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Abstract 
Does the importance of your family background on how far you get in adulthood also depend on where you 
grow up? For England and Wales, a paucity of data has made this a difficult question to reliably answer. This 
paper presents a new analysis of intergenerational mobility across three cohorts in England and Wales using 
hitherto previously unstudied linked decennial census microdata. These data permit study of mobility in 
occupation, home ownership and education, at the spatial level through time. In the aggregate, there is little 
overall change in occupational mobility, but a substantial decline in home ownership mobility over the late 20th 
century in England and Wales. The picture for educational mobility is less clear, because higher education 
expanded dramatically. In terms of geographical variation, there are strong sub-regional patterns, with four main 
results emerging. First, area-level differences in upward occupational mobility are highly persistent over time. 
Second, consistent with evidence from other countries, absolute and relative mobility are positively correlated 
for all measures and particularly strongly for home ownership. Third, there is a robust relationship between 
upward educational and upward occupational mobility. Last, there is a small negative relationship between 
upward home ownership mobility and upward occupational mobility, revealing that social mobility comparisons 
based on different outcomes can have different trends. 
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1. Introduction

There is copious evidence showing life chances are affected by family background.1 

Children whose parents went to university are themselves more likely to do so, they are more 

likely to be higher earners if their parents were, and it is the same story for home ownership. 

What is far less clear, and for which there is almost no evidence for England and Wales, is 

whether the role of family background is attenuated or enhanced by the place where you grow 

up. In other words, is the link between child and parental university attendance the same in 

Liverpool as in Lambeth? If you father was a low-skilled worker does the probability that you 

become a high-skilled professional depend on whether you grew up in Oldham or Oxford? 

Such questions are both intrinsically interesting for academic research and at the same time 

crucial for policy. Internationally, England and Wales is a particularly interesting setting as it 

has significant regional imbalances. Inner West London is the richest area in Northern Europe, 

whereas West Wales is the poorest (Eurostat 2019).  

Much of the existing evidence on intergenerational mobility in the UK focuses on 

relatively small samples of individuals in longitudinal studies that follow a group of people 

born in the same week in a particular year (Blanden et al., 2004; Blanden and Machin, 2008). 

These cohort studies are infrequent, suffer from significant attrition over time and do not 

provide a large enough sample to provide estimates at anything other than the national level. 

The UK’s Social Mobility Commission (SMC) produces a social mobility index for areas each 

year, however the major components of this index focus on wages, employment, schooling, 

occupation and home ownership for all adults living in an area, irrespective of background. As 

acknowledged in Social Mobility Commission (2017), this is a limited proxy of spatial 

differences in intergenerational mobility.  

There are two recent survey-based papers investigating regional differences in 

intergenerational mobility in the UK. Friedman and MacMillan (2017) study Understanding 

Society and the Labour Force Survey to estimate rates of mobility across 19 UK areas. 

Exploiting the large sample size of these surveys, the authors find substantial differences in 

mobility across regions. While a valuable contribution, an important disadvantage of this work 

is that it is based on the individuals’ locations as adults, rather than where they grew up. This 

makes it less useful for understanding the root causes of differences in rates of mobility. It also 

uses retrospective reports of parental status, so will potentially suffer from recall error. 

1 For reviews of the economic literature on intergenerational mobility see Black and Devereux (2011). The vast 

sociology literature on the topic is discussed in Bukoki and Goldthorpe (2018) and a more populist discussion is 

given in Elliot Major and Machin (2018).   
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Similarly, Rohenkohl (2019) uses longitudinal household survey data to estimate regional 

intergenerational mobility for 12 regions of the UK. The full length of the panel is exploited so 

that recall error is not an issue, and the author is able to explore pre- and post-transfer household 

income rather than just individual labour market earnings. The paper demonstrates a strong 

North-South divide in mobility rates. However, the sample sizes available for regional 

estimates are limited, forcing a focus on highly aggregated regions. Neither of these studies are 

able to investigate changes over time. 

This paper significantly improves on both of these dimensions by using linked 

decennial census data contained in the Longitudinal Study of England and Wales (LS) to study 

much more disaggregated geographies and trends of intergenerational mobility.2 The LS data 

are a 1% sample from the decennial census and life events data. They can be structured so as 

to follow three cohorts of individuals born in 1954-63, 1964-73 and 1974-83 over time. 

Parental occupation, education and home ownership are observed when the individual cohort 

members were aged 8-17 and living with their parents. The same outcomes can be looked at 

for the cohort members when aged 28-37 in the 1991, 2001 and 2011 censuses. 

LS data have been used in the sociology literature to study broad social class mobility 

(see Buscha and Sturgis, 2018; and the earlier work of Platt, 2005, 2007, which focuses on 

ethnicity). This is the first paper to our knowledge which exploits the large sample size of the 

LS, which is an order of magnitude bigger than the traditionally used cohort studies, to generate 

sub-national estimates of intergenerational mobility. A key challenge with LS is that the census 

does not record wages or income and so it is not possible to use this common measure to look 

at intergenerational mobility. Unlike in many other countries, administrative tax datasets 

containing earnings or income data in the UK are not sufficiently developed to allow estimates 

of intergenerational mobility, though the recent availability of limited computerised income 

tax records may open up the possibility of generating such a measure in the future. Instead this 

analysis uses occupation as a measure of intergenerational mobility in the labour market, 

drawing on a measure of social stratification to rank occupations. The resulting ranking is 

intuitive and highly correlated with occupation-level wages where comparison is possible. The 

analysis also studies geographic and temporal shifts in education and home ownership cross-

generation mobility. 

2 As the census is administered separately for Scotland and Northern Ireland, these areas are excluded from this 

dataset. As of 2015, these omitted countries constitute approximately 11% of the UK population. For brevity, we 

will refer to combined estimates for England and Wales as ‘national’ results. 
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The primary contribution of this paper is in generating estimates of intergenerational 

mobility at a sub-national level, but to relate to existing work it is also able to comment on 

national trends over time. This is useful because the analysis based on LS represents a 

significant improvement on previous evidence based on small surveys, partly due to our large 

sample sizes but also because we are able to draw on a single consistent dataset over time, 

rather than multiple surveys with myriad inconsistencies in variable definition and survey 

design. Comparing the 1954-63 birth cohort against the 1974-83 cohort in 1991 and 2011, and 

using several alternative measures, occupational mobility is seen to remain broadly the same, 

consistent with existing evidence based on small surveys. There is some evidence of slightly 

increased mobility towards the top of the occupation distribution, whilst persistence at the 

bottom remains starkly constant over time.  

In terms of educational mobility, the period under study saw an explosive rise in higher 

education enrolment and degree acquisition (Blanden and Machin, 2004). This adds extra 

complications in making clear comparisons over time. Both the total share of parents with 

degrees and the total share of children with degrees increased in the study period. However, at 

the start, very few children in the first birth cohort had parents with degrees. This small select 

group then had a significantly greater chance of obtaining a degree themselves than those 

whose parents did not hold degrees. Subsequently, the UK’s dramatic higher education 

expansion starting in the late 1980s and early 1990s led to many more children of non-degree 

holders attending university, and so this leads to a high proportionate increase for this group. 

In terms of the number of times more likely the children of degree holders are to attend 

university than the children of non-degree holders, educational mobility has risen. However, 

the percentage-point gap in enrolment probabilities between the two groups actually increased, 

so by that measure educational mobility fell. Careful definition is needed here to accurately 

unpack what is going on. By contrast, the pattern for upward home ownership mobility, broadly 

defined as the likelihood of owning a home if your parents did not own a home, is clear. This 

has fallen very dramatically. Home ownership in the UK has become increasingly associated 

with parental home ownership. 

Turning to geographical differences, for most measures there are highly significant 

differences across areas. For the 1974-83 birth cohort, children born to fathers in the bottom 

third of occupations in Outer West and North West London had more than twice the probability 

of reaching the top third of occupations than similar children born in Cumbria, a rural area in 

the North West. In terms of educational achievement, almost half (45%) of children of non-

degree holders in suburban London went on to obtain degrees themselves, whereas the same 
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figure for South Yorkshire is 29%. In almost every area, children of degree holders are more 

than twice as likely to obtain degrees themselves. Home ownership mobility exhibits 

particularly strong geographical differences. In Inner London, children of renters and social 

housing tenants for this cohort had only a 29% of becoming homeowners themselves, whereas 

the children of homeowners had a 73% chance. By contrast, the figures for West Wales are 

52% and 75% respectively  

Four key insights emerge from the analysis. Firstly, the significant differences in 

upward occupational mobility across areas prove to be highly persistent over time. Second, and 

consistent with the existing literature on income mobility, absolute upward and relative 

mobility are positively correlated (this is true for all measures, but especially the case for home 

ownership mobility). Third, there is a strong link between upward educational mobility and 

upward occupational mobility, a finding that is consistent with educational attainment being a 

route to upward occupational mobility, which is an unsurprising result given the known high 

returns to university education in the UK. Finally, the geography of home ownership mobility 

is distinctly different from that based on occupation or education. Areas where children of non-

homeowners are likely to purchase a home themselves are in fact areas where upward 

occupational mobility is low. As a very clear example, London is exceptional in its rate of 

upward occupational mobility, with children from low-occupation fathers being far more likely 

to reach top occupations than elsewhere, but it scores poorly in terms of home ownership 

mobility. The broader lesson to take is that home ownership mobility need not align with 

occupational mobility. Area-level differences in intergenerational mobility are therefore multi-

dimensional, and comparisons based on a single metric alone are not necessarily the complete 

picture. 

It should also be emphasised that the estimates generated here are not to be interpreted 

as causal, and the wording is deliberately phrased to be careful to avoid such an interpretation. 

The focus of effort has been to use the best available data to rigorously generate descriptive 

measures of intergenerational mobility for multiple cohorts at the national level and across 

geographies of England and Wales over time. These descriptive estimates provide a firm 

foundation to inform future discussion of causal mechanisms underlying spatial and temporal 

differences in intergenerational mobility. The hope is that other researchers can use the 

estimates to address and test particular hypotheses on the causal mechanisms underlying the 

patterns shown in this paper. 

The remainder of this paper is structured as follows. Section 2 discusses the data, paying 

particular attention to the issue of generating numerical scores from categorical occupational 
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classifications. Section 3 discusses related literature and outlines methods on how measures of 

intergenerational mobility from the available data are defined. Section 4 contains the main 

results, first presenting the national estimates, then at the sub-national level. Section 5 

concludes by summarising the main findings and offering promising directions for future 

research. 

 

2. Data 

 

The main dataset used in our analysis is the Longitudinal Study of England and Wales 

(LS). The LS contains linked decennial census and life events data for a 1% sample of the 

population. It contains records on over 500,000 people at any point in time. Records have been 

linked at each census since the 1971 Census, for people born on one of four selected dates 

spread throughout the calendar year. These four dates were used to update the sample at the 

1981, 1991, 2001 and 2011 Censuses. Life events data are also linked for LS members, 

including births to sample mothers, deaths and cancer registrations via the National Health 

Service (NHS) number, a unique identifier held by almost all residents of England and Wales. 

New LS members enter the study through birth and immigration (if they are born on one of the 

four selected birth dates). 

Only LS members can be followed over time, not their extended family. However, in 

each census, data are provided on all individuals in the LS member’s household at the time of 

census enumeration. Importantly this means that to obtain matchable data on parental outcomes 

it is necessary to first observe the LS member at an age where they are living with their parents. 

The LS member can then be followed over subsequent years to observe their adult outcomes.  

The core sample of cohorts covers those individuals aged 8-17 in the 1971, 1981 and 

1991 censuses and who have at least one parent in the same household at this age. This 

corresponds to birth cohorts of 1954-1963, 1964-1973 and 1974-1983. The adult outcomes for 

these cohorts are measured two censuses later, when they are aged 28-37.  

As a concrete example, the 1974-1983 birth cohort are first observed in 1991 aged 8-

17. At this point data are extracted on parental outcomes – the median age of parents is 41. The 

2011 census can then be drawn upon to measure adult outcomes for the children who are at 

that point aged 28-37. This age range is selected as it is plausible that by this point, for most 

individuals, occupational maturity has been reached (Mazumder and Acosta, 2015), and most 

housing and education decisions have been made. Of course, and especially in the case of 

housing, it needs to be acknowledged that the ideal age at which to observe outcomes is 
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possibly greater than 28-37 and so robustness checks are reported also using just the older 

members of the cohort.  

Summary statistics by cohort are presented in Table 1. The baseline and follow-up ages 

for each cohort are identical. On average, at baseline the sample is 12 years old, and at follow 

up they are 32 years old. One issue to note is that fathers are less likely to be present in the 

household over time. Given this, where possible results are also shown using mothers and these 

prove to be robust. The sample size for the first two cohorts is around 63,000 and falls to 50,000 

in the final cohort. This is not due to differential attrition or other data quality issues but is 

driven by changes in the underlying cohort size in the population. 

Attrition is low, particularly when compared to cohort studies on which previous UK 

research on mobility are based. As shown in Table A1 in Appendix A, out of the 78,381 

individuals born between 1954 and 1963, it is possible to match 73,775, or 94%, to at least one 

parent in the 1971 census. 65,524, or 84%, of these individuals can be traced in the 1991 census 

when they are aged 28-37. The final sample is made up of those who can be matched to at least 

one parent and who can be identified in the 1991 census. For this cohort, this is 62,609 

individuals, or 80% of the original sample. For the 1964-73 birth cohort, the equivalent number 

is 76% and for the 1974-83 cohort it is 77%. Given these low rates of attrition and since 

censuses are mandatory, the estimates should be highly representative of the full population of 

England and Wales for each birth cohort. This is another key advantage of using census data 

rather than optional surveys. While attrition is low, it is non-random, with older men for 

example being disproportionately likely to drop out of the sample. Given this, for the national 

analysis, results are presented using attrition weights. 

The empirical analysis of intergenerational mobility focuses on three measures: 

occupation, home ownership and education. While earnings or income are not observed, the 

data contains detailed occupation codes for almost all individuals, including many not in work 

at the time of the census. Out of those with no occupation given, the majority are long-term 

unemployed or detached from the labour force. Robustness of the main results to different 

treatments of the unemployed will be considered later, but the main analysis is based upon all 

individuals who report an occupation.  

The use of occupations in intergenerational mobility studies has a rich history in 

sociology. This body of work pre-dates the more recent economics literature. Frequently, 

occupations are aggregated into broad social class measures, as seen recently applied to LS 

data in Buscha and Sturgis (2018). However, the aim here is to fully exploit the granularity of 

the occupational information. While many possible rankings are available, the analysis 
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primarily uses a prominent approach which has been generated with the classifications used in 

the England and Wales census in mind, the Cambridge Social Interaction and Stratification 

scale (Stewart, Prandy and Blackburn 1980).3 The idea behind the Cambridge scale is that 

occupational rankings can be formed by observing social interactions in the marriage market. 

Occupations are assigned scalar continuous scores based on the distribution of partner 

occupations. For example, the distributions of partner occupations for those whose own 

occupations are doctor or lawyer are close to one another, so these occupations are assigned 

similar scores. The distribution of partner occupations for farmers is quite different to that of 

lawyers or doctors, so farmers are assigned a distant score. This is performed separately by 

gender. A variety of models are used to generate such scores, and full details are given in a 

recent overview by Lambert and Griffiths (2018). 4 

The latest set of scores available from the CAMSIS project website5 are used. These 

are derived from observed partner occupation distributions in various past censuses and more 

recently the Labour Force Survey. Scores are standardized to have a mean of 50 and a standard 

deviation of 15 in the population, though ultimately we will apply a rank transformation when 

using scores. The resulting occupation ordering is intuitive. For the most recent cohort, the 

lowest ranked male occupation is street cleaner, whereas the highest ranked is natural and social 

science professionals. Each occupation’s score is allowed to change over time, reflecting the 

changing stratification of occupations according. While this approach has not been widely used 

in economics, it represents many advantages in our application and is commonplace in 

sociology (Savage et al, 2013, provide a well-known recent example).  

As earnings mobility patterns have been a topic of immense debate and policy interest, 

and are more familiar to economists, external data on wages are also integrated into the 

analysis, through producing a set of occupational wage scores. This method relates to a long 

literature in economic history that uses average income as a way to score occupations (Sobek, 

1995). The New Earnings Survey (NES), and later the Annual Survey of Hours and Earnings 

(ASHE), provide estimates of weekly wages for detailed 3-digit occupation classifications for 

the period required. These large employer reported surveys are the most reliable source of wage 

information in the UK. They are based on a 1% sample of UK workers and exclude the self-

                                                 
3 The appendix of Buscha and Sturgis (2018) presents analysis for England and Wales using Cambridge scores 

and a different model specification, finding consistent results with what we show here. In particular, they do not 

use the rank-rank specification but an OLS regression on the raw scores. 
4 Some versions of Cambridge scores use also information on employment status to form rankings, but here we 

do not. 
5 http://www.camsis.stir.ac.uk/index.html 
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employed. For each census, we assign each individual observed in LS the median weekly wage 

for their gender-occupation cell from NES/ASHE.  

It is intuitive to think of this simply as a way of ranking occupations by their market 

price rather than trying to impute earnings to cohort members (and their parents), especially 

since occupation is only one relevant component of an individual’s wage. However, cross-

section wage regressions using Labour Force Survey data show that 3-digit occupation 

dummies individually explain 40% of the variation in wages compared to 15% for education, 

2% for locality and 25% for industry.6 Therefore, it is plausible that geographical patterns in 

wage-ranked occupation measures are similar to those based on actual wage data. 

A disadvantage of this strategy is that census occupations are not well-aligned with 

those used in the NES and ASHE. This means analysis has to be restricted to occupations for 

which there exists a high-quality match, which limits the sample. Hence, this wage information 

is not used when estimating geographical differences in mobility, but only for national 

estimates.  

The two occupation-based measures used at the national level can be seen as 

complementary. The Cambridge score is derived from the marriage market, so changes over 

time to the matching of partners will affect rankings. Unlike the wage-based measures where 

there is an unsolvable issue of inconsistent occupation coding, all individuals with an 

occupation code can be assigned a Cambridge score. This is vital to achieving the number of 

observations required for the sub-national analysis. There are several occupations with low 

wages but high Cambridge scores, good examples being artists and musicians. Ultimately, as 

discussed in Blanden, Gregg and MacMillan (2013), the Cambridge score is attempting to 

measure something fundamentally different from economic resources. Nonetheless, it is highly 

correlated with wages. For the most recent birth cohort, the correlation between occupational 

wage percentile rank and Cambridge score percentile rank is .80. Figure A1 in the appendix 

shows this relationship graphically. While choices of occupation measures make international 

comparisons difficult, they should be valid for comparisons over time and particularly across 

geographies, and that the discussion here suggests them to be closely related to more natural 

measures of mobility based on observed incomes. 

The census education question changes across years and this restricted the focus to 

whether the cohort member (and either of their parents) have at least a first degree or not, as 

this is consistently measured. For individuals living with a single parent, the education of only 

                                                 
6 Own calculations from the 2017 UK Labour Force Survey.  
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that parent is used. Fortunately, there is extensive evidence to show that this distinction is an 

important one in terms of the labour market benefits to educational attainment – the wage 

premium for a degree relative to leaving school with no qualifications was 103%, whilst the 

premium for an additional two years of schooling (getting A levels versus no qualifications) 

was only 28% according to calculations from the Labour Force Survey.7 

Home ownership measures whether the individual owns their home, compared to 

renting or living in public housing. The analysis does not distinguish between whether the 

home is owned outright or with a mortgage, nor whether the property is freehold or leasehold. 

A small number of observations said to be ‘living rent free’ or in ‘communal establishments’ 

are excluded. These make up fewer than 1% of all observations. 

While lower-level geographies are available in the census data, to obtain a reasonable 

sample size within each area the analysis primarily relies on the European Union’s standard 

geographical classifications (NUTS), which are built on the lower-level local authorities. The 

main analysis is performed at the NUTS2 level, of which there are 35 in England and Wales. 

Importantly, due to internal migration, this will not necessarily be the area in which their adult 

outcomes aged 28-37 ae observed. As is common in this literature, ‘movers’ and ‘non-movers’ 

are not distinguished, although future work intends to explore this dimension.  

 

3. Related Research and Methods 

 

Related Research 

 

In addition to the UK literature cited in the introduction, this paper adds to the growing 

set of papers on the geography of opportunity spearheaded by the seminal US work of Chetty, 

Hendren, Kline and Saez (2014). They find, as does this paper, substantial geographic 

differences in upward mobility. Additionally, they show that high mobility areas have less 

residential segregation, less income inequality, better primary schools, greater social capital 

and greater family stability. In subsequent work Chetty and Hendren (2018a, 2018b) generate 

causal estimates of the impact of neighbourhoods on intergenerational mobility by exploiting 

family moves from one area to another that occur at different ages for different children within 

a family. They find that much of the difference in mobility rates across the US are indeed due 

to causal area effects rather than being driven by sorting. This study is not able to replicate 

their research design given the challenging data requirements, however their results are 

                                                 
7 Own calculations from the 2017 UK Labour Force Survey.  
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promising for the interpretation of our estimates as being attributed to differences in 

environment, rather than unobservable differences in individuals. 

As this study does, several papers look further back and so are able to investigate the 

persistence of regional differences in mobility in the US. Focusing on educational attainment 

rather than income, Card, Domnisoru and Taylor (2018) use the 1940 census data to examine 

the intergenerational transmission of human capital for children born in the 1920s. They find 

lower average mobility rates for blacks than whites and, consistent with Chetty et al, wide 

variation across states and counties. Perhaps the most striking result in their paper is the strong 

positive correlation between education mobility for the 1920s cohort and income mobility for 

the 1980-83 cohort as measured by Chetty et al. across the counties of the US. In contrast, Tan 

(2018) also considered the early 20th century experience using census data, finding that the 

geography of mobility looks somewhat different to today.  

Other studies have investigated geographical differences in intergenerational mobility 

in Sweden (Heidrich, 2017), Norway (Butikofer, Dalla Zuanna and Salvanes, 2018), Canada 

(Corak, 2019), Australia (Deutscher and Mazumder, 2019) and Italy (Acciari, Polo and 

Violante, 2019). Relative to the tax data used in these papers, the census data studied here offer 

a longer time series and a wider set of measures, though the sample is smaller, and lacks the 

detailed income and labour market data many of these studies have access to. Given the current 

efforts to create longitudinal links in recent US censuses (Alexander, Gardner, Massey, and 

O’Hara, 2015), the lessons from our census-based study ought to be particularly relevant for 

the US setting, where it is likely that similar data will be made available soon. 

Methods 

 

This section briefly discusses methods used to generate measures of intergenerational 

mobility across the three components. They are standard in the literature and so the interested 

reader is referred to more in-depth discussions where appropriate. 

The main measure for intergenerational occupational mobility is the rank-rank 

relationship first used in Dahl and DeLeire (2008) and popularized by Chetty et al (2014). 

Ranks are calculated based on the Cambridge scores discussed in the section above, rather than 

using more common measures of income or earnings. Each individual is assigned a percentile 

rank based on their position in the national occupational distribution for their cohort and ranks 

for each parent are calculated equivalently. As Cambridge scores are not comparable between 

men and women, this is calculated separately for each gender. For example, a rank of 70 

assigned to a father in a birth cohort means that 70% of fathers work in occupations that are 
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ranked lower than this particular father’s occupation. In the remainder of the text these are 

referred to as occupational ranks. On the parent side, father’s occupation is used as it has fewer 

missing values, particularly for early cohorts. For the national estimates, as shown below, the 

results are similar if mother’s occupation is used instead. 

For each cohort a linear model relating child rank (𝑅𝑖) to parent rank (𝑃𝑖) is: 

 

𝑅𝑖 =  𝛼 + 𝛽𝑃𝑖 + 𝑢𝑖 (1) 

 

In (1), the intercept 𝛼 reflects the average rank of those with parents at the very bottom of the 

occupation rank distribution, whereas the slope 𝛽 reflects the average increase in child rank 

associated with a one-rank increase in parent rank. Higher values of 𝛽 reflect lower rates of 

relative mobility. In the results, the rank-rank intercept estimates will be denoted by �̂�𝑂𝐶𝐶 and 

the slope estimates by �̂�𝑂𝐶𝐶. 

A key advantage of the rank-rank model is that it suits sub-national analyses well. The 

regression is run separately on individuals in each geographical area, and consistent with the 

literature ranks always being defined relative to the national distribution. In the literature, �̂�𝑂𝐶𝐶 

is typically interpreted as a measure of absolute mobility and �̂�𝑂𝐶𝐶 as a measure of relative 

mobility.  

A second commonly used measure of absolute upward mobility at the sub-national level 

is the expected rank, according to the above regression, of children whose parents are at the 

25th percentile of the distribution. Across areas, this is then the average occupational rank of 

those whose fathers are close to the bottom of the occupational distribution. For comparison, 

the expected rank of those whose parents are at the 75th percentile can be computed. These 

expected ranks are denoted by �̂�25 and �̂�75 respectively.8 

 To complement the rank-rank analysis, transition matrices are also presented. These 

impose less structure on the modelled relationship than the rank-rank model. There are many 

different ways of quantifying dependence in transition matrices (Jäntti and Jenkins 2013). The 

main measure used here is the Immobility Ratio (IR), which is given by the proportion of all 

observations found on the leading diagonal of the transition matrix. The focus is placed on the 

outcomes of cohort members who start in the bottom group, as is typical in the literature. 

The above measures use the Cambridge score. As emphasized in the section above, 

there is also value in producing national-level estimates based on median wages within 

                                                 
8 Consistent with the literature, control variables are not included. 
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occupation. This can be referred to as the occupational wage. As there are many observations 

that cannot be assigned an occupational wage, the rank-based methods above are not 

appropriate. Instead, occupational wage information can be used to estimate a log-log 

regression model relating each individual’s occupational wage 𝑊𝑖 to their parents’ 

occupational wage 𝑊𝑖
𝑃: 

 

𝑙𝑛𝑊𝑖 = 𝛼 + 𝛽𝑙𝑛𝑊𝑖
𝑃 + 𝑋𝑖 + 𝜖𝑖 (2) 

 

Where appropriate control variables, 𝑋𝑖, are included in the specification. While not directly 

comparable as it uses occupational wages rather than actual earnings or income, this 

specification is closer to the traditional approach in economics of estimating intergenerational 

income elasticities. However, as sample sizes become small, elasticities are not produced at the 

sub-national level. At the national level the occupation wage elasticity results are presented 

alongside those based on Cambridge scores, as a comparison of the two is instructive. 

Degree attainment and home ownership are binary variables for both parent and child. 

At the national level, linear probability and logit models were estimated. Intercept estimates 

from these models, given by �̂�𝐿𝑃𝑀
𝐷𝐸𝐺, �̂�𝐿𝑂𝐺

𝐷𝐸𝐺, �̂�𝐿𝑃𝑀
𝐻𝑂𝑀𝐸 and �̂�𝐿𝑂𝐺

𝐻𝑂𝑀𝐸 can be thought as indicators of 

upward mobility, since they reflect the probability of individuals who start in the ‘low’ state 

moving to the ‘high’ state. The slope estimates, again denoted by �̂� with the analogous sub and 

super scripts, reflect relative mobility. When the base levels, for example the probability of 

obtaining a degree for those whose parents did not have a degree, are close to zero, the two can 

give quite different results. The logit coefficients reported are interpreted as the effect of having 

a parent in the ‘high’ state (for example with a degree) on the log-odds of reaching the same 

state yourself. If a group initially has a probability of close to zero of obtaining some outcome, 

even a small percentage change in that probability will correspond to a large coefficient. This 

matters for comparisons of educational mobility, but not for home ownership. For subnational 

comparisons, the linear probability model estimates are used, which in that setting are almost 

identical to the logit estimates. 

 

4. Results 

 

National Results 

 

The starting point is to show aggregate results for the various measures of mobility and 

where possible to compare them with extant estimates in the literature, both for Britain and for 
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other countries. After that results are presented about the key contribution of this paper – the 

geography of mobility in England and Wales. 

Figure 1 shows binned scatter plots of child occupation rank on father occupation rank 

for each cohort. Each point represents the average occupational rank of fathers and children 

within one of 40 quantiles of the father occupation rank distribution. There is a strong positive 

relationship that is approximately linear for all three cohorts, perhaps with a slight convexity. 

The graphical evidence presented in Figure 1 presents a justification for the linear specification 

adopted in the rank-rank regressions, the results of which are given in Table 2. Looking at the 

first column, the slope coefficient estimate for the 1954-63 birth cohort is 0.36, meaning that a 

one unit increase in father occupation rank corresponds to 0.36 increase in own occupation 

rank. For all periods, the relationship is stronger for men. The estimated slope in the final birth 

cohort is slightly lower at 0.32, suggesting a small increase in mobility. This is consistent with 

previous work of Buscha and Sturgis (2018) as well as the longer-term historical evidence 

shown in Lambert, Prandy and Bottero (2007). The result holds for both genders combined and 

each gender individually. Table A2 in the appendix shows this is robust to attrition weights, 

dropping the unemployed and using mother rather than father occupational rank. The estimate 

of 0.32 sits just below the US income rank-rank estimate of 0.34 reported in Chetty et al (2014), 

and above the most comparable UK earnings estimate of 0.27 found in Rohenkohl (2019). 

While the parametric rank-rank model provides a single tractable estimate of mobility, 

a more detailed picture is shown in Table 3 which presents quintile transition matrices. The 

Immobility Ratio (IR) is .29 in the first cohort, meaning that 29% of the mass falls on the 

diagonal in the first cohort. If there were no dependence, this would be 20%. The IR falls 

slightly to .28 in the final cohort. In the final cohort individuals are marginally less likely to 

end up in the same occupation rank quintile as their father, consistent with the rank-rank 

analysis. However, inspecting the outcomes of those at the bottom of the distribution, the 

probability of those who start in the bottom quintile remaining in the bottom quintile is broadly 

unchanged, moving from 32.4% to 32.7%. Persistence at the bottom is remarkably stable over 

time. The same is true for those in the second-lowest quintile.  

In contrast to the bottom, there is an increase in churn at the top. Top-quintile 

persistence has fallen from 36.4% to 34.2%, with those from all other four quintile groups now 

more likely to reach the top. The probability of a child from the bottom quintile of occupations 

reaching the top quintile is 8.6% for the first cohort, increasing to 9.7% in the final cohort. In 

terms of cross-country comparisons, using tax data Chetty et al. (2014) report a value of 7.5% 

for the bottom-to-top quintile transition probability, whilst figures for Denmark (Boserup, 
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Kopczuk and Kreiner, 2013) and Canada (Corak and Heisz, 1999) are 11.7% and 13.4% 

respectively. Whilst it is necessary to exercise caution in comparing transition matrices based 

on household income or labour market earnings with the estimates based on occupational 

rankings, the bottom-to-top transition probability sits between the low rates of the US and the 

higher rates in Denmark and Canada. This is consistent with previous cross-country 

comparisons of mobility rates such as Blanden, Gregg and Machin (2005). 

Table 4 shows the occupational wage elasticity estimates for each cohort. The sample 

sizes are significantly lower than those for the occupation-rank regressions as it is not possible 

to impute wages for all occupations, and this problem is particularly severe for the earliest 

cohort. For both men and women there is a common pattern of a statistically significant rise in 

the estimate (a fall in mobility) for the middle cohort, followed by a decline to a marginally 

lower elasticity than that of the earliest cohort. Overall then, the first to last cohort change is 

similar to that found using occupation ranks and is significant at the 10% (but not the 5%) 

level.  

One advantage of creating such elasticities is that they are more directly comparable to 

those produced in previous UK work. Previous studies of intergenerational mobility in the UK 

have focused on specific cohort studies that follow all children born in a particular week 

through their childhood and adult life. The two most studied datasets are the 1958 National 

Child Development Study (NCDS) and the 1970 British Cohort Study (BCS). The first two LS 

cohorts studied here include these birth years and so it is possible to compare with published 

results from these studies. For the final cohort, studies have used the British Household Panel 

Survey (BHPS) which covers the more recent cohort but has fewer observations for a given 

cohort, so more pooling over cohorts is required.  

Two points should be borne in mind when undertaking these comparisons. First, the 

NCDS and BCS are both small samples – the useable sample with information on both parents 

and children tends to be around 2,000 for each survey. This is the key reason why these 

commonly used datasets cannot address questions of geographical variation in mobility. 

Second, most studies focus on overall household income whereas the LS results are closest in 

spirit to labour income elasticities. 

Blanden and Machin (2008) report estimates of the elasticity for sons and fathers from 

the 1958 and 1970 cohorts. Their estimates are 0.21 and 0.33 respectively, suggesting a 

significant rise in the estimated elasticity. Though the magnitudes are significantly lower, this 

is consistent with the LS trend going from 0.35 to 0.40 between the 1954-63 and 1964-73 

cohorts. Rohenkohl (2019) uses the BHPS to estimate this elasticity for the cohorts born 
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between 1973-1991, approximately coinciding with our 1974-83 birth cohorts. She estimates 

an elasticity of 0.27 using household income and 0.32 using labour income, almost identical to 

the estimate here of 0.33.  

To summarise the national occupational mobility results, using occupational ranks 

derived from Cambridge scores, mobility has been broadly flat across birth cohorts. There is 

some evidence of more churn at the top of the distribution, but persistence at the bottom is 

unchanged. Using occupation wages, there is little overall change. Interestingly, and consistent 

with other work, there is a one-time fall in mobility between the 1954-63 and 1964-73 birth 

cohorts. That this is not detected in our Cambridge score analysis is interesting and consistent 

with previous comparisons of occupation and wage-based measures, as discussed in Blanden, 

Gregg and MacMillan (2013). 

Table 5 reports mobility estimates for degree attainment for both the logit and the LPM 

specification. For this outcome, there is a clear difference between the two. Between the first 

and second cohorts, the logit slope falls from 2.295 to 2.048, and this change is highly 

significant, corresponding to an increase in mobility. The LPM slope on the other hand 

increases from 0.40 to 0.45. Between the second and third cohorts, neither model shows a 

significant change in mobility. As already remarked, the divergence between the two measures 

in the early period is driven by the fact that the probability of obtaining a degree for children 

of non-degree parents in the earliest period was exceptionally low. Even a small increase 

corresponds to a large change in log-odds for this group relative to those whose parents had 

degrees, which corresponds to a substantial fall in the logit coefficient. On aggregate, for the 

first cohort, only 4% of parents had a degree and 11% of the children. For the second, these 

figures rose to 8% and 23%, and for the final cohort, 11% and 40% respectively.  

The early part of the large expansion in UK higher education, according to one measure, 

actually increased the link between parent and child university education, almost guaranteeing 

a university education for those whose parents received one. Furthermore, both measures are 

in agreement that between the 1964-73 and 1974-83 birth cohorts there was no change to degree 

mobility despite a near doubling of the probability of university attendance. Children of degree 

holders in the most recent cohort now have an 80% probability of going to university, compared 

to a probability of 35% for those whose parents did not attend university. The gap between the 

raw probability of a child getting a degree if at least one of the parents did have a degree 

compared to if they did not actually rose from 0.40 to 0.45, but the ratio of the probabilities 

between the two groups declined. In Appendix Table A3 this is shown to be robust to attrition 

weights and restricting to the older sample members. 
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Table 6 shows the results for home ownership. There has been a large and statistically 

significant fall in intergenerational mobility across the cohorts – home ownership among 

children has increasingly depended on the home ownership of their parents. The LPM slope 

estimate is 0.189 for the first cohort, increasing to 0.217 for the middle cohort and 0.305 for 

the final cohort, and the logit slope shows the same pattern. This means that for the latest 

cohort, children of homeowners are more than 30 percentage points more likely to own their 

home than children of non-homeowners. 

Inspecting the summary statistics in Table 1, those born in the late 1950s were 

significantly more likely to own their homes than their parents, but for those born in the late 

1970s the opposite is true, with home ownership rates falling below 70%. The mobility 

estimates reveal that this drop was disproportionately felt by those whose parents did not own 

a home. For the first cohort, 67% owned their own home even if their parents did not, whilst 

this had dropped to 43% for the last cohort. For those whose parents owned a home, the drop 

was from 85% to 74%. While home ownership rates have fallen for both groups, they have 

fallen most rapidly for those whose parents did not own their home. Again, in Appendix Table 

A4 these conclusions are shown to be robust to attrition weights and restricting to the older 

sample members, which potentially may have been more important for housing outcomes. 

Blanden and Machin (2017) provide evidence on home ownership mobility using the 

two cohort studies referred to above. Using the same empirical approach to that used here, they 

find that the LPM slope coefficient goes from 0.140 for the 1958 cohort to 0.217 for the 1970 

cohort. This is a somewhat larger change in the estimates for the first two cohorts (though their 

estimates are for when the children are aged 42), but again point to a clear decline in mobility 

along this dimension. The evidence here covers an additional later cohort, showing that this 

decline accelerates. 

 

Sub-national Results: The Geography of Mobility 

 

Moving to geographic intergenerational mobility, sub-national NUTS2 level estimates 

are next considered. These areas all have a population of at least 800,000 individuals. In the 

data, the average sample size of 1,689 observations per area, ranging from a minimum of 306 

to a maximum of 3,903. The full set of NUTS2-level estimates are given in Table A5 in 

Appendix A and are plotted along with standard errors in Figures A2, A3 and A4.  

There are some important considerations when interpreting these spatial results. The 

regressions do not control for other characteristics which may differ across individuals in areas. 
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Thus when interpreting occupational mobility estimates, for example, it is important to bear in 

mind that there are a likely to be other features of parents which could explain differences, for 

example immigrant status. The aim here is to generate summaries of potentially complex 

mechanisms underlying associations between parents and children, and to discuss how these 

summaries relate to one another and how they change over time. This can be seen as a necessary 

first step which can prompt future work on understanding why there are differences across 

areas, whether this is due to unobserved features of parents, or due to policy, peers or other 

differences in environment. For income mobility in the US, Chetty and Hendren (2018a, b) 

followed up their earlier, highly influential descriptive work by convincingly demonstrating 

that much of the regional differences are the result of causal area effects rather than selection.  

First, consider occupational mobility. Figure 2 shows a choropleth map of the NUTS2 

estimates for upward occupational mobility, as given by the expected occupational rank of 

children of fathers at the 25th percentile of the national occupation distribution (�̂�25). Figure 

2A shows the results for the first cohort, born 1954-63, and Figure 2B for the most recent 

cohort, born 1974-83 with darker shades corresponding to greater upward mobility. A strong 

geographical pattern is evident in both graphs.  

More specifically, in the first map, a striking contrast can be seen between the five 

NUTS2 areas of London, towards the South-East corner of the map, and everywhere else in 

the country. The area with the highest upward occupational mobility for the 1954-63 birth 

cohort, Inner West London, has an estimate of 49.6. This means that children from the 25th 

percentile occupation rank on average end up at the median occupation rank for the country. 

Children born to low-ranked occupation fathers in Inner West London suffered no occupational 

disadvantage relative to the national average. In terms of transition probabilities, children in 

Inner West London starting in the bottom tercile of the occupation distribution had a 28% 

chance of reaching the top tercile. The lowest scoring area, East Anglia, has an �̂�25 of 36.9, 

and children growing up in the bottom tercile there had only a 16% chance of reaching the top 

tercile. 

Figure 2B shows a similar geographical pattern to Figure 2A, with London still standing 

out as the most upwardly mobile area in terms of occupation. The correlation between the 

1954-63 and the 1974-83 estimates of �̂�25 is 0.69, as shown in Table 7. This corresponds to a 

high degree of persistence in mobility, consistent with the US evidence discussed previously. 

The range of estimates is slightly greater than the early cohort, with an �̂�25 for Cumbria of 36.0 

and the �̂�25 for London (Outer W/NW) of 51.0, though this is driven by the latter area being 
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an outlier. Children growing up in Outer West and North West London in the bottom tercile of 

occupations had a 32% chance of reaching the top tercile, relative to a 12% chance in Cumbria. 

Children of low-occupation fathers in the suburbs of London are more than twice as likely to 

reach the top occupations than children from similar fathers in the North West.  

The choropleth maps are suggestive of some convergence between the rest of the 

country and London. Colour bins in these maps are fixed intervals, so the swathe of middle-

shaded areas in the later map suggests that there has been some catch up of areas outside 

London, particularly in the South. Outer West and North West London however remains a 

significant outlier and there is a clear overall North-South divide. 

These results echo those from Chetty et al. (2014), finding that mobility tends to be 

higher in suburban areas outside of major population centres. Interestingly, Inner London was 

upwardly mobile in the mid 20th century, but mobility had declined substantially by the 1970s 

and 1980s birth cohorts. This is consistent with the results of Friedman and MacMillan (2017), 

who also find low mobility in Inner London, though their analysis is based on current residence 

rather than place of birth. 

In terms of relative mobility �̂�𝑂𝐶𝐶 (not mapped), there is quite significant spatial 

variation, with estimates ranging from .26 in Essex to .42 in Inner West London for the most 

recent cohort. There is almost no persistence in relative mobility. These are estimated less 

precisely than the intercepts and it is not possible in statistical terms to reject the null hypothesis 

of equality. Nonetheless, consistent with Chetty et al (2014), we find a strong positive 

correlation between absolute and relative occupational mobility, reflected by the negative 

association between the intercept estimates (higher meaning more absolute mobility) and slope 

estimates (lower meaning more mobility). Table 8 shows that for the most recent cohort, the 

correlation between �̂�𝑂𝐶𝐶 and intercept �̂�𝑂𝐶𝐶 is -0.57, and between �̂�𝑂𝐶𝐶 and �̂�25 is -0.34. 

Table 9 shows that in terms of changes in mobility estimates over time this relation is 

particularly strong, increasing to -0.90. Areas where children of low-occupation fathers do well 

are those for which relative occupational mobility is highest. Returning to the correlations for 

the most recent cohort, while the correlation of �̂�25 and �̂�75 is very high at 0.8, the variance 

and range of �̂�75 are both marginally lower than those for �̂�25. This can be read as evidence 

that areas matter more for those towards the bottom of the occupation distribution. This will be 

returned to when discussing home ownership mobility, where the evidence is far stronger. 

Moving to estimates of education mobility, geographical patterns of upward degree 

mobility for the most recent cohort are shown in Figure 3. It shows the LPM intercept �̂�𝐿𝑃𝑀
𝐷𝐸𝐺, 
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which has the convenient interpretation of being the share of those whose parents do not have 

degrees obtaining degrees themselves. Logit models give almost identical estimates, so these 

are not presented. Whilst the specifications do not include controls, estimates are essentially 

unchanged by their inclusion. Again, Outer West and North West London stands out as being 

exceptionally upwardly mobile. For those born between 1974 and 1983 in this area, 45% of 

children of non-degree holders went on to obtain degrees themselves. The figure for the lowest-

ranked area on this measure, South Yorkshire is 29%. The null hypothesis of equality of �̂�𝐿𝑃𝑀
𝐷𝐸𝐺 

estimates can be rejected at the 1% level.  

Comparing the most recent cohort to the 1954-63 birth cohort, there is again strong 

persistence, with a correlation of 0.71, similar to the occupation results. This is perhaps 

surprising, given the large expansion in higher education that came over this period. Areas 

which were successful in sending children of non-university-educated parents to university in 

the early cohort were also those which were successful at doing so in the final cohort. In terms 

of slope coefficients �̂�𝐿𝑃𝑀
𝐷𝐸𝐺, in contrast to the occupation results, there are now statistically 

significant differences, shown in Figure 4. Inner London stands out here as having a 

particularly high �̂�𝐿𝑃𝑀
𝐷𝐸𝐺 estimate. In Inner West London, children of parents with degrees have 

a 55-percentage point higher chance of going to university than children of parents without 

degrees. Again, relative and absolute mobility are positively correlated, but the correlation is 

weak at -0.18. 

Comparing occupation and education mobility, there is a strong relationship between 

�̂�𝐿𝑃𝑀
𝐷𝐸𝐺 and �̂�𝑂𝐶𝐶. Table 8 shows a correlation of 0.54. This is unsurprising, given that degrees 

yield high wage returns in the UK, and are necessary to reach many of the top occupations. 

Table 9 shows that the relationship is also true over time. Comparing changes in upward 

occupation mobility and education mobility over time between the first and last cohorts, areas 

which became more upwardly mobile in terms of education also saw greater increases in 

upward occupation mobility, with a correlation of 0.37. As discussed in Chetty et al (2014), 

this relationship suggests that upward mobility in the labour market may be more about 

childhood environment rather than local labour market conditions. The correlation between 

relative education and occupation mobility is positive, but somewhat weaker. In addition, the 

strong relationship between upward education and occupation mobility suggests that 

comparisons based on upward education mobility may be reasonably accurate proxies for 

upward occupation or wage mobility. Given the less stringent data requirements for generating 

education mobility measures, this is potentially a very useful result. 
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Having discussed occupation and education mobility and demonstrated a strong link 

between the two, the geography of home ownership mobility can be considered. Figure 5 shows 

�̂�𝐿𝑃𝑀
𝐻𝑂𝑀𝐸 for the 1974-83 birth cohort. There is very substantial variation, with Inner West 

London seeing a low estimate of 29%, and West Wales at the other end of the distribution with 

52%. Areas in the North and particularly in Wales have high rates of upward home ownership 

mobility, whereas the London areas all receive low estimates. 

Figure 6 shows the map of the home ownership slope estimates, �̂�𝐿𝑃𝑀
𝐻𝑂𝑀𝐸. The map is 

almost the inverse of �̂�𝐿𝑃𝑀
𝐻𝑂𝑀𝐸, reflecting an exceptionally strong positive relationship between 

upward absolute home ownership mobility and relative home ownership mobility. In Inner 

West London, children whose parents own their home are 44 percentage points more likely to 

own a home themselves than those whose parents do not. In West Wales, the gap is only 22 

percentage points. The probability of owning a home conditional on parental home ownership 

(�̂�𝐿𝑃𝑀
𝐻𝑂𝑀𝐸 + �̂�𝐿𝑃𝑀

𝐻𝑂𝑀𝐸) has a far lower range than �̂�𝐿𝑃𝑀
𝐻𝑂𝑀𝐸, from 66% in Cornwall to 80% in Outer 

West / North West London. In other words, geography matters more for those whose parents 

do not own a home than for those whose parents do own a home.  

That geography matters more for non-homeowners than homeowners is, as far as we 

know, a novel result. While it is not possible with the available data to directly inspect the 

mechanisms, many of the areas with low upward mobility in home ownership have high house 

prices (notably around London), having experienced rapid house price growth in the 1990s and 

2000s. In these areas, assuming no migration, children of home owners may be able to rely on 

family wealth to purchase a home, whereas children of non-homeowners are unable to get a 

foot on the housing ladder.  

Area-level estimates of home ownership mobility are less persistent over time than 

shown above for occupation and education, as shown in Table 7. This is again consistent with 

a strong role of house prices. The house price growth experienced in the 1990s and 2000s was 

disproportionately felt in certain areas and led to a significant change in the geography of house 

prices, with many ex-industrial areas seeing house price falls over the same period. 

Table 8 shows that the correlation between �̂�𝐿𝑃𝑀
𝐻𝑂𝑀𝐸 and �̂�𝑂𝐶𝐶 is small and negative at -

0.157. As home ownership is a key component of wealth, this is suggestive that regional 

differences in either occupation or education mobility may not reflect differences in wealth 

mobility. Many of the correlations between housing mobility and other measures are driven by 

London, which tends to be located at either end of the range of estimates. London might be a 



 21 

fantastic place for less privileged children to grow up in terms of reaching high status 

occupations themselves, but they have little chance of getting a foot on the housing ladder.  

 

5. Discussion and Conclusion 

This paper presents new estimates of trends and geographical differences in rates of 

intergenerational mobility in England and Wales over the mid to late 20th century. Comparing 

a cohort born in 1954-63 to the cohort born 20 years later, national-level results point to little 

overall change in occupation mobility, with some increases in churn at the top of the 

distribution, but little change at the bottom. In terms of educational mobility, the huge 

expansion in higher education did lead to more first-in-family degree holders, but particularly 

between the 1964-73 and 1974-83 birth cohorts did not clearly improve educational mobility. 

While many children of non-degree holders were able to study at university, children of degree 

holders were still far more likely to attend university in the final cohort, and by some measures 

this gap has increased. In terms of home ownership mobility, the picture is very stark. The 

probability of owning a home if your parents did not own a home has plummeted over the 

period. Home ownership now is far more dependent on whether your parents owned a home or 

not.  

The geographical analysis, the most detailed yet for England and Wales, points to 

significant differences in intergenerational mobility across areas. Here, there are four main 

academic contributions. The first is that differences in upward occupational mobility are 

strongly persistent over time. This is perhaps surprising given that there were significant 

changes over the period. The industrial make-up of the country changed dramatically, with 

some areas being hit particularly hard by the decline of manufacturing, mining and fishing. 

While some areas saw industrial decline, the ‘big-bang’ in the 1980s led to London becoming 

a major global financial centre. Despite this, in general the upward mobility hotspots for those 

born in the late 1970s were the same as for those born in the late 1950s. 

 Second, across all measures, absolute and relative mobility are positively correlated. 

While true for occupation and slightly less so for education, the relationship is strongest and 

interpretation clearest for home ownership. In terms of probability of purchasing a home, area 

matters significantly more for children of non-homeowner parents. Previous studies have 

shown the equivalent result for income, and the evidence here suggests that heterogeneous area 

effects could be even more important for the understanding of wealth mobility. 

Third, there is a strong relationship between upward education and upward occupation 

mobility. While the current analysis cannot show this is causal, it at least suggests that proxies 
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for occupation or wage mobility based on education measures may be valid. This is particularly 

useful for countries with less-developed historical administrative tax datasets. Finally, the 

finding that upward home ownership mobility and upward occupation mobility are weakly 

negatively correlated is novel and potentially important for the way researchers and policy 

makers frame geographical differences in mobility. Areas which score highly on an occupation 

or wage-based measure of mobility may poorly on home ownership mobility, which can be 

considered a proxy for wealth mobility. Unless one is willing to make value judgements on the 

relative importance of various dimensions of mobility, it will generally be difficult to rank 

areas in terms of overall mobility.  

To conclude, the focus of the paper has been to generate consistent and robust estimates 

of geographical mobility for different areas of England and Wales. A particular emphasis is 

placed on the comparison of London and elsewhere. Inspired by the recent US experience, in 

which initial descriptive work led to ample secondary analysis to inspect for causality, this 

offers a first step towards a greater understanding of intergenerational mobility in the UK. In 

terms of future work, one promising direction would be to use the regional changes in mobility 

rates over time and to consider reforms which affected areas to different degrees. Secondly, the 

analysis of the paper does not differentiate between ‘movers’ and ‘stayers’. In low upward 

mobility areas, do those individuals who stay as adults have the same poor outcomes as those 

who move away? As a future line of investigation this would be valuable for enhancing 

understanding of why the place where people grow up seems to matter so much for later 

outcomes. 
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TABLE 1. SUMMARY STATISTICS BY COHORT 

 

  

1954-1963 

 

1964-1973 

 

1974-1983 

 

 

Baseline 

Female (%) 

Age at baseline 

White (%) 

1st gen immigrant (%) 

2nd gen immigrant (%) 

Missing mother (%) 

Missing father (%) 

Age of mother at baseline 

Age of father at baseline 

Parent homeowner (%) 

Parents have degree (%) 

Mother has degree (%) 

Father has degree (%) 

 

Follow-up 

Age at follow up 

Owns house at follow up (%) 

Degree at follow up (%) 

 

Number of observations 

 

 

49.9 (50.0) 

12.3 (2.9) 

97.3 (16.2) 

3.4 (18.1) 

 

1.7 (13.0) 

7.0 (25.6) 

40.4 (6.8) 

43.3 (7.3) 

48.8 (50.0) 

4.1 (19.7) 

0.8 (9.1) 

4.0 (19.7) 

 

 

32.3 (3.1) 

75.6 (43.0) 

10.6 (30.8) 

 

62,609 

 

 

48.4 (50.0) 

12.7 (2.9) 

95.5 (20.7) 

3.2 (17.6) 

9.1 (28.8) 

3.0 (17.0) 

10.1 (30.1) 

39.6 (6.7) 

42.4 (7.5) 

63.6 (48.1) 

8.3 (27.6) 

2.9 (16.8) 

7.9 (27.0) 

 

 

32.7 (3.6) 

76.0 (42.7) 

22.7 (41.9) 

 

63,217 

 

 

48.6 (50.0) 

12.5 (2.9) 

91.5 (27.9) 

3.3 (17.9) 

11.3 (31.7) 

2.1 (14.5) 

14.1 (34.8) 

39.4 (5.9) 

42.2 (6.8) 

75.5 (43.0) 

11.3 (31.7) 

4.4 (20.5) 

11.2 (31.5) 

 

 

32.5 (3.1) 

66.7 (47.1) 

39.7 (48.9) 

 

50,416 

 
 

Notes:  Statistics are based on the core sample of 8-17 years-old at baseline year who were successfully 

followed up two censuses later and matched with at least one parent. Values correspond to means and 

percentages, depending on the variable. Actual number of observations used to compute average may 

be lower due to missingness. Standard errors in parentheses. 1st gen immigrant not available for first 

cohort. Source: ONS LS   
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TABLE 2. OCCUPATION RANK-RANK ESTIMATES 

 

 1954-63  1964-73  1974-83 

 (1) (2) (3)  (4) (5) (6)  (7) (8) (9) 

            

�̂�𝑂𝐶𝐶       0.357***      0.373***     0.338***      0.337***     0.359***     0.315***       0.321***      0.329***      0.312*** 

 (0.004) (0.006) (0.006)  (0.004) (0.006) (0.006)  (0.005) (0.007) (0.007) 

            

�̂�𝑂𝐶𝐶       32.45***      31.65***      33.35***       33.92***      32.59***      35.19***       35.43***       34.74***      36.10*** 

 (0.238) (0.324) (0.351)  (0.240) (0.341) (0.338)  (0.272) (0.387) (0.382) 

            

Sex Both Male Female  Both Male Female  Both Male Female 

N 52,360 27,655 24,705  52,317 25,645 26,672  40,694 20,135 20,559 

 

Notes: Estimates from regression of child occupation rank on father’s occupation rank. Ranks determined by Cambridge scores and calculated within gender. No controls 

are included. Cohorts aged 8-17 at baseline, 28-37 at follow-up. Standard errors in parentheses. *** = 1% significance, ** = 5% significance, * = 10% significance. 

Change from earliest to latest cohort significant at the 1% level for all groups. Source: ONS LS   
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TABLE 3. TRANSITION MATRICES 

 
   1954-63      1964-73      1974-83   

   Child      Child      Child   

Parent 1 2 3 4 5  1 2 3 4 5  1 2 3 4 5 

1 32.4% 25.1% 18.2% 15.6% 8.6%  33.5% 24.2% 18.0% 15.1% 9.1%  32.7% 24.2% 19.2% 14.0% 9.7% 

2 27.7% 25.2% 19.7% 17.7% 9.6%  24.7% 25.7% 19.7% 17.5% 12.3%  25.5% 25.2% 20.2% 16.5% 12.3% 

3 19.7% 22.2% 23.0% 21.1% 13.8%  20.6% 24.3% 20.3% 19.6% 15.0%  20.2% 22.3% 22.2% 18.7% 16.2% 

4 13.3% 16.8% 20.6% 27.7% 21.6%  14.1% 18.2% 20.6% 24.8% 22.1%  13.1% 18.8% 20.7% 23.6% 23.7% 

5 6.8% 11.1% 16.7% 28.8% 36.4%  7.8% 12.3% 16.7% 28.2% 34.7%  8.5% 12.6% 18.2% 26.3% 34.2% 

 

Notes: Quintiles of occupation ranks within each cohort. Ranks determined by Cambridge scores and calculated within gender. Father’s score used for parent 

quintile. Each row sums to 100% within each cohort. Source: ONS LS    
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TABLE 4. OCCUPATIONAL WAGE ELASTICITIES 

 

 

 1954-63  1964-73  1974-83 

 

(1) 

 

(2) 

 

(3) 

 

 (4) 

 

(5) 

 

(6) 

 

 (7) 

 

(8) 

 

(9) 

 

            

Elasticity 

      

0.352*** 0.354*** 0.349*** 

 

0.401*** 0.392*** 0.409*** 

 

0.329*** 0.316*** 0.342*** 

 (0.010) (0.013) (0.016)  (0.008) (0.011) (0.011)  (0.007) (0.009) (0.009) 

            
Constant 3.746*** 4.099*** 3.764***  3.684*** 4.055*** 3.638***  4.062*** 4.343*** 3.984*** 

 (0.057) (0.073) (0.089)  (0.047) (0.066) (0.064)  (0.041) (0.056) (0.058) 

            
 

Controls Sex + age Age Age 

 

Sex + age Age Age 

 

Sex + age Age Age 

Sex All Male Female  All Male Female  All Male Female 

N 15,379 8,385 6,994  38,868 17,839 21,029  32,084 15,906 16,178 

            

 

Notes: Model is linear regression of the log of the sample member’s occupational wage on the log of their father’s occupational wage. 

Cohorts aged 8-17 at baseline, 28-37 at follow-up. Where indicated, age dummies interacted with sex included. Standard errors in 

parentheses. *** = 1% significance, ** = 5% significance, * = 10% significance. Change from earliest to latest cohort significant at 

the 10% level for all groups. Source: ONS LS   
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TABLE 5. DEGREE MOBILITY ESTIMATES 

 

  1954-63  
 

 1964-73  
 

 1974-83  

 (1) (2) (3)  (4) (5) (6)  (7) (8) (9) 

Panel A: Logit   
 

   
 

   

    
 

   
 

   

Parent degree  2.295***  2.253***  2.342***   2.048***  2.060***  2.038***   1.999***  2.002***  1.996*** 

 (0.043) (0.059) (0.061)  (0.031) (0.044) (0.043)  (0.034) (0.047) (0.050) 

    
 

   
 

   

Constant -2.449*** -2.218*** -2.456***  -1.195*** -1.142*** -1.194***  -0.521*** -0.880*** -0.520*** 

  (0.059)  (0.054)  (0.059)   (0.044)  (0.045)  (0.044)   (0.043)  (0.046) (0.043) 

Panel B: LPM    
 

   
 

   

    
 

   
 

   

Parent degree  0.401***  0.424***  0.377***   0.454***  0.459***  0.449***   0.449***  0.457***  0.441*** 

 (0.010) (0.014) (0.014)  (0.007) (0.010) (0.010)  (0.006) (0.008) (0.008) 

    
 

   
 

   
Constant  0.079***  0.098***  0.080***   0.234***  0.243***  0.234***   0.372***  0.294***  0.373***  

(0.005) (0.005) (0.005)  (0.008) (0.008) (0.008)  (0.010) (0.009) (0.010) 

            

Controls Sex + age    Age     Age  Sex + age Age Age  Sex + age Age Age 

Sex    Both    Male Female      Both Male Female  Both Male Female 

N   62,609   31,267 31,342  63,089 30,526 32,563  50,380 24,468 25,912 

            

 

Notes: Regressions of child degree status on parent degree status. Parent degree = 1 if either parent has a degree. Cohorts aged 8-17 at baseline, 28-37 at follow-

up. Where indicated, age dummies interacted with sex included. Robust standard errors in parentheses. *** = 1% significance, ** = 5% significance, * = 10% 

significance. Source: ONS LS    
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TABLE 6. HOME OWNERSHIP MOBILITY ESTIMATES 

 

 

 

Notes: Regressions of child home ownership status on parent home ownership status. Parent home ownership = 1 if child lives with at least one parent who owns 

their home at baseline. Cohorts aged 8-17 at baseline, 28-37 at follow-up. Where indicated, age dummies interacted with sex included. Robust standard errors in 

parentheses. *** = 1% significance, ** = 5% significance, * = 10% significance. Source: ONS LS    

 

 

 

 

 

 

 

 

  1954-63    1964-73    1974-83  

 (1) (2) (3)  (4) (5) (6)  (7) (8) (9) 

Panel A: Logit           

            
Parent homeowner     1.082***     1.106***     1.060***      1.162***     1.108***     1.208***      1.325***    1.264***    1.379*** 

 (0.020) (0.029) (0.028)  (0.020) (0.029) (0.027)  (0.022) (0.032) (0.030) 

            
Constant      0.335***      0.461***      0.345***     0.114**     0.311***  0.089*     -0.776***     -0.477***     -0.816*** 

 (0.039) (0.041) (0.039)  (0.044) (0.048) (0.045)  (0.045) (0.051) (0.048) 

Panel B: LPM            

            
Parent homeowner     0.189***     0.188***     0.191***      0.217***     0.198***     0.235***      0.305***     0.289***     0.320*** 

 (0.003) (0.005) (0.005)  (0.004) (0.005) (0.005)  (0.005) (0.007) (0.007) 

            
Constant     0.600***     0.627***      0.599***      0.552***      0.597***      0.540***      0.325***     0.395***     0.314*** 

 (0.008) (0.008) (0.008)  (0.009) (0.009) (0.009)  (0.010) (0.011) (0.011) 

            
 

Controls Sex + age Age Age 

 

Sex + age Age Age 

 

Sex + age Age Age 

Sex Both Male Female  Both Male Female  Both Male Female 

N 61,916 30,852 31,064  61,910 29,944 31,966  49,755 24,076 25,679 
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TABLE 7. PERSISTENCE OF MOBILITY MEASURES 
 

 

          Measure 

 

  

Correlation 

 

  

 

�̂�𝐿𝑃𝑀
𝐷𝐸𝐺    0.71* 

�̂�𝐿𝑃𝑀
𝐷𝐸𝐺 -0.03 

�̂�𝐿𝑃𝑀
𝐻𝑂𝑀𝐸    0.38* 

�̂�𝐿𝑃𝑀
𝐻𝑂𝑀𝐸   0.12 

�̂�𝑂𝐶𝐶     0.54* 

�̂�𝑂𝐶𝐶   0.01 

�̂�25    0.69* 

�̂�75    0.80* 

  

 

 

Notes: Unweighted pairwise correlations of mobility estimates for 

cohort born 1954-63 and cohort born 1974-83. Each estimate is 

correlation within indicated measure across two cohorts. Based on 

35 NUTS2 areas. Cohorts aged 8-17 at baseline, 28-37 at follow-

up. * = 5% significance. Source: ONS LS   
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TABLE 8. CORRELATIONS OF MOBILITY LEVELS  

ACROSS NUTS2 AREAS 

 

  
 

�̂�𝐿𝑃𝑀
𝐷𝐸𝐺 �̂�𝐿𝑃𝑀

𝐷𝐸𝐺 �̂�𝐿𝑃𝑀
𝐻𝑂𝑀𝐸 �̂�𝐿𝑃𝑀

𝐻𝑂𝑀𝐸  �̂�𝑂𝐶𝐶  �̂�𝑂𝐶𝐶  �̂�25 �̂�75 

 

�̂�𝐿𝑃𝑀
𝐷𝐸𝐺 1             

 

�̂�𝐿𝑃𝑀
𝐷𝐸𝐺 -0.259 1      

 

�̂�𝐿𝑃𝑀
𝐻𝑂𝑀𝐸 -0.022  -0.390* 1     

 

�̂�𝐿𝑃𝑀
𝐻𝑂𝑀𝐸    0.029  0.214    -0.763* 1    

 

�̂�𝑂𝐶𝐶      0.461* -0.155 -0.157   0.349* 1   
 

�̂�𝑂𝐶𝐶    0.056  0.245 -0.262 0.135 -0.569* 1  
 

�̂�25     0.545* -0.100 -0.262   0.442*  0.966*  -0.337* 1 
 

�̂�75     0.588*  0.056   -0.433*    0.535*  0.615* 0.298 0.799* 1 

         

 

Notes: Unweighted pairwise correlations of 35 NUTS2 area mobility estimates for cohort born 1974-1983. Cohorts aged 8-17 at baseline, 28-37 at follow-up.  

* = 5% significance. Source: ONS LS   
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TABLE 9. CORRELATIONS OF 20-YEAR CHANGES IN MOBILITY 

ACROSS NUTS2 AREAS 

 

 

 

 

�̂�𝐿𝑃𝑀
𝐷𝐸𝐺 �̂�𝐿𝑃𝑀

𝐷𝐸𝐺 �̂�𝐿𝑃𝑀
𝐻𝑂𝑀𝐸 �̂�𝐿𝑃𝑀

𝐻𝑂𝑀𝐸  �̂�𝑂𝐶𝐶  �̂�𝑂𝐶𝐶  �̂�25 �̂�75 

 

�̂�𝐿𝑃𝑀
𝐷𝐸𝐺 1        

�̂�𝐿𝑃𝑀
𝐷𝐸𝐺 -0.184 1       

�̂�𝐿𝑃𝑀
𝐻𝑂𝑀𝐸 -0.015 -0.040 1      

�̂�𝐿𝑃𝑀
𝐻𝑂𝑀𝐸  -0.124 0.092 -0.837* 1     

�̂�𝑂𝐶𝐶  0.366* -0.070 0.326 -0.448* 1    

�̂�𝑂𝐶𝐶  -0.255 -0.091 -0.281 0.421* -0.901* 1   

�̂�25 0.394* -0.144 0.324 -0.430* 0.978* -0.789* 1  

�̂�75 0.228 -0.363* 0.079 -0.034 0.160 0.285 0.364* 1 

         

 

Notes: Unweighted pairwise correlations of difference between 1954-63 cohort estimate and 1974-83 cohort estimate for 35 NUTS2 areas. Cohorts aged 8-17 at 

baseline, 28-37 at follow-up. * = 5% significance. Source: ONS LS   
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FIGURE 1.  OCCUPATION RANK-RANK RELATIONSHIP 

 

SUBFIGURE 1A. 1954-63 BIRTH COHORT 

 

 
Notes: Binned scatter plots of own occupation rank on occupation rank of father for 1954-63 birth cohort. Points 

displayed are values of own and father occupation rank in 40 quantiles of occupation rank of father. Cohort aged 

8-17 at baseline, 28-37 at follow-up. Ranks determined by Cambridge score and calculated separately within 

gender. No controls are included. Source: ONS LS    

 

SUBFIGURE 1B. 1964-73 BIRTH COHORT 

 

 
Notes: Binned scatter plots of own occupation rank on occupation rank of father for 1964-73 birth cohort. Points 

displayed are values of own and father occupation rank in 40 quantiles of occupation rank of father. Cohort aged 

8-17 at baseline, 28-37 at follow-up. Ranks determined by Cambridge score and calculated separately within 

gender. No controls are included. Source: ONS LS   
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SUBFIGURE 1C. 1974-83 BIRTH COHORT 

 

 
 

Notes: Binned scatter plots of own occupation rank on occupation rank of father for 1974-83 birth cohort. Points 

displayed are values of own and father occupation rank in 40 quantiles of occupation rank of father. Cohort aged 

8-17 at baseline, 28-37 at follow-up. Ranks determined by Cambridge score and calculated separately within 

gender. No controls are included. Source: ONS LS    
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FIGURE 2. UPWARD OCCUPATIONAL MOBILITY 

 

SUBFIGURE 2A. 1954-63 BIRTH COHORT 

 
Notes: Map of �̂�25 for 35 NUTS2 areas. Deeper shades correspond to higher values. Each colour bin represents 

an equally-sized interval. Source: ONS LS    

 

 

SUBFIGURE 2B. 1974-83 BIRTH COHORT 

 
Notes: Map of �̂�25 for 35 NUTS2 areas. Deeper shades correspond to higher values. Each colour bin represents 

an equally-sized interval. Source: ONS LS    
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FIGURE 3. UPWARD DEGREE MOBILITY 

1974-83 BIRTH COHORT 

 
Notes: Map of �̂�𝐿𝑃𝑀

𝐷𝐸𝐺 for 35 NUTS2 areas. Deeper shades correspond to higher values. Each colour bin 

represents an equally-sized interval. Source: ONS LS    

 

FIGURE 4. RELATIVE DEGREE MOBILITY 

1974-83 BIRTH COHORT 

 
Notes: Map of �̂�𝐿𝑃𝑀

𝐷𝐸𝐺 for 35 NUTS2 areas. Deeper shades correspond to higher values. Each colour bin 

represents an equally-sized interval. Source: ONS LS    
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FIGURE 5. UPWARD HOME OWNERSHIP MOBILITY 

1974-83 BIRTH COHORT 

 
Notes: Map of �̂�𝐿𝑃𝑀

𝐻𝑂𝑀𝐸 for 35 NUTS2 areas. Deeper shades correspond to higher values. Each colour bin 

represents an equally-sized interval. Source: ONS LS    

 

FIGURE 6. RELATIVE HOME OWNERSHIP MOBILITY 

1974-83 BIRTH COHORT 

 
Notes: Map of �̂�𝐿𝑃𝑀

𝐻𝑂𝑀𝐸  for 35 NUTS2 areas. Deeper shades correspond to higher values. Each colour bin 

represents an equally-sized interval. Source: ONS LS    

 

 

 

 

 

  



 40 

APPENDIX A 
 

 

 

TABLE A1. MATCH RATES BY BIRTH COHORT 

 

  
1954-63 1964-73 1974-83 

     

Baseline census  1971 1981 1991 

 

Follow-up census 

  

1991 

 

2001 

 

2011 

 

A. # at baseline 

 

  

78,381 

 

82,782 

 

65,654 

 

B. # matched to at 

least one parent in 

baseline 

 73,775  

(94.1%) 

79,197  

(95.7%) 

63,157  

(96.2%) 

 

C. # matched to 

follow-up 

  

65,524  

(83.6%) 

 

65,691  

(79.4%) 

 

52,067  

(79.3%) 

     

D. # both B and C  62,609  

(79.9%) 

63,217  

(76.37%) 

50,416  

(76.8%) 

 

 
Notes:  Parentheses provide percentages of row A. in indicated birth years matched at each stage. Source: ONS LS   

 

 

TABLE A2. OCCUPATION RANK-RANK  

SLOPE ESTIMATES ROBUSTNESS 

 

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

1954-63 0.357*** 0.358*** 0.352*** 0.310*** 0.313*** 

 (0.004) (0.004) (0.005) (0.006) (0.006) 

1964-73 0.337*** 0.338*** 0.325*** 0.286*** 0.288*** 

 (0.004) (0.004) (0.005) (0.005) (0.006) 

1974-83 0.321*** 0.322*** 0.310*** 0.292*** 0.279*** 

 (0.005) (0.005) (0.005) (0.005) (0.006) 

      

Weights No Yes No No No 

Unemployed Keep Keep Drop Keep Drop 

Parent Father Father Father Mother Mother 

 

 

Notes:  Column (1) is main specification for comparison purposes. Column (2) adds attrition weights. Columns 

(3) and (5) drop observations where either parent or child is unemployed. Columns (4) and (5) use mother rank 

as opposed to father rank. Source: ONS LS   
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TABLE A3. EDUCATION  

SLOPE ESTIMATES ROBUSTNESS 

 

 (1) (2) (3) 

Panel A: Logit   

    

1954-63 2.295*** 2.292*** 2.208*** 

 (0.043) (0.043) (0.087) 

1964-73 2.048*** 2.050*** 1.949*** 

 (0.031) (0.031) (0.055) 

1974-83 1.999*** 2.015*** 2.039*** 

 (0.034) (0.035) (0.066) 

Panel B: LPM    

    

1954-63 0.401*** 0.401*** 0.385*** 

 (0.010) (0.010) (0.021) 

1964-73 0.455*** 0.454*** 0.429*** 

 (0.007) (0.007) (0.013) 

1974-83 0.448*** 0.453*** 0.456*** 

 (0.006) (0.006) (0.011) 

    

Follow-up age 28-37 28-37 35-37 

Weights No Yes No 

 

 

Notes: Column (1) is main specification for comparison. Column (2) includes attrition weights. Column (3) 

restricts to oldest members of each cohort. Source: ONS LS   
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TABLE A4.  HOME OWNERSHIP  

SLOPE ESTIMATES ROBUSTNESS 

 

 (1) (2) (3) 

Panel A: Logit   

    

1954-63 1.059*** 1.085*** 1.064*** 

 (0.020) (0.020) (0.042) 

1964-73 1.152*** 1.161*** 1.172*** 

 (0.019) (0.020) (0.036) 

1974-83 1.331*** 1.320*** 1.335*** 

 (0.022) (0.022) (0.041) 

Panel B: LPM    

    

1954-63 0.186*** 0.189*** 0.165*** 

 (0.003) (0.003) (0.006) 

1964-73 0.217*** 0.216*** 0.198*** 

 (0.004) (0.004) (0.006) 

1974-83 0.310*** 0.304*** 0.293*** 

 (0.005) (0.005) (0.009) 

    

Follow-up age 28-37 28-37 35-37 

Weights No Yes No 

 

 

Notes: Column (1) is main specification for comparison. Column (2) includes attrition weights. Column (3) 

restricts to oldest members of each cohort. Source: ONS LS    
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TABLE A5.  FULL NUTS2 ESTIMATES 

 

Cohort NUTS2 name �̂�𝐿𝑃𝑀
𝐷𝐸𝐺  �̂�𝐿𝑃𝑀

𝐷𝐸𝐺 �̂�𝐿𝑃𝑀
𝐻𝑂𝑀𝐸 �̂�𝐿𝑃𝑀

𝐻𝑂𝑀𝐸 �̂�𝑂𝐶𝐶  �̂�𝑂𝐶𝐶 �̂�25 �̂�75 𝑁𝐷𝐸𝐺 𝑁𝐻𝑂𝑀𝐸 𝑁𝑂𝐶𝐶 

             

1954-63 Beds and Herts 0.1 0.35 0.65 0.19 33.99 0.35 42.64 59.95 1,914 1,885 1,687 

1954-63 
Berks, Bucks and 

Oxon 
0.1 0.4 0.69 0.17 33.53 0.36 42.48 60.37 2,018 2,000 1,760 

1954-63 Cheshire 0.11 0.42 0.68 0.21 27.32 0.42 37.9 59.06 1,084 1,066 931 

1954-63 Cornwall 0.11 0.31 0.63 0.17 27.09 0.4 37.07 57.03 453 444 367 

1954-63 Cumbria 0.1 0.28 0.7 0.14 30.17 0.31 37.99 53.63 656 647 577 

1954-63 
Derbyshire and 

Notts 
0.08 0.45 0.7 0.18 29.64 0.38 39.05 57.88 2,524 2,500 2,155 

1954-63 Devon 0.07 0.48 0.67 0.18 29.31 0.37 38.5 56.9 1,027 1,013 847 

1954-63 
Dorset and 
Somerset 

0.09 0.29 0.69 0.16 27.49 0.41 37.7 58.11 1,087 1,079 924 

1954-63 East Anglia 0.07 0.38 0.64 0.18 27.21 0.39 36.91 56.31 2,119 2,104 1,815 

1954-63 East Wales 0.11 0.38 0.69 0.14 32.83 0.35 41.51 58.87 1,299 1,290 1,083 

1954-63 
East Yorks and 

North Lincs 
0.08 0.33 0.7 0.14 29.94 0.35 38.7 56.24 1,235 1,219 1,011 

1954-63 Essex 0.09 0.35 0.68 0.2 32.4 0.35 41.23 58.9 1,751 1,731 1,497 

1954-63 
Gloucestershire 

and Wilts 
0.1 0.41 0.68 0.15 30.84 0.35 39.64 57.25 2,439 2,419 2,069 

1954-63 
Greater 

Manchester 
0.09 0.47 0.65 0.2 33.25 0.34 41.68 58.53 3,581 3,542 2,940 

1954-63 
Hampshire and 

Isle of Wight 
0.09 0.38 0.66 0.19 31.36 0.36 40.24 57.99 1,952 1,939 1,655 

1954-63 
Herefordshire, 

Worcs and Warw 
0.1 0.33 0.69 0.15 30.6 0.37 39.95 58.66 1,341 1,324 1,159 

1954-63 Kent 0.09 0.42 0.66 0.19 33.2 0.35 42.02 59.65 1,810 1,791 1,508 

1954-63 Lancashire 0.11 0.44 0.76 0.11 34.74 0.3 42.21 57.16 1,700 1,682 1,437 

1954-63 
Leics, Rutland 

and Northants 
0.09 0.44 0.68 0.18 29.34 0.38 38.96 58.19 1,660 1,639 1,457 

1954-63 Lincolnshire 0.09 0.36 0.68 0.18 29.66 0.34 38.2 55.26 642 636 551 

1954-63 London (Inner E) 0.06 0.56 0.62 0.18 41 0.23 46.72 58.16 1,993 1,975 1,541 

1954-63 London (Inner W) 0.1 0.46 0.63 0.16 41.98 0.31 49.64 64.95 818 808 616 

1954-63 
London (Outer 

E/NE) 
0.08 0.37 0.69 0.17 42.8 0.26 49.41 62.63 1,999 1,983 1,666 

1954-63 London (Outer S) 0.12 0.3 0.67 0.18 40.85 0.32 48.83 64.8 1,301 1,291 1,097 

1954-63 
London (Outer 

W/NW) 
0.13 0.47 0.69 0.19 39.87 0.32 47.94 64.08 1,882 1,853 1,589 

1954-63 Merseyside 0.09 0.49 0.64 0.21 31.82 0.35 40.63 58.27 2,525 2,487 1,978 

1954-63 North Yorkshire 0.1 0.35 0.67 0.14 28.19 0.37 37.39 55.77 721 712 621 

1954-63 
Northd and Tyne 

and Wear 
0.07 0.36 0.59 0.25 31.37 0.34 39.95 57.11 2,145 2,122 1,731 

1954-63 
Shropshire and 

Staffordshire 
0.08 0.52 0.67 0.17 27.98 0.38 37.49 56.52 1,821 1,796 1,560 

1954-63 South Yorkshire 0.08 0.47 0.65 0.19 31.93 0.33 40.3 57.03 1,765 1,750 1,452 

1954-63 
Surrey, East and 

West Sussex 
0.12 0.31 0.68 0.18 36.38 0.34 44.86 61.82 2,542 2,513 2,217 

1954-63 
Tees Valley and 

Durham 
0.07 0.49 0.66 0.21 29.64 0.36 38.68 56.75 1,730 1,706 1,401 

1954-63 West Midlands 0.08 0.37 0.64 0.2 33.61 0.34 42.04 58.89 3,903 3,860 3,232 

1954-63 West Wales 0.1 0.42 0.68 0.16 30.8 0.35 39.59 57.15 2,402 2,367 1,926 

1954-63 West Yorkshire 0.09 0.38 0.68 0.18 33.54 0.32 41.49 57.37 2,770 2,743 2,303 

1964-73 Beds and Herts 0.19 0.42 0.62 0.22 36.78 0.31 44.63 60.34 1,897 1,868 1,659 

1964-73 
Berks, Bucks and 

Oxon 
0.21 0.45 0.63 0.22 35.34 0.33 43.69 60.39 2,336 2,302 2,032 
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1964-73 Cheshire 0.23 0.45 0.66 0.19 31.81 0.38 41.29 60.27 1,112 1,097 946 

1964-73 Cornwall 0.23 0.54 0.63 0.19 30.85 0.35 39.62 57.15 534 520 455 

1964-73 Cumbria 0.17 0.45 0.65 0.18 28.01 0.28 35.03 49.08 631 616 541 

1964-73 
Derbyshire and 

Notts 
0.16 0.53 0.61 0.22 29.5 0.33 37.7 54.11 2,588 2,535 2,159 

1964-73 Devon 0.19 0.6 0.63 0.17 32.11 0.32 40.15 56.21 1,172 1,137 991 

1964-73 
Dorset and 

Somerset 
0.19 0.42 0.67 0.14 31.59 0.32 39.64 55.74 1,337 1,305 1,162 

1964-73 East Anglia 0.16 0.48 0.63 0.19 29.78 0.36 38.82 56.88 2,514 2,464 2,182 

1964-73 East Wales 0.2 0.46 0.67 0.17 30.02 0.36 38.99 56.93 1,266 1,241 1,024 

1964-73 
East Yorks and 

North Lincs 
0.17 0.47 0.63 0.23 31.1 0.28 38.19 52.36 1,190 1,160 1,022 

1964-73 Essex 0.17 0.36 0.6 0.24 35.94 0.3 43.53 58.69 1,877 1,849 1,586 

1964-73 
Gloucestershire 

and Wilts 
0.19 0.41 0.65 0.19 33.14 0.34 41.53 58.31 2,493 2,433 2,097 

1964-73 
Greater 

Manchester 
0.19 0.46 0.61 0.24 34.11 0.31 41.98 57.7 3,426 3,343 2,759 

1964-73 
Hampshire and 
Isle of Wight 

0.2 0.47 0.59 0.23 33.22 0.34 41.65 58.52 2,137 2,098 1,812 

1964-73 
Herefordshire, 

Worcs and Warw 
0.21 0.44 0.65 0.21 31.74 0.36 40.71 58.64 1,486 1,467 1,274 

1964-73 Kent 0.18 0.48 0.65 0.18 31.54 0.36 40.65 58.86 1,921 1,889 1,646 

1964-73 Lancashire 0.22 0.48 0.65 0.2 34.15 0.32 42.22 58.36 1,811 1,764 1,485 

1964-73 
Leics, Rutland 

and Northants 
0.18 0.49 0.62 0.23 32.57 0.34 41.04 58 1,908 1,873 1,607 

1964-73 Lincolnshire 0.18 0.38 0.63 0.19 27.33 0.36 36.35 54.39 713 692 612 

1964-73 London (Inner E) 0.15 0.56 0.57 0.19 40.35 0.24 46.34 58.32 1,514 1,487 1,036 

1964-73 London (Inner W) 0.23 0.47 0.56 0.27 38.66 0.38 48.29 67.53 612 599 407 

1964-73 
London (Outer 

E/NE) 
0.16 0.29 0.6 0.27 40.18 0.28 47.09 60.9 1,787 1,767 1,476 

1964-73 London (Outer S) 0.22 0.41 0.66 0.19 40.68 0.32 48.57 64.35 1,244 1,229 1,033 

1964-73 
London (Outer 

W/NW) 
0.23 0.45 0.65 0.22 42.91 0.29 50.14 64.6 1,689 1,667 1,387 

1964-73 Merseyside 0.2 0.46 0.6 0.24 34.27 0.35 42.92 60.21 2,103 2,066 1,658 

1964-73 North Yorkshire 0.23 0.44 0.65 0.16 26.69 0.38 36.26 55.41 893 867 777 

1964-73 
Northd and Tyne 

and Wear 
0.18 0.48 0.56 0.29 32.21 0.34 40.7 57.7 1,927 1,900 1,545 

1964-73 
Shropshire and 

Staffordshire 
0.19 0.39 0.64 0.19 32.1 0.29 39.45 54.15 1,950 1,925 1,679 

1964-73 South Yorkshire 0.15 0.49 0.65 0.19 32.78 0.3 40.33 55.44 1,867 1,822 1,538 

1964-73 
Surrey, East and 

West Sussex 
0.19 0.43 0.61 0.23 34.95 0.35 43.6 60.9 2,725 2,678 2,362 

1964-73 
Tees Valley and 

Durham 
0.19 0.51 0.65 0.18 33.92 0.29 41.14 55.58 1,584 1,549 1,286 

1964-73 West Midlands 0.19 0.44 0.61 0.22 34.61 0.34 43.02 59.83 3,677 3,622 2,881 

1964-73 West Wales 0.2 0.48 0.66 0.18 32.67 0.33 40.84 57.19 2,371 2,328 1,938 

1964-73 West Yorkshire 0.18 0.43 0.61 0.24 33.62 0.3 41.17 56.26 2,797 2,751 2,263 

1974-83 Beds and Herts 0.39 0.43 0.42 0.31 33.09 0.35 41.95 59.66 1,600 1,580 1,390 

1974-83 
Berks, Bucks and 

Oxon 
0.37 0.41 0.43 0.3 34.24 0.34 42.67 59.53 2,081 2,050 1,786 

1974-83 Cheshire 0.41 0.45 0.43 0.34 35 0.36 43.91 61.74 855 848 712 

1974-83 Cornwall 0.37 0.51 0.41 0.24 34.82 0.28 41.91 56.09 471 464 387 

1974-83 Cumbria 0.3 0.47 0.5 0.29 27.14 0.36 36.04 53.82 498 489 426 

1974-83 
Derbyshire and 

Notts 
0.33 0.48 0.46 0.28 31.45 0.35 40.28 57.95 2,002 1,974 1,641 

1974-83 Devon 0.32 0.45 0.4 0.27 26.45 0.4 36.39 56.26 933 915 750 

1974-83 
Dorset and 
Somerset 

0.38 0.45 0.44 0.27 35.94 0.27 42.76 56.4 1,030 1,017 877 
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1974-83 East Anglia 0.35 0.44 0.44 0.27 32.08 0.34 40.47 57.27 2,008 1,985 1,719 

1974-83 East Wales 0.35 0.46 0.47 0.26 33.58 0.32 41.49 57.31 1,009 995 815 

1974-83 
East Yorks and 

North Lincs 
0.31 0.45 0.42 0.33 30.84 0.28 37.94 52.14 892 882 712 

1974-83 Essex 0.32 0.45 0.41 0.33 37.6 0.26 43.98 56.73 1,665 1,641 1,435 

1974-83 
Gloucestershire 

and Wilts 
0.36 0.44 0.43 0.3 33.41 0.33 41.63 58.08 2,086 2,058 1,772 

1974-83 
Greater 

Manchester 
0.33 0.43 0.42 0.35 34.95 0.31 42.69 58.15 2,498 2,475 1,927 

1974-83 
Hampshire and 
Isle of Wight 

0.35 0.42 0.41 0.32 36.13 0.29 43.38 57.89 1,724 1,702 1,448 

1974-83 
Herefordshire, 

Worcs and Warw 
0.37 0.44 0.45 0.29 32.55 0.32 40.43 56.19 1,276 1,264 1,081 

1974-83 Kent 0.33 0.37 0.38 0.34 33.07 0.32 40.98 56.81 1,626 1,607 1,357 

1974-83 Lancashire 0.36 0.4 0.48 0.29 36.25 0.28 43.24 57.23 1,421 1,397 1,158 

1974-83 
Leics, Rutland 

and Northants 
0.35 0.45 0.43 0.3 36.24 0.28 43.37 57.61 1,589 1,569 1,340 

1974-83 Lincolnshire 0.35 0.4 0.48 0.23 30.36 0.35 39.08 56.52 639 632 524 

1974-83 London (Inner E) 0.31 0.52 0.38 0.32 37.62 0.31 45.34 60.79 1,324 1,309 754 

1974-83 London (Inner W) 0.36 0.55 0.29 0.44 32.86 0.42 43.41 64.51 486 481 306 

1974-83 
London (Outer 

E/NE) 
0.34 0.43 0.4 0.38 38.74 0.3 46.12 60.87 1,463 1,455 1,174 

1974-83 London (Outer S) 0.39 0.48 0.42 0.34 37.27 0.3 44.81 59.88 1,006 994 836 

1974-83 
London (Outer 

W/NW) 
0.45 0.39 0.43 0.37 43.29 0.31 50.97 66.34 1,431 1,412 1,140 

1974-83 Merseyside 0.33 0.47 0.46 0.27 35.73 0.27 42.56 56.21 1,510 1,492 1,077 

1974-83 North Yorkshire 0.35 0.49 0.39 0.34 29.73 0.35 38.4 55.73 651 641 550 

1974-83 
North and Tyne 

and Wear 
0.34 0.47 0.47 0.28 32.75 0.3 40.28 55.35 1,415 1,396 1,089 

1974-83 
Shropshire and 

Staffordshire 
0.35 0.41 0.49 0.25 31.55 0.33 39.78 56.25 1,464 1,446 1,240 

1974-83 South Yorkshire 0.29 0.5 0.43 0.35 31.99 0.33 40.2 56.62 1,342 1,326 1,053 

1974-83 
Surrey, East and 

West Sussex 
0.37 0.44 0.45 0.27 33.82 0.34 42.32 59.31 2,252 2,226 1,934 

1974-83 
Tees Valley and 

Durham 
0.34 0.41 0.46 0.29 32.59 0.29 39.88 54.46 1,265 1,257 1,002 

1974-83 West Midlands 0.33 0.45 0.42 0.36 35.46 0.31 43.24 58.82 2,752 2,713 2,058 

1974-83 West Wales 0.35 0.42 0.52 0.22 33.91 0.32 41.86 57.74 1,924 1,896 1,511 

1974-83 West Yorkshire 0.3 0.45 0.45 0.31 34.49 0.3 42.01 57.05 2,192 2,167 1,713 

 

Notes: Full set of NUTS2 level estimates for each cohort. Final three columns show number of observations 

used for each model. Source: ONS LS   
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FIGURE A1. CAMBRIDGE SCORE RANKS AND 

OCCUPATION WAGE RANKS 

 
 

Notes: Binned scatter plot of percentile ranks based on Cambridge score by percentile ranks based on median 

occupational wage. 1974-83 cohort. Ranks calculated separately by gender. Source: ONS LS   
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FIGURE A2.  NUTS 2 OCCUPATION MOBILITY ESTIMATES 

 

SUBFIGURE A2A. RANK-RANK INTERCEPTS 

 
Notes: Each point is �̂�𝑂𝐶𝐶 , the intercept from a regression of own occupation rank on father’s occupation rank for 

cohort born 1974-83. Lines correspond to 95% confidence intervals based on estimated standard errors. Ranks 

determined by Cambridge score and calculated within gender groups. No controls are included. F-test for 

equality of parameters gives p-value of < 0.001. Source: ONS LS   

 

SUBFIGURE A2B. RANK-RANK SLOPES 

 
Notes: Each point is �̂�𝑂𝐶𝐶, the slope coefficient from a regression of own occupation rank on father’s occupation 

rank for cohort born 1974-83. Lines correspond to 95% confidence intervals based on estimated standard errors. 

Ranks determined by Cambridge score and calculated within gender groups. No controls are included. F-test for 

equality of parameters gives p-value of 0.32. Source: ONS LS   
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SUBFIGURE A2C. EXPECTED RANK AT 25TH PERCENTILE 

 
Notes: Each point is �̂�25, the expected occupation rank of individuals with a father at the 25th occupation rank for 

cohort born 1974-83. Lines correspond to 95% confidence intervals based on estimated standard errors. Ranks 

determined by Cambridge score and calculated within gender groups. No controls are included. Source: ONS LS    

 

SUBFIGURE A2D. EXPECTED RANK AT 75TH PERCENTILE 

 
 

Notes: Each point is �̂�75, the expected occupation rank of individuals with a father at the 25th occupation rank for 

cohort born 1974-83. Lines correspond to 95% confidence intervals based on estimated standard errors. Ranks 

determined by Cambridge score and calculated within gender groups. No controls are included. Source: ONS LS    
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FIGURE A3. NUTS 2 DEGREE MOBILITY ESTIMATES 

 

SUBFIGURE A3A. LPM INTERCEPTS 

 
Notes: Each point is �̂�𝐿𝑃𝑀

𝐷𝐸𝐺, the intercept from a regression of degree on parent degree for cohort born 1974-83. 

Lines correspond to 95% confidence intervals based on estimated robust standard errors. No controls included. 

F-test for equality of parameters gives p-value of <0.001. Source: ONS LS   

 

SUBFIGURE A3B. LPM SLOPES 

 
Notes: Each point is �̂�𝐿𝑃𝑀

𝐷𝐸𝐺, the slope estimate from a regression of degree on parent degree for cohort born 1974-

83. Lines correspond to 95% confidence intervals based on estimated robust standard errors. No controls 

included. F-test for equality of parameters gives p-value of 0.007. Source: ONS LS   
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FIGURE A4. NUTS 2 HOME OWNERSHIP MOBILITY ESTIMATES 

 

SUBFIGURE A4A. LPM INTERCEPTS 

 
Notes: Each point is �̂�𝐿𝑃𝑀

𝐻𝑂𝑀𝐸, the intercept from a regression of home ownership on parent home ownership for 

cohort born 1974-83. Lines correspond to 95% confidence intervals based on estimated robust standard errors. 

No controls included. F-test for equality of parameters gives p-value of <0.001. Source: ONS LS   

 
SUBFIGURE A4B. LPM SLOPES 

 
 

Notes: Each point is �̂�𝐿𝑃𝑀
𝐻𝑂𝑀𝐸, the slope estimate from a regression of home ownership on parent home ownership 

for cohort born 1974-83. Lines correspond to 95% confidence intervals based on estimated robust standard 

errors. No controls included. F-test for equality of parameters gives p-value of <0.001. Source: ONS LS   
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