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Sixty years ago Sig Prais published a seminal pap@eneasuring social mobility in the
Journal of the Royal Statistical Soci€Brais 1955a), along with an accompanying, non-
technical one addressing the same isstRopulation Studie¢Prais 1955b). The former was
the foundation for the quantitative analysis ofigbmobility as a ‘stochastic process’.
Subsequent papers and books by others have degdlipapproach (e.g. Kemeny and Snell
1960; Bartholomew 1982). In the present papdusiitate the key concepts of Prais (1955a)
using an application of his ideas to intergenerai@ducational mobility in contemporary
Britain. | then describe some other approachesdasuring social mobility, discuss ways to
account for the influence of both parents’ educatiod explore how we may peer into the
‘black box’ of intergenerational mobility by takireglife course approach for the offspring
generation. The final part of the paper takes attwount that variation in family background
also produces differential growth of segments efggtbpulation, thereby providing a
population level perspective on social mobility.

1. Educational mobility

In the original application by Prais (1955a, 195%b¢ methods were illustrated with a table
relating the social statuses of fathers and tlogis slerived from a sample of about 3,500
males, aged 18 and over and resident in Englani\&aiés, interviewed by the Social
Survey in 1949. These data formed part of thdysedited by David Glass (1954).

Here we analyse data on educational attainmentagupeople sampled in a very
large national representative household survey tf@rUnited KingdomUnderstanding
Society It interviewed nearly 51,000 people in its finsve. Ethnic minority groups are
over-sampled. Each person aged 16 or older anshesradividual adult interview
guestionnaire. Questions about each parent’s edunehgualifications were asked in the first
(2009-2010) and second waves (2010-2011) of thdystWe focus on people aged 26-65
interviewed in the first wave, and only use theosecwave to obtain parents’ educational
information not collected in the first wave for ffeerespondents. Thus, ‘children’ in the
analyses refers to persons aged 26-65 in 20094k (1944-1984; old enough to have time
to obtain a degree and mainly born since the lastdwvar). Weights to provide a
representative cross-section of the UK populatioihese ages are used in the analyses.

The relevant question about each parent’s educetionhinking first about your
father's (mother’s) educational qualifications, e¥hof these best describes the type of
gualifications your father (mother) gained?’ Thesgible responses are given in the first
column of Table 1, in which ‘did not go to schobb#’ and ‘left school with no
gualifications or certificates’ are combined in fhrst category (‘No qualification’).



Table 1: Parent and child education categories

Parents’ educational Child qualification in
gualification categories comparable parent category

No qualification No qualification

Left school with some A-level, GCSE or other
qualification or certificate qualification

Gained post school Higher qualification other
gualifications or certificates | than degree

Gained a university degree orDegree
higher O‘

Children’s highest qualification information is@ted by a series of questions in the
main interview, and it is matched to the parenédégories according to the conventions
given in the second column of Table 1. For mbshe sample, we have information on
both parents’ qualifications. To keep the problartwo dimensions, we classify parents by
the highest educational level achieved by the twdy the one whose education we know
when the information is missing for the other par&or simplicity, we denote this as the
‘education of the parents.’

We focus on two sets of birth cohorts: childrencag6-45 in 2009-10 and children
aged 46-65 in 2009-10. Part of Table 2 shows tleaional distributions of the parents in
these two cohorts, while part B shows the distidng for their children. The primary
change in the child’s education distribution betwé®e two cohorts is a large increase in the
percentage receiving a degree and a correspongliiugtion in the percentage with no
gualification. Among their parents, the incidedall types of educational qualification
increased between the two child cohorts.

Table 2: Distribution of educational attainmentgpafents and children, per cent

A. Parents’ B. Child’'s
education education
Child’'s age in | Child’s age in
2009-10 2009-10
Education: 46-65| 26-4% 46-6b 26-45
none 46.8 20.2 17.5 6.9
school 20.2 30.6 49.1 48.7
post school 25.8 31.9| 125 12.7
degree 7.2 17.3 20.8 31.7

The social transition matrix at the core of thalgsis by Prais (1955a) is given in
Table 3 for the two cohorts’ educational transisioeach row shows how the probability of
obtaining that particular qualification varies witte education of the parents. Each column
must sum to unity.



Table 3: Educational transition matrix
A. For people aged 46-65 in 2009-10

Parents’ Highest Education
Child’'s none | school| post | degree
education school
none 0.260| 0.090| 0.067| 0.014
school 0.525| 0.507| 0.462| 0.262
post school 0.100| 0.148| 0.172| 0.153
degree 0.115| 0.255| 0.299| 0.571

Weighted N=11,572

B. For people aged 26-45 in 2009-10

Parents’ Highest Education
Child’s none | school| post | degree
education school
none 0.164 0.047 0.022 0.009
school 0.564 0.562 | 0.469| 0.234
post school 0.108 0.126 0.165 0.118
degree 0.169 0.265 | 0.343| 0.639

Weighted N=12,955

In this approach, all of the educational mobilitjormation in contained in this
matrix. For any matrix of this kind, the educatibdistribution tends in time to converge to a
value that is independent of the original distibnt which is called thequilibrium
distribution Table 4 shows this distribution for the two ns in Table 3.

Table 4: Equilibrium educational distributions*

Education Aged 46-65 Aged 26-45
in 2009-10 | in 2009-10
none 0.071 0.031
school 0.411 0.408
post school 0.150 0.127
degree 0.368 0.434

*Equilibrium vectorx,e solves the equation=Px., whereP is the appropriate transition
matrix in Table 3.

Comparison of the actual distribution of educatomong children (Table 1, part B)
with the equilibrium distribution suggests how gaication distribution would change in the
future if there are no major changes in the edanatimobility process (given by one of the
matrices in Table 3). For instance, for the youragdort, we can expect a substantial
increase in the proportion of people obtaining degrand reductions in the two lowest
educational attainment classes.

In the terminology introduced by Prais (1955g)edectly mobilesociety would be
one in which the probability of obtaining a partaruqualification (e.g. degree) is
independent of the education of one’s parents.reTaee an infinite number of possible



perfectly mobile societies on this definition. Iealing Prais (1955a), we choose as a basis
for comparison with our actual society a perfeatigbile society with the same equilibrium
distribution as the actual one. Thus, the tramsithatrix for the perfectly mobile society
associated with the transition matrix for the yoeingohort in Table 3 has the probabilities
given in the final column of Table 4 in each ofgtdumns.

A measure of social mobility introduced by Prdi8%5a) is the average number of
generations spent in an educational class, whicbamecalculate using the diagonal elements
of the transition matrix. Table 5 provides theakeglations for each educational category
from the actual transition matrix in each of the aghorts (col. 1) and from the matrix of the
perfectly mobile society associated with it (cgl 25chool qualifications and degree
gualifications are the most persistent across geioeis: on average at least two generations
are spent in these classes if the person’s panentsin that class.

The average number of generations spent in an Bdoakclass is larger for more
common educational attainments; e.g. if most péspighest educational qualification is
school only, then the offspring of parents who keldool qualifications are very likely to
remain in this group over many generations. Tive &tolumn provides a measure of
‘relative mobility’ that standardises for this tamty, using the equilibrium distribution as
the benchmark. It shows that the average numbgemérations with a degree is about fifty
per cent larger in the actual society compared thihcorresponding perfectly mobile one,
but post-school qualifications (less than a degsbeyv nearly identical persistence in the
actual and perfect mobility societies. That ig, ¢ififspring of degree parents are
disproportionally likely to obtain a degree themssl The final column of Table 5 shows
the standard deviation of the averages in thedokimn, which are clearly quite large,
indicating considerable heterogeneity in the pajputa



Table 5: Average number of generations spent icaianal class*
A. Aged 46-65 in 2009-10

1.Actual| 2.Perfectly| 3.Actual/PM| 4.Std. Dev.
Mobile actual
none 1.35 1.08 1.255 0.69
school 2.03 1.70 1.193 1.44
post 1.21 1.18 1.027 0.50
school
degree 2.33 1.58 1.474 1.76

B. Aged 26-45 in 2009-10

1.Actual| 2.Perfectly| 3.Actual/PM| 4.Std. Dev.
Mobile actual
none 1.20 1.03 1.159 0.48
school 2.28 1.69 1.353 1.71
post
school 1.20 1.15 1.046 0.49
degree 2.77 1.77 1.567 2.21

* The average is given by 1/(3;), wherep; is the diagonal element of the transition matrix
for that educational class. Its standard deviaayiven by\/pj,-/(l- Bi)-

Nearly a quarter of a century later Shorrocks 8)$foposed aocial mobility index
based on the transition matrix. It satisfies a banof desirable propertiesormalisation
(lies between 0 and lmonotonicity(if one of the off-diagonal elements increasethat
expense of the diagonal component the index shodidate a higher level of mobility);
immobility (a transition matrix with ones along the diagastauld have the lowest value of
the index); angberfect mobility(should be assigned the maximum value of the indé&€ke
index is the number of classes minus the sum oflidagonal (the ‘trace’ of the transition
matrix) divided by the number of classes minus oimethe application here, the Shorrocks
mobility index is 0.83 for the older cohort and ®f8r the younger onk.In other words, and
consistent with the mobility measures in Tabledyaational mobility has remained about
the same for these two cohorts.

The measures of mobility in Table 5 and Shorrosksial mobility index rely only
on the diagonal of the mobility matrix. We canoatsilculate the proportion moving up the
educational distribution (relative to their par@read the proportion moving down. In the
older cohort, 50% moved up and 19% moved dowrhénybunger one, 40% moved up and
23% moved down. Given the rise in educationalioations, there is a ‘mechanical’ aspect
of these changes: more are ‘at risk’ of downwardbifitg in the younger cohort because a
larger proportion of their parents have high qiediions than in the older cohort, and fewer

Y If p; is the estimate of the i-th diagonal element efttansition matrix, its variance fig(1- p;)/n;, wheren; is
the sample size in parental origin categor{n the assumption that the samples of the odgiagories are
independent we can easily calculate the standaod @frthe Shorrocks’ index. For the older cohbi$ 0.0073
and for the younger cohort it is 0.0053. Thus,stamdard error of the difference in the index leetmthe two
cohorts is 0.009.



are ‘at risk’ of upward mobility in the younger arhbecause a smaller proportion of their
parents have low qualifications.

Is social mobility different between the sexes?ight of the small changes between
the two broad cohorts, sex differentials are exanhiior all aged 26-65 in 2009-10 in the
Appendix. Overall, there are only small differemae the mobility measures between the
sexes.

2. Social mobility: absolute and relative rates

When applied to social class mobility, Prais (195&aygested that some adjustment to the
above approach may be necessary because the aocoapatructure shifts over generations
(e.g. more white collar jobs and fewer blue cotlaes). When few parents are in the top
occupations and the distribution shifts toward nadfreuch occupations, the chances of
upward mobility of children increase. In subsedwgnerations, as more parents move into
the top occupations and fewer are in the bottonupaions, the chances of children’s
downward mobility increase and those of upward iitglilecrease. As we have seen, a
similar argument may be made about the educatdistlbution.

Sociological researchers make the distinction betadsolute mobilitywhich is
affected by such occupational shifts, aathtive mobility ‘the relative chances of
individuals of different class origins arrivingdifferent class destinations considersd of
all class structural change.’ (Bukodi et al. 201Rklative mobility is measured by adjusting
for the different ‘marginal distributions’ of clagsducation) in the parents’ and children’s
generations (e.g. such as those in Tabfe The ideas can be illustrated with the education
mobility matrices in Table 3.

One approach to relative mobility is to use thegraon data underlying the matrices
in Table 3 to calculate so called ‘global’ oddsast Each is the ratio of the odds of having a
‘higher’ education level relative to a ‘lower’ ofier a ‘higher’ parental education class to the
analogous odds for a ‘lower’ class, where the ‘Bryand ‘lower’ cut-offs are varied. With
four education categories there are nine suchssatrbich are illustrated in Table 5. For
instance, the odds ratio in the middle of panef #e table is the ratio of odds of attaining
gualifications beyond school for children whoseapas have a post-school or degree
gualification to the odds of attaining qualificatobeyond school for children whose parents
had at most a school qualification. It is equal @8; that is, the odds of obtaining post-
school or degree qualifications are 3 times lafgechildren of the better educated parents.

? Prais was not alone at the time he wrote in faitmtake account of change in the marginal distiims of
mobility tables in measuring mobility; see Tyre®18). | am grateful to John Goldthorpe for poigtthis out.
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Table 5: ‘Global’ odds ratios, two cohorts

Children’s education comparisons

School or more| Post school or degree Degree vs post

Parents’ education VS none vs school or none | school, school or
comparisons none

A. Aged 46-45 in 2009-10

School or more vs none 4.77 3.37 3.60

Post school or degree vs

school or none 4.49 2.98 3.00
Degree vs post school, schaol

or none 14.84 541 5.44

B. aged 26-45 in 2009-10

School or more vs none 6.61 2.86 2.97
Post school or degree vs 5.72 2.81 2.76
school or none

Degree vs post school, schaol 7.53 4.53 4.74
or none

Comparing the corresponding odds ratios for thgsel @6-65 and 26-45 in 2009-10,
respectively (panels A and B of Table 5), sevethefnine comparisons indicate reductions
between the older and younger cohort. On the fllkuassumption that the samples from
these two cohorts are independent, we can caldhatstandard error of the difference for
each of the nine cells, and then test for significlanges between the two cohdrtEhree
of the nine comparisons show significantly diffdredds ratios between the two cohorts (at
the 0.05 level or less), all involving the comparnidetween parents with ‘school or more’ vs.
‘none’ (the first line in each cohort’s table ofios); the one in the northwest corner shows
an increase in the association between parentlaldien’s education, and the other two
show significant reductions, again suggesting ttelative educational mobility has changed
little overall between the two cohofts.

Another approach to relative mobility is ‘log-limeaodelling’ of the frequencies in
the table cross-classifying parents’ and childredscation (from which the transition
matrices in Table 3 are calculated). In the edonaxample, it attempts to replicate as
closely as possible the 32 cells in the 2 tablesobbrt data with a few parameters (Erikson

* Asymptotically, the log of each of the odds raftise log-odds ratio’) has a normal distributionthvivell-
defined standard errors (Agresti 2013; pp. 69-74).

* The average of the three central global ‘log-odid®s’ provides an overall measure of associatimben
parents’ and children’s educational outcomes widdastimated with relatively high precision. Ish@sen from
1.45 to 1.49 between the older and younger cohodgating little change in relative mobility. Ce al.
(2009) show how the standard error of the average e calculated, taking into account the substhnti
correlation among the three estimates being avdrage



and Goldthorpe 1992).The two most common simplifications are the ‘¢anssocial

fluidity’ model (CSF), in which associations betwggarents and children are constant across
cohorts, and the log-multiplicative model (UNIDIE#) which the logarithms of the odds
ratios defining the parent-child association inseear decrease by some common
multiplicative factor. In the case of our educaibmobility example, both of these models
are rejected by the dataThis is not surprising in light of the fact thwaio of the global odds
ratios showed an increase in the association betpaesnts’ and children’s education
between the older and younger cohorts (the twhembrthwest corner of Table 5), while the
others declined.

In the most recent analysis of social class mgbdavering four birth cohorts (1946,
1958, 1970 and 1980-4), Bukodi et al. (2014) fimat twhen assessing children’s social class
at age 38, the data accepts the CSF model for neetha UNIDIFF model for women, with
the latter indicating higher relative social maiiin more recent cohorts. When assessing
children’s social class at age 27, there is mdedive social mobility in recent cohorts for
both sexes. In terms of absolute mobility, upwability has become less common and
downward mobility more common for both sexes.

To round off the section, we return to the Pra@b8a) measures, but now examine
social clasamobility. Panels A and B of Table 6 presentsRh&is measures of men’s social
class mobility using the data from Goldthorpe aackdon (2007) for two birth cohorts. For
completeness, the final column of each panel shbegquilibrium social class distribution,
which provides the columns for the transition maimi the perfectly mobile society. From the
‘average number of generations spent in sociakttasasure, social class mobility appears
to have increased between the 1958 and 1970 gemer&r some social class origins and
decreased for others. Using the actual relatithé@erfectly mobile measure (Actual/PM),
the changes are small. Shorrocks’ overall indesoafal mobility SB) indicates an increase
from 0.878 (0.0082) to 0.901 (0.0081) between @@8land 1970 cohorts. It is statistically
significantly different from zero (the SE of thdfdrence is 0.0115), but small. Thus, the
overall conclusion is little change in social classbility, in line with Goldthorpe and
Jackson (2007).

Panel C shows the same measures, but using tre slasis mobility matrix in Prais
(1955a), which is derived from the 1949 Social 8yrvWhile the particular social classes
are not strictly comparable to those in panels & Bnthere is a broad tendency for lower
mobility for the cohorts represented by the 194@& d&onsistent with this interpretation,
Shorrocks’ index is 0.81 compared with about Orlie more recent cohorts.

> Another approach is Goodmarfk979)‘log-multiplicative RC association model’, which roses one
hierarchical dimension of origin-destination asation.
®| thank Tak Wing Chan for running the appropriatedels for me.



Table 6: Average number of generations spent irakokass

A. 1958 birth cohort
Social Actual | Perfectly] Actual/PM | Std. Dev. | Equilibrium
class Mobile actual Distribution
I 1.93 1.45 1.33 1.34 0.310
lI+IVa 1.33 1.24 1.08 0.67 0.190
1l 1.12 1.05 1.07 0.37 0.051
IVb 1.35 1.08 1.25 0.69 0.073
\ 1.11 1.07 1.04 0.34 0.064
VI 1.31 1.19 1.10 0.63 0.161
VI 1.43 1.18 1.21 0.55 0.151

B. 1970 birth cohort
Social Actual | Perfectly] Actual/PM | Std. Dev. | Equilibrium
class Mobile actual Distribution
I 1.73 1.35 1.28 1.13 0.259
lI+IVa 1.46 1.36 1.08 0.82 0.262
11 1.13 1.08 1.05 0.38 0.073
IVb 1.18 1.07 1.10 0.46 0.065
\ 1.19 1.13 1.06 0.48 0.114
VI 1.18 1.10 1.07 0.45 0.092
VI 1.39 1.16 1.20 0.74 0.136

C. 1949 Social Survey
Social class Actud|l Perfectly| Actual/PM| Std. Dev. | Equilibrium

Mobile actual Distribution

Professional 1.63 1.02 1.59 1.02 0.023
Managerial 1.36 1.04 1.30 0.71 0.042
Higher grade
non-manual 1.23 1.10 1.12 0.54 0.088
Lower grade
non-manual 1.27 1.15 1.11 0.58 0.127
Skilled manual 1.90 1.69 1.12 1.30 0.409
Semi-skilled
manual 1.45 1.22 1.19 0.81 0.182
Unskilled
manual 1.38 1.15 1.20 0.72 0.129

10



3. Regression-to-the mean

The most common approach to social mobility measarg adopted by research in
economics (e.g. Solon 1992) is based on the Gaharigression equatiga=Ayptv, where

yp is the logarithm of some continuous measure ofrgarstatus, which we shall label as
‘income’ for simplicity of expression, ang is the log of child’s income, both expressed as
deviations from their respective means; ar@ptures other influences on the child’s income.
Theng is theintergenerational elasticity Perfect mobility in this context arises whgs0,

and perfect immobility whefi=1. The quicker the regression to the mean (Igethe

larger is intergenerational income mobility. By reeang educational attainments in terms of
years of education, this approach has also beehtageeasure intergenerational educational
mobility (e.g. Hertz et al. 2007 and Ermisch andrizato 2011; the latter uses information on
twins to estimate the ‘causal impact’ of parentil@ation on that of their children).

By constructiony is assumed uncorrelated with (i.e. Eyp)=0). This ‘moment
condition’ entails thaf=cov(yc, yp)/var(yp), where cov indicates covariance and var denotes
variance. Its estimator is its sample counterp@he value off will reflect the distribution
of income in the parents’ and children’s generatiomhe Pearson correlation coefficient
standardises the distribution in the two generatiara particular wayi= SSD(yp)/SD(yc),
where SD indicates standard deviation. When thiawee is the same in the two
distributionsp=4. For a giverm, the larger the variance of income in the chilgéseration
relative to that in the parents’ generation, tighbr the value of the intergenerational
elasticity. Thus, when income inequality is in@ieg across generations, there is a tendency
for f to increase.

The variance is, however, only one feature of tie®me distribution. Differences in
marginal distributions between the two generatiwosald be fully controlled by the
‘Spearman rank correlation’ rather thafbecause both marginal distributions would be
standard uniform distributions). It is the Pearsorrelation coefficient between the ranked
(rather than the ‘raw’) variables. A perfect Speamnncorrelation results when the two
variables are related by any monotonic functiorgantrast to the Pearson correlation, which
only gives a perfect value when they are related tiyear functiorf. Rank-based measures
are discussed in the next section.

One important challenge in the estimatiorf @frises because the income concept
should be a ‘lifetime’ or ‘permanent’ one, whichnieasured with error from any one
snapshot for each generation. This is less obbl@m for the child’s income because
measurement error is reflectedvinClassical measurement error in the parents’me@n
the sense that the error is not correlated withrinee value of parents’ income) produces a
downward bias in the estimateffattenuation bias Averaging parents’ income over many

’ For a comprehensive discussion of income mobility iis measurement, see Jantti and Jenkins, fortingp
® The Spearman rank correlation is ‘non-parametrithis sense, but also in the sense that its esaepling
distribution can be obtained without requiring kiedge (i.e., knowing the parameters) of the jonatyability
distribution of the two variables.
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years tends to reduce the bias, although manyseétado not possess such multiple
measurements.

A second estimation challenge relates to whenerlitl course the child’s income is
observed. Both generations’ incomes need to berebd when their career progression is
sufficiently advanced. In most data, there is Ugliétle problem with the parents’ income
in this respect, but this issue often arises withdhild’s income-tife cycle bias

Estimates off (and sometimeg) have been used to compare intergenerational
earnings or income mobility between countries avel time in particular countries. For
example, Bjorklund and Jantti (2009) find lovw#s (higher mobility) for Scandinavian
countries compared to the USA and Western EurapklLae and Solon (2009) find that
intergenerational elasticities of income in the USiA not change significantly between the
1950 and 1970 birth cohorts.

4. Rank-based measures

While the intergenerational elasticity approacly{log model) has some desirable theoretical
properties (Solon 2004), it suffers from two engatishortcomings, pointed out by Chetty et
al. (2014a). First, it omits observations with@ercome in the observation period, and this
situation is more likely among children of low imae parents, thereby tending to overstate
mobility. Second, the relationship between logalaihd log parent income is highly non-
linear, with lower intergenerational elasticitiesidw the 18' percentile and above the"®0
percentile of the parents’ distribution.

To address these problems Chetty et al. (2014&@laewa rank-rank specification of
the relationship between child’s and parents’ ineenThey rank children based on their
income relative to other children in the same badhort (including those with zero income),
and they rank parents of these children basedeanitttome relative to other parents with
children in these cohorts. Their data is US feldamme tax records. For instance, for US
citizens in the 1980-82 birth cohorts they measiieechildren’s income as mean total family
income in 2011 and 2012 (when they were aged &@uand parents income as mean
family income between 1996 and 2000 (when the oirldvere aged 15-20).

The relationship between child and parent peraeraihks turns about to be almost
perfectly linear in their US tax records data- a + yrp,+ €. The slope parametgis a
measure ofelative mobility’ For instance, their estimatejdit 0.34 for the 1980-82 birth
cohort. The expected rank for a child coming frafamily with rankp (E[rc|rp=p]) is a
measure oébsolute mobility at rank. It tells us how the children’s outcome differs
between high and low income families, which is uk&dr geographic and temporal
comparisons. Furthermore, ‘rank-rank slope estimate robust to measuring parent and
child income at different ages and using multipeang to measure income, indicating that the
estimates do not suffer from significant life cyoleattenuation bias’ (Chetty et al. 2014b,
p.142).

° While relatedy is not identical to the Spearman rank correlatioefficient, which is equal to
1-{63(rpi- rc)?n(n*1)}, wheren is sample size.
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With respect to trends in the US, the analysishety et al. (2014b) indicates no
trend in the slope parameter over the 1971-82 bottorts, and extensions to later cohorts by
other means indicate stability through the 199&kiphort. They also find that estimates of
the intergenerational elasticitg)(with their rich data are stable, or possibly decj
slightly, despite increases in income inequalitydaese ‘the marginal distributions of parent
and child incomes have expanded at roughly simeltes’ (p.143).

A comparison with Denmark also indicates a neamkydr rank-rank relationship
there (Chetty et al. 2014a). But the slope islgdalf that in the US at 0.18, consistent with
previous cross-national comparisons of interger@rat elasticities (Bjorklund and Jéantti
2009). If the ranks were defined for a common ineatstribution for the US and Denmark,
it would be possible to make absolute mobility canmgons using the Ef| rp=p] measure.

5. Influences of each parent’s status

In the analysis of income mobility we can add tbgethe parents’ incomes, but when social
origin is represented by categories, some oth@ré&gation’ of parents’ ‘classes’ is
necessary. Inthe analysis of educational mokalitgve, we took the ‘parent’s education’ to
be the higher of the two parents’ educations. milar approach (the ‘dominance method’;
Erikson 1984) is taken in analysis of social classbility, or, alternatively, only father’s
social class is used to represent social classorBeller (2009) extends the class mobility
analysis to include both parents’ class posititeg ancorporating a ‘homemaker’ category
for mothers who do not have paid employni@nHere we explore whether there are other
models with a few parameters that can capturentheence of both parents in education or
mobility.

With four education categories, there are sixtezssiple parental education
combinations (assuming we observe both parent<atin levels). The dominance (highest
education) method introduces twelve constraints.alkernative approach is the so called
‘diagonal reference model’ (DRM; e.g. Sobel et@D2). Here we apply it to modelling the
log odds that a child obtains a degree qualificatio

The father has education le\Rlwith categories=1,...,4 and the mother has
education leveC with categories=1,...,4 The log-odds (‘logit’) that their child obtaias
degree is assumed to be given by:

log(7c /(1- 7rc)) = Wlog (i /(1- 7)) + (1-w)log (i /(1- 7))

wherer. is the probability of a child, whose father has@ation lever and whose mother
has education level obtaining a degree;, andz. are the probabilities that a child with
educationally homogamous parents, at lev@sdc respectively, obtains a degree; and
and 1 -w are the weights of the father’'s and the motheatigcation in determining a child’s
degree attainment, with @<1. In words, the logit of their child obtaininglagree for
educationally heterogamous parents is constramée & weighted average of the logits of

1% She uses Goodman’s (1979) ‘log-multiplicative R€aasation model’ to study the issue, but we taketlaer
approach here.
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the relevant homogamous parents. The intuition iseifeat homogamous parents are ‘pure
types’, and they serve as reference points fompameho have different levels of education.
The DRM model here imposes 11 constraints on thenpeters.

Table 7 shows the estimated parameters for the BdRM child’s degree attainment
for the two birth cohorts. For both birth cohottse estimate of the father’s weight is not
significantly different from one-half. That is, ] importance is given to father's and
mother’s education in their influence on their diglodds of getting a degree. Compared to
the general model, which has a different paranfetezach parental education combination,
the DRM is rejected at conventional significanoeels by a chi-square likelihood ratio test
(11 d.f.). But if we use the Bayesian Informat@©nterion (BIC), which penalises models
with more parameters, we would select the DRM dlvergeneral model: for each birth
cohort, the DRM has lower value of the BIC thangkeeral model. The Akaike information
criterion, which penalises models with more pararseless severely than the BIC, favours
the general model.

Table 7: Diagonal Reference Model for log oddshafdcobtaining a degree

Homogamous Age 26-45 Age 46-65
Parents’ education | parametef SE | parameter SE
constant -1.451 0.044 -1.967 0.040
logit degree 2.771 0.087 2.980 0.128
logit post school 1.109 0.067 1.452 0.078
logit school 0.634 0.063 1.166 0.073
father’s weight 0.521 0.024 0.511 0.031
Reduction in BIC cf.

general model 63.14 73.31

Chi-square test cf.

general model (11df)| 40.18* 29.75*

*Significant at 0.01 level or less

The DRM model performs better than the dominanagh@st education) model on
the BIC. It may, therefore, be an acceptable wagombine the two parents’ education
levels in affecting the log odds of the child’s edtional attainment. In our particular
example, the parental weights turned out to behfyuggual** Thus, consistent with Beller
(2009) for class mobility in the USA, both parergducation matter for the child’'s
educational attainments.

A third type of constrained model may be called‘theéependent effects’ model, in
which the impact of each parent’s education levelh® log odds of the child obtaining a
degree is the same no matter what the level obtiwer parent’s education. It is not nested in
the models considered so far, as it does not @indtre parameters from the general model,

" Similar results are obtained when we estimaterdared logit using all levels of the child’s eduoat while

the DRM is rejected by a likelihood ratio testisifavoured by the BIC compared to both the donmieamodel
and the general model, particularly relative toftrener. Also the father's and mother’s educati@ights are
equal.
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but rather aggregates the independent variablas wB can compare it with the other models
using the BIC and AIC. The DRM performs best om BiC, but the independent effects
model (with 7 parameters) is quite close in terithe BIC score. On the AIC, the general
model always performs best.

6. Influences of parental background ovbke life course

The social mobility analysis up to this point hasttasted origins and destinations in terms
of education, social class or income. It has nafysed how parental background affects
outcomes through the life course. Figure 1, frami&ch et al. (2012), provides a schema
with which to think about the process. It illusésthat parental socio-economic status (SES)
may be associated with any stage or outcome affith@ development process, and any
outcome at an earlier life stage may be relatddtéy outcomes all the way up to adulthood.
For example, parental education or incofaréntakeg may be related to birth weights in
the birth year, or to test scores and socio-ematibahavior in early childhood, which in
turn, may be associated with various outcomesybathe subsequent developmental
stages. Ultimately, offspring adult socioeconomatiss is the outcome of a whole series of
parental and other inputs to children’s developnfiemh the birth year forward. This schema
is consistent with Cunha and Heckman's (2007) dymamlti-stage model of skill
development, in which intermediate outcomes at stadpe not only affect subsequent
outcomes but may also affect the productivity @iuts at subsequent stages. For example,
children who were not read to as preschoolers rmalyitf more difficult to learn to read at
school. This initial disadvantage can then be ceg#d if a poor secondary education limits
one’s choices and opportunities in terms of prepardor higher education. On the other
hand, if this same child were fortunate enoughttena better schools, this may offset some
of the initial disadvantage.

As an example to illustrate the analytical issgessider the impact of parental
background, as measured by parents highest’ edacatid social class (dominance method)
on their children’s performance in national examtha end of primary school through
compulsory secondary school and on their enrolnmehigher education. The analysis uses
the Longitudinal Study of Young People in Englan8YPE), which samples children born
in 1989-90 and links their survey data to theiri@eéments in the education system’s
national standardised tests. It measures theirdsslts at ages 11 (end of primary
schooling), 14 and 16 (end of compulsory schooliagyl records whether or not they are
enrolled in higher education at the age of 20.

Figure 2 shows the proportion scoring in the togrtjle of the Key Stage tests for
each of four parental education groups at age$4.and 16 (GCSE results), and also the
proportion enrolled in university at age 20 fordbdour groups. It suggests a widening of
the differentials by parents’ education betweenapes of 11 and 14 and at least maintenance
of the differentials at subsequent ages. The vindeduring secondary school in England is
backed up by formal statistical analysis in Del Bamd Ermisch (2012), and Magnusson et
al. (2012). In Figure 2 for example, the diffezerbetween the parental degree group and the
low parent education group in being the top quaitil40 percentage points at age 11 and 47
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percentage points at age 14, the same as theediiffelin the percentage enrolled in
university at age 20.

We now focus on the probability of being in univgrat age 20. In line with Bukodi,
Erikson and Goldthorpe (2014) it allows for indegent effects of parents’ education and
social class on their offspring’s enrolment in légleducation as well as a cognitive ability
measure, but not, as they also suggest, pareataksiAny random variablecan be
decomposed into the conditional expectation fumcéind a random term that is orthogonal to
it: y= E[y|SC,PE A+ e, wherey is the dichotomous variable of being enrolledighler
education or not at age 28Cis parents’ social clasBE is parents’ education amdis an
achievement measure earlier in their life. We asstivat Ej|SC, PE,Ais linear in the
independent variables. The justification is tharovides the minimum mean squared error
linear approximation to the conditional expectafionction? In the first analysis, we only
include the parental education and social clasabias (i.e. excludé), and in the second we
also control for the child’'s KS4 (GCSE) resultage 16.

The first column of Table 8 indicates a steep gmadin the probability of being in
university with respect to parents’ education, thig virtually disappears when we control
for GCSE results (second column). In addition,ghabability of attending university is
strongly associated with the parents’ social clésen there is no control for GCSE results
(first column). Controlling for GCSE results iretBecond column produces a set of marginal
effects of social class that are neither indivityalor jointly significantly different from
zero at the 0.01 level and quantitatively very $maéhus, the large differentials in university
enrolment by social background is mostly accoufdedby the large impacts of social class
and parents’ education on getting good GCSE resuligh in turn have a large impact on
university entry. In other words, the associatibparental background with university
enrolment appears to work almost solely througlcthilel's performance in school up to age
16.

The virtual disappearance of parent education anthlisclass effects is not consistent
with Bukodi, Erikson and Goldthorpe (2014), whiahdk little change in the education and
social class effects on the highest level of edanat attainment when a cognitive ability
measure at age 10-11 is introduced. To make thgpanson sharper, the analysis is repeated
with end of primary school (KS2) test percentilerss replacing the GCSE scores, and is
shown in col. 3 of Table 8. While still presefhig tsocial background effects are much
smaller when we control for test score resulthatend of primary school than in col. 1. Of
course, the outcome measure is different (enrolimemtiversity rather than highest
educational attainment), and this could accountHferdifference. It is also possible that the
KS2 test results are a better indicator of abditielated to educational attainment than the
cognitive tests administered in surveys.

2 |n practical terms the average marginal effectsifeonon-linear model like logit are usually vergsg to
those from the linear model. Of course, with tinedir approximation there is no assurance thgSE[ PE, A
is bounded between 0 and 1 forAllbut that does not matter for the purposes optiper, which only needs
marginal effects. Also, strictly speaking, thegaeters of a non-linear model are not identifiethenabsence
of a distributional assumption (e.g. logistic), alinis usually not justified on grounds other thanwenience.
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Table 8: Impacts of Parents’ Education and Sodias€on the Probability of Being

Enrolled in University at Age 20 and on GCSE testres Percentile at Age 16

University enrolment GCSE results
(1) (2) () (4) (%)
Without With With KS2 | Without With
GCSE GCSE (age 11) KS2 KS2
Results Results Results Results Results
Parents’ Education:
Low (omitted)
Medium -0.016 -0.089 -0.073 6.84 0.51
(0.016) (0.012) (0.015) (1.13) (0.83)
Some Tertiary 0.124 -0.024 0.032 13.83 3.78
(0.023) (0.018) (0.021) (1.37) (0.98)
High 0.329 0.046 0.159 26.42 8.80
(0.023) (0.018) (0.021) (1.41) (1.00)
Parents’ Social Class:
Upper Salariat (omitted)
Lower salariat -0.061 -0.008 -0.032 -4.89 -1.67
(0.020) (0.016) (0.019) (1.04) (0.71)
Intermediate non-manual -0.151 -0.027 -0.068 -11.50 -3.32
(0.020) (0.016) (0.019) (1.09 (0.077)
Semi-routine -0.211 -0.021 -0.093 -17.62 -6.03
(0.023) (0.020) (0.023) (1.51) (1.00)
Routine manual -0.264 -0.029 -0.130 -21.82 -8.73
(0.025) (0.020) (0.023) (1.51 (1.06)
Never worked/ -0.217 0.027 -0.056 -22.60 -6.71
unemployed (0.030) (0.023) (0.028) (1.97) (1.54)
Female (mean=0.51) 0.079 0.018 0.080 5.61 5.43
(0.012) (0.009) (0.011) (0.75) (0.49)
Age in mos., Sept. 2005 | 0.00073 -0.003 -0.007 0.38 -0.32
(mean=186.4) (0.0015) | (0.001) (0.001) (0.09) (0.07)
KS4 (GCSE) Percentile 0.0107
Score (mean=52.3) (0.00017)
KS2 (age 11) Percentile 0.0070 0.69
Score (mean=51.9) (0.0002) (0.01)
Constant 0.274 0.512 1.266 27.07 67.53

Comparisons between the two sets of estimatedsn t@and 2 of Table 8 are related
to the concepts of ‘primary’ and ‘secondary’ effect educational sociology. Primary
effects in our context relate to the impact of figrbackground on ability or eligibility to
pursue higher education. Secondary effects capiteranpact of family background on the
decision to enrol in higher education among thgilai/able.

In the sociological literature, primary and secaydsffects are defined for
comparisons between social groups. Their computdias been complicated by non-linear
models for the probability of the event of interddtey have usually been carried out in
terms of ‘counterfactual experimerits(Erikson et al. 2005; Jackson et. al 2007) orm no

3 Another parametric assumption is required for thenterfactuals: the distribution of the ‘achieveihen
‘ability’ measure within each social group.
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linear decompositioif (Fairlie 2005) for a few rather broadly definedisdgroups, such as
two or three classes (Erikson et al. 2005; Jacksoal 2007; Schindler arldbrz 2012).

They are less feasible for more narrowly definemligs (because of sample sizes), and here
we would like to distinguish groups by both paréathication and social class.

Taking the linear expectation function approachdusere we can easily obtain an
exact decomposition without arbitrary functionainibassumptions. The predicted
probability for any social group (defined here laygnts’ social class and education) is given
by the linear expectation function for the modeihwhe GCSE variable {2col. Table 8). It
depends on the coefficients of parents’ educatiwhsacial class in the regression (from
which we derive the secondary effects), and theycbof the impact of the KS4 percentile
score on university enrolment and the expectatfdheKS4 score conditional on being in a
particular family background group (from which weride the primary effectsy. By taking
the difference between any two social groups, weatdain the primary and secondary
effects on the difference.

For illustration, we focus on two large groupshie population for whom the
estimates will be more precise: children of parentea medium education and children of
parents from intermediate non-manual occupationkidgure 3, we compare the intermediate
class with all other social classes among childrfgmarents with a medium level of
education. There are small secondary effects twlo salariat groups, but primary effects
of social class dominate. In Figure 4 we compaiferdint parents’ education groups among
children whose parents are from the intermediatsscl Here there are large secondary
effects of having parents with some tertiary edocadnd particularly having parents with a
degree. But primary effects are even larger. gaoents with low education, primary effects
reduce university enrolment while secondary effeatsease it.

The division into primary and secondary effectaursgs a consistent estimate of the
parameter showing the impact of GCSE achievemeentny to university, which we denote
asa. Suppose there is a persistent family or perpaaiic factor, call it ‘motivation to
study at university*® But motivation also encourages the student tdysharder in school,
making the estimate of biased upward. In effect, heterogeneity in pesisonfamily traits
affecting both study in university and achievemargchool is likely to be confused with the
impact of achievement on entry to university. Shigs overstates the primary effect, making
the estimate of the secondary effect a lower bound.

“ The non-linear decomposition allows for a numbepassible differences between the composition ofigs
while here we only consider differences in GCSHiltes

!> The probability of university enrolment of beingiin social clask and parental education levalis given by
E[y[SG=k, PE=m, A= Sk +ym + ¢E[A|SG=k, PE=m]. The ‘secondary effect’ is derived frgfp+y, and the
‘primary effect’ is derived fromaE[A| SG=k, PE=m] for the two social groups being compared.

*E.g. lety= > 7PE +aA + p + e, wherep is motivation to sudy. But motivation also encges the student to
study harder in school, and 8} 4,PE +pp+e, with Efe €]= E[e u]=0. Then the covariance betwe&mand the
error term in the main equation fpru + e, is given bypvar(u), and so the estimate etends to be biased
upward wheneves>0 andu varies among students.
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Analogous analysis of GCSE (KS4) percentile scwgsven in columns 4 and 5 of
Table 8. The regression that is conditional on@rgtimary school (KS2) test percentile
scores (col. 5 of Table 8) indicates the existerfdeoth primary and secondary effects of
parents’ education and social class on GCSE admient as Figures 5 and 6 illustrate. But
the primary effects are larger (again noting thikely overstatement). Thus, family
background has an important influence at leastdg as primary school. Indeed the
influence of parental background on cognitive penfance is apparent before the child goes
to school. Analysis of Foundation Stage testesowhich are taken around age 5 before
entering school (using the UK Millennium Cohort &uborn 2000-01), indicates similar
differentials in the proportion in the top quartig parents’ highest education to those in
Figure 4 (Del Bono and Ermisch 2012).

7. Multigenerational demography
A recent strand of research on social mobility aionwed social stratification research with
social demography. The social mobility analysisveyed above is concerned with the role
of the family of origin in affecting destinations terms of education, social class and
income. But variation in family background produd#gerential growth of segments of the
population, and as a consequence the distribufiontcomes in the population must also
incorporate biological reproduction into the pietur

The ‘population dynamics’ perspective aims to inég intergenerational
transmission of status with demographic processed) as fertility, marriage and migration
to provide a population level perspective on satiability. It addresses what Mare (2011)
calls ‘the tandem nature of demographic and soo@mnic reproduction’ in his 2011
Population Association of America presidential &$dron ‘multigenerational demography’.
A research focus which conditions on the distrimuiof the key aspects of the family
environment ‘is inadequate for analysing the pojpahaquestion of how a socioeconomic
distribution in one generation gets transformed antistribution in later generations.’ (Mare
2011, p.15).

For instance, in Mare and Maralani’s (2006) modehtergenerational transmission,
only women’s educational attainment is taken texegenous. The woman'’s fertility and her
child’s educational achievement depend on the dotucaf both parents, while the education
of the man she matches with depends on her edacadi joint distribution of marital
status, husband’s education, fertility, and offisgis education is endogenously determined
by women’s education. They are able to estimaddtal effect of women's education on the
education of the next generation operating botbugin direct ‘effects’ of parents’ education
on offspring education and indirect effects throdgferential fertility and assortative mating
by parents’ education.

In our data, information about how partnering aexdility vary with the mother’s
education is available for the cohort women age®3é1 2009-10, who have completed
childbearing. Table 9 shows the proportion of womgéio have a partner in 2009-10, the
education level of the partner for women who have and the woman’s completed fertility.
Women with no qualifications are less likely to bavpartner, and there is fairly strong
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assortative mating by education with 49% of coupl@ang the same education level.
Women'’s fertility declines as her education incesasTable 9 suggests that at the population
level the tendency for highly educated mothersroalpce better educated children is offset
somewhat by their lower fertility—their childrenedbetter educated but they have fewer of
them.

Table 9: Distribution of Spouse’s Education andikgrfor Women aged 46-65 in 2009-10,
Understanding Society

Has Partner’s Education Ave.| Woman'’s
Woman’'s | partner, | none| school|l post| degree| Family | Educ.
education: | 2009-10 school size Dist.
none 0.662 0.599 0.316 0.053 0.033 2.16 0.187
school 0.718 0.269 0.494 0.112 0.125 1.77 0.488
post school 0.714 | 0.1570.382 0.151 0.310 1.63 0.143
degree 0.726 0.059 0.227 0.095 0.619 1.22 0.183

There are considerable challenges in identifyirggarameters of such multi-process
models and estimating them. It is, however, impurta do so in order to assess the
population-level consequences of policy intervamgicsuch as child care or schooling
policies, for the distribution of the populationterms of educational attainments and other
social groups.

8. Conclusions

The social transition matrix introduced by Sig B years ago remains the foundation of
the measurement of social mobility today. It hasrbextended by distinguishing relative
mobility from structural change (although Sig recisgd the important of adjusting for the
latter), and new summary measures have been ireddn an effort to describe complex
social processes in terms of a few parametersorge one. But some social mobility
measures introduced by Sig Prais, such as thel aetative to the equilibrium distribution
and the average number of generations spent inial etass, are now rarely reported. There
is also no effort made to compare observed soadlility with a perfectly mobile

benchmark. If for no other reason than the impmeaof measuring social mobility from
different perspectives, the neglect of these cascapd measures is regrettable.

One important area for future research concemp#th between origins and
destinations. In other words, how does inequalitselation to family background evolve
over childhood and into adulthood to produce indiuis destinations. There have been a
large number of recent contributions in this aeeg.(Ermisch et al. 2012).

Another important and rarely researched areaeigtipulation level question of how
a social class or educational distribution in oaeagation gets transformed into a
corresponding distribution in later generationspnporating differential biological
reproduction and migration. This is a challengimgt, rewarding research area because the
impacts of policy interventions need to be asseats#te population level.

20



Finally, the present paper makes a substantivibation with respect to
intergenerational education mobility in the UK. particular, using parents’ highest
education as the origin indicator, neither relativebility nor overall educational mobility
has changed much across cohorts born between th&940s to the mid-1980s. Figure 7
illustrates this by plotting the average numbegefierations with a degree (for children
having parents with a degree) and Shorrocks’ mgbiidex for 3-year birth cohorts (sample
N ranging from 1,600-2,100) indexed by their ag€@®9-10, along with linear trend lines.
There is little evidence of a meaningful trend ith@ measure over these 30 years. The
analysis also indicated that parents’ social cagkeducation are already influencing
outcomes relevant to ultimate educational attairtnmeprimary school and probably earlier.
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Figure 1: Parental influences over the life course

Figure 1. Model of Intergenerational Transmission of Advantage by Life Stage®.

*Itis implicit in the model that outcomes at any life stage can be associated with outcomes at any subsequent life stage.

BirthYearAge 0-1

/| Early ChildhoodAge 2-6 |\ —
ulthood Age 30+

| 7

| Middle ChildhoodAge 7- |
11

. | AdolescenceAge 12- |
17

N | Early AdulthoodAge 18- |
29

ParentalSES

Table A. Variable Definitions and Examples of Proposed Measures at Different Points in the Life Course

Parental Variables (Psgs) | Childhood/Early Adulthood Life Stages |_t Data Points Adulthood (Age 30+)
Education, Income, BirthYear (C_0), Early Childhood (C_1) I_tis assumed to be SES, Income, Education,
Earnings, SES, Middle Childhood (C_2), Adolescence (C_3) different public and private Employment/Labor Market
Occupation, Wealth, Early Adulthood (C Z) - investments in children’s Attachment
Employment . - - . development that vary by

Educational attainment, cognitive measures, socio- countr

: ) y.
emotional behavior, employment/labor market,
health/physical

Source: Ermisch, Jantti and Smeeding 2012.



Figure 2: Differential Child Achievements by Paeriighest Education Level
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Figure 3: Primary and Secondary Effects by Social Class Relative to

Intermediate (non-manua

I) Class, Parents' Medium Educatiion
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Figure 4: Primary and Secondary Effects by Parents' Education Relative to

Medium Education. Intermediate Social Class
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Figure 5: Primary and Secondary Effects on KS4 Results by Social Class
Relative to Intermediate Class, Parents' Medium Educatiion
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Figure 6: Primary and Secondary Effects on KS4 Results by Parents' Education
Relative to Medium Education. Intermediate Social Class
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Figure 7: Trend in Ave. No. generations with degree for children with 'degree-
parents' (right scale) and Shorrocks' Mobility Index (left scale)
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Appendix Table 1: Equilibrium educational distritourts, Aged 26-65 in 2009-10*

Education Men Women
none 0.043 0.051
school 0.425 0.392
post school 0.113 0.156
degree 0.419 0.401

*Equilibrium vectorxe solves the equation=Px., whereP is the appropriate transition
matrix.

Appendix Table 2:
Average number of generations spent in educatidaas, Aged 26-65 in 2009-10*
A. Men

1.Actual| 2.Perfectly| 3.Actual/PM| 4.Std. Dev.
Mobile actual
none 1.27 1.04 1.21 0.58
school 2.21 1.74 1.27 1.63
post
school 1.19 1.13 1.06 0.48
degree 2.59 1.72 1.51 2.03
B. Women
1.Actual| 2.Perfectly| 3.Actual/PM| 4.Std. Dev.
Mobile actual
none 1.33 1.05 1.26 0.66
school 2.15 1.64 1.31 1.57
post
school 1.21 1.19 1.02 0.51
degree 2.66 1.67 1.60 2.11

* The average is given by 1/(;), wherep; is the diagonal element of the transition matrix
for that educational class. Its standard deviasagiven by\/p,-,-/(l- Bi)-

Appendix Table 3: Shorrocks Mobility Index (SE), &26-65 in 2009-10*

Men Women
0.8225 0.8060
(0.0064) (0.0056)

*Standard error of the difference=0.0085.
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