kearney, 2008, and Card and Lemi@0%1),as are spatial fixed effects

at state/MSA level and,gs an error term. Thus the estimating equatiorivess:

Wagt | Ess (4)
|09[W—“] =ag+f(t) +v |09{ﬁ] et

25t 2st
wherey = —1b.

We specify the f(t) function in its most generahyy using a full set of time
dummy variables, so that the estimating equatiqgumesses the relative wage as a function
of time, state/MSA fixed effects and relative sypphAs with our earlier descriptive
analysis our focus is upon the college /high schwage differential and we consider
relative supply in terms of the definitions of @ge equivalent and high school equivalent
workers introduced earlier.

Estimates of Relative Demand and Supply Models

Table 3 reports the estimates from the first staggessions of the log relative
supply index on the state of birth instruments. Estimates also include time and
state/MSA fixed effects. The F-tests show the umagnts to be highly significant,
especially in the MSA specification. Moreover, #és a significant positive coefficient
on the female enrolment college share and a sigmifinegative coefficient on log(cohort
size). Thus these instruments seem to work well Binthe empirical direction as
hypothesised above.

Table 4 provides the 2SLS estimates of equationAdain, these include time and
geographical fixed effects. The estimate of thelatsupply parameteris negative, and
quite precisely determined, for the state and MSAdets. At state level, the 2SLS
estimate is -0.489, which provides an estimatesitielty of substitution of 2.05. For the

MSA level estimates, the estimateyoéqual to -0.340 is smaller (in absolute magnitude)

13



with an estimated elasticity of substitution of2'9'® These magnitudes are in line with
estimates in the aggregate literature: for examglejley and Machin (2011) derive an
estimate of around 2.6 using aggregate March CRSfdam 1963 to 2010 which is in the
same ballpark as Autor, Katz and Kearney's (2088jnate of 2.4, who also analyse the
same March CPS data with a time series of five feygars (from 1963 to 2005j.

The estimated parameters on the time dummies iteTalalso tell us something
about the relative demand shifts that have occuwred decade by decade basis. Relative
to the 1980s the relative demand for college greduhas increased across all time
periods although these incremental changes getlesnmler time. This is in line with
there being a quadratic relationship over theythigars we study, or a slowing down of
the increased relative wage in the 2000s (as assdrnin Beaudry, Green and Sand, 2013,
in the aggregatéey.

Implied Relative Demand Shifts

We are now in a position to combine the spatiahgesa in wage differentials and
supply into an implied relative demand index using estimates ofe. As noted above,
the demand index for spatial unit s in year t came Izalculated as

Dg; =l0g(Es/Eogp) +oelog(Wig/W,g) for any two particular education groups. We

7 We also restricted the college wage premium toluthe just college only workers (excluding
postgraduates). Doing so produced an estimated@tdrerror) ofy = -0.452 (0.168) at the state level, with
an elasticity of substitution of 2.21. At the MSAvEl the estimate was -0.359 (0.103), generating an
elasticity of 2.79.

'8 Restricting the college equivalent labour supplyrclude only college plus and postgraduate warkiey
placing all (rather than 75 percent) of some ca@lagrkers into the high school equivalent groupdpiaed
estimates (and standard errorsyef -0.441 (0.158) at the state level and -0.31890) at the MSA level.
Allocating half of some college workers to eachugrgproduced state and MSA estimates of -0.513 #).21
and -0.368 (0.109) respectively.

9 Like Ciccone and Peri (2005) we also consideréemoestimation methods that are robust to issue® to
with potentially weak instruments. Our instrumedts not seem to suffer from such an issue (see the F
statistics reported in Table 3), but we also usmitdd information maximum likelihood (LIML) estintian
methods to produce very similar estimates. For gt@nthe state level 2SLS estimate (and standaod)er
of y = -0.489 (0.186) was numerically the same.

2 f a trend and trend squared were entered int@thsmtion in place of the year dummies they confhis,
with estimated coefficients (standard errors) @60d. (0.030) on the trend and -0.025 (0.003) ontrtéed
squared variables.
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construct the spatial relative demand index bagmzh wour relative supply measure of
college equivalent (CE) versus high school equivia{BlE) workers and our composition

adjusted college/high school wage differentials V) as
Dq; =log(E§" /E&") + oelog(We/Wet) .

Given that our estimates of relative demand dependour elasticities of
substitution (2.05 and 2.94 for state and MSA lenrgdlysis respectively), which in turn
depend on the validity of our instruments, for reimess purposes we also bound our
estimates by imposing two polar assumptions orsittes ofcg. Firstly, we assume that the
elasticity of substitutiome is equal to unity (as for a Cobb-Douglas producfianction),
which is just below the range of estimates in Qiecand Peri's (2005) state level stétly.
Second, we assume a larger (upper bound) with asti@ty of substitution equal to 5
(which is close to Fortin's, 2006, more recent gtathich focuses only on younger age
cohorts)??

Table 5 compares the slopes for the differenteslfoe from regressions of the
spatial relative demand shifts on their ten yegr far the time periods 1980-1990, 1990-
2000 and 2000-2010 at both state and MSA level. flilse row shows these for our
estimatede values and reveals that putting together theivelaupply and relative wage
measures to compute this demand index in this wagyees a pattern of highly persistent
relative demand shifts at the spatial level. Thesipeence also becomes more marked in
the 1990-2000 and 2000-2010 period where, in fitdlderms, the estimated persistence
parameter is unity or above. This represents a fbiin 1980-90, where there was also

strong persistence, but also some convergenceeasstimated coefficient on the 1980

2L Ciccone and Peri (2005) present a range of estBragrived from different estimation approachegifTh
Panels B and C of their Table 2 report estimatésdsn 1.20 and 1.50 for data from 1950 to 1980.

22 Fortin (2006) presents state level estimates @ 26-35 workers between 1979 and 2002. Her 2SLS
estimates from her Table 3 are in the range of th3268.
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level was below unity. The second row imposes Ssu@ptionog =1 and the third row
that og =5. In both cases, for both states and MSAs, whiks estimated parameters do
shift a little, the same qualitative pattern ofgigtience remains.

To more clearly see what is going on, Figures 4d 4h show the spatial
distributions of the demand shift measure, usingestimated elasticities of substitution
for states and MSAs (i.e. the first row of Table#5These show that demand has shifted
strongly in favour of the college educated. Butsthalso allow us to eyeball which states
and MSAs have increased their relative demand dtege graduates the most (and the
least) over the three decades we analyse. In Figmnee can see that the Eastern states
like Massachusetts and New York have high and glyopersistent relative demand for
college graduates. States like West Virginia andokiiyng, on the other hand, have
experienced much smaller relative demand shifte Biggest change was in lllinois
whilst the lowest was in New Mexico. The former axcthrough large shifts in wage
differentials, whilst the latter was from relatiygébwer shifts in education supply.

Similarly, Figure 4b identifies two MSAs that haggperiences persistently high
and rising increases in college graduate demand twee. These are Stamford,
Connecticut and San Jose, California. It is wathkn that Stamford has a large cluster of
corporate headquarters for international comp&h{e=luding banks like UBS and RBS),
whilst San Jose is the largest city in Silicon &gll

MSAs that stand out as having relatively low demahiits for college graduates

(especially in the 1990s) are Lima, Ohio and FIMichigan and these are also focussed

% Figures Ala to A2b in the Appendix report the saigures for demand shifts calculated under the
assumption obg = 1 andog = 5 to very clearly show that the picture of ingieg relative demand for
college graduates is very robust to those deriwiaguour estimated spatial elasticities of substitushown

in Figures 4a and 4b

% see David and Henderson (2005) for a discussiothefnotion that places, like Stamford, generate
significant agglomeration effects (including edumatand technology agglomeration).
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upon in Figure 4b. Throughout the 1980s and 1990® Isuffered economic decline as a
consequence of many large company closures andd_jtight and its subsequent efforts
to re-define itself were captured in the PBS docuiary Lost in Middle America. In a
similar way to Lima, Flint is a large city that exgenced severe economic decline but
specifically this decline was in the automobileustty and in particular the closure of the
General Motors headquarters. Flint's economic amdas downfall has also been the
subject a television documentaryRoger & Me by Michael Moore, as well as featuring

in the movieBowling for Columbine andFahrenheit 9/11.

4. Drivers of Spatial Relative Demand Shifts
We can relate our estimated spatial relative densaifts to potential demand side drivers
of rising wage inequality that can be directly mead at the state level. We have looked
at four different potential drivers of spatial ief@ demand shifts at state level that have
been considered in some of the existing literatow,which are usually analysed at the
aggregate or industry level. These are changebarR&D stock (measured relative to
state GDP), patent intensities (measured by théoeuwf new patents per worker) and the
proportions of workers using computers and who eogered by union collective
bargaining?® The latter two are measured in state level progust

Our empirical model studies how decadal spatiahges in relative demand relate
to these variables in a framework where we alsowalfor the spatial persistence in
relative demand seen in the spatial auto-regressigported in Table 5 above. We do so

by including the lag of the spatial relative demandex in the estimated change

% We include computer use alongside our other telolgyomeasures bearing in mind that Beaudry, Doms
and Lewis (2010) critically appraise the extenituch the widespread use of personal computersatsfla
technological revolution, especially as in the récpast computers have very much become a general
purpose technology.
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equations, allowing for differential persistence digcade via time varying coefficients.

The estimating equation is:

ADst: g Sd(DSt_loth)+7LAzst+Tt +0g; ©)

=1 ’
where Z denotes the potential drivers of relatieendnd we consider, T is a set of year
dummies ana an error term and we estimate the model on treettlecadal changes (d =
1 to 3, corresponding to 1980-1990, 1990-2000 &4D2010).

Table 6 reports estimates of equation (5). The fosr columns shows estimates
when we entered the four Z variables of interepassely and the fifth when we enter
them all at the same time into a change in demaundt®n where D is calculated using
our estimated spatial elasticities of substitutidhe final two columns show estimates
with all Z variables simultaneously included whea assume our two polar extremes for
an elasticity of substitution equal to 1 and 5.

When entered separately into the equation, the Zablas mostly display a
significant association with changes in relativendad at the state level. Over the thirty
year period we study, increases in relative denvesr@ faster in states with higher R&D
intensities and where more workers use computérs(gh not with the number of new
patents issued, the coefficient on which is positbut insignificant). Thus technology
improvements related to R&D and computers have daral-in-hand with increases in
relative demand. At the same time, states wheleatile bargaining coverage has fallen
by more have also seen slower demand shifts inufaebmore educated workers. When
entered simultaneously (as reported in column {5)able 6), the same pattern remains,

revealing that the positive association with fasémhnological changes, and with faster

union decline, remain robust to allowing for thelmt@have a role.
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In the final two columns of the Table, we considerdels of changes in relative
demand for the alternative assumptions of the valighe elasticity of substitution
between college and high school graduates. The samrall pattern of results remains,
but there are some more nuanced shifts in the asiems between changes in relative
demand and technology and union meastir&ar an elasticity of substitution of unity
(where the demand shift variable becomes the velatage bill), the computer and R&D
variable dominate the technology associations ase#timated coefficient on the new
patents per worker variable remains insignificanlifferent from zero. However, for an
assumed elasticity of substitution of five, theepds$ variable does attract a positive and
significant coefficient. As the difference is a ¢&gy weight on the relative wage term in
computing demand shifts for the larger elastiditys seems to suggest that the patents and
R&D variables work through a stronger correlatiathvincreased relative wages.

Figure 5 shows these empirical connections betwiben state level relative
demand increases and technology/union variableg|difing long run 1980-2010 spatial
demand shifts against the four potential demand drdrers of inequality. Presenting the
empirical associations in graphical form enabledsousee which states are the most and
least correlated with the proximate determinantor Fexample, Massachusetts
demonstrates the largest long run increase in R&gether with a significant increase in
relative demand. The interpretation for identifyithgg main states driving the changes in
computer use is less obvious, mainly because ofnthes implementation of general
purpose computer technology (especially in moremedecades) which probably makes

computers a less good proxy for technical change.

% A higher elasticity of substitution places moreighe on the relative wage movements as compardieto
employment movements. We also estimated separ&Bveewage and relative employment equations
(freeing up the elasticity of substitution), witimilar results. These are available from the aghon
request.
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Notice in the plot of the demand shifts againstngfeain the proportion of union
covered workers there is union decline in all stafehis reflects the overall long run
decline in union coverage. However, over our sampléod, some of the largest declines
occurred in Michigan, Indiana, Pennsylvania, OHlmois, Tennessee and West Virginia.
These are states that have typically been morectatfeby de-industrialisation, with
sectoral shifts away from unionised large scale ufasturing firms and towards non-

unionised service sector firms who are also likelgmploy more graduates.

5. Spatial Inequalities and Labour Market Polarizaion

The increased spatial concentration of more eddaatekers and rising demand for these
workers has driven up wage inequality, but has iagmacted upon the demands for goods
and services on offer in particular spatial locasioAutor and Dorn (2013) have studied
this in detail, arguing that in places where thare now more high paid workers, they
have also increased their demand for services (k& care, or cleaning) that are
typically done by low wage workers. A complemeritabhetween high and low wage
workers (e.g. high wage workers who are now richanting a cleaner) has tempered the
reduced demand for some low wage occupations, alpicthose that were not
substitutable by skill-biased technologies. Becaatehis, the shifts in employment
structure have polarized, with job growth high foigh wage occupations that are
complementary to skill-biased technologies, lowléar or medium wage occupations that
can be substituted by skill-biased technologies$ vith job growth still taking place for
low wage occupations that still have to be don@dxyple and are not substitutable by new

technologies.
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This polarization of the labour market is shownFigure 6. The Figure extends
Autor and Dorn’s analysis to 2010 looking at jobwth by skill percentile (defined at the
1980 mean occupational wage across 320 consistgfityed occupations) between 1980
and 2010. The job growth is scaled relative toalierage across all occupational wage
percentiles and so a positive number shows anasereshare in total employment and
negative ones show a decreased share. The padterery clear, with very rapid job
growth in the upper part of the distribution, albwing out in the middle part (roughly the
20" to 70" percentiles), but increased growth also at theobhot

What about the spatial level? We carried outsdume exercise for our 48 states,
exploring the extent of polarization in state labmarkets between 1980 and 2010. Figure
7 shows polarization charts across states. It tewarthy that most, but not all, are
characterised by the U-shape polarization seethébaggregate labour market in Figure 6.
Also, amongst the polarizers there are differenmceke extent of polarization, with some
showing a very marked U-shape and others being moderate.

We have therefore classified states into threeuggo(high, medium and no
polarization) so as to explore the differentialeentof polarization. The three groups’
polarization patterns are presented in Figure & Righ polarization group (comprising
18 states) shows a very marked U-shape, with higitegrowth at the top and bottom,
together with a bigger fall in the middle. The medipolarization group (comprising 24
states) displays similarities, but is more mutedrowth at the top and bottom, and in the
hollowing out of the middle. The no polarizatiorogp (made up of 6 states) shows high
growth at the top, and also loss of middle randps jdout importantly show no growth at

all in the low wage jobs in the lower percentiléshee distribution.
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We can ask the question how much these state-thffetences in labour market
polarization are connected to the increased coratéort of more educated workers into
particular spatial locations and the rise in wageguality (measured by the college/high
school wage premium) that we have considered eavlie do this in two ways. First, we
can consider how spatial education sorting andgisiage inequality have differed across
our classification of high, medium and no polai@atstates. Second, we can ask the
counterfactual question of what would polarizati@mve looked like in the aggregate had
the state education and inequality changes notroatii.e. if they remained at their 1980
levels).

The first consideration is explored in Panel ATable 7, which shows differences
in the 1980-2010 changes in college equivalent &ilut shares and the college wage
premium across the three groups of states. We kimom the earlier analysis that
education sorting and a widening of the collegeevaap occurred across all states, but to
varying degrees. The numbers in the table makedeat that the states where there was
more education sorting and where the college wagevgdened the most were the ones
characterised by stronger patterns of polarization.

Our second consideration investigates what theativeolarization Figure would
look like if we held constant the state level ediocashares and wage differentials at their
1980 levels’ Figure 9 shows these counterfactual experimertts. ipper Panel of the
Figure shows that holding constant the extent ofcation sorting (shown by the dashed
line) strongly dampens down the polarization pattek U-shaped polarization pattern

remains, but is much more muted, and of a sligifierent shape. At the top end, in

27 On a practical level, we carry out this countetdat exercise in a similar way to the full accongti
decompositions of Machado and Mata (2005) or Fiep@l (2010) by standardising job growth in each
occupation percentile across states for a variabieterest (the state level change in educati@reshor the
college wage premium) from separate regressiommsache 100 percentiles for the 48 states.
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particular, almost all the jobs growth can be aoted for by the spatial education share
changes. The hollowing out of the middle part & dhstribution is also explained well by
the changing education shares. At the bottom endhef distribution the changed
education shares play a role, but less than iwtiner parts of the distribution.

These patterns are consistent with recent dismussithe polarization work which
shows that to uncover a clear U-shaped patterralmdur market polarization, the skill
percentiles on the x-axis of the Figure are betéfined in terms of ranks of occupational
wages rather than on occupations ranked by educdtieducation is used to delineate the
initial skill structure of employment, then lessatJ-shape emerges. The likely reason is
that the low wage jobs are not all being done leylthvest education groups and this is in
part why we see the pattern we do in Figure 9 atltbttom part of the distribution.
Overall, however, the Figure shows that spatiakatian sorting matters as a factor in the
polarization of the labour market.

The lower Panel of Figure 9 shows a counterfactxarcise that holds constant
the college/high school wage differential. Thisgithe shaded counterfactual line shows a
different pattern, explaining very little in the ddile and top part of the distribution, but
accounting for most of the change in the lower getites. Our interpretation of this is
that spatial differences in the between group wagifferential we are considering here is,
in this exercise, effectively operating as a baramef different levels of wage inequality
across states and thus is picking up the notiontteincreased demand for low wage
goods and services is higher in higher wage inégLsthtes.

Panel B of Table 9 shows changes in the occupatsimares of service jobs and
managerial jobs between 1980 and 2010 (using thssifications of Autor and Dorn,

2013). The high polarization states see a biggerease in both of these occupational
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shares, in line with the notion that increased deirfar more educated workers in states
has gone hand-in-hand with an increased demaridiowage services. It is also the case,
again in line with the Autor and Dorn (2013) patteiof change across US commuting
zones, that the places where these occupatiorits sfere more pronounced were those
where the employment share of occupations involvogine tasks was higher in 1980
(i.e. the kind of jobs which would subsequentlynbere substitutable by computer capital
or other forms of automation). This is shown fort&tuand Dorn’s occupational task
routineness measures in the last row of Panel Babfe 9 which is significantly higher in
the high polarization group of statés.

A final set of observations relates to recent wtitht considers cost of living
differences between higher and lower inequalityatmns. Moretti (2013), for example,
reports that house prices are higher and have fastar in cities where wage inequality
has risen by more. He therefore argues that regevigequality has risen by less than
nominal wage inequality as the beneficiaries ohbigrelative wages driven by increased
relative demand have had to pay more on housintg.cDsamond (2012) and Handbury
(2012) also study this question, but by considernder definitions of well being and
connecting to skill-biased consumption patterngnidnd argues that the high inequality,
high house price locations also have a range omhdme that are demanded by higher
earnings individuals, like more eating and drinkpigces, or book stores, and grocery and
apparel stores. To the extent that the presentdeesé amenities drive up the demand for
low wage workers as we have already described, tierpolarization patterns we have
found should emerge more in these high inequdligh house price, high amenity places.

Handbury (2012) looks at price differences withiies facing consumers for different

% As in Autor and Dorn (2013) we define the highesé third of employment weighted occupations based
on the share of routine tasks (so by constructierowverall mean of the routineness variable is. 1/3)
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income and skill levels, presenting evidence thabime and skill specific consumption
externalities exist.

We have also therefore looked at differences imsbh@rices and amenities for our
high, medium and no polarization states. Table @vshsignificantly higher house price
growth in the high polarization states, and thatthe most part there have been bigger
increases in the numbers of eating and drinkinggsaapparel stores and hair and beauty
salons. This is very much in line with the notidratt high polarization locations are
characterised by the sorting in of more educatdviduals (who also get paid more) and
that, whilst this has driven up housing costs, tetrtheir higher standards of living they
have also demanded more services which are supmjiedw wage labour. One way of
interpreting this is the presence of skill-biaseshsumption patterns in places where

labour market polarization has been more pronounced

6. Concluding Comments

In this paper, we study spatial changes in laboarket inequality for states and cities
using US Census and American Community Survey Hateeen 1980 and 2010. We
report evidence of significant spatial variationsdaincreases over time in college
education shares and in the college wage premiunU® states and MSAs. We use
estimates of spatial relative demand and supply elsotb calculate implied relative

demand shifts for college graduates vis-a-vis héghool graduates. These calculated
demand shifts also show significant spatial digjgarithat are, if anything, widening over
the time period we study. Considering potentialehs of the differential spatial trends,

we show that relative demand has increased fastéinase states and cities that have

experienced faster increases in R&D intensity amdputer use, and increased slower in
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those states and cities where union decline has imege marked. Finally the extent of

labour market polarization that has occurred ideddiht across states, with more

polarization occurring where there have been biggeneases in college education share
and in spatial wage inequality.

These findings complement findings from the moggragated work in labour
economics on trends in wage inequality, on shiitshie relative demand and supply of
more and less educated workers and on the phenonanabour market polarization.
They are also complement the work in urban econ®rtiiat emphasises agglomeration
effects in locations that are strongly connecteddaocation and technology. Our analysis
brings these two strands of research work togetheemphasising that the US has seen
significant rises in educational wage differentidisspite rapid increases in education
supply, and that there have been important spaspkcts to this, and to the relative
demand shifts by education and the patterns ofulalmoarket polarization that have

occurred over the last thirty years.
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Figure 1:
Change Over Time in the Average Log Weekly Wage dfigh School and College
Graduates by Metropolitan Area

Slope (SE) = 1.021 (0.159)
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Notes: Based on data from the 1980 Census andOth@ Rmerican Community Survey. Each Figure plots th
nominal wage in 1980 against the nominal wage ib02for 216 metropolitan statistical areas (MSA)eThp
Figure is for high school graduates and the bofgure is for college graduates. These are weighséng the
number of workers in the relevant MSA and skillgpan 1980. The regression line is the predictggMage in
2010 from a weighted OLS regression. The sloped211(0.159) for high school graduates and 4.5681&)
for college graduates. The sample includes alltfole US born workers age between 26 and 50 whebat
least 40 weeks in the previous year.
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Figure 2a:
State Level College Equivalent Hours Shares, 1986 2010

College Equivalent Hours Shares, 1980 and 1990

Slope (SE) = 1.050 (0.055)
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Notes: These are college equivalent hours sharesdkers aged 26-50 in 48 states in the 1980, 18802000 Census
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Community Surveys. For definitions of college arighhschool equivalent see the main text and thea Dagpendix.
Standard errors in parentheses for the reportee sloefficients.
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Figure 2b:
MSA Level College Equivalent Hours Shares, 1980 2010

College Equivalent Hours Shares, 1980 and 1990

Slope (SE) = 1.035 (0.026)
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Community Surveys. For definitions of college arighhschool equivalent see the main text and thea Dagpendix.
Standard errors in parentheses for the reportge sloefficients.
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Figure 3a:
State Level College/High School Log Wage Differersdls, 1980 to 2010

College/High School Wage Differentials, 1980 and 1990

Slope (SE) = 0.652 (0.081)
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Notes: These are fixed hours weighted compositépasted college only/high school log wage differalistfor full time full
year workers aged 26-50 in 48 states in the 19880 hnd 2000 Census (where wages refer to the pieca@endar years,
1979, 1989 and 1999 respectively) and the 2009-28&ikrican Community Survey. The composition adjustmis
described in the main text and in the Data Appenble estimated slope coefficients (and associatetlard errors
reported in parentheses) are weighted by the iev&ampling variance of the state level wage diffeaés.
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Figure 3b:
MSA Level College/High School Log Wage Differentia, 1980 to 2010

College/High School Wage Differentials, 1980 and 1990

Slope (SE) = 0.554 (0.048)
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years, 1979, 1989 and 1999 respectively) the 2@19-2American Community Survey. The composition adjest is
described in the main text and in the Data Appenbihe estimated slope coefficients (and associatatard errors
reported in parentheses) are weighted by the iev&ampling variance of the MSA level wage diffeiast
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Figure 4a:
Implied Relative Demand Shifts, State Level, 198®t2010

Relative Demand Shifts, 1980 and 1990

Slope (SE) = 0.869 (0.041)
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Notes: The relative demand shifts are calculatetbg@ “/L"%) + o¢ log(W/W"), where log(IC5/H") is the

log relative supply of college equivalent versughhschool equivalent hoursg (= 2.05) is the elasticity of
substitution between college and high school warkend log(W/W") is the fixed weighted composition
adjusted college/high school log wage differentiie estimated slope coefficients (and associatmadard
errors reported in parentheses) are weighted byirnkerse sampling variance of the state level wage
differentials.
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Figure 4b:
Implied Relative Demand Shifts, MSA Level, 1980 t@010

Relative Demand Shifts, 1980 and 1990

Slope (SE) = 0.860 (0.036)
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Notes: The relative demand shifts are calculatetbg@ “/L"%) + o¢ log(W/W"), where log(IC5/H") is the
log relative supply of college equivalent versughhschool equivalent hoursg (= 2.94) is the elasticity of
substitution between college and high school warkend log(W/W") is the fixed weighted composition
adjusted college/high school log wage differentiie estimated slope coefficients (and associatmadard
errors reported in parentheses) are weighted byirierse sampling variance of the MSA level wage
differentials.
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100 X Annualised Change in Relative Demand, 1980-2010

100 X Annualised Change in Relative Demand, 1980-2010

Figure 5:
State Level Relative Demand Shifts and Changes ine€hnology and Unionization

State Level Changes in Relative Demand and R&D Intensity

Slope (SE) = 0.678 (0.291)
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State Level Changes in Demand and Patent Intensity

Slope (SE) = -0.002 (0.047)
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Figure 6: Labour Market Polarization, 1980 to 2010

Smoothed Changes in Employment Shares by Skill Percentile

Change in Log(Employment Share) 1980-2010
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Notes: Based on 320 consistently defined non-facoupations from the 1980 Census and the pooled 909

2011 American Community Surveys. Skill percentilme based on the employment weighted 1980 mean
occupational log(hourly wage).
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Figure 7: Labour Market Polarization by State, 1980to 2010
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Figure 7: Labour Market Polarization by State, 19802010 (Continued)
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Figure 8: States Grouped by Extent of Labour MarketPolarization, 1980-2010
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Notes: The states are grouped as follows — 18 pajarization, Arkansas, California, Colorado, Cortiait,
Delaware, lllinois, Indiana, Maryland, Massachuset¥lichigan, New Hampshire, New Jersey, New York,
North Carolina, Oregon, Rhode Island, South Caspliirginia; 24 medlium polarization, Arizona, Fida,
Georgia, Idaho, lowa, Kansas, Kentucky, Louisiakaine, Minnesota Missouri, Montana, Nebraska, New
Mexico, Ohio, Oklahoma, Pennsylvania, Tennesseead,eUtah, Vermont, Washington, West Virginia,
Wisconsin; 6 low polarization, Alabama, Mississiggdevada, North Dakota, South Dakota, Wyoming.
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Figure 9: Counterfactuals
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Table

1:

Average State/MSA Hours Shares of College EquivaléiVorkers - 1980, 1990 and 2000 Census and 2010 ACS

Mean College Equivalent Hours Share

State of Residence

MSA of Residence

1980
1990
2000
2010

Change 2010-1980

Mean [SD]

0.295 [0.042]
0.336 [0.047]
0.362 [0.050]
0.401 [0.057]

0.106*
(0.010)

Mean [SD]

0.301 [0.065]
0.337 [0.071]
0.358 [0.078]
0.390 [0.086]

0.089*
(0.007)

Notes: Hours shares are for all workers aged 266@8 states and 216 MSAs respectively. To coostitie shares, college equivalent workers are ééfas college or
college plus workers plus 25 percent of some cellegrkers (where the college plus and some coNegders have efficiency weights defined as theigavaelative to

college graduates). High school equivalent worlkeesdefined analogously as high school graduatéggbrschool dropouts plus 75 percent of some gelleorkers (with

the high school dropouts and some college workaving efficiency weights defined as their wage treéato high school graduates). The college eqemiahours share is
then hours of college equivalent workers dividedthy sum of hours of college equivalent and higioet equivalent workers. See the Data Appendixnfore detail. For

the change 2010-1980 standard errors are in passgh* and ** denote statistically significanttz¢ 5 and 10 percent level.
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Table

2:

Composition Adjusted College Wage Premia - 1980, 20 and 2000 Census and 2010 ACS

Mean College/High School Log Wage Differential

State of Residence

MSA of Residence

1980
1990
2000
2010

Change 2010-1980

Mean [SD]

0.307 [0.057]
0.444 [0.055]
0.515 [0.061]
0.567 [0.067]

0.259*
(0.012)

Mean [SD]

0.295 [0.068]
0.433 [0.067]
0.498 [0.069]
0.552 [0.070]

0.257*
(0.007)

Notes: The composition adjusted state of birthegdl plus/high school log wage differentials araveer from estimated log wage equations estimatpdrseely for each
year, age group (3) and gender for 48 states aBdVI3As respectively (i.e. six equations per yeardach state/MSA). The equations include dummiesade and race.
Three education dummies are included for collegis (16 or more years of education), some colle@etq115 years of education) and high school drap@less than 12
years of education) relative to the omitted grofiigh school graduates (12 years of schoolinghe Tollege graduate/high school graduate log waéfferehtial is the
estimated coefficient on the college graduate tgiand the state/MSA differentials are weightedsample size shares. The wage sample consists bbtSull time full
year workers age 26-50. For the change 2010-1@8@iatd errors are in parentheses. * and ** dertatesscally significant at the 5 and 10 percenele
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Table 3:
First Stage 2SLS Regressions - 1980, 1990 and 2@¥hsus and 2010 ACS
(Relative Supply = College Equivalents/Non-Collegeéquivalents).

State of Residence MSA of Residence
Log(Relative Supply) Log(Relative Supply)

Female Share of College Enrolment in State of BittAge 18 2.378* 3.182*
(0.911) (0.616)
Log(Age 18 Cohort Size Share in State of Birth geA8) -0.789* -0.396*
(0.284) (0.199)
F-Test 5.27 13.41
P-Value 0.006 0.000
Spatial Fixed Effects Yes Yes
Year Dummies Yes Yes
Sample Size 192 864

Notes: The dependent variable is the log of thie @tcollege equivalent to non-college equivalatiour supply. Standard errors in parenthesesd*#adenote statistically
significant at the 5 and 10 percent level.
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Table 4:
2SLS Estimates of Supply-Demand Models of Collegdu3/High School Wage Differentials - 1980, 1990 ar2D00 Census and 2010 ACS
(Relative Supply = College Equivalents/Non-Collegéquivalents)

State of Residence MSA of Residence
Log(Relative Wage) Log(Relative Wage)
Log(Relative Supply) -0.489* -0.340*
(0.186) (0.098)
Year = 1990 0.247* 0.210*
(0.040) (0.022)
Year = 2000 0.391* 0.329*
(0.064) (0.032)
Year= 2010 0.532* 0.446*
(0.095) (0.048)
Spatial Fixed Effects Yes Yes
Sample Size 192 864

Notes: The dependent variable is the log of thepmsition adjusted college/high school wage difféenThe female share of college enrolment ingtate of birth at age
18 and the log of the age 18 cohort size in thie sthbirth at age 18 are used as instruments dg(Relative Supply) - the first stages are in Tabl&stimates are weighted

by the inverse sampling variance of the state/M&#ll wage differentials. Standard errors in paresgk. * and ** denote statistically significanttia¢ 5 and 10 percent
level.
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Table 5:
Spatial Persistence in Implied Relative Demand Shg For Different o Estimates

Estimates ofy; from:

Dst = o+ yiDs 10+ Ust

State of Residence MSA of Residence
1980-1990 1990-2000 2000-2010 1980-1990 1990-200@00-2010

Estimatedse = 2.05 (State)ge = 2.94 (MSA) 0.869* 1.124* 1.020* 0.860* 1.090* 1.056*
(0.041) (0.043) (0.059) (0.036) (0.033) (0.031)
oe=1 0.920* 1.057* 1.034* 0.991* 1.070* 1.082*
(0.037) (0.037) (0.051) (0.027) (0.025) (0.021)
6e=5 0.761* 1.179* 0.985* 0.747* 1.055* 1.014*
(0.055) (0.065) (0.069) (0.041) (0.040) (0.040)

Notes: The dependent variable is the implied nedatiemand shift log(f¥/L"F) + o log(W*/W"), where log(5/H"F) is the log relative supply of college equivaleatsus
high school equivalent hours, is the elasticitysobstitution between college and high school warkamd log(VW/W") is the fixed weighted composition adjusted
college/high school log wage differential. Estinsasre weighted by the inverse sampling variancthefstate level wage differentials logfiW"). Standard errors in

parentheses. * and ** denote statistically sigaifitat the 5 and 10 percent level.
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Table 6:
State Level Demand Shifts, Technological Change andhion Coverage

Change in Implied Relative Demand Shifts,
Allog(L /L") + g log(WrwM],
1980-1990, 1990-2000 and 2000-2010

(1) (2 ©)] (4) (5) (6) (7)
Estimatedog = 2.05 og=1 cg=5
A R&D Stock/GDP 0.678* 0.652* 0.402*  1.377*
(0.291) (0.290) (0.229) (0.530)
New Patents Per 1000 Workers -0.002 0.005 -0.034 0.141*
(0.047) (0.048) (0.038) (0.085)
A Computer Usage 0.593* 0.591* 0.515* 0.770
(0.283) (0.270) (0.212) (0.504)
A Union Coverage -1.059* -1.099* -0.665* -2.329*
(0.332) (0.332) (0.259) (0.620)
Relative Demand Shift (t-10) X 1990 -0.124*0.129* -0.133* -0.097** -0.094** -0.057 -0.171*
(0.048) (0.049) (0.049) (0.049) (0.047) (0.041) (0.062)
Relative Demand Shift (t-10) X 2000 0.124*0.128* 0.157* 0.137* 0.162* 0.092*  0.246*
(0.050) (0.051) (0.052) (0.049) (0.050) (0.042) (0.069)
Relative Demand Shift (t-10) X 2010 -0.001 0.021 0.021 0.042 0.020 0.037 -0.008
(0.047) (0.047) (0.046) (0.045) (0.045) (0.041) (0.055)
Year Fixed Effects Yes Yes Yes Yes Yes Yes Yes
R-Squared 0.625 0.610 0.623 0.637 0.665 0.580 0.707
Sample Size 144 144 144 144 144 144 144

Notes: The dependent variable is the state levpliéuh relative demand shift logfE/L"%) + og log(WS/W"), where log(C%H"™) is the log relative supply of college
equivalent versus high school equivalent hourghéselasticity of substitution between college aigh school workers and log(Y#&V") is the fixed weighted composition
adjusted college/high school log wage differentiastimates are weighted by the inverse samplimgvee of the state level wage differentials lo§(W"™). Standard errors
in parentheses. * and ** denote statistically digant at the 5 and 10 percent level.
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Table 7:
Labour Market Polarization Differences Across Stats

Classification of States

High Medium No Gaps
Polarization Polarization Polarization (Standard Errors)
@) 2) 3 -0 -6 B)-1
A. 2010-1980 Changes in Labour Market Inequality
Change in College Equivalent Hours Share 0.126 7.09 0.081 0.029* 0.016 0.045*
(0.010) (0.016) (0.020)
Change in College/High School Log(Wage) Differentia 0.269 0.261 0.223 0.008 0.038*  0.045*

(0.016) (0.020) (0.020)
B. Changes in Occupational Employment Shares

Change in Service Share 0.050 0.052 0.007 -0.002 0.045* 0.043*
(0.008) (0.016) (0.018)
Change in Manager Share 0.211 0.163 0.135 0.048* 0.028 0.076*
(0.013) (0.020) (0.021)
1980 Proportion of Employment in Top 1/3 of Routiresk Occupations 0.349 0.325 0.297 0.024%0.028*  0.052*

(0.010) (0.016) (0.018)

C. 2010-1980 Changes in House Prices and Amenities

Change in Log(House Price) 1.517 1.335 1.331 0.181* 0.005 0.186**
(0.059) (0.086) (0.095)
Relative Growth in Number of Eating and Drinkinga&ds Per Head 0.091 -0.061 0.028 0.152*-0.033 0.119
(0.066) (0.109) (0.091)
Relative Growth in Apparel Stores Per Head 0.059 .030 -0.052 0.090* 0.021 0.111*
(0.033) (0.054) (0.051)
Relative Growth in Hair and Beauty Salons Per Head 0.118 -0.044 -0.180 0.162* 0.136 0.298*

(0.081) (0.102) (0.127)

Notes: Standard errors in parentheses. * and fotkestatistically significant at the 5 and 10 petdevel. See the Data Appendix for detail ongberces of the variables
used in this Table.
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Appendix
Figure Ala: Implied Relative Demand Shifts by State1980 to 20104 = 1)

Relative Demand Shifts, 1980 and 1990

Slope (SE) = 0.920(0.037)
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between college and high school workers and I6g(W) is the fixed weighted composition adjusted cadléxigh
school log wage differential. The estimated slopefficients (and associated standardors reported in parentheses)
are weighted by the inverse sampling variance @fthate level wage differentials.
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Figure Alb: Implied Relative Demand Shifts by MSA,1980 to 20104 = 1)
Relative Demand Shifts, 1980 and 1990

Slope (SE) = 0.991 (0.027)
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school log wage differential. The estimated slopefficients (and associated standardors reported in parentheses)
are weighted by the inverse sampling variance @MISA level wage differentials.

51



Figure A2a: Implied Relative Demand Shifts by State1980 to 20104 = 5)
Relative Demand Shifts, 1980 and 1990

Slope (SE) = 0.761 (0.055)
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Figure A2b: Implied Relative Demand Shifts by MSA,1980 to 20104e = 5)
Relative Demand Shifts, 1980 and 1990

Slope (SE) = 0.747 (0.041)

n
ol
S
S | Stamford
£© San Jose
< o /
[}
oW |
S
Ee
[a}
24
8 o
&
<2
%)
=0+
0
! T T T T T T T T T T T
-5 1 1.5 2 2.5 3 4 4.5
MSA Relative Demand Shift, 1980
Relative Demand Shifts, 1990 and 2000
Slope (SE) = 1.055 (0.040)
Te]
< 7 o
8~ 4 San Jose T~ Stamford
Q|
~:;r(”')
5o
he]
Ex
Eee
a n
EEN
Ea
%)
= 0O
w0
! T T T T T T T T T T T
B 0 1 1.5 2 2.5 3 35 4 4.5
MSA Relative Demand Shift, 1990
Relative Demand Shifts, 2000 and 2010
Slope (SE) = 1.014 (0.040)
[Te}
S<
R« A o
£ |
5 Stamford
© M4
S SanJ
EQ T Lima an Jose
O N
L | °
E —
© —
@
< 0
%)
= o
0 |
! T T T T T T T T T T T
-5 0 35 4 4.5

1 15 2 25 3
MSA Relative Demand Shift, 2000
Notes: The relative demand shifts are calculatedogd “5/L"E) + o log(WEWH), where log(C5/HE) is the log
relative supply of college equivalent versus higha®l equivalent hoursse (= 5) is the elasticity of substitution
between college and high school workers and I6g¢W) is the fixed weighted composition adjusted cadiéxigh
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are weighted by the inverse sampling variance @MISA level wage differentials.
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Data Appendix
1. Basic Processing of the Census and ACS Data
We use the 5% PUMS 1980, 1990 and 2000 DecenniaduSedata, as well as the 1 %
samples from the 2009, 2010 and 2011 American Camiyn&urveys (we refer to the
pooled 2009-2011 sample as 2010). For our focuthem8 contiguous states, we drop
Alaska, Hawaii and the District of Columbia froml #he analysis. We consistently
defined 216 MSAs for these states between 198®aaA. Our basic sample consists of
all working individuals aged 26-50. Hours are meadwsing usual hours worked in the
previous year.Full-time weekly earnings are calculated as theatiligm of annual
earnings over weeks worked for full-time, full-ye#® born workers. Weights are used in
all calculations. Full-time earnings are weighted the product of the CPS sampling
weight and weeks worked. All wage and salary incavas reported in a single variable,
which was top-coded at values between $75,000 80 #d $200,000 in 2010. Following
Katz and Murphy (1992), we multiply the top-codealrengs value by 1.5. Earnings
numbers are inflated into 2010 prices using the BEfAtor.

2. Coding of the Education Categories

We construct consistent educational categoriesgutiie method proposed by Jaeger
(1997). For the pre 1990 education question, wéneéfhigh school dropouts as those
with fewer than twelve years of completed schoglihigh school graduates as those
having twelve years of completed schooling; somiéege attendees as those with any
schooling beyond twelve years (completed or not) lass than sixteen completed years;
college-only graduates as those with sixteen oerseen years of completed schooling
and postgraduates with eighteen or more yearsmplaied schooling. In samples coded
with the post Census 1990 revised education questie define high school dropouts as

those with fewer than twelve years of completedethg; high school graduates as those
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with either twelve completed years of schooling/ana high school diploma or G.E.D.;
some college as those attending some college dlingobn associate’s degree; college
only as those with a bachelor degree; and postgtadas a masters, professional or
doctorate degree.

3. Construction of the Relative Wage Series

We calculate composition-adjusted relative wagesralland by age cohorts using the
wage sample described above, excluding the selfegragp. The data are sorted into
gender-education-age groups based on a breakdowheoflata by gender, the five
education categories described above, and fivdbathecohort categories (ages 26-30, 31-
35, 36-40, 41-45 and 46-58)We generate a composition adjusted college plgis/hi
school graduate wage differential separately by aect age groups by estimating ten
separate regressions for each state/MSA and yeklding education and age dummies
(as well as two dummies for racehdse are then employment share weighted to form the
(composition-adjusted) college plus/high schooldgede wage differential in a given
state/MSA and year. As this is a regression geeeraariable, when the differential is
used as a dependent variable in regressions ipdper, it is weighted by the inverse
(employment share weighted) sampling variancebegstimated wage differentials.

4. Construction of the Relative Supply Measures

We calculate relative supply measures using thepkaabove. We form a labour quantity
sample equal to total hours worked by all employestkers (including those in self-
employment) age 26 to 50 to form education celleanh state/MSA and year. Education
groups are high school dropout, high school graawsime college, college graduate, and

postgraduate. This provides our efficiency unitetucation group.

2 Within sample years, these are the same as fitle @whorts (e.g. for the 1980 Census, birth cahfstm
1930-34, 1935-39, 1940-44, 1945-49 and 1950-54).

55



The quantity data are merged to a correspondinge gample containing mean
full-time weekly real wages by state/MSA, year atlication group (wage data used for
the price sample correspond to the earnings samgéseribed above). For each
state/MSA and year we calculate aggregate collggé/alent labour supply as the total
efficiency units of labour supplied by postgradsatesighted by the postgraduate-college
graduate relative wage from the price sample, pollege graduate efficiency units, plus
25 percent of the efficiency units of labour suegliby workers with some college
weighted by the some college-college graduateivelavage. Similarly, aggregate high
school equivalent labour supply is the sum of &ficy units supplied by high school or
lower workers, plus 75 percent of the efficiencyitsirsupplied by workers with some
college, all weighted by respective relative highaol graduate average wages. Hence,
the college-only/high school log relative supplgex is the natural logarithm of the ratio
of college-only equivalent to non-college equivaliour supply (in efficiency units) in
each state/MSA and year.

5. Instruments in Relative Demand and Supply Models

To match to the samples of 26-50 year olds in 19890, 2000 and 2010, we collected
annual data at state level from 1948 to 2002 onpttogortion of women enrolled in
higher education institutions from various yearbaaktions (beginning with the 1949
edition) of the Statistical Abstract of the Unit8thtes (original sources initially being the
Biennial Survey of Education and from 1962 onwatds Digest of Education Statistics).
The size of the age eighteen population was alsmrad from for each year from Census
Bureau data by state from 1948 to 2002. The fersladee of college enrolment and the
age 18 cohort size as a proportion of the totde gtapulation were then matched to the

individual Census and ACS data by state of birtth year aged 18.
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6. Technology and Union Data

Our Research and Development (R&D) intensity messware generated using R&D
expenditure divided by nominal GDP for 1977, 198997 and 2007. These are taken
from the National Industrial Productivity Accour(tdlPA) made available by the Bureau
of Economic Analysis. State level changes in R&[Efgrenance are measured using Total
(company, Federal and Other) funds for industrig&DRperformance in millions of
dollars.

The patents data come from the US Patent and matteOffice (USPO). We use
total annual utility patents granted by state amdryDecember 202.We define new
patents as the state level of patents in 1980, ,12Q00 and 2010. We use Census state
level employment numbers to express these as nemtpaer worker.

The computer use data are measured in proportienstate in each year. These
are taken from the October 1984, 1987, 1997 an® ZDPS supplements and derived
from the question 'Do you use a computer at wor€®mputer use is the proportion of
employed workers in the CPS that use computerodt.w

The union coverage data are also in state levglgotions per year and are taken
from the Union Membership and Coverage Databaséged by Hirsch and Macpherson
(2003)3! These are generated using CPS data beginningBd®d are updated annually.
7. Labour Market Polarization
The skill percentiles are based upon 320 consigteefined occupations for all those in
employment from the 1980 Census and 2010 Americamr@unity Survey. The
procedures followed in Autor and Dorn (2013) andtéreand Sand (2011) are used to
obtain the consistent definitions. The 320 occwpati are divided into employment

weighted percentiles based upon the mean occupati@age in 1980.

30 These are available to downloach#b://www.uspto.gov/web/offices/ac/ido/oeip/tat/astih.htm!/
31 These data are available to download fittp://www.unionstats.com/
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8. Other State Data

House prices by state are from the Lincoln Insituand Price by State dataset. They are
defined as the average value of owner occupieddso(isclusive of land and structure).
The number of eating and drinking places, appdogks and hair and beauty salons by
state are the number of establishments reportethdhystry from the 1980 and 2010

County Business Patterns. The SIC72 and NAICS oategyare summarised in the Table

below.
SIC72 Categories NAICS Categories
Eating and Drinking Places 5812, 5813 711110, 722110, 722211,
722212, 722213, 722310,
722320, 722410, 722511,
722513, 722514, 722515.
Apparel Stores 5610, 5620, 5630, 5640, 448110, 448150, 448120,
5650, 5660, 5680, 5690. 448190, 448130, 448140,
448210, 315222, 315223,
315233, 315220, 315240.
Hair and Beauty Salons 7230, 7240. 812111, 812312113
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