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Spaghetti Unravelled:
A Model-Based Description of Differences in Incomége Trajectories

Non-Technical Summary

Most descriptions of the income-age relationshglased on comparisons of income across
age groups in a particular year and are basedass-gectional data. In contrast, this paper
has taken a longitudinal approach, deriving trajgcestimates using 17 waves of data from
the British Household Panel Survey. | propose anéwork that provides summary
descriptions of not only the way in which incomeaoag groups of similar individuals
change with age on average, but also the way irlwtrajectories for individuals diverge
from the average trajectory of their group. The elod applied to three measures of
‘income’: the hourly wage, total individual inconfieom all sources, and equivalized net
household income.

The paper’s main points are as follows:

Individuals’ income-age trajectories collectiveyok like cooked spaghetti — they are a
complex mix of wiggly lines.
We can, however, use a statistical model to sunmmatihe key features of these
trajectories and to highlight differences acrossugs on average and within groups of
individuals with similar characteristics.
Across twelve social groups defined in terms of borations of sex, birth cohort, and
educational qualifications, there are some cledfer@inces in average income-age
trajectories, regardless of which income measuusesl.
Other things equal, the average income-age prigiilenen lies above that for women; the
one for individuals born in or after 1955 is abakat for those born before 1955; and the
that for individuals with educational qualificat®mno A-level or higher is above that for
individuals with some qualifications which, in tuns above the profile for individuals
with no educational qualifications. There is aidigtdip in income growth for women on
average over the age range when many have children.

Average income-age trajectories derived from lardjital data look different from those

derived from cross-sectional data. For hourly wafm@sinstance, trajectories at the

beginning of the working life are steeper — wagewdh is greater — according to
longitudinal data.

‘Average’ trajectories are potential misleading. tMifi each social group, there are

substantial differences across individuals in thepgs of income-age trajectories, where

differences can be usefully summarised in terms of:

1. Individual-specific differences in incomes at tharsof the working life;

2. Individual-specific differences in income growthas; and

3. A close association between initial incomes anarnme growth rates — those with a
lower initial income experience greater income dgitown average, so there is a
tendency for trajectories to cross;

4. Transitory variations — income-age trajectorieso atffer because of substantial
individual-specific income changes from one yeath® next, representing the effects
on income of genuine transitory variation, measwmerror, or lifecourse events
such as having children, or family formation orsaisition.

Over the working life, income inequality first dexs and then rises, but the nature of
the U-shape differs substantially between birthoctsh
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Abstract

A modelling framework is developed for describingcome-age trajectories that is useful for
summarizing not only the average profile for a grad individuals with similar characteristics, but

also how individual trajectories differ from theogp average. Using data from waves 1-17 of the
British Household Panel Survey, the model is eseohaeparately for twelve groups of individuals

differentiated in terms of educational qualificatso birth cohort and sex. The results indicate
significant differences in the shapes of averaggd¢tories across groups, and substantial vargtion
in trajectories across individuals within groups.
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1. Introduction

This paper provides new evidence for Britain abthé shape of people’s income-age
trajectories — how income varies with age — and hbese trajectories differ between
individuals. I make comparisons within and betwaerlve groups defined in terms of
educational qualifications, birth cohort, and seand for three income definitions
(employment earnings, total individual income froatl sources, and needs-adjusted
household net income).

The research was commissioned by the UK’s Nati@@uplality Panel (NEP).The panel's
report, to be published in January 2010, providesmaprehensive picture of the inequalities
that exist in contemporary Britain. The NEP’s wwks three distinctive features. It focuses
on inequalities in economic outcomes (householdnme; individual earnings, employment,
and educational achievement), rather than the wpdespective taken by, for instance, the
UK Equality and Human Rights Commission. The NERsato document inequalities both
within and between ‘social groups’ defined in a te@mof ways, including by sex, ethnic
minority group, social class, religion, region, am@mbinations of these characteristics. The
panel is taking a lifecourse perspective, examiimegyualities in childhood, the working life,
and old age.

Most of the evidence currently available about tdlationship between income and age is
derived from cross-sectional data. The picturegmodme-age trajectories are derived from
survey data for a given year about a large sanfpledoviduals of different ages. By contrast,
my research uses longitudinal data that trackss#me people over time and accumulates
information about the income-age trajectory forhre@erson in the sample as each person
ages. Data about how income varies between th@fag@ and 40 years (say) is derived by
following 30 year olds over a decade until they 4berather than comparing today’s 30 year
olds with today’'s 40 year olds. If one is interesie documenting the nature of individual’s
income-age trajectories, including how income \&ahbetween one year and the next for each
person, while also describing the heterogeneitgsscmdividuals in income-age trajectories,
then a longitudinal approach is essential.

Knowledge of how income varies with age on averagel the extent to which individual
trajectories differ from an average profile, isergnt to many aspects of social policymaking.
How your income varies over your life is an impattadeterminant of your spending
possibilities (and hence consumption and econongit-leing) at different ages, and your
ability to save for old age, whether privately draugh company, occupational, or state
pension schemes. It is important to identify tharelteristics of not only the groups who, on
average, have persistently low incomes and hengeallities to save, but also whether a
‘group average’ is potentially deceptive. Evemidame increases with age on average, this is
consistent with considerable year-on-year fluctratin the incomes of a minority, or a
mixture of subgroups with rising income and subgsowhose income is falling. These
features complicate the design of effective paidar fostering saving by all.

It should be stressed, however, that this papesiges evidence relevant to policy discussion
rather than an analysis of policy alternatives. paper develops a framework to summarize

! The NEP was established in November 2008 by tligsBiMinister for Women and Equality with a britef
provide an independent report on the nature ofuakties in Britain. The panel is chaired by Pref@sJohn
Hills (LSE), and has nine other academic membdrss lassisted by a secretariat from the Government
Equalities Office. Sehttp://www.equalities.gov.uk/national_equality pbaspxfor further information.




individuals’ income-age trajectories in a tractatvianner, and applies it to data for Britain. |
use the word ‘summarize’ intentionally for the sbapof income-age trajectories in
contemporary Britain are complex, as | show bel®harts plotting raw survey data about
income against age look like a plateful of cookedghetti. A statistical model is essential for
characterizing the key features of income-agedtajes.

| propose an approach that incorporates elemenmtsdels from earlier literatures addressing
different aspects of income dynamics. My brief frdme NEP, in particular the requirement
for analysis of different social groups and diffgrencome definitions within a common
framework, led to an amalgam of these earlier agugires.

The key ideas underpinning my approach are asvisllé-irst, | differentiate twelve ‘social
groups’, with group membership defined in termsswhilarity of birth year, educational
gualifications and sex. Then, second, within eadu, | summarise income-age trajectories
in terms of an average group profile combined wittividual-specific divergences from the
group average. Figure 1 helps explain the ideaf(ttmeal statistical model is presented later).

Figure 1. Stylized income-age trajectories for twandividuals and the average trajectory

Income

T
25 30 35 40 45 50 55 60 65
Age (years)

Note. Chart shows stylized income-age trajectdoeswo individuals (dashed lines) and an averaggttory
(solid line): see text for further explanation.

The dashed lines show stylized income-age trajestdor two individuals from the same
social group (men born in the same year who bdtlsdétool with GSCEs but without any A-
levels, say). John’s profile is summarised by atredly low income at the beginning of the
working-life (taken to be 25 here) combined withietatively large growth rate in income
with age (long dashed line). The other profile (sliashed line) combines a relatively high
initial income but a relatively low growth rateiimcome with age — the slope of the trajectory
is less steep than in the first case. Think offtfst situation as characterizing someone who
gualified as plumber. The starting salary is reky low but increases over the working life,



reflecting the return to the investment in trainiiige second situation represents Mike who
instead trained as a motor mechanic. Initial egsiare higher than for John and remain so
until both individuals are nearly 50 at which peoiddhn’s earnings are overtaken by Mike’s.
The solid line represents the average of the twividual profiles.

The key differences between John’s and Mike’s ttajges are, first, the difference in the
initial incomes (one is below the average trajeciaitially; the other is above the average
initially) and, second, the difference in incomewth with age (again one rate is above the
average and the other is below it). A third impotti@ature is that initial incomes and income
growth rates are negatively correlated: John hiasvar income than Mike to start with but
experiences greater income growth. Their trajeesocross.

Now suppose that we wish to summarize the trajmsdor all of the many individuals in
this group, not only those for John and Mike. Gitlea average trajectory for the group as a
whole, we can think of there being a distributidnrotial incomes around the average and
also a distribution of income growth rates, and saworrelation between initial incomes and
growth rates. Although most individuals within tgeup are located relatively close to the
average, there are a few outliers either with isedét low (or high) initial incomes or growth
rates. The relative frequencies of high and lomatens from the average initial income are
illustrated in Figure 1 using the curvy solid lifdost people are located close to the average
value at age 25 (the curve is ‘higher’), with relaly small numbers with extreme values
(where the curve is ‘lower’). In the analysis be]awe joint distribution of initial incomes
and growth rates with age is characterized usingivariate normal distribution. The
advantage of this is that the distribution is coetglly characterised using only three numbers
— the standard deviation of initial incomes arouhd average, the standard deviation of
growth rates around the average, and the corralagbween initial income and growth rate —
and these parameters can be estimated from lonmggludurvey data along with the
parameters that describe the group average inceoajectory. This characterization is
consistent with both the trajectories increasinthvaige for a majority within the group, and
declining with age for a minority.

The model implies that not only is there within4gpoinequality in income at each age, but
also that this inequality varies with age. Intwlly; the less dispersion there is in initial
incomes, or in income growth rates, the lower théhim-group inequality at any age.

Substantial dispersion in the income growth ratk t#®nd to increase age-specific within-
group inequality levels as the group members ade dumulative effect of persistent
differential income growth is to magnify initialaome differences, providing an impetus for
profiles to fan out with age.

The framework can also be used to illustrate difiees in income trajectories between
groups. It is straightforward to compare averageepas of income-age profiles using the
estimated group average trajectories. One cancaspare income dispersion at each age
across the groups, examining for example whether given age, inequality among men is
more or less equal than among women with similaicational qualifications and birth year.
In addition, one can explore the extent to whictome levels at each age overlap across
groups, examining for example whether at a givesy agen the poorest men earn more than
the richest woman with similar educational quadifions and birth year, or whether there is
substantial overlap in income levels.



The discussion has highlighted some key featurehefstatistical model employed in the
empirical analysis. There are additional featuhed tomplicate the model to make it more
realistic. These are discussed in greater matheahaletail later but two features in particular
may be noted now. First, the group average trajgaesoallowed to have more ‘wiggles’ than
the stylised trajectories shown in Figure 1. Secanrd additional year-by-year source of
idiosyncratic variation in an individual’s incomeoi the group average is introduced to
account for the substantial longitudinal varialilih incomes that arises in real life. This
variation might conceivably arise from several sesr including genuine transitory
variation, measurement errors in income, or reflleetimpact on income of major life events
such as the birth of a child or divorce.

As famous statistician George Box once said, ‘Bsaén all models are wrong, but some
are useful? My models are definitely wrong, but | believe thesefully summarize the main

features of income-age trajectories in a mannesistant with the NEP’s brief. The strengths
and weaknesses of the modeling framework are disdusirther later.

The rest of the paper unfolds as follows. In Secflo | discuss the longitudinal data drawn
from the British Household Panel Survey (BHPS) #rat used in the study. In particular, |
discuss the three different measures of income fkthanploy (hourly wages, individual
income, and needs-adjusted household income), lhasvihe definitions of the twelve social
groups characterized in terms of birth year, edacat qualifications and sex. Section 3
provides a first look at the raw data on income-aggectories and shows that they look like
(cooked) spaghetti. The rest of the paper is comzkewith unravelling that spaghetti.

Section 4 reviews related previous literature imleorto provide context for my own
approach. | refer to research on short-term incomoeility, earlier descriptions of average
income-age trajectories which are essentially athate of the celebrated portrayal of five
alternating periods of want and plenty by Rownt{@®01), dynamic microsimulation
modeling, and ‘variance component’ modelling whités been particularly concerned to
identify the contributions of transitory and perraahinequality to total inequality overall.
My approach is closest to the latter. Section § seit my statistical model, using some
mathematical notation to make the discussion aloome precise. | also discuss a number of
statistical issues that arise with fitting the mlcaled interpreting the estimates.

The model estimates are reported in Section 6cudaliscussion on the results for income
defined as the hourly wage for employees. All timalgsis was repeated using income
defined instead as total individual income andesds-adjusted household income. The most
significant differences between corresponding tedolr the different variables arise for the
shapes of average trajectories rather than aspeatsg to within-group differences around
the average. So, | do discuss the differencesenage trajectories across income variables in
the main text. Other results for individual incoared needs-adjusted household income are
reported in Appendices A-C but not discussed favity. Section 7 provides a brief
summary and conclusions.

2 Seehttp://en.wikiguote.org/wiki/George E. P. Box




2. Longitudinal data from the British Household Parel Survey (BHPS)

The analysis is based on longitudinal data fronerinéew waves 1-17 of the British
Household Panel Survey, corresponding to surveysy#891-2007.The first wave of the
BHPS was a nationally representative sample ofpibygulation of Great Britain living in
private households in 1991. Original sample respaotsl (including both partners from
dissolved marital partnerships) have been folloveed they and their co-residents are
interviewed subsequently at approximately one yetarvals. Children in original sample
households are also interviewed when they reachatjeeof 16 years. The first wave of
interviews was in the Autumn of 1991, and subsetjusterviews have also been in the
Autumn: the modal interview months are Septembdr@ctober. The sample design ensures
that the data collected are broadly representativihe population of Britain as it changed
through the 1990s and 2000s. BHPS documentatisamipling design, questionnaire and
variable definitions is available frohitp://www.iser.essex.ac.uk/survey/bhps/documemntati

Three measures of income

Three measures of ‘income’ are used in the analysis

1. Hourly wage (£ per hour, expressed in January 20@8s);

2. Individual income (£ per week, expressed in Jan@868 prices); and

3. Equivalised net household income (£ per week, egacin January 2008 prices).

The measures differ in the extent to which one waabiguously attribute the income to a
particular individual without employing assumptioabout who benefits from it, in the

number of income sources included in the incomalt@nd the proportion of people who
derive any income from the source.

The hourly wage refers to current usual employnmecdame from a main job divided by the
number of hours worked, assuming hours of overtiogk are paid at time-and-a-half, and is
expressed in pounds per hour pro fafthe measure exists only for employees; it is not
defined for self-employed workers or for those vawonot currently have a job at all. It does
not differentiate between wages derived from atiole job or a part-time job. In order to
compare income levels across years taking accoumbflation, all hourly wages were
converted to January 2008 prices using informagioout the month and year of the interview
and the monthly all-items Retail Prices Index (RFhHe income recipient is clearly the wage
earner himself or herself.

Individual income is a broader measure than wageause it includes more income sources
and for this reason has non-zero values for mange meople, not only for individuals in
employment. It refers to total income from all smes received personally by an individual,
including income from income from the labour markaiain and secondary jobs, and self-
employment), from savings and investments, and foash social security beneffdt is
expressed in pounds per week (pro rata) in JarR@0g prices using information about the
month and year of the interview and the monthlyitalns RPI.

% | do not use data from the extension samplesdoti&nd, Wales, and Northern Ireland which begathénlate
1990s because of difficult issues concerning howotmbine the data with those for the original nsample.

* The variable is derived using BHPS variables wPAY@&JBHRS, and wJBOT in file WINDRESP, where ‘W’
is the letter identifying the panel wave.

® The measure of individual income is BHPS variabfeIMN in file WINDRESP, where ‘W' is the letter
identifying the panel wave.



As with wages, an individual income variable pr@gdnformation about who receives the
income, and thus potentially who has control ot®disbursement and eventual distribution
within multi-person families and households. Howeweith survey data, whether a person
actually receives a particular income source isaiways clearcut and involves a degree of
judgement for the allocation of social security é&f@s in particular. (For many benefits,
assessment depend on family or household meansgllrmon-earned income sources such
as benefits, BHPS respondents are asked whethgrréeive each of a large number of
income sources (from a list on a showcard) anthgf/tsay yes, they are also asked hether
receipt of that source is sole or joint. Within @ukehold, if person A reports receipt that is
joint and person B does too, the BHPS editing rela# the total income from that source
between A and B. But if person A reports receiptacource, but not person B (even if
person A reports joint receipt), the whole amouatf that source is attributed to persofi A.
Hence allocations of benefits recorded in the datyy depend on respondent reporting
behaviour, and lead to undesirable inconsistenateess respondents. However the main
argument conventionally advanced in favour of adividual income measure is that it
indicates differences in control over resourcediwitamilies and households, and therefore
is also suggestive about the actual distributionrefources. So, arguably, the use of
respondent reports about receipt is informativenafreport is made, there is no feeling of
control over allocation expressed; conversely, beaefit is reported as jointly received even
if the person is not the official claimant, thepesse may reflect the respondent’s feeling that
they have some personal control over the distooutf that source.

The third measure of income, equivalised net honigeincome, is the broadest of the three
measures because it covers the most income saamdeis principle has non-zero values for
all individuals. Equivalised net household incoragatal household money income from all
sources less income taxes and National Insuraniilmations and some other deductions,
which is then adjusted (‘equivalised’) to take agdoof differences in household size and
composition using the ‘modified OECD’ equivalenamls’ It is expressed in pounds per
week (pro rata) in January 2008 prices using in&drom about the month and year of
interview and a modified monthly all-items Retaiides IndexX This income measure is the
BHPS counterpart to the ‘net income before houswgls’ measure that is used in Britain’'s
official income distribution statistics (cf. Depawnt for Work and Pensions 2009). This
measure is currently available only for BHPS wai«$6 rather than for 17 waves as for the
other two measures, and is missing for househoidw/hich there is at least one non-
respondent adult. See Levy and Jenkins (2008 ufbdétails of the variable’s derivation.

By constrast with wages, which can be unambiguocathbuted to the person earning them,
receipt of this income measure is derived by arakghbaring assumption: every individual
within the same household is assumed to receivedhevalized income of the household to
which they belong, i.e. the same amount. Equivdlizet household income also depends on
the presence of others in the household in wayslieaother two measures do not: household
members other than the respondent in question roayriloute income to the household’s
total money income, and they (and any children grgsalso affect the adjustment for
differences in needs that is summarized by the d¢fmald’s equivalence scale factor. These

® | thank my ISER colleague Nick Buck, the BHPSfBI this information.

" The scale factor for each household is equal#®BNs — 1) + 0.Blc whereN, is the number of adults in
the household andc. is the number of dependent children. Dependédtdrein are individuals aged less than
16 or aged 16-18 and in school or non-advancetlidugducation, not married and living with a parent

8 The index is the series ‘all items RPI excludirmu@cil tax (agg4111)’ provided to me by the DWPBA
team.



interdependencies make it harder to model the lydgrdeterminants of equivalised net
household income than to model the the underlyitgrahinants of wages. But it is widely
agreed that equivalised net household income tereteasure of personal living standards
than wages. Individual income falls somewhat inrthddle and is valuable for exploring the
implications of alternative within-household incostearing assumptions. The main purpose
of employing three alternative income measureshia paper is to examine the extent to
which conclusions concerning income-age trajectoaied their heterogeneity are similar or
differ in a descriptive sense. Causal modellingrderlying determinants is not the goal.

The individuals included in the analysis differ aaing to the income variable considered.
When describing trajectories in hourly wages, Isider only individuals of working age, i.e.
aged at least 25 and less than 60 (women) or 6B6)(fbe analysis of individual income and
equivalized net household income is based on iddals aged 25 or more, but with no upper
age limit imposed.

Age 25 is used to demarcate the start of the wgrkiie to ensure that dispersion and
variability of initial incomes are not unduly afted by the relatively high turnover among
new labour market entrants. In addition, | soughtage by which educational careers had
been completed for the vast majority of individuaks explained shortly, | classify
individuals into groups according to highest edwret qualification, seeking a definition
such that group membership is fixed throughoutlifeeourse. Age 25 fits this requirement,
as | do not separately distinguish individuals vd#dgrees (see below).

When analyzing income distribution data, some mebess exclude observations with
outlying incomes at the top and the bottom of tieritbution, for example excluding the
poorest one percent and richest one percent ofnadigEns in each year. The argument
typically made for this selection criterion is thatitliers are likely to represent measurement
error and unduly and inappropriately influence hssul have not dropped any outlier
observations; the data have been used ‘as is’. i$lbecause | believe it is more difficult to
identify problematic outliers than is sometimesuassd, especially in a longitudinal contéxt.

The multivariate analysis uses the logarithm obme rather than income as the dependent
variable (for reasons explained later). Becausmallshumber of observations had zero or
negative values recorded for individual income quiealized net household income, they
were dropped (the logarithm of income is undefinedthese cases). A difference in
log(income) can be interpreted as a proportiondterence in income levels. A income of £5
per hour corresponds to a log(income) of 1.61; g&0hour to 2.30; and £20 per hour to
3.00. The absolute difference between a wage @e£dhour and £5.30 per hour is 30 pence,
which is 6 percent of £5. In logarithmic terms, thierence is log(5.30) — log(5 0.06, i.e.

6 percent.

Twelve social groups defined by birth cohort, edieceal qualifications, and sex
As explained earlier, comparisons within and betwsacial groups are a focus of the NEP’s

work, with characteristics such as age, sex, hadeadr family type, ethnic minority group,
social class, religion, and region of residencedusedefine group membership. To define

° For instance, the definition of an outlier mostmmoonly used in the longitudinal context — based on
multivariate versions of the Mahalanobis distaneasure — cause problems when there is more thawéwes

of data and when the panel is unbalanced (as h&pglication of these definitions leads to selectiof a
balanced sample on a sample much reduced in size.



social groups for my analysis, | aimed to use sintharacteristics, but there was additional
constraint. Since the analysis is intrinsicallydaadinal, | wanted individuals to retain the
same group membership regardless of their age.rlil@d out use of characteristics such as
family type or residential location which changeeptime. Some other characterisics were
ruled out because either the BHPS does not collextinformation (e.g. about religious
affiliation) or because sample sizes were prohielyi small (e.g. for almost all ethnic groups
apart from white British).

As a result, the characteristics used to defineab@roups are restricted to: birth cohort,
educational qualifications and sex.

For birth cohort, | distinguish two groups: indivals born before 1955, and those born in
1955 or later. Three levels of education qualifmatre distinguished:

* ‘none’: having no qualifications at all;

* ‘some’. having some educational qualifications lbetfow A-level standard; and

* A-level(s) +: having at least 1 A-level or equivage.g. Highers in Scotland), or

some higher qualification such as a degree.

A-level exams are usually taken around age 18, @oglide qualifications for university
entry. Those who gain an undergraduate degreeatyypito so by the age 25. By choosing to
examine trajectories from age 25 onwards only,suea that virtually all individuals remain
in the same educational qualifications group thhmug their life’® By also distinguishing
between the sexes, twelve social groups in totadwefined.

The number of groups and their definitions represeme compromise between seeking to
explore fine detail in between-group differenceadimg to more groups) and maintaining
reliability (leading to fewer groups each with largsample numbers). An additional factor
arose because there has been a marked increaserage educational qualification levels in
Britain over the period covered by the BHPS: thapprtion with no qualifications has fallen
significantly while the proportion with A-levels onore has risen. This prevented me using a
larger number of birth cohorts because, when thahau of cohorts was increased, it was
difficult to maintain sufficient numbers of individls in groups defined by sex, birth cohort
and educational level. A similar problem arose iforen qualification levels were
distinguished, in which case the numbers of indigid from earlier cohorts with high
gualification levels became too small.

The birth year used to define the two birth cohevess chosen to maintain the spread of
sample number across groups. | experimented witdreint definitions (e.g. cut-offs of 1950
or 1960), but the general patterns of between-t¢atezults that are reported later did not
change. The cohort of individuals born in 1955 &eraincludes birth years from 1955
through to 1982, and the respondents range in @geebn 25 and 52 years over the period of
the panel (1991-2007). For the analysis of wadescohort of individuals born before 1955
includes birth years from 1927 (men) or 1932 (wo)rterough to 1982, and the respondents
range in age between 37 and 64 (men) or 59 (wommes) the period of the panel. For the
other two income measures, the cohort includeseedrth years as well and hence some
men aged 65 or more and women aged 60 or more.

9 There was a very small number of persons who aegtsheir educational qualifications after ager28 ivay
that changed their group membership. In these cases, individuals’ trajectories were split intactsms
corresponding to the years spent in each educétopradification group, and then analysed separatiedy a
long sequence of data for a changer was treatéditagwere two shorter sequences for two individuélom
different educational qualification groups.



The number of BHPS respondents with valid log(inepralues in each of the twelve groups
is shown in Table 1. Observe that group numberferddlightly depending on the income

variable considered, because of the different samsplections for each variable that were
described earlier. Numbers are smallest for théyaiseof wages. The numbers of individuals
equivalized net household income analysis is smtikn the number used for the individual
income analysis because, in the former case, owerfevave of data is available and

imputations for incomplete within-household respoase not as comprehensively employed
(see above). The table shows numbers of distimlttioluals contributing data. Some of these
persons contributed the data for all of the they&dr period covered by the survey; some
contributed many few waves’ data. On average, pacton contributed data for between 5 to

6 years.

Table 1
Numbers in groups defined by sex, birth cohort anetducational qualifications

Men Women
Log(hourly wage), individuals aged 25+, and lesantio0 (women) or 65 (men)

Pre-1955 birth, no educational qualifications 456 561
Born 1955+, no educational qualifications 266 225
Pre-1955 birth, some educational qualifications 393 526
Born 1955+, some educational qualifications 883 994
Pre-1955 birth, A-level(s) or higher 808 676
Born 1955+, A-level(s) or higher 2022 2012
Log(individual income), individuals aged 25+

Pre-1955 birth, no educational qualifications 1221 1892
Born 1955+, no educational qualifications 365 363
Pre-1955 birth, some educational qualifications 739 948
Born 1955+, some educational qualifications 1063 1211
Pre-1955 birth, A-level(s) or higher 1275 1083
Born 1955+, A-level(s) or higher 2298 2250
Log(equivalised net household incomaylividuals aged 25+

Pre-1955 birth, no educational qualifications 1138 1779
Born 1955+, no educational qualifications 340 329
Pre-1955 birth, some educational qualifications 708 880
Born 1955+, some educational qualifications 985 1120
Pre-1955 birth, A-level(s) or higher 1211 990
Born 1955+, A-level(s) or higher 2075 2004

3. Individuals’ income-age trajectories look like ooked spaghetti

In this section, | present charts summarizing the idata on individuals’ income-age

trajectories for each of the three income varigldesl argue that the pictures look rather like
plates of cooked spaghetti. With BHPS data for slamds of individuals, it is infeasible to

show the raw data for everyone and so, insteadclist on the experiences of selected
individuals, and highlight some of the differentgssex, educational qualifications, and birth
year.

Figure 2 has two panels, each summarizing how housbes vary with age. Panel (a) refers
to hourly wages per se, whereas panel (b) refeteegdogarithm of hourly wages. In each



panel, there are six graphs arranged in two coluamaisthree rows. The three graphs on the
left hand side of each panel refer to men, andhtee on the right hand side refer to women.
The first two rows refer to men and women born 968, with a contrast between the first
row (those with educational qualifications to Aé¢wr more) and the second row (those with
no educational qualifications at all). The thirdvroefers to men and women born in 1946
with educational qualifications to A-level or molithin each graph, there is a separate line
connecting the raw income values, or log(incomé)es for each individual. The length of a
line shows the number of years for which there walgd wage data for the respondéht.
Observe that the data do not cover the completkimgprlife for any individual, only a
maximum of 17 years.

Among the individuals in the sample born in 1966imbers of the younger birth cohort
group defined earlier), there are relatively fewople with no qualifications compared to the
number with A-levels or more, as Table 1 would lesdto expect. Nonetheless it appears
that, for both cohorts, the no-qualifications grdwgs a lower average wages than the more
highly qualified group, for both men and women. &&ich age, the average wage appears
greater for men than for women but for both sekesetis also substantial dispersion around
the average. Among those born in 1966 with A-lewlsigher qualifications, there is wage
data covering the beginning of the working life.@D\this period, income appears to rise
slightly with age on average, for both men and wonk@r the corresponding group born in
1946, the income data covers the end of the worki@gFor them, it is hard to discern a rise
or fall in average income with age.

Regardless of whether wages are measured on alhatuogarithmic scale, it is apparent
from every graph that there is dispersion in wagjethe start of the working life with a high
prevalence of small year-on-year fluctuations eigmered thereafter for most individuals,
combined with occasional very large temporal vamatfor a small minority. In general,
trajectories cross and interwine. This is whatlll g@aghetti.

The patterns seen in Figure 2 for wages can alsseée in the charts for individual income
and equivalized net household income. Look at Egu8 and 4, which summarize raw
trajectories for these variables in the same forasmtFigure 2. The principal difference
between corresponding graphs is there appears ¢oela¢er dispersion at each age for these
other income measures than there is for wages.ig piartly but not wholly an artefact of the
change in units of measurement from pounds per toopounds to week. Another difference
is that a small number of outlier trajectories semwore apparent for individual income,
especially when looked at using a logarithmic scBlaeth patterns are readily explicable in
terms of the different definitions of the incomeiahles. By construction, the distribution of
individual incomes includes more people who mayehawmall income, e.g. from non-wage
sources. The same is true for equivalized net Hmldencome, though the impact is more
muted because the equal sharing within househsklsaption applies in this case.

The ubiquity of trajectory spaghetti, and the samiles in patterns for the three income
variables and across groups, are the main featoirieke from Figures 1-3. The first feature
is important because it emphasizes the potential tltat a statistical model can play in
summarizing these apparently complex patterns. sHwend feature is important because it
suggests that the same statistical approach capgied to each income variable and to each
group. Echoing the quotation from George Box inltiteoduction, these models are likely to

™ No line segment is drawn for years in which ariittial is self-employed or has no job at all.
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be wrong, but there are substantial advantagestmdp a unified common framework for
comparisons across groups and variables. Thetatatiapproach to unravelling spaghetti is
set out in the next section more formally and @elgi than was done in the Introduction.

11



Figure 2
(a) Income-age trajectories for hourly wages (£ penour)

Men born 1966, A-level +

Women born 1966, A-level +
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Figure 3
(a) Income-age trajectories for individual income £ per week)

Men born 1966, A-level +

Women born 1966, A-level +

1000
800
600
400
200

25 30 35 40 45 50 55 60
Age(years)

Women born 1966, no quals.
1000
800
600

e

25 30 35 40 45 50 55 60
Age(years)

Women born 1946, A-level +

1000
800
600
400
200
0

IIIIIIIIIIIIIIIIIIIIIII;III;IIIIIIII
25 30 3 40 45 50 55 60
Age(years)

(b) Income-age trajectories for log(individual incane)
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Figure 4
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(a) Income-age trajectories for equivalized net hagehold income (£ per week)
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(b) Income-age trajectories for log(equivalized nehousehold income)
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4. Four areas of research about income-age trajecaies

The statistical model of income-age trajectoriesspnted in the next section does not come
out of a vacuum, but draws on previous work. Sdoreepresenting the model, | review
related research so that it can be placed intoegbnand to help assess its strengths and
weaknesses.

There are four literatures on which | draw. Thesereésearch on: (i) short-term income
mobility, (ii) descriptions of average income-agajectories, (iii) dynamic microsimulation
modeling, and (iv) ‘variance component’ modellilgthough there have been empirical
applications for many countries, my citations terthare very selective, referring mostly to
empirical studies based on British data. Key défees between approaches are the extent to
which they consider the evolution of income ove #hort-run or longer-run (such as the
whole lifecourse), and the extent to which theyubon the average experience or variations
across individuals.

Short-run mobility

The literature on short-run income mobility has tatocands. The first strand is the large
literature summarizing the association betweenviddals’ income in one year and their
income in another year, or individual income changeer a short sequence of years.
Applications have been to both wages and to broa#sures of income such as equivalized
net household income. Two examples using Britista dae Jarvis and Jenkins (1998) and
Dickens and McKnight (2008). Jarvis and Jenkinsingisdata about equivalized net
household income from BHPS waves 1-4, asked howhnmemome mobility there was in
Britain, providing answers refering to a numbersafnmary mobility measures, combined
with some regression-based investigations of diffees between groups defined by age and
sex (finding, surprisingly, more mobility among tke&erly than the young). Dickens and
McKnight used administrative data on annual empleytrearnings from the Longitudinal
Labout Market DataBase covering 1978/9-2005/6. ¢/several mobility measures, they
document the trends in mobility over the periodeyheport a decline in short-run mobility,
for men and for women, through 1980s and 19904, avjpossible rise in the 2000s.

The second strand in the short-run mobility literatdescribes the changes in needs-adjusted
household income that occur round the time of d@iqaar lifecourse event conditional on
experiencing the event. Income changes round pahipedissolution were studied by Jarvis
and Jenkins (1999) and Jenkins (2009). For retilbnsee Bardasi, Jenkins and Rigg (2002);
for widowhood, see Zaidi (2001); and for disabiliimset, see Jenkins and Rigg (2004).
Closely related is the research relating povertyryeand exit transition probabilities to
experience of the lifecourse ‘trigger’ events: sgeg@ Jenkins and Rigg (2001) and Jenkins
(2008). Rigg and Sefton (2006) extend this literatoy relating experience of these events to
the incidence of each of six differently-shapedettories over 10 years (labelled flat, flat
with blips, rising, falling, fluctuating, othef.

In the current context, the short-run mobility d#ture is important because it emphasises the
heterogeneity of income change across individufist (strand), and also points to the
importance of lifecourse events as correlatesrgelancome changes (second strand). But the

2 The classification is based on that of Gardinet ills (1999) who studied four year income seqasnasing
BHPS data.
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focus is predominantly on changes over relativertshotervals. Lifecourse income
trajectories are not the object of study.

Descriptions of average income-age trajectories

Trajectories are central to the second literatuea,ahowever. Research builds on the
celebrated portrayal of the lifecourse variation needs-adjusted income by Seebohm
Rowntree, who characterised the life of a labower‘characterised by five alternating
periods of want and comparative plenty’ (2000 [19Gl 136). Figure 5 reproduces his
schematic summary of this: the shape of the inctsajectory is closely related to important
lifecourse stages such as childhood, marriage,atngal and departure of children, and
retirement. Rigg and Sefton (2006) provide a l&8-@entury update to this picture, drawing
on 10 waves of BHPS data: see Figure 6. The petare not fully comparable because one
is a stylised summary for a particular type of vasrkaspired by a pioneering cross-sectional
survey (Rowntree) and the other is derived frontaggntative panel survey data (Rigg and
Sefton). Nonetheless it is interesting that botartshpoint to a quasi-M-shape in trajectories
of needs-adjusted income in the middle of the titese and a clear decline after retirement.

Figure 5
Five alternating periods of want and plenty for a &bourer (Rowntree)
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Source: Rowntree (2000 [1901]), p. 137.
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Figure 6
Changes in income rank over the lifecourse (Rigg ahSefton)
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Source: Rigg and Sefton (2006, Figure 1). Base®ldRS waves 1-10. Vertical axis shows average ofi eac
individual's percentile rank by age, with ranksczddted using percentiles defined using the waggsttibution
of equivalized net household income.

For the purposes of the current study, | note thphasis in this literature on how trajectories
relate to lifecourse stages and events. Howeveat v8hgenerally missing is characterisation
of the individual heterogeneity in profiles: thecs is on the average trajectory but not
divergences from them. This task was beyond Rowistrngurpose. Sefton and Rigg (2006)
recognise the issue of heterogeneity as sometheigneeds to be addressed. After relating
their six trajectory types first to lifecourse stagand then to lifecourse events, they ruefully
acknowledge that ‘[a]lthough many of these evengsralated to specific income trajectories
in the way we might expect, there is a large amainheterogeneity in people’s income
trajectories following each of these life-cycle eige ... Typically, each life-cycle event
increases the probability of experiencing a paldictrajectory by a factor of approximately
two, but most individuals will still follow one dhe other trajectory types’ (2006, p. 406).

Dynamic microsimulation of lifecourse incomes

A third area of literature is about the dynamic mo&mulation of lifecourse incomes, of

which the leading British application is Falkinghaamd Hills (1995). They estimate

statistical models of employment, earnings, lifeseuvevents including household formation
and dissolution, and childbearing, and then useetitenates to simulate the economic and
demographic lives of a ‘synthetic’ population frdorth to death. They derive a broadly

hump-shaped profile for income over the lifecourse average. The modelling is

sophisticated and comprehensive in many respectdif@course income trajectories are at
the heart of the project. But, for the purposeghefcurrent paper, dynamic microsimulation
modelling is less helpful because model-buildingyésy time-intensive and involves many

statistical building blocks. The goal at hand al#ters: | wish to describe the key features of
income-age profiles succinctly, rather than develdmmework for analysis of redistributive

features of welfare state policies across theylitkc
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Variance component modelling

The fourth area of literature is the variance congmas literature. This research uses models
that are the most closely related to one that | ligethe applications to date have had quite a
different focus from mine. Virtually all studies der this heading have modelled the
dynamics of labour market earnings of men emplojtdtime and, correspondingly,
lifecourse demographic events of the type address#te three other literatures are ignored
because they are less relevant. Moreover, the ¢atpins of the models for income-age
trajectories is rarely drawn out. Of principal irgst instead is the decomposition of total
earnings inequality — typically measured usinguhgance of log(earnings) — into transitory
and permanent components, and how the relativerianpae of the two components changes
with (calendar) time. Hence the ‘variance composidabel.

Papers developing these variance components moflekrnings include Abowd and Card
(1989), Baker (1997), Baker and Solon (2003), Hai@®01), Hause (1980), Lillard and
Weiss (1979), MaCurdy (1982), and Moffitt and Getiglk (1995, 2002, 2008). There have
been few applications to broader measures of incowtable exceptions are Biewen (2003),
Stevens (1999), and earlier work by Duncan (1983).

A simple prototypical model (Lillard and Willis 18Y has the form

Ur = Ui + Vi (1)
whereu; is interpreted as either the log(wage) for personyeart or, more commonly, as
the residual derived from a regression — or yeacifip regressions — of log(wage) on a set
of person-specific characteristics such as edutatevel, birth cohort, age or work
experience, etc. | use the second interpretatiothis review. The idea is that the prior
regression summarizes differences in wages on geeeand the modelling focus is then on
the evolution of deviations of earnings from thigi@age.

Theu is a fixed random individual-specific componenthwinean zero and constant variance
0.2 (common to all individuals), and; is a year-specific idiosyncratic random component
with mean zero and constant variamge (common to all individuals) which is uncorrelated

with u;. Thus, total inequality equals permanent inequaliis transitory inequality:

o’ = o’ + 0/ )
It is also conventional nowadays to consider modethe form
Ut = Kl + AV 3)

This is the same model as in (1), except that grenpnent and transitory components are
weighted by calendar time-specific weights (or ttedoadings’)k; andA;. The evolution of
inequality is then summarized by:
2 _ 2.2 2.2 4)

o = K)ou© + Q)OS (
This specification allows the relative importanderansitory and permanent inequalities to
vary directly with calendar time and hence to eelaends in this to the business cycle or
changes in labour market institutionsl, for example

The model is completed with assumptions about varethocks to income have effects that
persist over time, and hence how the variance coemts evolve. The persistent effects of
transitory shocks are usually modelled by having #ffects decay over time. This is
modelled using a so-called autoregressive movingrame process fow, labelled
ARMA(p,q), in which parametens andq characterise the nature of the persistence awer. ti
For example, an ARMA(1,1) process has the form

Vit = P Vier + O &g t+ &g (S)

18



If @ = 0, then the variance of the transitory componbist year is equal to a fraction — the
square of the autoregression paramei®r< of its variance in the previous year, a frac{d

of the variance two years ago, and so on. So shdieksut quickly ifp is small (0.3=
0.0081 but 0.5= 0.6561). Ifp = 0, then the variance of the transitory compotieistyear is
equal to a weighted average of the variance ofkshtds year and last year, with the latter
receiving less weight (the weight is square ofrtieving average paramet&y. Whereas we
expectp to be positive (but no more than ong)nay be positive or negative in principle. If
someone is struck by bad luck two years in a rw énde;; both negative), a negative value
for 8 implies that the effect of the past bad luck immganed. The larger thator q is in the
ARMA(p,q) process, the longer the shadow that past sh@stower present outcomes.

The models have been developed in two main dinestioriginally distinct but now often
combined. One approach is to relax the assumphiah the permanent component) (is
fixed and to allow variation over time via a ‘ramdavalk’: this year’s value is equal to last
year’s value plus or minus some random elementu&sty, some shocks (arising from e.g.
major job or health changes) can lead to changearimngs that are permanent. Instead ,of
the ‘permanent’ component in (3) becomes

e = M1 + T (5)
The second approach allows for individual-spedifites of growth in wages, and brings us
closer to the model sketched informally in the ddtrction. The permanent component in (3)
is supplemented so that it varies directly witheirnstead ofi;, we have

e = u + Bit. (6)
This is a ‘random growth’ modef; is the growth rate, equal to zero on average huojfing
across individual$® Both the random walk and random growth approates to a fanning
out of the earnings distribution over time, othbings equal. Rankings in the earnings
distribution are preserved: those at the bottomy atdhe bottom but fall further behind those
at the top, who stay at the top. It is increasabéntransitory variance that increase earnings
mobility in the sense of reranking.

The two most well-known applications of these medel British data on earnings are by
Dickens (2000) and Ramos (2003). Dickens modeléediegs dynamics for men aged 22-59
using longitudinal data from the New Earnings Syrivanel covering 1975-1995. His model
was essentially that described by (3), but with geemanent component modelled as a
random walk (with the variance of; allowed to be age-dependent), and with the transit
component modelled as an ARMA(1,1) process. He doanpermanent component of
earnings differences that increased with age dwelite cycle and significant persistence in
the transitory component. Earnings inequality italtgrew over the period, and the variances
of both permanent and transitory components wareddo have risen over the two decades,
with each explaining about half the rise in inegyal

Ramos (2003) also earnings dynamics for men age8®dut using BHPS waves 1-9. His
statistical model was more complicated than thaDiokens (2000) in that he also allowed
for random growth effects. When he fitted the moeraw log earnings rather than log
earnings residuals, he found evidence of a negativeslation between initial earnings and
growth rates, and hence crossing over of earnirgjectories — as portayed in a stylized
manner in Figure 1. He also found that the contidouof the transitory component to total
inequality increased over the period. However, wherapplied the same model to earnings

13 Sometimes age or work experience is used insteealendar time.
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residuals computed from a prior regression of laghmgs on education, work experience,
region, etc, his preferred model had a much singileicture with, for example, no signficant
individual-specific heterogeneity in growth rates)d no random walk in the permanent
component. Put another way, much of the persistemdee data was summarized by the
observed systematic earnings differences assocwatbdthe characteristics included in the
prior regression to calculated the residuals. Theplgcity of the earnings covariance
structure in this case is somewhat out of line wWirtdings by other researchers and might be
due in part to the relatively short panel that Ramad access to.

Devicienti’'s (2001) analysis is the only varianaemponents study using British data about
equivalized net household income. He fitted seveeakions of the model to regression-
computed income residuals derived from BHPS wawésidcluding one specification with
time-varying weights (as in equation 3) combinedhwan ARMA(1,0) process for the
transitory component, and another without weighssif equation 1) but with an ARMA(1,1)
for the transitory componefit.He reports statistically significant persistenoetriansitory
shocks, with, for example, the estimatepofanging between 0.42 and 0.76 depending on
model. He also comments that ‘[t]here is some ewddehat the permanent componentas
attracted higher returns ... over time, particulasty until 1996, while the weight of the
transitory component ... does not seem to have clibamgeh’ (2001, p. 26).

From the point of view of the current study, vadarcomponents models are a key reference
point as they are a commonly-used method for mimgdeiihcome dynamics. Their great
strength is the modelling of inequality and hovevwblves over calendar time, and to allow
differences in the process for different birth cdbo

The problem for me is the models’ relative negtddiow incomes evolve with age. | wish to
place age centre stage (when characterising bafrage trajectories and divergences from
them), while also making comparisons across gramasfor several income measures. As a
result, the modelling approach set out in the sextion is a compromise. On the one hand, it
is inspired by the variance components literathue it uses a simplified specification relative
to most contemporary applications in the literatu® the other hand, it also provides a
framework for summarizing average income-age ttajexs, though unlike the trajectory
studies for Britain cited earlier, it uses a suectimodel-based approach that can illuminate
between-group differences as well as within-gronpso The most similar model to mine that
| have seen in the literature is that of Gangl &00ho has similar goals to mine except that
he wishes to compare countries rather than somalpg within a country.

5. A statistical model to describe individuals’ inome-age trajectories

This section presents a statistical model to desdncome-age trajectories for individuals
within a social group, on average as well as thlBvidual-specific divergences from the
average. | refer to ‘income’ in the generic semsehe empirical work, | fit the model using
each of the three measures of income describeiérearl

14 See Devicienti (2001) Table 10, columns (3) anjdréépectively. He also estimated a version of thislel
with an ARMA(1,0) process for the transitory compohsupplemented with a random growth specificaition
age as in (6), but reports that the estimate ovtieance of3; did not differ significantly from zero (Table 10,
column 5). It may be that it is difficult to estiteamodels with complex dynamics from only eight es\of
data. He reports some difficulties of achievingwengence of the model with random growth, and hesdwot
report estimates for a model with ARMA(1,1) andryspecific weighting factors.
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By contrast with the variance components litergturdo not first control for systematic
observed differences in income by running regressiof log(income) on personal
characteristics. Instead, | assume that the sandelnmspecification applies to each of the
twelve social groups separately, but with differealues of the model parameters applicable
to each group. Both the regression and group appesaare ways of ‘conditioning’ on
characteristics. Using a group approach facilitétesbetween-group comparisons that | wish
to do and is more flexible in principle than thegnmession approach in the sense that all
parameters including error variances and covargnae group-specific rather than
homogeous. On the other hand, whereas | identifgrb2ps, regression-based approaches
typically define many more, at least implicitly, da@ise they use a large number of
explanatory variables.

Model specification

The model now set out should be understood as erigenodel for each of the twelve social
groups. The outcome variable is taken to be log(me) rather than income itself because it
led to better fitting models. The estimation metlasdumes that the residual error terms have
a normal distribution and, because the distribuabmcome is skewed in shape, taking logs
make ensure the normality assumption more appiepriehe cost is that any observation
with a non-positive income is dropped from the gsial but this was rare in any case (most
likely for the individual income measure).

Individuals in each group are differentiated byittlagye and their income. For personi ar
calendar yeat, let age be represented By and the logarithm of income k. The model
for yi: is described by:

Vi = @+ a) + Bo+Bi)AF YA + 3(A)® + @A) + Vi (7)
Equivalently,
Yie = [0 + PoAr + Y(Ait)z + S(Ait)3 + (P(Ait)4] + {a;i + BiA} + (Vi) (8)

So, the model has three main building blocks.

The terms in [...] characterize the average trajgcfor the group. This is a fourth-order
polynomial function of age, hence allowing a fldritvariety of shapes for the profile. It
allows for a period-specific intercem;, so the whole income-age trajectory may shift up o
down depending on the calendar year. Without sudarma, increases in an individual’s
income arising from secular growth in the economg atributed to age: the slope of the
income-age profile would be over-estimated. | dsscigsues related to the specificatiomof
in more detail below.

The terms in {...} characterize individual-level datibns from the group’s ‘average’ profile.
These deviations arise from differences in initi@ome ;) and differences in how income
grows with ageff), as in the random growth model described edfier.

It is assumed that; and p; each have a mean of zero — they represent dewatiom an
average — and follow a bivariate normal distribnti@hus individual specific variation is
captured by three parameters — two standard dengtand one correlation. There is the

5 Because log(income) is a polynomial function géathe growth in income with age also dependsgen a
itself (see below). It was infeasible to allow iwidual-specific differences in the coefficients bigher-order
terms in age; there are only a maximum of 17 timiats observed for each individual.
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variation in ‘intercepts’ captured by standard d#&wein o,; the variation in ‘slopes’ captured

by op; and the correlation between slopes and intercepis These moments are fixed; they
do not vary with age or calendar year. With a negatorrelation, configurations of

trajectories, with crossings may arise (as showrigure 1).

The term in (...) introduces another source of irdlnal-specific deviation from the average
profile, that arising from idiosyncratic year-byayevariations from the average. This term is
also assumed to be normally distributed with meano and dispersion summarized dy
which does not vary with age or calendar year. €héi®syncratic deviations are assumed to
be uncorrelated witho; and Bi. In variance components modelling of wages,is the
‘transitory component’, and discussed as arisimmgnftransitory variations per se, or from
measurement error. An example of transitory vamais an occasional increase in wages
negotiated in a collective bargaining agreemengamasional overtime working leading to a
change in the wage rate. For broader measurescofmi@ such as individual income and
equivalized net household income, the component may also reflect shocks to income
arising from major lifecourse events including jmss or gain and changes in household
composition:® Assuming that income changes arising from thesgces have a normal
distribution with a smooth symmetric distributiorf deviations around the average is
potentially questionable, and so some tests of abfinbased on quantile plots are reported
in the Appendices. As it happens, the assumptigpeas remarkably good in the sense that
the normal assumption appears consistent withast B5 percent of the observed data — it is
only at the extreme tails of the impliggdistribution that the fit is noticeably poor.

More important is the working assumption that theaesitory shocks have no effects that
persist beyond the year in which they occur. Theuaption clearly conflicts with the
assumptions of and lessons from the variance coemtsriterature. When | referred earlier
to the necessity for compromises in modelling dpmEation, this is the principal example of
what | was referring to. In principle, persisternoeild be incorporated in an extension of my
modeling framework, but a lack of suitable softwamed time, ruled out explorations of this
kind for the current paper.

Underlying explanations

A number of theories suggest that wages increase the working life but at a decreasing
rate. The conventional human capital story (Mirnk®r4; Becker 1993) is that investments in
education and training are largely financed by iegs) foregone at the beginning of the
working life and rewarded by faster growing earsisgbsequently. Even among groups with
similar educational qualifications, one would expecnfigurations of trajectories as shown
in Figure 1 because of differences in human capmatstments other than in educational
qualifications, for example on-the-job trainilgDifferences in initial earnings may also
represent genuine differences in ‘ability’, worladeness and other factors affecting earnings.
If these differences are observed by employersywaméd expect trajectories to be higher for
employees with greater ‘ability’ throughout theetiburse. But if ‘ability’, etc., is not
observed initially by employers, trajectory crogsinmay arise as a result of employer
learning: ‘ability’ is revealed with the passage tohe and pay is adjusted upwards or

5 One might argue that these types of event mighd i@stead to changes in the permanent component of
earnings. However, incorporation of temporal chaimgthis component as usually done, with a randcakw
specification, is also implausible.

" Among the A-level(s) + group, there are also déffees in education qualification levels, betweeose
without degrees or with different types of degrees.
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downwards accordingly. Personnel economics providiéerent arguments for upward
sloping wage profiles: an employment contract canmg relatively low pay earlier in the
working life with higher pay (including pensiongitér provides incentives to employees to
reduce shirking behaviours that might lead to désali and hence loss of the higher pay
deferred until later in the working life (see d_.gzear 1995).

Various other matters complicate these storiesraayl lead to different average trajectory
shapes for men and women, and for different bichocts. For example, women are more
likely than men to work part-time, and part-timerwes less well-rewarded. This is likely to

produce slower growing earnings for women relattee men over childbearing ages.

Individuals from different birth cohorts may haveetsame level of educational qualification
in name, but the knowledge and skills encapsulatethem may change over time, and
correspondingly the labour market rewards assatiatth them.

Since earnings are the principal income sourcettfermajority of households, one would
expect trajectories for wages and broader measafréscome to be similar. Many of the
differences in shape are likely to relate to pesiathen children are more likely to be present,
not only because of the effects on labour forcdigpation as discussed, but also because
many social security benefits are child-related. éguivalized net household income, there is
an additional effect: changes in the number ofdehit (or adults) change this income
measure, via changes in the equivalence scalerfaeten if household money income
remains the same.

Model estimation and some additional issues

The model is fitted separately to data for eaclugnasing modulet ni xed in Stata version
10 (StataCorp 2007). Computations of the standaaiseof the parameter estimates do not
adjust for the fact that there may be repeatedreagens from same household within the
same group, which conflicts with the assumptiorinofependence across observatiths.
conjecture that this is a relatively minor issuempared with other issues such as the
modelling of persistence of transitory errors, awne other complications that are now
elaborated.

Differential non-response in the initial interviemave in 1991 (and subsequently), together
with differential attrition (sample drop-out) aftdre wave one interview may lead to biased
estimates of the statistics of interest. Althougbplation of sample weights is the
conventional way to mitigate against these potéhbimses, they have not been used in the
current analysis. This is because, first, the sisgtt of longitudinal weights supplied with the
BHPS refers to a rather special sample. The Waweagitudinal weights are positive only for
panel members responding at each and every wawe \iroen they first joined the panel
wave 1 through to wavé&. This means that any respondent with intermitresponse is
dropped from any analysis, which is undesirableh@ugh it would have been possible to
derive special weights, there was also the secesuki Stata’stni xed module does not
allow sample weight§’ So, | use unweighted data, which is what mostarebers fitting
multivariate models of income dynamics do. Thisutidoe kept in mind in what follows.
For instance, if respondents who drop out of theepare those with lower incomes, holding

'8 Biewen (2003) addresses the correlation issueirtontext of variance component models.

9 There is a user-written Stata modujgsmm, which allows sample weightsit{p://www.gllamm.org) but it
was not employed due to the limited time availdblethis project. The question of what is the appiate
weights remains, of course.
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other characteristics constant, then income leaetdder ages (corresponding to longer time
elapsed since originally sampled) may be over-eggth and the heights of income-age
trajectories over-estimatéd.

In any case, there are arguably other data isdwssare more important. For example,
observe that 17 years does not span a completeéngdite let alone a complete lifetime. For
respondents who were 40 in 1991 (born in 1951) ptreel covers the 17 years from age 40
until age 57; respondents who were 25 in 1991 (botP66), the panel covers the 17 years
from age 25 until age 42. So, if one wishes to diesancome-age trajectories over the full
working life, one has to assume some commonalityexgferience between people from
different birth cohorts — which may not be apprafei Alternatively, one allows for
differences in trajectories between groups with ilsimbirth years, and concedes that
inference about complete lifecycle trajectoriecamstrained. Given the NEP’s interest in
differences across social groups, the latter agbraathe one followed here.

A related matter is that the 17 years covered ley BRIPS cover a particular period of

calendar time. At the beginning of the 1990s, Britaeconomy was at bottom of the

economic cycle and the unemployment rate peakd®92/1993 at around 10 percent. Over
the subsequent decade and a half, the state efctremy improved and by the peak of the
cycle in 2007, the unemployment rate had halvecbrites rose with economic growth, and
as the labour market improved more people prewowsthout work took a job and those

who might have otherwise lost their job or left thbour force (e.g. by retiring) remained in
work. This raises two potential issues.

The first arises from the association between #ssg@ge of calendar time and age, meaning
that it is tricky to prevent estimates of the relaship between income and age from being
contaminated by the effects of period. Identificatis secured by exploiting the fact that the
panel contains individuals born in different yedms: each calendar year, the panel contains
individuals of different ages. But this in turn strains the extent to which differences in
income-age trajectories across birth cohorts caitldrified, since age equals calendar year
minus birth yeaf® The approach taken here is to eschew estimatidinefgrained birth
cohort effects, distinguishing only two groups,idefl by whether a respondent’s birth year
was before 1955 or 1955 and afterward. With a smathber of broadly-defined birth cohort
groups, there is independent within-group variatomcome by calendar year and age. The
cut-off year of 1955 is to some extent arbitramygd a&hosen to ensure there are sufficient
sample numbers in each group. | experimented wWiémrative cut-off years, and also with
three groups rather than two, but this analysis middl change the broad tenor of the
conclusions reported below. My allowance for ca@ntime (period) effects is relatively
crude, and the empirical analyis simply distingesibetween the 1990s and the 2060s.
terms of (7). is specified as a binary indicator equal to orteefsurvey year is 1990-2000,
and zero otherwise. Generalizing across income messnd groups, incomes were about
five or six percent lower in the 1990s than the@00

The second issue concerns changes in the compoeitithe labour force with the economic
cycle or with age and other characteristics. Edtonaof income-age profiles is based on data
about those currently earning but one would ex|adxiur force attachment propensities to be

20 Uhrig (2008) discusses of attrition in the BHP® g correlates.

2L For more discussion of age-period-cohort idertfim issues, see e.g. Deaton and Paxson (1994).

2 This choice was based on inspections of estinfades a series of preliminary OLS regressions obime
against a fourth-order polynomial in age and adetlof binary indicators for survey year.
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positively associated with earnings potential, ottlengs equal. For example, when the
economy is in the doldrums, as it was in the ed®p0s, there may be an under-
representation of those with low earnings potemgé&dtive to boom periods. This ‘selection’

issue may be of particular relevance when estimdtie average income of those at either
end of the working life — young people entering tlabour force, and older people

approaching retirement age — relative to those dgelletween, and also comparisons
between women and men especially over parenting agee women with low earnings

potential may be less likely to work or return tork In the later discussion of empirical

estimates (Section 6), | attribute some appareomaties in the shapes of income-age
trajectories to selection issu@s.

Implications of the model

The model's parameter estimates are used to suxenbath average trajectories for each
group and the variation in income levels at eachwighin groups.

The average income-age trajectory for a partiogtaup is given by the expected log income
of a person at each age

Elyi |At=a, t=1]= a; + Poa + ya’+da° + ¢a’. (9)
Thus the average trajectory is described by a lentier polynomial in age. The profile is
period-specific because the interceptis year-specific. The estimated profiles described
later refer to those for the 2000s rather than 1B80s (estimates af,; are reported in
Appendix Tables Al, B1, and C1).

A useful property of the statistical model is thatimplies that, within each group,
log(income) is normally distributed at each age]j dence the shape of the distribution is
characterized by the mean and variance of incoreadt age. The relevant mean is shown in
(9). The variance of log(income) at ageés:

0%(@) = Vlyi |At=at=1 = 0 + a’0p> + 2055 + 0,7 (10)
whereo,? (032) is the variance afi; (i), andogg is the covariance betweenandp;. Thus, at
each age, there is greater dispersion of incomdargar prevalence of deviations from the
average group trajectory — the greater the dispersf initial incomes or in income growth
rates or in the dispersion of transitory income c&lso A negative correlation between
intercepts and slopes is an inequality-reduciniyanfce.

More generally, and assumimgg is negative, the inequality-age relationship ishaped,
i.e. first declining with age and then increasingthwage. More specifically, income
inequality increases with agéf

—0qe0q / Op < @ (11)
and inequality decreases with age if
—Oup0q / Op > a. (12)

Thus age-specific incomes are more likely to fah &s age increases, the larger is the
dispersion in income growth rates and the lessedsspn there is in incomes at the start of the
working life.

% gee Blundell, Reed and Stoker (2003) for discussiorelated selection issues in the context afrestng
aggregate wage growth.
24 Baker (1997, p. 345) derives a similar expression.
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For a lognormal distribution, there is a one to eakmtionship between the variance of
logarithms inequality index and other Lorenz-cotesis inequality measures. Thus, for
instance, the widely-used Gini inequality indexigen by the expression

G(@) = 20([0*(@)/2]"") -1 (13)
where®(.) is the normal probability distribution functioA U-shaped graph fa’(a) against
agea implies a U-shaped graph @{a) against age, with inequality changing from fajlito
rising at the same age. | report patterns using bmasures belof?. The normality property
also enables me to describe the whole range ofriesaat each age. | focus on two specific
ages, one at the start of the working life (25) and in the middle (40), and use estimates of
the lower and upper quartiles (the™&nd 78" percentiles) for each group to explore the
extent to which the distributions of income forfdient social groups overlap.

One can also use the model to examine year-to4yednility in individual incomes — the
extent to which individuals may move up or down thstribution relative to others of the
same age. If (im)mobility is summarized using tloerelation in log incomes between the
two ages, its extent is intimately connected to #@welution with age of age-specific
inequality. It can be shown that the correlatiode$initely positive when inequality increases
with age. And immobility is not constant over thiedourse. For example, there is greater
mobility when inequality is rising with age. | esuh discussion of income mobility,
however, in this report. As discussed earlier, nodet assumes that transitory shocks only
have an effect on income in the year in which tbegur. So, any income mobility predicted
by the model is likely to be over-estimated. | fea@n other aspects instead.

6. Estimates of income-age trajectories: group avages and individual divergences

This section discusses the shapes of income-agetvaes on average and how they differ
across individuals within and between groups. Tiseussion focuses on the estimates for
hourly wages, and summarizes them almost exclysiv&hg graphs. Corresponding results
for the other two income measures, and the paramegeession estimates for all measures
are reported in Appendix Table Al, B1, and C1.

Average trajectories, by group

The average trajectories for wages for employeesarking age are shown for the twelve
groups in Figure 7, and derived using equationa@uming the period corresponds to the
2000s*® The trajectories are plotted using a logarithmielss, so that the slope of the
trajectory shows how thproportionategrowth rate of wages changes with age. (If wages
increased at the same percentage rate each yegprdfile would be a straight line.) The
trajectories are shown only for the age rangesreavby the various estimation samples, so
the pictures for the 1955+ birth cohort cover the sange 25-52 and those for the pre-1955

% | do not examine inequality in the population + &l groups combined — at each age. This dependbree
factors: inequality within each group (greater in&kty in a group raises overall inequality); thean income
of each group (the greater the spread in the méamgreater is overall inequality); and the re&tumbers in
each group (the larger a group’s population shtoe,greater the contribution to overall inequality that
group’s inequality).

% The estimates of the coefficients for the agealseis are sometimes not statistically significanoggh the
variance component estimates are always very gsgni. These are virtually always cases in whioh t
average trajectory is predicted to be near linear g0 reflect multi-collinearity. In the interegis applying a
common regression specification to all groups ammbme measures, | work throughout with estimatemfr
models with a fourth order polynomial in age.

26



birth cohort cover ages ranging from 37 to 64 (m@nh9 (women). This reminds us that
conclusions based on extrapolations outside thgseanges (as in some later graphs) should
be done with caution.

Figure 7
Estimated average wage-age trajectories, by groufgr employees of working age

Men Women

Hourly wage (log scale)
Hourly wage (log scale)
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Age (years) Age (years)
--------- Pre-1955 birth, no quals. ————- Pre-1955 birth, some quals.
Pre-1955 birth, A-level+  ======--- 1955+ birth, no quals.

————— 1955+ birth, some quals. 1955+ birth, A-level+

Some clear patterns emerge from the estimates,aemdn line with expectations. First,
hourly wages increase with age from the beginnihthe working life, but at a decreasing
rate (with some anomalies that | return to shart®h average, and regardless of group,
men’s wage grow continuously from the start ofwweking life but at a decreasing rate, then
peak in the late 40s and fall thereafter. In catiravomen’s profiles do not have such a
distinct peak — wage growth declines up until e [30s but then appears to rise again. The
growth slowdown for women is consistent with thgieater prevalence of part-time work,
which is less well paid, particularly over the agdsen many have children.

Second, for both men and women, and for both @dhorts, having higher educational
gualifications is associated with higher wageshwilie return to additional qualifications
greater for women than for men up until middle gg@®men’s trajectories appear more
parallel than divergent). But, third, among perseith similar educational qualifications and
birth cohort, men are paid more on average than emoat every age. Fourth, individuals
from the later-born birth cohort are on higherdcépries than those from the earlier-born
cohort, other things equal.

The returns to different levels of education andween the sexes are substantial. For
example, for men aged 40 from the 1955+ birth cpttbe difference on average between
those with no qualifications and qualificationsatfleast A-level standard is a difference of
around 50 percent. (just over £12 per hour compuaigd just under £8). For women, the

corresponding difference is around 55 percent.tBaidifference between the hourly wage of

27



a 40 year old man and a 40 year old woman, both tte younger cohort, is more than one
third in his favour on average (around 35 percerttg average trajectory for women with at
A-level qualifications lies below that for men witbome qualifications. The average
trajectories for men with no qualifications lie a@st everywhere above the average
trajectories for women with some qualifications.

There are some potentially anomalous aspects t@ goofiles at the beginnings and and
ends of the working life, notably for the pre-19&8h cohort: observe the upward twists in
these cases. My explanation for these is that tafigct the impact of the selection effects
cited earlier. For instance, arguably the womentrikaly to remain in the work force as the
state retirement age (60) approaches, are thoseHfom the pay rates are relatively high;
those with relatively low pay rates retire. So, thay rates used to estimate average
trajectories over that age range are an over-etimgative to the average that would be
calculated were all women to have remained in w@imnilar arguments can be made
concerning older men, but it is a puzzle why therease in the average is so pronounced for
men with some qualifications but not for those with qualifications. There is also a slight
decline in average wages for men and women just poi age among the pre-1955 birth
cohort. Arguably this reflects a period effect. Flois group, these years correspond to the
recession years of 1991-1993 and, again, men elifively low earnings propensities were
less likely to work, thereby raising the averagdcwated from those who were in
employment.

Differences between longitudinal and cross-secliestimates

Average income-age trajectories derived from lamdjital data look different from those
derived from cross-sectional data. Figure 8 illtsts this point for hourly wages. The cross-
sectional data used as the reference point arendfemn the UK Labour Force Survey,
pooled data for 2006—2008 and, in the right-harattcth have plotted median wages (in 2008
prices) by age group, where the age range is tihe s& was used in Figure 7. (The left hand
chart reproduces Figure 7.)

It is clear that both types of data source poinsdéme common features of trajectories,
specifically that, on average, they have a ‘hunimaipe with age at least for men, and men are
paid more than women at each age. However, theres@ne important differences. First,
trajectories at the beginning of the working lifee essteeper — wage growth is greater —
according to longitudinal data. And, second, wagmsinue to grow after age 40 whereas,
according to the cross-sectional data, hourly wagedk during the forties. Third, and related
to the first two points, wage-age trajectories \iemen differ quite markedly between the
two types of data source, and by more than for mfacording to the LFS estimates,
women’s wage rates are fairly flat or decline frage 30 onwards (on average). By contrast,
the BHPS longitudinal data estimates suggest th@hem earnings continue to increase
throughout the working life, albeit with a dip iaraings growth rates associated with child-
bearing ages.

Part of income growth associated in the longituldesiimates may, in fact, reflect the impact
of secular growth in income — this is the issu@ehtification of age effects separately from
cohort and vintage effects cited earlier. lllustrgtthis point, note that when | mad®
allowance for period effects when estimating averaigjectoriesd; was constrained to be
the same regardless of survey year), the profilEre wven steeper (less concave) than shown.
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Hourly wage (log scale)

Figure 8

Longitudinal and cross-sectional pictures of ‘averge’ wage-age profiles differ
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(a) Longitudinal perspective (as in Figure 7)

(lnp$3-sectional perspective
Source: Author’s calculations from National Equafanel report.

Data derived from UK Labour Force Survey, poolethd@9)06—-08).
Estimates refer to age group medians.
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Deviations from the average trajectory, by groupdaverlapping group distributions

The estimates reveal that there are substantfakeifce across groups in average income-age
trajectories. But how much dispersion is there imitiroups around the average, and to what
extent to the distributions across groups overlbgiile 2, based on the estimates reported in
the Appendix, provides a first look at the prevakeof within-group heterogeneity. It shows
the estimates oby, gp gz and g; for women born in or after 1955 with at least Ade
gualifications, and the corresponding estimategHerother eleven groups expressed relative
to those of this group.

The statistics shown in Table 2 illustrate the olgi but fundamental point that, for every
group, there is substantial heterogeneity arouerdgtioup average trajectory. This takes the
form of significant differences in initial wages{and g, are positive for all groups, but the
former is generally larger than the latter), coneblinvith significant differences in slopesg(

> 0). Moreover there is a strong tendency for wtroup trajectories to cross: the negative
estimate for correlatiow,z means that employees with lower (higher) initi@ges tend to
have faster (slower) growth rates.

There are also some marked differences across grdbpugh there are few clear cut
patterns. The sharpest difference is between thiereand later born birth cohorts. For both
men and women, and for each educational groupnasds ofa,, gp, and g,z are notably
smaller for the 1955+ cohort relative to the pr&3.Tohort, implying less within-group
deviation from the average profile. But this impetis offset for some groups by a rise in the
transitory variance between earlier and later ash@nd observe that the estimatesogs,
vary little (all the ratios are close to 1.00).

Table 2
Between-group differences in variance component pameters
Educational Qualifications Men Women

Pre-1955 birth Born 1955+ Pre-1955 birth Born 1955+

sd(intercept).o,

None 1.24 0.81 1.47 0.92

Some 1.75 0.84 1.36 0.92

A-level(s) + 1.63 0.90 1.66 1.00 [0.993]
sd(age coefficient)os

None 0.73 0.71 1.02 0.86

Some 1.07 0.80 0.91 0.80

A-level(s) + 1.06 0.89 1.07 1.00 [0.030]
corr(int., age coeff.)oys

None 1.05 1.02 1.06 1.04

Some 1.07 1.02 1.05 1.02

A-level(s) + 1.05 0.99 1.05 1.00 [-0.919]
sd(error): oy

None 0.78 0.88 0.90 1.02

Some 0.90 0.79 0.85 0.95

A-level(s) + 0.86 0.86 1.08 1.00 [0.278]

Note: group parameters expressed as a ratio @fateameters for women born 1955+ with A-level(s}o(sn
in brackets).
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The nature of the within- and between-group diffiees in income levels at different ages is
illustrated by Figures 9 and 10. Figure 9 referthtostart of the working life (age 25); Figure
10 refers to nearer the middle of the working (dge 40). For each group, | show using filled
circles, the income of the person in the middlehef distribution (the median which is also
the mean given the normality assumptions). Putlemotvay, the filled circles show the
income differences at age 25 that are shown inréiguThe lines extending from each filled
circle show the within-group dispersion in termsaafange of real income levels, specifically
the distance between someone one quarter of thewalyom the bottom of the group
distribution and someone three-quarters of the wayrom the bottom (i..e. one quarter of
the way down from the top) — the difference betwtren25 and 7%' percentiles, otherwise
known as the inter-quartile range. The Figure shibvasthese correspond to quite substantial
within-group differences in income. For example; foe 1955+ cohort, the inter-quartile
range for both men and women regardless of educafioup is about 0.5, i.e. the %5
percentile is some 50 percent greater than tHep2Bcentile. The estimates for the pre-1955
birth cohort are less reliable because they aredas out-of-sample predictions, and so |
give them less emphagis.

Figure 9 illustrates how the finding reported inblea2 of smaller heterogeneity parameters
for the later birth cohort relative to the earlare translates into differences in the within-
group spread of incomes. The sets of inter-quanditge estimates for the 1955+ cohort are
noticeably smaller — the lines are shorter — thase for pre-1955 cohort.

In addition, Figure 9 shows that there is substhmverlapping in income distributions for
the different groups. Even though having more etimgal qualifications, for example, is
associated with significantly higher initial wagas average, at age 25 there is a substantial
number of employees with no educational qualifaagi who are paid more than employees
with some qualifications or indeed at least A-laydbr both men and women. Among the
1955+ cohort at age 25, a man three-quarters ofvene up the distribution of those with
some educational qualifications earns more per fban someone in the middle of the
distribution of those with at least A-levels. Tharee is true for women of this cohort, but
note that, in general, the extent of overlappinglistributions across women’s educational
groups is less for men’s. In addition, althoughufrgg7 highlighted that women have lower
average income-age trajectories than men, Figureh®&ws that there is substantial
overlapping of men’s and women income distributioAsnong the 1955+ cohort, the
overlapping is smallest among those with no edanati qualifications. In this case, the
woman with her group’s median wage earns less thaman whose wage equals thd' 25
percentile for his group.

%" The anomalous upward twists in the average pmofibe this group discussed earlier translate inverage
incomes at age 25 in Figure 9 that are implaudiiye.
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Figure 9
The distribution of log(hourly wage) at age 25, bygroup

Men
Born 1955+, A-level+ —
Pre-1955 birth, A-level+ _—
Born 1955+, some quals. —
Pre-1955 birth, some quals. _—
Born 1955+, no quals. —
Pre-1955 birth, no quals. . a—
O:O I 1:0 I 2I.O I 3I.O 4I.O 5I.O
log(hourly wage)
Women
Born 1955+, A-level+ —
Pre-1955 birth, A-level+ ®
Born 1955+, some quals. —
Pre-1955 birth, some quals. —_—
Born 1955+, no quals. —
Pre-1955 birth, no quals. —_——
OTO I 1:0 I 2I.O I 3I.O 4I.0 5I.0
log(hourly wage)

Note. The line for each group shows the group-siseiciterquartile range (distance between th& aad 7%’
percentiles). The filled circles show the group faed (50" percentile), which is the same as the mean. The
estimates for the pre-1955 birth cohort are lekalile because they are based on out-of-sampleqgicets: see
text.

Figure 10 is in the same format as Figure 9, exttggitit refers to the inter-quartile range for
those aged 40, by group. (These are within-samiadigiions for both birth cohorts.) The
graph shows the same rankings of average wagebisatagie as reported in Figure 7,
confirming for example that, on average, men aid p#re than women, and having more
educational qualifications is associated with highages. But, again, as at age 25, there is
substantial dispersion of wages within each gramgl, this implies substantial overlapping in
the wage distributions of different groups. Amohgde born in or after 1955, the man at the
75" percentile of the group with no qualifications reaslightly more than the man at the
middle of the group with some qualification. Butetman at the middle of the no
qualifications group earns more than the womarmet73" percentile of the group with no
gualifications.
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Figure 10
The distribution of log(hourly wage) at age 40, bygroup

Men
Born 1955+, A-level+ —_—
Pre-1955 birth, A-level+ -
Born 1955+, some quals. —
Pre-1955 birth, some quals. —_—
Born 1955+, no quals. —
Pre-1955 birth, no quals. ——
O:O I 1:0 I 2I.O I 3I.O 4I.O 5I.O
log(hourly wage)
Women
Born 1955+, A-level+ —_—
Pre-1955 birth, A-level+ . ——
Born 1955+, some quals. —
Pre-1955 birth, some quals. ——
Born 1955+, no quals. —
Pre-1955 birth, no quals. ——
OTO I 1:0 I 2I.O I 3I.O 4I.0 5I.0

log(hourly wage)

Note. The line for each group shows the group-sisdoterquartile range (distance between th8 aad 7%’
percentiles). The filled circles show the group faed (5" percentile), which is the same as the mean.

The model estimates can also used to show howmgftaup inequality varies right across
the age range covered by the working life. (Aga@member that it is the middle age ranges
for which there are within-sample predictions thg more reliable.) Figures 11 and 12 chart
the inequality-age relationship, by group, using tlariance of logs and Gini coefficient
measures of inequality respectivély.The figures indicate quite large differences in
inequality by age. For reference, observe that @@ coefficient for wages among all
employees increased from around 0.30 to 0.35 betteelate 1970s and the mid-1980s — an
increase widely regarded as historically largeBdtain.?° The differences between the age-
specific Gini coefficients for the beginning anddeof the working life are of even larger
magnitude according to Figure®3.

Two cross-group differences stand out from the figguThe first is the constrast between the
profiles for the earlier-born and later-born bicthorts. For those born in or after 1955, wage
inequality increases with age throughout the wagKife after about age 35; before that age,
there is little variation with age. By contrasty those born before 1955, inequality declines
with age until the mid-50s (men) or late-40s (wojnamd only then increases. (The reasons
for the different age turning points in the prdil@are not obvious.) The cross-cohort
differences are related to differences in the rafidhe dispersion in initial wages to the

dispersion of income growth rates, i.e. the ratid op (see equations 11 and 12). Not only

% See equations (10) and (13) for the expressioas tosdraw the graphs.

% See e.g. Figure 2 of Wren-Lewis, Muriel, and Brew2009). Their report also provides inequality
decompositions by age group based on cross-sektathar than longitudinal data.

%0 see also footnote 24.
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was each parameter smaller for the later-born ¢dhan its counterpart for the earlier-born
one (Table 2), but so also was its ratio.

The second contrast is between those with A-leyel(shigher qualifications and the other
two groups. In all but one case (men, pre-1955 tphthose with A-levels experience
distinctly greater inequality at each age throughba working life than do those with fewer
gualifications. There is a straightforward explamatfor this. The other two groups are each
relatively homogenous in terms of formal educatiogaalifications, but the A-level(s)+
group includes people for whom A-levels is theghest qualification, as well as those with
undergraduate and postgraduate degrees, and ond&l wapect earnings differences
associated with these differences in qualifications

Figure 11
Inequality and age: variance of log(hourly wage), ¥ group

Men Women
1.5 1.5
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25 30 35 40 45 50 55 60 25 30 35 40 45 50 55 60
Age (years) Age (years)
--------- Pre-1955 birth, no quals. ========= Born 1955+, no quals.
————— Pre-1955 birth, some quals. ————-= Born 1955+, some quals.
Pre-1955 birth, A-level+ — Born 1955+, A-level+
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Figure 12
Inequality and age: Gini coefficient of hourly wags, by group

Men Women

Gini
Gini

0.0 0.0
T T T T T T T T T T T T T T T T
25 30 35 40 45 50 55 60 25 30 35 40 45 50 55 60
Age (years) Age (years)
--------- Pre-1955 birth, no quals. ========= Born 1955+, no quals.
————— Pre-1955 birth, some quals. — ———-= Born 1955+, some quals.

Pre-1955 birth, A-level+

Born 1955+, A-level+

More on within-group differences in trajectories

The discussion so far has emphasised the imporw@iicelividual deviations from average
trajectories in terms of the income differenceshmitgroups at each age; what the discussion
did not do was describe the shapes of of comptajectories for different individuals and
show how these profiles differed from the averaggettory. So far, there has not been a
model-based counterpart to Figure 1. | now prowade, in two ways.

First, | use the model estimates to simulate cotalajectories for a set of individuals with
the same observed characteristics. Within-grougrbgeneity is summarised by the joint
distribution of the individual-specific differencés intercepts, slopes and transitory errors.
These are fully characterized by, g3, 0,5 andg; for the relevant group, and so | randomly
draw several sets of values — one for each hypo#téndividual — from the joint distribution
using the estimates of these parameters. Then,inethlvith the estimates @ , y, 8, and
(common within the group), | plot the wage-ageeictpry that is implied for each of the
hypothetical individuals.

Figure 13 shows the results of this exercise.féreesto men and women born in or after 1955
with A-level(s)+ qualifications, and the simulat&djectories refer to three men and three
women. The average within-group trajectory is shawRigure 7, and increases with age for
both men and women (albeit at different rates)Figure 13, there is a pair of trajectories
shown for each person. The solid line shows thedrary implied were there no transitory

variation in wages (random values fof were not used in the simulation), and the
accompanying dashed line shows the trajectory dietusimulated transitory variation.
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The graphs show substantial differences in comptajectories even within the same group.
Features emphasized earlier such as the dispenrsiamtial incomes and dispersions in

income growth rates are readily apparent again. tBat diagram also brings out other
features. In particular, the model set out in §7/¢ansistent with within-group trajectories not
crossing as well as not crossing: there are exawgblboth scenarios for men and for women
in Figure 13. In addition, individual trajectoriean be negatively sloped over most of the
working life even though the group average trajgctocreases with age over the full age
range.

Figure 13
The heterogeneity of individual trajectories: simubted data example

Men Women
4.0
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Iog(Hqngy wage) w
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0.0
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<

T T T T
25 30 35 40 45 50 55 60 25 30 35 40 45 50 55 60

Age (years) Age (years)
Example A ===== Example A + 'error' Example D =====Example D + 'error’
— ExampleB ----- Example B + 'error’ — Example E ----- Example E + 'error'
Example C — —— Example C + 'error’ Example F — — — Example F + 'error'

Note: trajectories simulated using model estiméiesnen and women born in or after 1955 with A-lése-
gualifications. See text for further details.

Figure 13 also shows that transitory variation playmajor role in generating trajectory
‘spaghetti’. Without the simulated transitory err@rm, profiles are relatively smooth. |

emphasize the amplitude of the transitory variajosnd not the temporal pattern of the
errors for a given individual, because the modekt#jration does not allow transitory shocks
to have effects on wages that persistent beyongieghein which they initially occur (see the

earlier discussion).

A second approach to examine the model’'s predistiohthe complete trajectories for
individuals observed in the analysis sample. Moeeplsy comparing these individual-level
predictions with the actual trajectories, we get aditional perspective on the role of
transitory errors. To make the example more mardgehfocus on men and women born in
1966 (i.e. belong to the later-born cohort) anchwhtlevel(s)+ qualifications — these are the
employees whose trajectory spaghetti was summaiizddgure 2 (bottom panel, row 1)

earlier. The ‘fitted’ curves for each individualosi predicted log wages taking into account
observed characteristics (age and the period-speotercept in this context) and the best
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linear unbiased predictors of the individual-spiecifrror componentsa(, Bi).>* These fitted
values do not include the effects of transitoryiatgon.

The graphs shown in Figure 14 underline the pdmatt there is substantial variation in
individual income-age trajectories in reality. Evemith the smoothing of profiles
incorporated into the derivation of the predictedfies for each individual, it is clear that
there is substantial variation in complete profiléhere are large differences in fitted log
wages at the start of the working life, and thaerahe fitted profiles for many move broadly
in parallel, increasing with agé.But there is a relatively high prevalence of fiterofiles
that cross-over, and there is a minority for whown fitted trajectory is distinctly downwards,
in contrast to the average pattern for the grobp firevalence of the latter feature appears
greater for women in this case).

Figure 14 also underlines that it is the transitcopmponent to income that cooks the
spaghetti, introducing many of the year-to-year gdg in trajectory shapes. Without
transitory variation, trajectories are similar tdva uncooked spaghetti looks like when it
comes out of the packet.

3 The formulae used to derive the fitted valuesiésumented in thetni xed entry in the Stata manuals
(StataCorp 2007).

%2 The shift upwards in the middle of the fitted filesf arises from the allowance for a period effeetdifferent
intercept for the 1990s and the 2000s.
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Figure 14
Log(wage) trajectories for men and women born in 186 with A-level(s)+ qualifications:
observed (LHS) versus fitted (RHS)
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How do findings change if broader measures of ircane used?

All of the analysis reported so far for hourly wageas replicated using each of the other two
income measures, namely individual income and edjaed net household income. The
corresponding tables of parameter estimates amdedéigures are reported in Appendices B
and C. | do not discuss all of these results bex#us main conclusions about the nature of
the heterogeneity of income-age trajectories witinoups were very much the same as for
wages. One exception was that inequality at eaehveas markedly higher for individual
income than for the other two variables (as rentdhike earlier in the context of the raw data
on trajectories).

The results that were most different across thesorea concerned the shapes of the average
trajectories. Figure 15 shows the average trajmsogstimated for the three measures of
income. All the graphs use a logarithmic scale, dhgerve that the range differs across the
charts: compare the shapes of the graphs in péajel®), (c), rather than their heights per se.

There are several similarities with the results Hourly wages. For example, other things
equal, higher trajectories are associated with rfitavhore educational qualifications, and

being a member of the 1955+ birth cohort rathen tiine pre-1955 one. And as with wages,
profiles are higher for men rather than women eftame educational level, though the sex
differential is less than for wages, especiallydquivalized net household income — which is
what is expected. The assumption of equal inconaeirgl within households ensures this

among couples, and they form a large proportiomoofseholds.

However there are noticeable differences across#sesures in the shapes of the profiles for
women, especially but not wholly those from the-p8&5 birth cohort. Whereas wages for
women do not tend to fall as the state retiremamsn age approaches, there is a clear
decline in average individual income and especialyivalized net household income.
Individual income and equivalized net househol@dme reach a lifecourse peak in the 45-50
age range on average.

In addition, compared to the wage trajectoriestethe more marked dip in income growth
rates over child-raising ages for the other two sueas (necessarily this result refers to the
1955+ birth cohort). This is particularly marked fodividual income among women with A-
level or high qualifications. For equivalized netusehold income, the impact on the most
educated group of women is even more pronounceédgthaverage incomes are predicted to
fall in real terms before rising again at aroun@ d@ rather than simply grow at a slower
rate. According to this income measure too, thewre dip in the 30s for the two less qualified
groups of women. And a dip is perceptible for men, tespecially for those with no
gualifications. An explanation for this might beaththe partners of men without
qualifications need to work to maintain family Ing standards much more than do partners
of men with more qualifications. So if the partsésps work or reduces work hours for child-
related reasons, this also affects the househotime share that men (are assumed to) get.

There continue to be some apparently anomaloudtsethiat are difficult to explain. For
example, for individual income, average individirdome does not flatten off in the late 40s
for men, and around age 50 for women among tho#e ma qualifications from the 1955+
cohort as it does for all other groups. It is htardationalize this this result with the selection
arguments made earlier
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Hourly wage (log scale)

Figure 15
Average income-age trajectories, by income measuf®g scale)
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7. Summary and conclusions

Most descriptions of the income-age relationsh@l@sed on comparisons of income across
age groups in a particular year and are based ass-gectional data. In contrast, this paper
has taken a longitudinal approach, deriving trajgcestimates using 17 waves of data from
the British Household Panel Survey. | have propasdchmework that provides summary
descriptions of not only the way in which incomeasoag groups of similar individuals
change with age on average, but also the way irlwtrajectories for individuals diverge
from the average trajectory of their group.

The modelling framework is inspired by the literawn average income-age trajectory
pioneered by Rowntree (2000 [1901]) but draws dafigmn the econometric literature on
the modelling of the variance components of wadgdthough my model's specification
involves some compromises and hence disadvantagesgje that it is fit for the purposes for
which it was commissioned — to summarize variattath age of mean income and its
variability, for different types of individuals artiree measures of income (the hourly wage,
total individual income from all sources, and e@lized net household income).

The analysis draws attention to the cooked spaghature of income-age trajectories
observed in panel data sets. | have argued thatptitiern can usefully be summarized in
terms of a number of factors. Looking at groupsirafividuals with similar observed
characteristics, one can distinguish an averagameeage trajectory for each group. Within
groups, one can summarize differences across tuhlg in terms of: differences in incomes
at the start of the working life; differences ircaime growth rates; and the nature of the
association between initial incomes and income graates. (I found that those with lower
initial incomes experience greater income growth amerage.) In addition, income-age
trajectories differ because of substantial indildspecific transitory income changes from
one year to the next.

Across twelve groups defined in terms of combinaiof sex, birth cohort, and educational
gualifications, | find that some clear differendasgroup average income-age trajectories,
regardless of the income measure used Other tleiggal, the income-age profile for men
lies above that for women; the one for individuadsn in or after 1955 is above that for those
born before 1955; and the that for individuals wetttucational qualifications to A-level or

higher is above that for indidividuals with somealjications which, in turn, is above the

profile for individuals with no educational quadifitions. There is a distinct dip in income
growth for women on average over the age range wiay have children.

Average income-age trajectories derived from lardjital data look different from those
derived from cross-sectional data. For hourly wdgeistance, trajectories at the beginning
of the working life are steeper — wage growth msader — according to longitudinal data.

Nonetheless, within each of the twelve groups, eéhare substantial differences across
individuals in the shapes of income-age trajectongth each of the sources identified above
— differences in intercepts, slopes and their ¢atiee, and transitory variation — playing a

role. The model implies that over the working lilegcome inequality first declines and then

rises, but the nature of the U-shape differs sulistiéy between birth cohorts.

The paper has also argued that it is the transgoyr component of income that cooks the
spaghetti. These transitory changes may represmiirgely transitory effects on income,
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measurement error or, for broader measures of iactime effects on lifecourse events such
having children, and family formation or dissolutioA task for future research is to
incorporate more sophisticated assumptions ab®utiiure and persistence over time. This is
likely to facilitated by access to even longer parban used in this study (perhaps from
administrative record data, which may also have lagasurement error than survey data).
Long panels are necessary to help study the nafurecome persistence in all its complex
detail, including the extent to which observed shon income changes for individuals are
genuine.
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Appendix A

Results for log(hourly wage)

46



Table Al

Model parameter estimates: log(hourly wage), by gnap

Pre-1955 birth, no educ. quals Men Women
Age (years) -1.9829 -3.5350
(1.285) (2.327)
Age? 0.0606 0.1116
(0.038) (0.072)
Age’/100 —0.0805 —-0.1548
(0.050) (0.100)
Age*/10000 0.0393 0.0797
(0.024) (0.051)
Year: 1991-2000 —-0.0982 ok —-0.0907 ok
(0.019) (0.022)
Intercept 25.8361 43.0843
(16.062) (27.841)
sd(slope) 0.0221 il 0.0308 ok
(0.002) (0.002)
sd(intercept) 1.2354 * 1.4643 roxk
(0.109) (0.110)
corr(intercept, slope) —-0.9624 *hk -0.9775 *hx
(0.008) (0.004)
sd(error) 0.2176 ok 0.2502 ok
(0.004) (0.004)
Log-likelihood -361.133 -811.797
No. person-years 2379 2948
No. individuals 456 561
Wald test p-value 0.0010 0.1549
Born 1955+, no educ. quals Men Women
Age (years) 0.8574 1.0345
(0.842) (0.997)
Age? -0.0350 —0.0405
(0.035) (0.040)
Age’/100 0.0641 0.0701
(0.062) (0.072)
Age*/10000 —-0.0438 —-0.0447
(0.041) (0.047)
Year: 1991-2000 —-0.1086 ok —-0.0878 ok
(0.027) (0.032)
Intercept —6.0161 —-8.2809
(7.572) (9.093)
sd(slope) 0.0216 ok 0.0262 ok
(0.004) (0.004)
sd(intercept) 0.8076 0.9142
(0.137) (0.156)
corr(intercept, slope) —0.9336 *hk —-0.9588 *hx
(0.028) (0.017)
sd(error) 0.2440 ok 0.2828 ok
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(0.006) (0.007)

Log-likelihood —281.462 —-386.693

No. person-years 1226 1148

No. individuals 266 225

Wald test p-value 0.0461 0.5746

Pre-1955 birth, some educ. quals Men Women

Age (years) -3.1882 ** —2.6168
(1.559) (2.057)

Agée? 0.1005 o 0.0861
(0.047) (0.064)

Age’/100 —-0.1382 i -0.1231
(0.061) (0.088)

Age*/10000 0.0702 o 0.0650
(0.030) (0.045)

Year: 1991-2000 —-0.0378 * —-0.0492 ok
(0.023) (0.018)

Intercept 39.3945 *x 30.9134
(19.433) (24.639)

sd(slope) 0.0325 ok 0.0276 ok
(0.003) (0.002)

sd(intercept) 1.7415 *hk 1.3493 *rk
(0.131) (0.103)

corr(intercept, slope) —0.9806 *hk -0.9691 *hx
(0.004) (0.005)

sd(error) 0.2507 ok 0.2362 ok
(0.004) (0.003)

Log-likelihood -632.351 —-699.198

No. person-years 2230 3469

No. individuals 393 526

Wald test p-value 0.0026 0.0003

Born 1955+, some educ. quals Men Women

Age (years) 0.2208 0.8170 *
(0.411) (0.386)

Age? —0.0055 —0.0311 *
(0.017) (0.016)

Age’/100 0.0061 0.0526 *
(0.032) (0.029)

Age*/10000 —-0.0025 —-0.0329 *
(0.022) (0.020)

Year: 1991-2000 —-0.0637 ok —-0.0892 ok
(0.012) (0.013)

Intercept —0.9997 —6.1305 *
(3.591) (3.419)

sd(slope) 0.0244 ok 0.0243 ok
(0.002) (0.002)

sd(intercept) 0.8379 *hk 0.9134 *rk
(0.049) (0.053)

corr(intercept, slope) —-0.9331 *hk —-0.9331 *hx
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(0.009) (0.009)

sd(error) 0.2198 *hx 0.2619 *hk
(0.003) (0.003)

Log-likelihood -671.021 —1722.923

No. person-years 4599 5935

No. individuals 883 994

Wald test p-value 0.0000 0.0000

Pre-1955 Birth, A-level(s) + Men Women

Age (years) 1.1379 -3.9504 *
(0.875) (2.271)

Age? -0.0333 0.1262 *
(0.026) (0.072)

Age’/100 0.0437 -0.1778 *
(0.035) (0.097)

Age*/10000 -0.0216 0.0934 *
(0.017) (0.050)

Year: 1991-2000 —-0.0603 ok -0.0617 *rx
(0.013) (0.018)

Intercept -12.1514 48.1305 *
(10.826) (27.212)

sd(slope) 0.0321 ok 0.0323 *hx
(0.002) (0.002)

sd(intercept) 1.6187 *hk 1.6505 *rk
(0.080) (0.099)

corr(intercept, slope) —0.9646 *hk —-0.9670 *hx
(0.004) (0.005)

sd(error) 0.2385 *hk 0.3000 *hx
(0.003) (0.004)

Log-likelihood —1435.598 -1970.318

No. person-years 5926 4529

No. individuals 808 676

Wald test p-value 0.0010 0.1244

Born 1955+, A-level(s) + Men Women

Age (years) 0.5426 o 1.1806 rxk
(0.232) (0.271)

Agée? —-0.0169 * —0.0439 Fhk
(0.010) (0.012)

Age’/100 0.0240 0.0719 ok
(0.018) (0.021)

Age*/10000 —-0.0130 —-0.0433 ok
(0.012) (0.014)

Year: 1991-2000 -0.0757 ok —-0.0947 Frx
(0.008) (0.009)

Intercept -4.1421 ** -9.5724 ok
(2.064) (2.400)

sd(slope) 0.0269 ok 0.0303 *hx
(0.001) (0.001)

sd(intercept) 0.8889 *hk 0.9931
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(0.033)
corr(intercept, slope) —-0.9115

(0.007)
sd(error) 0.2382

(0.002)
Log-likelihood —2824.082
No. person-years 12476
No. individuals 2022
Wald test p-value 0.0000

(0.037)
*%k% _0.9188 *%k%
(0.007)
*%k*%k 0'2775 *%k*%k
(0.002)
—4473.029
11961
2012
0.0000

% p<0.01. *:p<0.05. *:p<0.10.

Wald test p-value: p-value from Wald test that Gornts on all age variables jointly zero.
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Figure Al
Quantile plots of standardized residuals against andard normal, by group
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Note: Quantile plot graphs quantiles of the disttifin of estimated residuals (standardized by thstimated
variance) against quantiles of a standard nornsalildution. If the plot lies wholly on the a%ay through the
origin, the normal distribution is appropriate. Tlets show consistency with normality, exceptat éxtreme
tails of the residual distributions
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Appendix B

Results for log(individual income)
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Table B1

Model parameter estimates: log(hourly wage), by gnap

Pre-1955 birth, no educ. quals Men Women

Age (years) 0.9806 *hx 0.2878
(0.209) (0.185)

Ag€’ -0.0235 —-0.0076 *
(0.005) (0.004)

Age’/100 0.0239 0.0084 *
(0.005) (0.005)

Age’/10000 —0.0088 ok —-0.0032 *
(0.002) (0.002)

Year: 1991-2000 -0.1069 ok —-0.1483 ok
(0.017) (0.015)

Intercept —8.8875 ol 0.7183
(3.211) (2.838)

sd(slope) 0.0203 Fxk 0.0394 Foxk
(0.001) (0.001)

sd(intercept) 1.5167 el 2.9532 rk
(0.088) (0.087)

corr(intercept, slope) -0.9717 ol —0.9883 el
(0.004) (0.001)

sd(error) 0.5870 *rk 0.6044 Frk
(0.005) (0.004)

Log-likelihood —9959.615 —-17084.297

No. person-years 10089 16129

No. individuals 1221 1892

Wald test p-value 0.0000 0.0041

Born 1955+, no educ. quals Men Women

Age (years) 0.6520 -1.9112
(1.623) (1.315)

Age? -0.0208 0.0850
(0.067) (0.054)

Age’/100 0.0290 -0.1605 *
(0.121) (0.097)

Age’/10000 -0.0140 0.1101 *
(0.081) (0.065)

Year: 1991-2000 0.1023 i —-0.2194 *hk
(0.052) (0.044)

Intercept —2.2202 20.1408 *
(14.527) (11.829)

sd(slope) 0.0472 Fxk 0.0568 Foxk
(0.006) (0.005)

sd(intercept) 1.7669 Frk 2.0857 ok
(0.206) (0.166)

corr(intercept, slope) —-0.9386 Frk -0.9667 *rk
(0.018) (0.007)

sd(error) 0.6928 *rk 0.5960 *rk
(0.012) (0.010)
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Log-likelihood —2584.133 —2663.717

No. person-years 2145 2505

No. individuals 365 363

Wald test p-value 0.1742 0.0019

Pre-1955 birth, some educ. quals Men Women

Age (years) 1.2307 Frk 1.0952 *rk
(0.330) (0.324)

Age? -0.0278 -0.0282 ok
(0.008) (0.008)

Age®/100 0.0263 0.0308 wkk
(0.009) (0.009)

Age'/10000 —0.0089 -0.0121 ok
(0.003) (0.003)

Year: 1991-2000 —-0.0935 ok —-0.0431 *
(0.024) (0.024)

Intercept —13.4285 ok —10.4345 xx
(4.920) (4.804)

sd(slope) 0.0214 Fxk 0.0528 Fxk
(0.002) (0.002)

sd(intercept) 1.4454 el 3.2255 rk
(0.130) (0.129)

corr(intercept, slope) -0.9424 el —0.9595 ol
(0.011) (0.004)

sd(error) 0.6695 *rk 0.6474 *rk
(0.007) (0.005)

Log-likelihood —7450.024 -10609.584

No. person-years 6644 9074

No. individuals 739 948

Wald test p-value 0.0000 0.0000

Born 1955+, some educ. quals Men Women

Age (years) —0.4806 0.7289
(1.088) (0.699)

Age? 0.0215 -0.0330
(0.046) (0.029)

Age’/100 —0.0383 0.0676
(0.085) (0.053)

Age?/10000 0.0237 -0.0513
(0.058) (0.036)

Year: 1991-2000 -0.0203 -0.1105 ok
(0.030) (0.023)

Intercept 9.1642 -1.1696
(9.544) (6.176)

sd(slope) 0.0352 Fxk 0.0712 Fxk
(0.004) (0.003)

sd(intercept) 1.3899 *rx 2.6088 *rk
(0.120) (0.093)

corr(intercept, slope) -0.9195 Frk -0.9674 *rk
(0.017) (0.003)
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sd(error) 0.7706 *rk 0.5943 Frk
(0.008) (0.005)

Log-likelihood —8143.492 —9837.087

No. person-years 6382 9008

No. individuals 1063 1211

Wald test p-value 0.0000 0.0000

Pre-1955 Birth, A-level(s) + Men Women

Age (years) 1.5401 Frk 1.6583 *rk
(0.249) (0.266)

Ag€’ —0.0369 -0.0383 wkk
(0.006) (0.007)

Age®/100 0.0378 0.0375 wkk
(0.007) (0.007)

Age’/10000 -0.0141 -0.0133 wkk
(0.003) (0.003)

Year: 1991-2000 -0.0416 i -0.0175
(0.019) (0.021)

Intercept -17.0468 ool —-20.4471 el
(3.657) (3.971)

sd(slope) 0.0399 Fxk 0.0546 Fxk
(0.002) (0.002)

sd(intercept) 2.2947 el 2.9963 il
(0.097) (0.115)

corr(intercept, slope) —0.9585 *hx —-0.9603 rE
(0.004) (0.003)

sd(error) 0.6620 *rk 0.6421 *rk
(0.005) (0.005)

Log-likelihood —14908.800 —12394.817

No. person-years 13030 10758

No. individuals 1275 1083

Wald test p-value 0.0000 0.0000

Born 1955+, A-level(s) + Men Women

Age (years) 1.6517 *rk 2.0023 *rk
(0.559) (0.559)

Ag€’ -0.0601 -0.0841 wkk
(0.023) (0.023)

Age’/100 0.0980 ok 0.1541 ok
(0.042) (0.042)

Age?/10000 —-0.0600 i —-0.1038 ok
(0.028) (0.029)

Year: 1991-2000 -0.0210 —-0.0909 Frk
(0.017) (0.018)

Intercept —-10.9760 *x —12.0472 *x
(4.969) (4.953)

sd(slope) 0.0559 Fxk 0.0708 Fxk
(0.002) (0.002)

sd(intercept) 1.8326 *hx 2.4678 *rk
(0.070) (0.068)
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corr(intercept, slope) —0.9572 Frk
(0.004)

sd(error) 0.6864 Frk
(0.004)

Log-likelihood —18649.852

No. person-years 15768

No. individuals 2298

Wald test p-value 0.0000

~0.9611 ok
(0.003)
0.6812 ok
(0.004)
~19256.509

15879

2250

0.0001

k< 0.01. *: p<0.05. *p< 0.10.

Wald test p-value: p-value from Wald test that Goefnts on all age variables jointly zero.
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Figure B1

Estimated average income —age trajectories, by grpufor individuals aged 25+
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1955+ birth, A-level+

Table B2

Between-group differences in variance component pameters

Educational Qualifications

Men
Pre-1955 birth Born 1955+

Women
Pre-1955 birth Born 155

sd(intercept).o,

None 0.61 0.72 1.20 0.85

Some 0.59 0.56 1.31 1.06

A-level(s) + 0.93 0.74 1.21 1.00 [2.609]
sd(age coefficient)u,s

None 0.29 0.67 0.56 0.80

Some 0.30 0.50 0.75 1.01

A-level(s) + 0.56 0.79 0.77 1.00 [0.071]
corr(int., age coeff.)oys

None 1.01 0.98 1.03 1.01

Some 0.98 0.96 1.00 1.01

A-level(s) + 1.00 1.00 1.00 1.00 [-0.967]
sd(error): oy

None 0.86 1.02 0.89 0.88

Some 0.98 1.13 0.95 0.87

A-level(s) + 0.97 1.01 0.94 1.00 [0.594]

Note: group parameters expressed as a ratio @fateameters for women with A-level(s)+ born 195530(sn

in brackets)

57



Figure B2
The distribution of log(individual income) at age 5, by group
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The line for each subgroup shows the interquaniteye (distance between thé"2td 75" percentiles). The
filled circle shows the median.

Figure B3
The distribution of log(individual income) at age 9, by group
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The line for each subgroup shows the interquamiteje (distance between thé"2id 7% percentiles). The
filled circle shows the median
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Variance

Gini

Inequality and age: variance of log(individual incane), by group

Figure B4
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Figure B5

Inequality and age: Gini coefficient of individualincome, by group
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Figure B6
The heterogeneity of individual trajectories: simubted data example
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Example A ===== Example A + 'error' Example D =====Example D + 'error’'
Example B ----- Example B + 'error' Example E ----- Example E + 'error'
Example C ——— Example C + 'error' Example F —— — Example F + 'error'
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Figure B7
Log(individual income) trajectories for men and wonen born in 1966 with A-level(s)+
qualifications: observed (LHS) versus fitted (RHS)
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Note: see main text for explanation of the derivaf the graphs.
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Figure B8
Quantile plots of standardized residuals against andard normal, by group
Men

Pre-1955 birth, no quals.
L

1955+ birth, no quals.

o’

-4 2 0 2 4 - -
Inverse Normal Inverse Normal

Residual (Standardized)
15-10-5 0 5
Residual (Standardized)

-10-5 0 5 10
N
(=}
N

Pre-1955 birth, some quals.

PSS

1955+ birth, some quals.

f-/

o

Residual (Standardized)
15-10-5 0 5

N *

Residual (Standardized)
10-5 0 5 10

2 - -2
Inverse Normal Inverse Normal

Pre-1955 birth, A-level+ Born 1955+, A-level+

Residual (Standardized)
-1510-5 0 510

N

o

N

Residual (Standardized)
15-10-5 0 5

- -2
Inverse Normal Inverse Normal

Women

Pre-1955 birth, no quals.
_®®

1955+ birth, no quals.
R

5

7>

Residual (Standardized)
15-10-5 0 5

N \

Residual (Standardized)
10 5 0

2 - -2
Inverse Normal Inverse Normal

Pre-1955 birth, some quals.

Pre-1955 birth, some quals.
4.

-10-5 0 5
-1510-5 0 5

T T T T
-4 -2 0 2 4 - -2
Inverse Normal Inverse Normal

Residual (Standardized)

Residual (Standardized)

Pre-1955 birth, A-level+ Born 1955+, A-level+

Residual (Standardized)
-10-5 0 5 10
o
N
[ ]
Residual (Standardized)
15105 0 5

- -2
Inverse Normal Inverse Normal

Note: Quantile plot graphs quantiles of the disttifin of estimated residuals (standardized by thstimated
variance) against quantiles of a standard nornsalildution. If the plot lies wholly on the a%ay through the
origin, the normal distribution is appropriate. Tilets show consistency with normality, exceptat éxtreme

tails of the residual distributions
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Appendix C

Estimates for log(equivalised net household income)
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Table C1

Model parameter estimates: log(hourly wage), by gnap

**

Pre-1955 birth, no educ. quals Men Women

Age (years) 1.0164 Frk 0.6717 Fxk
(0.147) (0.121)

Ag€’ -0.0228 —-0.0140 ok
(0.004) (0.003)

Age’/100 0.0220 0.0122 Hok
(0.004) (0.003)

Age’/10000 —-0.0078 —0.0037 ok
(0.001) (0.001)

Year: 1991-2000 —-0.0945 ok —-0.1348 *hk
(0.012) (0.009)

Intercept -11.0575 ork —6.0522 Frk
(2.251) (1.874)

sd(slope) 0.0211 Fxk 0.0212 *rk
(0.001) (0.001)

sd(intercept) 1.4011 el 1.5220 ol
(0.067) (0.056)

corr(intercept, slope) —0.9686 Fhx —-0.9718 Frk
(0.003) (0.003)

sd(error) 0.3477 *rk 0.3426 Fxk
(0.003) (0.002)

Log-likelihood —4700.005 —7375.205

No. person-years 9046 14444

No. individuals 1138 1779

Wald test p-value 0.0000 0.0000

Born 1955+, no educ. quals Men Women

Age (years) 2.4474 ** 2.3795 *x
(1.127) (1.044)

Ag€’ -0.1059 i -0.1001 i
(0.047) (0.043)

Age®/100 0.2004 i 0.1861 i
(0.086) (0.079)

Age'/10000 -0.1391 * -0.1276 *
(0.058) (0.053)

Year: 1991-2000 -0.0144 —-0.0658
(0.033) (0.030)

Intercept —15.7600 -16.1301
(9.992) (9.273)

sd(slope) 0.0365 Fxk 0.0277 Frk
(0.004) (0.003)

sd(intercept) 1.4312 ol 1.1823 *
(0.127) (0.113)

corr(intercept, slope) —0.9632 *hx —0.9516 Frk
(0.008) (0.013)

sd(error) 0.3957 *rk 0.3759 Fxk
(0.007) (0.007)
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Log-likelihood -1325.260 -1273.405

No. person-years 1959 2078

No. individuals 340 329

Wald test p-value 0.0520 0.0223

Pre-1955 birth, some educ. quals Men Women

Age (years) 0.6386 Frk 0.9188 Fxk
(0.229) (0.188)

Ag€’ -0.0123 ok -0.0196 ok
(0.006) (0.005)

Age®/100 0.0094 0.0178 Hokk
(0.006) (0.005)

Age?’/10000 -0.0023 —0.0058 ok
(0.002) (0.002)

Year: 1991-2000 —0.0900 ok —-0.0843 hk
(0.017) (0.014)

Intercept -5.9146 * -9.7765 el
(3.414) (2.790)

sd(slope) 0.0247 Fxk 0.0250 *rk
(0.001) (0.001)

sd(intercept) 1.4678 el 1.4738 ol
(0.084) (0.071)

corr(intercept, slope) —0.9640 *hx —-0.9620 Frk
(0.005) (0.004)

sd(error) 0.3871 *rk 0.3722 Fxk
(0.004) (0.003)

Log-likelihood —-3782.594 —-4783.944

No. person-years 6042 8134

No. individuals 708 880

Wald test p-value 0.0000 0.0000

Born 1955+, some educ. quals Men Women

Age (years) 0.0975 1.4042 Fxk
(0.661) (0.498)

Ag€’ —0.0059 -0.0602
(0.028) (0.021)

Age®/100 0.0144 0.1130 wokk
(0.052) (0.039)

Age'/10000 -0.0117 -0.0777
(0.036) (0.027)

Year: 1991-2000 -0.0778 ok —-0.0689 hx
(0.018) (0.015)

Intercept 4.9780 —6.7288
(5.757) (4.358)

sd(slope) 0.0396 Fxk 0.0325 *rk
(0.002) (0.002)

sd(intercept) 1.4054 ol 1.2537 ol
(0.073) (0.053)

corr(intercept, slope) —0.9643 *hx —0.9483 Frk
(0.005) (0.005)
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sd(error) 0.3787 *rk 0.3585 Fxk
(0.004) (0.003)

Log-likelihood -3722.604 -4625.424

No. person-years 5868 8043

No. individuals 985 1120

Wald test p-value 0.6073 0.0233

Pre-1955 Birth, A-level(s) + Men Women

Age (years) 0.6442 Frk 0.4489 Fxk
(0.157) (0.158)

Ag€’ -0.0137 —0.0081 i
(0.004) (0.004)

Age®/100 0.0127 0.0057
(0.004) (0.004)

Age’/10000 —-0.0044 i -0.0011
(0.002) (0.002)

Year: 1991-2000 —-0.0609 ok —-0.0524 ok
(0.012) (0.013)

Intercept -5.2451 o —2.7323
(2.311) (2.365)

sd(slope) 0.0298 Fxk 0.0296 *rk
(0.001) (0.001)

sd(intercept) 1.6364 *rx 1.6414 *hx
(0.061) (0.069)

corr(intercept, slope) —0.9653 *hx —-0.9623 Frk
(0.003) (0.004)

sd(error) 0.3749 *rk 0.3653 Fxk
(0.003) (0.003)

Log-likelihood —7181.063 -5539.896

No. person-years 11939 9473

No. individuals 1211 990

Wald test p-value 0.0000 0.0000

Born 1955+, A-level(s) + Men Women

Age (years) 0.6500 * 1.9537 Foxk
(0.351) (0.368)

Ag€’ -0.0266 * —0.0813
(0.015) (0.015)

Age’/100 0.0479 * 0.1474 Hok
(0.027) (0.029)

Age?/10000 -0.0318 * —0.0980 *rk
(0.018) (0.019)

Year: 1991-2000 -0.0601 ok —-0.0755 *rk
(0.010) (0.011)

Intercept —0.1450 -11.5135 ok
(3.099) (3.232)

sd(slope) 0.0355 Fxk 0.0360 *rk
(0.001) (0.001)

sd(intercept) 1.2699 el 1.3136 ol
(0.041) (0.042)
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corr(intercept, slope) —0.9442
(0.004)
sd(error) 0.3594
(0.002)
Log-likelihood —8618.360
No. person-years 14744
No. individuals 2075
Wald test p-value 0.0001

*k%k _0 9444 **k%
(0.004)
*k%k 0 . 3716 **k%
(0.003)
—8721.338

14081
2004

0.0000

k< 0.01. *: p<0.05. *p< 0.10.

Wald test p-value: p-value from Wald test that Goefnts on all age variables jointly zero.
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Estimated average income -age trajectories, by greu for individuals aged 25+

400

350 /_/—\

Equivalised net household income (log scale)

100

Figure C1

T
25 30 35 40 45 50 55 60 6

Age (years)

————————— Pre-1955 birth, no quals.

Pre-1955 birth, A-level+

————— 1955+ birth, some quals.

400+

350

Equivalised net household income (log scale)

100

Table C2
Between-group differences in variance component pameters

T T T T
25 30 35 40
Age

45 50 55 60 6

(years)

Pre-1955 birth, some quals.
1955+ birth, no quals.

1955+ birth, A-level+

Educatinal Qualifications.

Pre-1955 hirth Born 1955+

Men

Women

Pre-1955 birtBorn 1955+

sd(intercept).o,

None 1.07 1.09 1.16 0.90

Some 1.12 1.07 1.12 0.95

A-level(s) + 1.25 0.97 1.25 1.00 [1.314]
sd(age coefficient)os

None 0.59 1.01 0.59 0.78

Some 0.68 1.10 0.69 0.90

A-level(s) + 0.83 0.98 0.83 1.00 [0.036]
corr(int., age coeff.)oys

None 1.03 1.02 1.03 1.01

Some 1.02 1.02 1.02 1.00

A-level(s) + 1.02 1.00 1.02 1.00 [-0.944]
sd(error): oy

None 0.94 1.07 0.92 1.01

Some 1.04 1.02 1.00 0.97

A-level(s) + 1.01 0.97 0.98 1.00 [0.372]

Note: group parameters expressed as a ratio qiateaneters for women with A-level(s)+

born 1955+ (shown in brackets).
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Figure C2

The distribution of log(equivalized net householdricome) at age 25, by group

Born 1955+, A-level+
Pre-1955 birth, A-level+
Born 1955+, some quals.
Pre-1955 birth, some quals.

Born 1955+, no quals.

Pre-1955 birth, no quals.

Born 1955+, A-level+
Pre-1955 birth, A-level+
Born 1955+, some quals.
Pre-1955 birth, some quals.
Born 1955+, no quals.

Pre-1955 birth, no quals.

Men
—_—
—.—
_._
—_—
—_—
—_—
T T T T T T T T T T T T T
0.0 1.0 2.0 3.0 4.0 5.0 6.0
log(Equivalised net household income)
Women
—_—
—_—-——
—_—
—_—
_._
—_—
T T T T T T T T T T T T T
0.0 1.0 2.0 3.0 4.0 5.0 6.0

log(Equivalised net household income)

The line for each subgroup shows the interquaniteye (distance between thé"2td 75" percentiles). The

filled circles show the group medians.

Figure C3

The distribution of log(equivalized net householdncome) at age 40, by group

Born 1955+, A-level+
Pre-1955 birth, A-level+
Born 1955+, some quals.
Pre-1955 birth, some quals.

Born 1955+, no quals.

Pre-1955 birth, no quals.

Men

———

Born 1955+, A-level+
Pre-1955 birth, A-level+
Born 1955+, some quals.
Pre-1955 birth, some quals.

Born 1955+, no quals.

0.0

Pre-1955 birth, no quals.

T T T T T T
1.0 2.0 3.0 4.0 5.0 6.0
log(Equivalised net household income)

Women

— ———

0.0

T T T T
1.0 2.0 3.0 4.0 5.0 6.0
log(Equivalised net household income)

The line for each subgroup shows the interquamiteje (distance between thé"2id 7% percentiles). The

filled circles show the group medians.
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Inequality and age: variance of log(equivalized nelhousehold income), by group
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Figure C4
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Figure C5

Inequality and age: Gini coefficient of equivalizedhet household income, by group

Gini

Men

Gini

Age (years)

Pre-1955 birth, no quals.

Pre-1955 birth, A-level+

Pre-1955 birth, some quals.
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Figure C6

The heterogeneity of individual trajectories: simubted data example

w

IogLEquivaIis%g net hou&ehold incgl’ne)

.0

Men

T T T T T T T T
25 30 35 40 45 50 55 60
Age (years)

Example B -----
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Women

Example A ===== Example A + ‘error'
Example B + 'error'
Example C ——— Example C + 'error'

T T T T T T T T
25 30 35 40 45 50 55 60
Age (years)

Example D =====Example D + 'error'
Example E -----
Example F —— — Example F + 'error'

Example E + 'error'




Figure C7
Log(equivalized net household income) trajectorie®r men and women born in 1966
with A-level(s)+ qualifications: observed (LHS) vesus fitted (RHS)

Men

Log(Equivalent Net Household Income)
Fitted: Xb + Zu
T

Age (years)

Fitted: Xb + Zu
i

Log(Equivalent Net Household Income)

Age(years) Age(years)

Note: see main text for explanation of the deromf the graphs.
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Figure C8
Quantile plots of standardized residuals against andard normal, by group
Men

Pre-1955 birth, no quals.
A

1955+ birth, no quals.
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Note: Quantile plot graphs quantiles of the disttifin of estimated residuals (standardized by thstimated
variance) against quantiles of a standard nornsalildution. If the plot lies wholly on the a%ay through the
origin, the normal distribution is appropriate. Tlets show consistency with normality, exceptat éxtreme
tails of the residual distributions.
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