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a b s t r a c t 

We consider the link between birthplace and wages. Using a unique panel dataset, we estimate a raw elasticity of 

wages with respect to birthplace size of 4.2%, two thirds of the 6.8% raw elasticity with respect to city size. Part 

of this effect simply reflects intergenerational transmission and the spatial sorting of parents, part is explained 

by the role that birthplace size plays in determining current city size. Lifetime immobility explains a lot of the 

correlation between birthplace and current city size: we show that 43.7% of individuals only ever work while 

living in the place they were born. Our results highlight the importance of intergenerational and individual sorting 

in helping explain the persistence of spatial disparities. 
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. Introduction 

The question of links from birthplace to outcomes has long been a

oncern of the literature that looks at the impact of growing up in a dis-

dvantaged neighbourhood (see e.g. Oreopoulos, 2003; Durlauf, 2004;

opa and Zenou, 2015; Chetty et al., 2016 ). This paper asks a simi-

ar question, but at a larger spatial scale (the local labour market). It

ontributes to a small, but growing, literature that considers the im-

act of ‘initial conditions’ on labour market outcomes (see e.g. Aslund

nd Rooth, 2007; Almond and Currie, 2011 ). The emphasis on birth-

lace and intergenerational sorting means the paper is also related to

ecent works on the geography of intergenerational mobility ( Chetty

t al., 2014; Chetty and Hendren, 2018a,b ). 

We consider the link between birthplace size and wages using a

nique panel data set (the British Household Panel Survey) which pro-

ides information on current location and birthplace for a sample of

K individuals and households questioned annually between 1991 and

009. 1 We estimate a raw elasticity of wage with respect to birthplace

ize of 4.2%, two thirds of the 6.8% raw elasticity with respect to current

ity size. The BHPS also provides information on individual character-

stics and a limited set of parental characteristics which allows us to

onsider why this effect occurs. 
∗ Correspondence to: ThEMA, UMR 8184, Université Cergy-Pontoise, CNRS, F-9500
∗∗ Correspondence to: London School of Economics, Houghton Street, London WC2A

E-mail addresses: clement.bosquet@u-cergy.fr (C. Bosquet), h.g.overman@lse.ac.u
1 After cleaning, we have data on around 7000 workers. Given sample size, 

e follow the literature and focus on the link from city size – birthplace and 

urrent location – to wages, rather than on the full set of area effects. 
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Why could birthplace size matter? One possibility is that individual

haracteristics vary with birthplace size because of the spatial sorting of

arents and the intergenerational transmission of characteristics. A sec-

nd possibility is that birthplace size affects the accumulation of human

apital. A third possibility is that birthplace influences past and current

ity sizes – either through immobility or an effect on migration choices

and, thus, local labour market opportunities. Indeed, in the extreme

ase of no mobility, birthplace size directly determines labour market

ize and it makes little sense to try to distinguish between the role of

irthplace and of current location. 

Our results suggest that intergenerational transmission and the effect

f birthplace on current location both play a role in explaining the link

etween wages and birthplace size. We find no direct role for differences

n childhood educational outcomes, other than through the sorting of

arents. This highlights the importance of intergenerational transmis-

ion and parental sorting in helping explain the persistence of spatial

isparities. Low lifetime mobility reinforces the link between the loca-

ion decisions of generations, which suggests that there is a geographic

omponent to the inheritance of inequality at birth in addition to inter-

enerational transmission through parental characteristics. We provide

escriptive evidence on lifetime mobility that suggests this is an impor-

ant consideration in the UK: in our data around 43.7% of individuals

nly ever work while living in the same area as they were born. 
0 Cergy-Pontoise. 33 boulevard du Port, 95011 Cergy-Pontoise cedex, France. 
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4 From the lowest to the highest social class the categories of occupation are 

as follows: unskilled, partly skilled, skilled manual, armed forces, skilled non- 

manual, managerial and technical, and professional occupations. 
5 Age 16 qualifications are taken at the end of compulsory schooling, A-levels 

at the end of schooling (age 18). HNC is a Higher National Certificate, HND 

a Higher National Diploma, usually involving one or two year’s study post-18, 

respectively. Most UK 1 st degrees involve three years post-18 study. 
6 Managers and Senior Officials, Professional Occupations, Professional and 

Technical Occupations, Administrative and Secretarial Occupations, Skilled 

Trades Occupations, Personal Service Occupations, Sales and Customer Service 

Occupations, Process, Plant and Machine Operatives, and Elementary Occupa- 

tions. 
7 Eastings and northings are the reference system used in the British National 

Grid providing location information rounded to the nearest one meter. Local 

Authorities Districts are the 326 sub-national divisions of England used for local 

government and the equivalent districts in Scotland and Wales. 
8 Birthplace and current city sizes are from the closest census year (1971, 

1981, 1991, 2001, 2011) aggregated from TTWA level data constructed by 

Amior and Manning (2017) . Online appendix Table O7 provides descriptives 
Our paper is closely related to the literature that considers the

ole of agglomeration economies in explaining spatial disparities. In

he urban economics literature sorting – the concentration of more

roductive workers in more productive locations – plays an im-

ortant role in understanding disparities across space. For example,

ombes et al. (2008) show that, for wages in France, the correlation

etween average individual fixed effects and area fixed effects is some-

here around 0.3. Mion and Naticchioni (2009) find qualitatively sim-

lar results for Italy. Such positive correlation can explain a large part

f overall spatial disparities. For example, Gibbons et al. (2014) show

hat between 85% and 88% of area wage disparities in the UK are ex-

lained by individual characteristics (including individual fixed effects).

ombes and Gobillon (2015) provide a recent survey and further discus-

ion. 

Because this literature uses individual level panel data to estimate

rea effects from movers across areas, there is a tendency to assume

hat the ‘sorting’ that explains the concentration of more productive

orkers in more productive locations is predominantly driven by the

obility decisions of workers. However, it is equally possible that

he sorting that explains this concentration is predominantly the re-

ult of birthplace variation in individual characteristics combined with

ow levels of mobility. Indeed, both Mion and Naticchioni (2009) and

ombes et al. (2012) show that selective migration accounts for little

f the skill differences between dense and less dense areas and sug-

est a role for ‘sorting at birth’. These birthplace effects could occur

irectly (e.g. if birthplace size helps determine educational outcomes)

r indirectly via the sorting of parents (e.g. if parental characteristics

elp determine educational outcomes and parental characteristics are

orrelated with city size). We present evidence consistent with the lat-

er, rather than the former explanation. 

. Data and descriptive statistics 

We use the British Households Panel Survey (BHPS) which is a non-

alanced panel of households and individuals questioned in 18 waves

rom 1991 to 2009. The BHPS is based on a nationally representative

ample of households recruited in 1991. Panel members comprise all in-

ividuals resident at sampled addresses at the first wave of the survey.

ubsequent surveys re-interview these individuals annually, following

ny individuals who split-off from original households (e.g. because of

amily break-up or because a child enters adulthood and leaves home).

ll adult members of new households are interviewed, as are new mem-

ers joining sample households. Children are interviewed once they

each the age of 16. The panel has several advantages. In addition to be-

ng representative, it also provides both labour market and geographical

nformation (including birthplace) at a fine level of detail for individuals

bserved over a relatively long period of time. 2 

The full sample consists of 32,380 individuals observed on average

.4 times for a total of 238,996 observations. Available variables cover a

ariety of topics including education, labour market outcomes, income,

ealth, personal values, labour and life conditions (e.g. workplace char-

cteristics, union membership, family commitments, relationship status,

ellbeing). In terms of outcome variable, we focus on total gross pay

onstructed from self-reported data on ‘usual gross pay per month in

urrent job’. Basic control variables – gender and age – are available

or all individuals. 3 For parental characteristics we use a measure of so-

ial class based on self-reported parental occupations ranging from un-

killed to professional occupation with the parents’ highest social class
2 Wave-to-wave retention rate averages 91.2%. For fully interviewed individ- 

als (our sample), only 1% on average are not re-interviewed because of loss 

f contact – which might result from moves within or outside the area. Most 

f the (relatively small) attrition in the panel is due to refusal, out of scope, 

on-eligibility or death (BHPS user manual, volume A, section IV.20). 
3 We use age based on date of interview and date of birth (as reported age is 

nconsistent across waves). 
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27 
onstructed as the maximum rank of mother and father. 4 For individ-

al educational outcomes we construct a measure of qualification based

n reported highest educational and academic qualifications. We end

p with seven educational dummies: no qualifications; apprenticeship;

ge 16 qualification low grades; age 16 qualification higher grades; A-

evel; HNC/D or teaching qualifications; 1st or higher degree. 5 These

re mapped to years of education based on the modal education leav-

ng age for each category. We also have information on the individual’s

urrent occupation classified according to one-digit SOC. 6 

In addition to information on these family and individual character-

stics, the data set also provides information on both place of residence

nd birth. For place of residence we have very precise geographical co-

rdinates (eastings and northings), while place of birth is recorded at

he Local Authority District level. 7 To study spatial sorting across cities

e follow much of the existing literature and map these two geogra-

hies to local labour markets (constructed from Travel to Work Areas

s described in Gibbons et al., 2014 ). Given sample sizes – the mean

umber of workers by area and year is just under 39 – we focus on the

ffect of birthplace and current city size, measured using the number of

eople in employment. 8 

One disadvantage of the data is that we only have information on

here people live, rather than where they work. This is unfortunate,

ecause the existing agglomeration literature is mainly concerned with

he link from workplace size to wages. In practice, this is not a major

roblem because Travel to Work Areas, our underlying geography, are

onstructed to ensure that at least 75% of the area’s resident workforce

ork in the area and at least 75% of the people who work in the area

lso live in the area. Consistent with this, as we report below, we get

stimates of the elasticity of wages with respect to current city size that

re broadly in line with the existing literature. 

Given small sample sizes, we drop individuals who were born outside

f Great Britain (including those born, or currently located, in Northern

reland). As our main focus is on wage disparities, we also drop obser-

ations corresponding to years in which the individual is studying, un-

mployed or retired. Concerns over self-reported hours lead us to focus

n the total pay for full-time workers, although our results are robust to

onsidering all workers. To allow us to include a reasonable set of ob-

ervable characteristics, we drop individuals with missing occupation,
or local labour market size. Historical city sizes (used as instruments) are con- 

tructed by mapping LAs to TTWA and using historical LA data from the Vision 

f Britain project which uses the UK census mapped to stable-across-time LA 

oundaries. See http://www.visionofbritain.org.uk/data/ . LAs are mapped to 

TWAs using area share weightings. More information is available on request. 

esults available on request show that all results in the paper are robust to 

atching to specific years with linear interpolations between census years, to 

nly one specific year or to using population instead of employment as the mea- 

ure of city size. 

http://www.visionofbritain.org.uk/data/
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Table 1 

Descriptive statistics for full-time workers. 

Variable (1) (2) (3) (4) (5) 

Women (%) 45.9 46.1 46.1 45.9 44.7 

Age 35.1 34.9 34.9 37.6 38.3 

Gross pay 1487 1490 1490 1586 1649 

Occupation (%) 

Managers/Senior Officials 14.1 14.1 14.1 15.3 16.1 

Professional Occupations 9.7 9.9 9.9 10.9 11.5 

Professional & Technical 11.6 11.6 11.6 12.3 12.7 

Admin & Secretarial 17.8 17.9 17.9 17.5 17.1 

Skilled Trades 11.7 11.7 11.7 11.2 11.3 

Personal Service 11.3 11.2 11.2 10.3 9.7 

Sales and Customer Service 6.6 6.6 6.6 5.7 5.4 

Machine Operatives 10.5 10.3 10.3 10.6 10.4 

Elementary 6.7 6.6 6.6 6.2 5.7 

Location 

Resident city size 504,951 507,542 507,731 488,481 475,576 

Live in city (%) 70.7 70.6 70.7 69.6 69.6 

Live in London (%) 7.8 7.9 7.9 7.5 7.1 

Birth city size 587,361 586,162 585,722 596,379 603,166 

Born in city (%) 75.0 74.9 74.9 74.2 74.4 

Born in London (%) 9.4 9.4 9.4 9.5 9.7 

Number of observations 72,580 70,045 70,025 57,125 55,382 

Number of individuals 12,698 12,370 12,364 9,243 7,500 

Source: Authors own calculation based on BHPS. Notes: Gross pay data are monthly 

and have been deflated using a consumer price index (base year = 2005). Occupations 

classified according to one-digit SOC. 
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ducation and parents’ highest social class, after extrapolating and in-

erpolating from existing data where appropriate. This leaves us with

7,125 observations for 9243 individuals. Finally, when using the panel

imension of the data (with individual fixed effects), we keep only work-

rs observed at least twice. This leaves us with 55,382 observations for

500 individuals. This is our minimum sample size although, as will be-

ome clear below, we can use larger samples in some of our estimations

hen the full set of restrictions need not apply. 

Descriptive statistics are provided in Table 1 . Column (1) presents

escriptive statistics for the sample of full-time workers restricted based

n country of birth (dropping those born outside Great Britain, includ-

ng in Northern Ireland) and dropping individuals who are studying,

nemployed or retired. The focus on full-time workers leads to women

eing slightly under-represented in the total sample. Gross (monthly)

ay figures deflated to 2005 base year look broadly in line with those

eported from the Annual Survey of Hours and Earnings (and before that

rom the New Earnings Survey). Average city size is larger for birthplace

han for current residence – explained by the fact that both birth-rates

nd immigrant shares are higher in larger cities (so more UK citizens

re born in big cities, than live in those cities). 9 Column (2) shows what

appens when we drop individuals with missing education, column (3)

dditionally drops those with missing occupation and column (4) those

ith missing parent’s highest social class. Finally, column (5) keeps only

ull-time workers observed at least twice – the sample that we use when

ncluding fixed effects to exploit the panel dimension of the data. As is

o be expected, these restrictions slightly skew the sample towards those

ith higher incomes and occupations associated with higher education

evels – particularly when dropping individuals with missing highest

arent social class and individuals observed only once. But none of the

hanges are particularly large. In short, to the extent the initial sam-

le is representative, restricting on observable characteristics does not

ignificantly affect the representativeness of our final sample. 
9 https://www.ons.gov.uk/peoplepopulationandcommunity/populationand 

igration/populationestimates/articles/populationdynamicsofukcityregionssi 

cemid2011/2016-10-11 . 
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28 
. Econometric strategy 

We now outline the way in which we estimate the effect of both cur-

ent location and birthplace on individual wages. As discussed above,

iven sample sizes, our focus is on estimating the effect of city size,

ather than the full set of birthplace and current city effects. As birth-

lace size is fixed we use a two-step estimator which allows us to control

or individual heterogeneity using fixed effects in the first step. 

To see why this is necessary, start by considering a simple ‘one-step’

ethod for assessing how outcomes vary with birthplace size. Denoting

he (log of the) wage of individual i at date t as w i, t we can regress: 

 𝑖,𝑡 = 𝛾𝐵 𝑎 ( 𝑖 ) + 𝜌′𝑃 𝑋 𝑖 + 𝛽′𝑋 𝑖𝑡 + 𝜆𝑅 𝑎 ( 𝑖 ) ,𝑡 + 𝜀 𝑖,𝑡 (1)

here B a ( i ) is the (log of the) size of area a where individual i is born

calculated as described in Section 2 ), PX i are parental characteristics,

 it are time varying individual characteristics, R a ( i ), t measures the (log

f the) size of the area a of residence of individual i at time t, 𝛾, 𝜆, 𝜌 and 𝛽

re (vectors of) coefficients . The coefficient 𝛾 is the main object of in-

erest and captures the elasticity of wages with respect to birthplace

ize ( 𝜆 captures the same elasticity for current city size). As discussed

n Section 2 , we have relatively limited data on parental characteris-

ics – we use a measure of social class based on self-reported parental

ccupations. For individual controls, we have data on individual age,

ender, educational outcomes and occupation. Finally, we include cur-

ent place of residence to account for the effect of city size on wages as

ocumented in the agglomeration literature. 

While this ‘one-step’ estimator is intuitive, it leads to inconsistent

stimates of 𝛾, 𝜌, 𝛽 and 𝜆 if individual unobserved characteristics are

orrelated with current city size, a fact that is well established in the

conomic geography literature (see Combes and Gobillon (2015) for

 review). Even if these unobserved characteristics are uncorrelated

ith birthplace size (after conditioning on parental characteristics),

orrelation between current city size and birthplace size will still render

stimates of 𝛾 inconsistent. This is, of course, true more generally for

ny correlation between unobserved characteristics and the included

ight-hand side variables. Our emphasis on the correlation with current

r birthplace city size simply reflects the fact that this fits with the

https://www.ons.gov.uk/peoplepopulationandcommunity/populationandmigration/populationestimates/articles/populationdynamicsofukcityregionssincemid2011/2016-10-11
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10 All results reported in this section are robust to changes in the sample, in- 

cluding: using all workers or only lifetime movers, trimming top and bottom 1% 

of wages, only estimating on workers born 1966 onwards (as our city size data 

begin in 1971 and we match to nearest census year). As we only have one mea- 

sure of historical city sizes, IV uses a time invariant measure of current city size 

based on total employment in 2001. Instrumenting does not change the city 

size only coefficient (column 4) and changing the timing of instruments does 

not change the results when instrumenting for city size and learning (column 

6). For comparability, we use the same time invariant measure of city size for 

OLS. Results are robust to using time varying city size, a time invariant measure 

of birthplace size based on total employment in 1971, or using total population, 

instead of employment, as a measure of birthplace and current city size. Finally, 

results are robust to only estimating on individuals for whom we observe birth- 

place or learning. All these results are available on request. 
11 The number of individuals is smaller because learning is accumulated city 

size until t-1, so (with individual fixed effects) we need to observe individuals at 

least 3 times for them to be included in the sample used to estimate columns (5) 

and (6). We also lose the first observation for these individuals as, by definition, 

learning is not defined in the first period in which the individual is observed. Re- 

sults available on request show that columns (1)–(4) are robust to the restriction 

of the sample to observations for which learning is observed. 
ubstantive focus of the paper and that these correlations are central to,

nd well-evidenced in, much of the recent urban economics literature

n sorting and agglomeration effects. 

To overcome this problem, we adopt a two-step econometric strategy

n the spirit of Combes et al. (2008) . In the first step, we regress wage

f individual i living in area a at date t on an individual fixed effect

i , time-varying observable characteristics X it , an area size effect R a ( i ), t ,

nd a time fixed effect 𝛿t : 

 𝑖,𝑡 = 𝜃𝑖 + 𝛽′𝑋 𝑖𝑡 + 𝜆𝑅 𝑎 ( 𝑖 ) ,𝑡 + 𝛿𝑡 + 𝜀 𝑖,𝑡 (2)

In the second step, we then regress the estimated individual fixed

ffects on time-invariant characteristics ( Z i ) and birthplace size: 

̂
𝑖 = 𝛾𝐵 𝑎 ( 𝑖 ) + 𝛼′𝑍 𝑖 + 𝜂𝑖 (3)

here B a ( i ) is defined as in Eq. (1) , Z i includes gender, education and

arental characteristics, 𝜂i is the error term and 𝛾 and 𝛼 are (vectors

f) coefficients. As with Eq. (1) the coefficient 𝛾 is the main object of

nterest and captures the elasticity of wages with respect to birthplace

ize. 

If time variant unobserved shocks are uncorrelated with R a ( i ), t , we

an use the panel dimension of our data to estimate (2) to provide a con-

istent estimate of the coefficient on R a ( i ), t . If we further assume that

[ 𝜂𝑖 |𝐵 𝑎 ( 𝑖 ) , 𝑍 𝑖 ] = 0 then this two-step procedure also provides us with

onsistent estimates of the effects of birthplace and parental character-

stics. Note that, if we use a fixed measure of city size 𝜆 is estimated

rom movers in Eq. (2) (current city size is perfectly correlated with in-

ividual fixed effects for stayers), but conditional on having an estimate
̂, 𝛾 in Eq. (3) is estimated from all workers. It captures the elasticity of

ages with respect to birthplace size after controlling for parental and

ndividual characteristics, including current city size. 

In a recent paper, De la Roca and Puga (2017) suggest that we

hould be careful to distinguish between static and dynamic agglomer-

tion economies when estimating wage equations of the kind we use in

ur first step (i.e. Eq. (2) ). If adult learning is important, De la Roca

nd Puga show that we should control for the whole labour market

istory when assessing the impact of current city size. In their estima-

ion, they consider a full set of area effects so allowing for the effect

f adult learning involves the introduction of city-specific experience

ariables in their estimated equation. In our specification with only city

ize on the right hand side, this equates to including a variable that

aptures accumulated city size (up to and including the period before

he current observation) in the first-step estimation. That is, we can

stimate: 

 𝑖,𝑡 = 𝜃𝑖 + 𝛽′𝑋 𝑖𝑡 + 𝜆𝑅 𝑎 ( 𝑖 ) ,𝑡 + 𝜃

𝑡 −1 ∑
𝑡 = 𝑡 0 

𝑅 𝑎 ( 𝑖 ) ,𝑡 + 𝜀 𝑖,𝑡 (2a)

here the summation captures accumulated city size from the time

hat the individual entered the labour market ( t 0 ) until the period be-

ore the current observation. Following De-la-Roca and Puga, we re-

trict the summation to periods where the individual is working so that

t has the interpretation of accumulated experience. As a result, this

ariable is equal to the product of the average past city size multi-

lied by the number of years the individual is present in the panel and

orking. 

We present results using both the static and dynamic first-step speci-

cations in what follows. As we discuss further below, once we recognise

hat birthplace size can affect outcomes, and that mobility rates are low,

his further increases the difficulty of separately identifying the effect of

urrent city size from accumulated experience. 

If all the effect of birthplace size is explained by observed character-

stics (of parents and individuals, including workplace location) then 𝛾

in Eq. (3) ) should be 0. It is important to note, however, that if differ-

nces in these observed outcomes are partly explained by birthplace size

hen controlling for them will lead us to underestimate the coefficient

n birthplace size. In contrast, omitting these variables may lead us to

verestimate the coefficient on birthplace size – e.g. if spatial sorting
29 
f parents based on unobservable characteristics leads to variations in

ducational outcomes by city size. 

An additional estimation issue arising for both the static and dy-

amic specifications concerns the endogeneity of city size. To address

his concern, we follow the existing literature and use long lags of histor-

cal population from 1801 to instrument for current city sizes (measured

sing constant (2001) city size to reflect the fact that we only have one

nstrument). 

. Results 

We start with results for standard agglomeration regressions of

ages on current city, rather than birthplace, size. 10 These results, re-

orted in Table 2 , are interesting in two regards. First, because they

rovide an estimate of the elasticity of wages with respect to city size

ased on our BHPS data. Second, because they constitute the first-step

stimates that we use in our two-step analysis. 

The estimate of the elasticity of wages with respect to city size is

round 6.8% when we control only for gender and age, falling to 4.6%

s we add individual level controls for, education (column 2) and oc-

upation (column 3). Results reported in column (4) show that this

oefficient is roughly halved once we use the panel dimension of our

ata and include individual fixed effects. Both the point estimates, and

he changes in coefficients as we include observable and unobservable

haracteristics, are broadly in line with the findings from the existing

gglomeration literature. 

Column (5) shows what happens when we follow De la Roca and

uga (2017) and distinguish between static and dynamic agglomeration

conomies, by including variables to capture accumulated experience. 11 

inally column (6) reports estimates when we instrument for city size

nd learning using long lags of historical population dating from 1801.

irst stage regressions are reported in Table O1 of the online appendix.

he instrumenting for current city size is completely standard. For learn-

ng, we construct the instrument by aggregating historical city sizes from

he time that the individual entered the labour market – analogous to the

xpression for learning based on contemporaneous city sizes introduced

n Eq. (2a) . 

To obtain the elasticity of wages with respect to birthplace size, we

witch to two-step estimation. The one-step results, available in Table

2 of the online appendix suggest that the elasticity of wages with

espect to birthplace ranges from around 1.2% to 3.8%. As explained

n Section 3 , however, while the one-step results are easy to interpret,

stimates of the coefficient on birthplace size are biased if unobserved

bility is correlated with current city size. Switching to two-step

stimation allows us to (partially) address this concern subject to the
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Table 2 

First-step regressions of (log) gross total wage on city size and controls (full-time workers only). 

(1) OLS (2) OLS (3) OLS (4) OLS (5) OLS (6) IV 

(log) City size 0.068 ∗ ∗ ∗ 0.048 ∗ ∗ ∗ 0.046 ∗ ∗ ∗ 0.025 ∗ ∗ ∗ 0.008 ∗ ∗ 0.009 ∗ ∗ 

(0.003) (0.003) (0.003) (0.003) (0.004) (0.005) 

Learning 0.060 ∗ ∗ ∗ 0.061 ∗ ∗ ∗ 

(0.004) (0.004) 

Time FE X X X X X X 

Gen., Age, Age 2 X X X X X X 

Education X X X X X 

Occupation X X X X 

Individual FE X X X 

Observations 74,242 74,242 74,242 74,242 63,317 63,317 

R-squared 0.320 0.445 0.512 0.846 0.853 0.853 

Number of ind. 10,545 10,545 10,545 10,545 8,923 8,923 

Source: Authors own calculation based on BHPS. Notes: Standard errors clustered at the current city by time level in 

parentheses. ∗ ∗ ∗ p < 0.01, ∗ ∗ p < 0.05, ∗ p < 0.1. City size is current city size measured using total employment in 2001; 

learning is log accumulated city size and calculated as explained in the text. In column (6), city size and learning are 

instrumented with city size in 1801 and accumulated 1801 city sizes. The Kleibergen-Paap rank Wald F statistics is 3571, 

suggesting no weak-instrument concerns. Education is defined using seven educational dummies, while occupation uses 

nine dummies based on one-digit standard occupational classification (SOC). See Section 2 for details. In columns (4)–(6), 

gender and education are time invariant and absorbed by individual fixed effects. 

Table 3 

Second-step regressions for gross total wage; individual fixed effects on birthplace size and controls (full-time workers 

only). 

(1) (2) (3) (4) (5) (6) (7) 

(log) Birthplace size 0.042 ∗ ∗ ∗ 0.035 ∗ ∗ ∗ 0.033 ∗ ∗ ∗ 0.033 ∗ ∗ ∗ 0.023 ∗ ∗ 0.000 − 0.001 

(0.009) (0.008) (0.010) (0.009) (0.009) (0.008) (0.008) 

1st-step controls 

Time FE X X X X X X X 

Age, Age 2 X X X X X X X 

Occupation X X X X 

(log) City size X X IV 

Learning X IV 

2nd-step controls 

Gender, birth year X X X X X X X 

HPSC X X X X X X 

Education X X X X X 

Observations 7,500 7,500 7,500 7,500 7,500 6,472 6,472 

R-squared 0.146 0.201 0.333 0.322 0.319 0.466 0.468 

Source: Authors own calculation based on BHPS. Notes: Standard errors clustered at the birthplace level in parentheses. 
∗ ∗ ∗ p < 0.01, ∗ ∗ p < 0.05, ∗ p < 0.1. Birthplace size is measured using the number of people in employment from the closest 

census year. Occupation, education, city size and learning are all defined as in the notes to Table 2 . HSPC is Highest 

Parental Social Class. In column (7), city size and learning are instrumented with city size in 1801 and accumulated 1801 

city sizes in the first step. See Section 2 for further details. For these second-step estimates, the number of observations 

corresponds to the number of individuals because the dependent variable is the individual fixed effects estimated in the 

first step. 
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aveats discussed in Section 3 . 12 Results for the first-step regressions

ave already been reported in Table 2 , whilst results for the second-step

egressions are reported in Table 3 . Comparing the birthplace elasticity

n column (4) of Table 3 (0.033), with its one-step equivalent (0.026)

hows that we underestimate the coefficient on birthplace size if we ig-

ore the correlation between unobserved ability and current city size. 13 
12 We put time varying variables – time fixed effects, age, age squared, oc- 

upation, current and accumulated city size (learning) in the first stage. Time 

nvariant variables – gender, highest parent social class (HSPC), education and 

he cohort effect (birth year) go in the second stage. We can control for age in 

he first stage because individuals are not interviewed at the same date every 

ear. Results available on request show that the findings are robust to control- 

ing only for age squared in the first stage and to using Weighted Least Squares 

ith the inverse of individual fixed effect variance as the weights in the second 

tage. 
13 To provide a clean comparison, Table O3 in the online appendix reproduces 

able O2 for the sub-sample of individuals used in this second-step regression 

 Table 3 ), controlling for birth year. Results are robust. 
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30 
The raw elasticity of wages with respect to birthplace size, con-

rolling only for demographic characteristics (column (1) of Table 3 ),

s 4.2%. This suggests that individuals born in London in 1971 make

n average 6.6% more than individuals born in Manchester (the sec-

nd largest TTWA in the UK) and 9.3% more than individuals born in

iverpool (the sixth largest). 14 Columns (2)–(6) of Table 3 allow us

o consider how different mechanisms explain this correlation between

irthplace size and wages. The interpretation of these results obviously

epends on the order of introduction of these variables, an issue we

iscuss in depth in Section 6 . In this section, controls are introduced

n the natural ordering of life events. We hence start by including con-

rols for parental social class – a family characteristic that is clearly pre-

etermined for individuals in the sample used for estimation. Results

re reported in column (2) and show that the coefficient on birthplace

ize is reduced by around 20%, reflecting the fact that some of the cor-

elation between birthplace size and wages is explained by the sorting
14 ( 4 , 084 , 810∕882 , 333 ) 0 . 042 − 1 and ( 4 , 084 , 810∕493 , 218 ) 0 . 042 − 1 , respectively. 



C. Bosquet and H.G. Overman Journal of Urban Economics 110 (2019) 26–34 

o  

i  

a  

t  

s

 

u  

a  

s  

w  

T  

c  

e  

o  

w  

h  

t  

d  

f  

fi  

y

 

I  

i  

2

 

c  

a  

e  

t  

s  

t  

p  

c  

A  

s  

s  

a  

c  

g  

d

 

a  

d  

i  

e  

w  

b  

p  

e  

a  

f  

t  

c  

0

1

o

d

(

0

0

o  

i  

a  

e  

t  

(  

s  

o

 

s  

t  

c  

p  

b  

b  

e  

p  

s  

l  

t

5

 

i  

a  

v  

s  

f  

t  

o  

c  

a  

t  

r  

m  

s  

i  

T  

e  

b  

w

 

p  

B  

o  

w  

T  

A  

p  

t  

w

 

f parents across places of different sizes. 15 Given what we know about

ntergenerational transmission (see, e.g., Black and Devereux, 2011 for

 review), this suggests that higher parental social class must be posi-

ively correlated with city size. Table O4 in the online appendix reports

everal descriptive statistics that suggest that this is indeed the case. 

Column (3) shows what happens once we introduce individual ed-

cation as an additional control. The coefficient on birthplace size is

lmost unchanged, suggesting that the correlation between birthplace

ize and wages does not work through own educational outcome (once

e control for parental characteristics). Consistent with this, results in

able O5 in the online appendix show that there is a positive significant

orrelation between birthplace size and years of education but that this

ffect disappears once we control for parental social class. These results

nly look at education quantities, which leaves open the question of

hether variations in school quality across different sized cities could

elp explain our results. To consider this, we tested whether the returns

o schooling varied by birthplace size by interacting the qualification

ummies with birthplace size. We generally found no significant effects

or qualifications obtained at the end of compulsory schooling. 16 Coef-

cients are also insignificant if we, instead, include the interaction of

ears of education with birthplace size. 

Controlling for own occupation (column 4) similarly has little effect.

n contrast, controlling for current city size (column 5) has a substantial

mpact on the birthplace size elasticity reducing it further from 3.3% to

.3%. 17 

In column (6) of Table 3 we allow for adult learning by introducing

umulated experience. As is clear from results in column (5) of Table 2 ,

llowing for learning makes a big difference in terms of the estimated

ffect of current city size on wages. In turn, this makes a big difference

o our estimates of the coefficient on birthplace size, as shown in the

econd-step results reported in column (6) of Table 3. 18 This suggests a

hird mechanism that explains the correlation between wages and birth-

lace size: specifically, it determines the amount of time spent in large

ities which increases wages via the effect of adult learning in big cities.

s discussed in Section 3 , the fact that the elasticity of wages with re-

pect to birthplace size is now 0 suggests that all the effect of birthplace

ize is explained by the included observed characteristics. Finally, once

gain, column (7) shows that instrumenting in the first-step for current

ity size and learning using historical population (in levels and aggre-

ated from first labour market entry, respectively) makes no substantive

ifference to our results. 

The results in Table 3 are estimated using all workers. As discussed

bove while the effect of current city size is identified from movers, con-

itional on having an estimate of current city size the effect of birthplace

s identified from all workers for whom we can calculate individual fixed

ffects (i.e. those with more than one observation). Appendix A shows

hat happens when we estimate Table 3 only for lifetime movers. The

road pattern of results in terms of changes to the coefficient on birth-

lace size is in line with those reported in Table 3 . Two differences do

merge, however. First, the initial correlation between birthplace size

nd individual fixed effects (i.e. before controlling for any individual or

amily characteristics) is somewhat weaker for lifetime movers than for

he sample as a whole. Second, as we move across columns the coeffi-

ients reduce less quickly for lifetime movers and some residual effect
15 A Wald test suggests that the change in coefficient from 0.042 (0.009) to 

.035 (0.008) is statistically significant at the 1% level. 
16 These are CSE or O-level qualifications (depending on cohort) taken at age 

6. In some specifications, we find evidence of a positive effect of birthplace size 

n the returns for some post-compulsory schooling qualifications (A levels and 

egrees) and negative effects for other post-compulsory schooling qualifications 

apprenticeships). Results are available upon request. 
17 A Wald test suggests that the change in coefficient from 0.033 (0.009) to 

.023 (0.009) is statistically significant at the 1% level. 
18 A Wald test suggests that the change in coefficient from 0.023 (0.009) to 

.000 (0.008) is statistically significant at the 1% level. 
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31 
f birthplace size remains. That is, the overall effect of birthplace size

s less important for movers. But in contrast to stayers observable char-

cteristics of individuals cannot completely explain the birthplace size

ffect. As we will see below, both these differences can be explained by

he fact that birthplace perfectly determines current city size for stayers

making the overall effect of birthplace larger for stayers, but also con-

istent with the fact that controlling for current city size explains more

f that bigger birthplace coefficient). 

To summarise, results so far suggest an elasticity of wages with re-

pect to birthplace size of around 4.2%. Some of this correlation is cap-

uring the sorting of parents across places of different sizes. Once we

ontrol for this parental sorting, own educational outcome does not

lay much of a role in explaining the correlation between wages and

irthplace size, and neither does occupation. In contrast, the fact that

irthplace determines current city size plays an important role via the

ffect of static and dynamic agglomeration economies on wages. This

attern is broadly similar for both movers and non-movers. These re-

ults suggest an important role for lifetime mobility in explaining the

ink between birthplace and wages. We consider this in more detail in

he next section. 

. Geography and lifetime mobility patterns 

The results in Table 3 make clear that the most substantial reduction

n the coefficient on birthplace size occurs when we control for current

nd accumulated city size. Once we control for these, along with indi-

idual controls, we completely account for the link between birthplace

ize and wages. Consistent with the agglomeration literature, we know

rom Table 2 that current and accumulated city size both have a posi-

ive effect on wages. This suggests that the reduction in the coefficient

n birthplace size when current and accumulated city size are added as

ontrols occurs because of a positive correlation between birthplace size

nd the size of cities where individuals work as adults. Consistent with

his, results in Table O6 of the online appendix, show a strong positive

elationship when regressing current city size on birthplace size. For

overs the correlation is still positive, albeit weaker than for the full

ample. This helps explain why the coefficient on birthplace size is sim-

lar (although slightly smaller) when we focus only on lifetime movers.

hus, while low lifetime mobility does not fully explain the positive co-

fficient on birthplace size it is an important mechanism through which

irthplace, via its effect on current and accumulated city size, affects

ages. 

Because the BHPS provides information on both current location and

lace of birth, we can use it to assess the extent of lifetime mobility in

ritain. We ignore mobility for non-work-related reasons – such as study

r retirement – and focus on the share of workers who have only ever

orked while living in the same place as they were born. The first row in

able 4 shows the overall figures and then broken down by qualification.

s the table shows, over 40% of workers have only ever worked in the

lace where they were born. The breakdown by qualification shows that

hese figures are decreasing with education level – consistent with the

ider literature on the relationship between education and mobility. 19 

The next 4 rows show the figures broken down by the type of area in

hich the individual was born. The figures provide evidence that mo-

ility also varies with birthplace size – although the major difference is

bserved in the larger lifetime mobility away from rural areas. The pat-

ern with respect to qualifications is repeated across area types. The final

wo rows consider similar figures but now focus on whether someone

as born in the same place of birth as their parents (these figures are

alculated for a sub-set of the 5361 individuals for whom we observe

oth parent and individual birthplace). These figures are higher than

or the percentage of individuals who have always worked where they
19 For example, Diamond (2016) documents that 67% of US citizens live in 

heir birth state, the figure being only 50% for college graduates. 
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Table 4 

Lifetime mobility: Various indicators based on area where work, area where parents born, area at different ages, by skills. 

% always worked where born Total No quals. GCSE eq. A-level eq. Degree 

Total 43.7 51.8 48.7 45.8 30.5 

Born in 

Rural 33.2 40.7 37.9 32.9 21.4 

Small city 46.5 52.0 53.5 51.7 29.2 

Medium city 45.1 57.1 49.5 48.6 28.9 

Large city 48.8 57.2 53.8 50.3 37.2 

% born same place as (all individuals): 

Mother born 53.8 63.0 56.2 50.5 49.9 

Father born 52.8 56.7 56.7 50.1 48.8 

% live in area where born at age 

16 61.0 59.9 60.7 69.8 69.1 

18 57.5 62.5 60.5 52.4 63.4 

21 45.9 59.4 53.2 40.7 38.1 

65 44.2 52.8 40.8 41.8 27.8 

Source: Authors own calculation based on BHPS. Notes: Areas correspond to Local Labour Market Areas and are classified 

either as rural or urban with urban further divided in to large cities (employment greater than 260,000), medium cities 

(employment 130,000–260,000) and small cities (employment smaller than 130,000). See online appendix Table O7 for 

further details. Education is classified based on an aggregation of the highest educational and academic qualifications 

variables. GCSE qualification includes those with O-level and CSE; A-level includes those with HND, HNC or teaching 

qualifications; Degree includes both 1st and higher degree. First panel based on all workers; second panel based on all 

individuals for whom we observe at least one parent’s birthplace; third panel based on all individuals. 
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ere born. This is partly explained by the fact that lifetime mobility is

ncreasing with age (and that people tend to have children when they

re younger). But the degree of intergenerational persistence in place of

irth is still striking. 

Consistent with this, the bottom panel of Table 4 shows that the ag-

regate lifetime mobility figures hide substantial heterogeneity with re-

pect to age. The table shows overall lifetime mobility at four particular

ut-offs – age 16 (compulsory schooling age), age 18 (end of school-

ng), age 21 (the age at which most university graduates complete their

ourse) and age 65 (retirement). 20 The figures show that nearly 61%

f 16 years olds live in the same places as they were born, 57.5% of

8 year olds and 46% of 21 year olds. The full set of figures (available

n request) show a gradual decline until age 56, with figures increasing

lightly afterwards, suggesting some return migration for retirement. 

To summarise, both lifetime immobility and the positive correlation

etween current city and birthplace sizes for movers play an impor-

ant role in helping explain the link between birthplace and current city

izes. 21 In the next section, we consider the relative importance of this

ffect on current city size and other factors that help explain the role for

irthplace size on wages. 

. Decompositions 

The previous section considered the role of different observable vari-

bles in explaining the correlation between birthplace size and wages.

s discussed above, the order in which variables are introduced and

he partial correlation between explanatory variables will have impli-

ations for the changes in the magnitudes of the birthplace coefficients

s we move from specification to specification. Our ordering above was

ustified by what we know about the sequencing of the different de-
20 Note that these figures are calculated for all individuals, rather than focusing 

n mobility for work (which would make no sense for many 16-21 year olds who 

re still in education and thus outside the labour force). 
21 Including learning effects places a much stronger weight on the full set of 

dult local labour market decisions and reduces estimates of the coefficient on 

irthplace size. The correlation of current and birth city size for movers becomes 

ore important once we allow for accumulated city size. This highlights the 

ifficulties of separately estimating dynamic (i.e. learning) and static agglom- 

ration economies in situations where a relatively large proportion of workers 

re immobile. See D’Costa and Overman (2014) for further discussion. 
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32 
erminants. 22 Specifically, for an individual, parental social class is de-

ermined ‘at birth’ and before educational outcomes are determined. In

urn, educational outcomes tend to be determined before occupation

nd city of residence. In this section, we ask what happens if we ig-

ore this information on the sequencing of determinants and instead

ecompose the correlation between wages and birthplace size in to the

ontribution from different observable variables. 

To assess the relative importance of all the observables of inter-

st (i.e. parental social class, education, occupation, current city size

nd eventually learning), we implement the decomposition proposed

y Gelbach (2016) . This allows us to calculate how much of the change

n the birthplace coefficient can be attributed to particular observables

s we move from a specification which controls for only basic observ-

bles (age, gender) to the full specification that includes all observables.

he simple decomposition procedure uses the omitted variable bias for-

ula to calculate the share of each observable (or group of variables) in

xplaining the total change in the coefficient of interest. 

Gelbach’s methodology is designed for standard one-step regressions

o we adapt it to our two-step specification. The technical details are

rovided in the online appendix. Intuitively, the decomposition works

s follows: A variable will explain a large share of the change in the

irthplace coefficient if it is 1) highly correlated with wages in a ‘full’

egression including all control variables and 2) highly correlated with

irthplace size in a partial regression where the variable is regressed

n birthplace size and basic controls (such as gender and age). For in-

tance, current city size will explain a large share of the change in the

irthplace coefficient if it is highly correlated with wages in the full

egression (conditional on individual fixed effects and observable char-

cteristics; as shown in Table 3 ) and with birthplace size in the partial

egression (allowing for basic controls; as shown in Table O6 in the on-

ine appendix). Conversely, occupation will not explain a large share of

he change in the birthplace coefficient if, as is the case, it is weakly
22 Results available upon request show that some changes in birthplace coeffi- 

ient are robust to the order of introduction of variables. For instance, occupa- 

ion has little effect on the coefficient (even if introduced first), while current 

ity size has roughly the same effect on the coefficient if we introduce it before 

ducation and parental social class. Interestingly, swapping the order of edu- 

ation and parental social class does make a difference, with the change in the 

oefficient larger if education is introduced first (as opposed to second). This is 

onsistent with the discussion in the text on the decomposition of the change in 

he birthplace coefficient. 
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Table 5 

Decomposition of the total effect of birthplace size, with OLS in the first step. 

Without learning With learning From Table 3 

(1) (2) (3) (4) (5) (6) (7) 

Variables 𝛿 𝛿∕( ̂𝛽𝑏𝑎𝑠𝑒 − 𝛽𝑡𝑜𝑡 ) 𝛿∕ ̂𝛽𝑏𝑎𝑠𝑒 𝛿 𝛿∕( ̂𝛽𝑏𝑎𝑠𝑒 − 𝛽𝑡𝑜𝑡 ) 𝛿∕ ̂𝛽𝑏𝑎𝑠𝑒 ( ̂𝛽𝑐−1 − 𝛽𝑐 )∕ ̂𝛽𝑏𝑎𝑠𝑒 

HPSC 0.0032 16.8% 7.6% 0.0026 6.5% 6.5% 16.7% 

Education 0.0048 25.6% 11.6% 0.0043 10.9% 10.9% 3.7% 

Occupation 0.0005 2.8% 1.3% 0.0005 1.3% 1.3% 0.7% 

City size 0.0102 54.2% 24.6% 0.0034 8.7% 8.6% 24.2% 

Learning 0.0258 65.4% 65.2% 54.3% 

1st step contr. 0.0001 0.7% 0.3% 0.0028 7.2% 7.2% 

Total 0.0189 100.0% 45.4% 0.0394 100.0% 99.7% 99.7% 

Source: Authors own calculation based on BHPS. Notes: Occupation, education, city size and learning are all defined as in the notes to Table 2 . 

HSPC is Highest Parental Social Class. See Section 2 for further details. 1st step controls include time fixed effects, age and its square. 
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orrelated with wages conditional on individual fixed effects and ob-

ervables characteristics or if it is weakly correlated with birthplace size

llowing for basic controls. The technique fully explains the change in

he birthplace coefficient that is due to all the variables included to

apture different mechanisms (i.e. parental social class, education, oc-

upation, current city size and learning), so the sum of all the shares of

he change in the birthplace coefficient is equal to one. One might also

e interested in decomposing the total effect of birthplace size (rather

han the total change in its coefficient once all control variables are in-

luded), in which case the sum of all terms in the decomposition would

e less than one if the birthplace coefficient is not driven to zero. 

Since the decomposition is based on the full specification of wages

n all controls, plus on partial regressions of the mechanism variables

n birthplace size and basic controls, results do not depend on the order

f introduction of control variables in the wage equation. On the other

and, it completely ignores potential causal influences of some vari-

bles on other variables (e.g. parental social class might have a causal

mpact on education). As a consequence, the decomposition will tend

o underestimate the importance of variables that might influence other

ariables (e.g. parental social class). 

In Table 5 below, the last row of columns (1) and (4), reports 𝛿𝑡𝑜𝑡𝑎𝑙 
he total change in the birthplace coefficient as we move from a re-

ression including only basic controls (gender and age) to a regression

ncluding full controls. For each row, columns (1) and (4) report 𝛿𝑖 the

ontribution of each mechanism variable i (or group of dummies in the

ase of HPSC, education and occupation) to the total change in the birth-

lace coefficient. Columns (2) and (5) report this as the share of each

echanism in the total change in the coefficient ( ̂𝛽𝑏𝑎𝑠𝑒 − 𝛽𝑡𝑜𝑡 ) where
̂
𝑏𝑎𝑠𝑒 is the raw birthplace coefficient of 4.2% reported in column (1)

f Table 3 and 𝛽𝑡𝑜𝑡 is the birthplace coefficient once we control for all

echanisms. In the left hand side of Table 5 , which does not include

earning, this is 2.3% from column (5) of Table 3 , while in the right

and side of Table 5 , including learning, this is 0.0, from columns (6)

f Table 3. 23 Finally, columns (3) and (6) report the decomposition of

he total effect of birthplace size. 

For comparison, column (7) shows how much of the change in the

irthplace coefficient we attribute to each set of observables if we use

nformation on the sequencing of the determinants: each row reports the

hange of the birthplace coefficient between consecutives columns of

able 3 relative to the raw birthplace coefficient ( ( ̂𝛽𝑐−1 − 𝛽𝑐 )∕ ̂𝛽𝑏𝑎𝑠𝑒 ). This

ethod naturally attributes more weight to parental social class which

s controlled for first and less weight to education that does not play a

ig role conditional on parental social class as explained in Section 4 . 

The left-hand side of Table 5 shows that, without controlling for

earning, current city size (i.e. living place) explains the biggest share
23 Results available upon request show that the decomposition is robust to in- 

trumenting for city size and learning in the first step and that first-step estimates 

re not affected by this instrumentation. 
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around one fourth) of the birthplace elasticity, which is consistent with

he existence of significant agglomeration effects combined with low

obility documented in the previous subsection. Educational attain-

ent and parental social class explain 11.6% and 7.6% of the raw birth-

lace elasticity, respectively. Occupation plays a much smaller role. 

As noted above, the decomposition tends to underestimate the im-

ortance of variables that influence other variables. As shown in Table

5 in the online appendix, education is not correlated with birthplace

ize, conditional on parental social class. But because education is more

orrelated with wages than is parental social class, the decomposition

which ignores the role of parental social class in explaining education)

ttributes education greater explanatory power for changes in the birth-

lace coefficient. In contrast, the results in column (7) impose restric-

ions on the sequencing of determinants. As parental social class likely

mpacts educational attainment, whereas the reverse is not possible, we

iew 11.6% (column 3) as the upper bound for the share of birthplace

oefficient explained by education and 3.7% (column 7) as the lower

ound. Similarly, the upper and lower bound for the share of birthplace

oefficient explained by parental social class are 16.7% (column 7) and

.6% (column 3). 

Note that, in these regressions, where we do not control for learning,

round 55% of the total birthplace coefficient is left unexplained. The

ight-hand side of Table 5 shows that controlling for learning (experi-

nce accumulated in larger cities) reduces the unexplained part of the

otal birthplace coefficient to zero. Learning itself, explains around 66%

f the total birthplace coefficient. The estimated shares of the birthplace

oefficient due to HPSC and education are quite stable when learning is

ntroduced, but the share due to agglomeration economies (current city

ize) more than halves to less than 10%, consistent with the findings of

e La Roca and Puga (2017) . 

. Conclusions 

This paper considers the link between birthplace size and wages.

e show that there is a positive correlation between birthplace size

nd wages and that the magnitude is similar to that of current city size.

 number of mechanisms appear to explain (most of) this link between

ages and birthplace size. First, birthplace size is linked to parental

ocial class so that some of the link between wages and birthplace size is

xplained by the sorting of parents. Once we control for parental social

lass, there appears to be no additional role for education. Second,

urrent city size is correlated with birthplace size creating a link from

irthplace to current location. As current city size influences wages (as

 result of agglomeration economies) the effect of birthplace on current

ity size is the second mechanism through which the effect operates.

hird, because adult learning matters, the effect on current location

rovides an additional mechanism because it determines the amount of

ime spent in large cities which increases wages via the effect of adult

earning in big cities. Inertia explains some of these findings: around

0% of workers only ever work while living in the area that they were
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Table A1 

2nd step regressions of individual fixed effects (gross total wage) on birthplace and controls (full-time 

workers only, lifetime movers). 

(1) (2) (3) (4) (5) (6) (7) 

(log) Birthplace size 0.029 ∗ ∗ ∗ 0.021 ∗ ∗ ∗ 0.022 ∗ ∗ ∗ 0.021 ∗ ∗ ∗ 0.019 ∗ ∗ ∗ 0.009 ∗ ∗ 0.009 ∗ ∗ 

(0.005) (0.004) (0.004) (0.004) (0.004) (0.004) (0.004) 

1st-step controls 

Time FE X X X X X X X 

Age, Age 2 X X X X X X X 

Occupation X X X X 

(log) City size X X IV 

Learning X IV 

2nd-step controls 

Gender, birth year X X X X X X X 

HPSC X X X X X X 

Education X X X X X 

Observations 4,393 4,393 4,393 4,393 4,393 3,839 3,839 

R-squared 0.132 0.182 0.322 0.311 0.309 0.442 0.443 

Notes: See Table 3 in the main text. 
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orn. For at least 60% of individuals, place of birth also identifies the

rea in which a person grows up. But birthplace also plays a role in

etermining the future location of movers and our results are not fully

xplained by inertia. 

Further work remains to be done on understanding the mechanisms

hat explain the link between birthplace size and labour market out-

omes and the implications for our understanding of spatial disparities.

ut, whereas the existing literature has focussed on the role of sorting

n adulthood, our results point to the importance of considering other

inds of sorting if we want to fully understand the causes and conse-

uences of spatial disparities. 
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ppendix A. Results for lifetime movers 

As discussed in the text, our main results are broadly robust to re-

tricting the sample to lifetime movers (footnote 10), although with

ome differences in the size of the overall birthplace coefficient and the

xtent to which observable characteristics explain the changes in the

oefficient. Results for birthplace size for life-time movers are reported

n Table A1 and should be compared to those reported in Table 3 of the

ain text. 
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