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This paper uses microeconomic data from the UK Family Expenditure
Surveys (FES) and the General Household Surveys (GHS) to describe and
explain changes in the distribution of male wages. Since the late 1970s wage
inequality has risen very fast in the UK, and this rise is characterised both
by increasing education and age dizerentials. We show that a large part
of the changes in the UK can be summarised quite simply as increases in
education dizerentials and a decline of growth of entry level wages which
persist subsequently. This fact we interpret as cohort ecects. We also
show that, like in the US, an important aspect of rising wage inequality is
increased within-group wage dispersion. Finally we use the GHS to evaluate
the role of alternative education measures.
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1. Introduction?

Wage dispersion in the UK has risen sharply since the late 1970s. The scale of this
increase is shown in Figure 1.1 where we plot indexed real hourly wages of male
workers for the 10th, median and 90th percentiles of the hourly wage distribution
from 1966 to 1995. Following relatively small changes from the mid-1960s to
late 1970s, this shows a rapidly widening gap between high paid and low paid
workers through the 1980s and 1990s. The relative size of the recent UK increase
in wage inequality is large both in terms of the UK’s own historical experience
and in terms of comparison with other countries.? Of course, there is no a priori
reason why the structure of wages should remain stable over time. Technological
innovations, changes to the distribution of education and in the structure of labour
and product markets are likely to alter the demand for and supply of dicerent
skill attributes. This process can sometimes lead to permanent changes in relative
prices and quantities. In this vein, a number of papers have attempted to uncover
the relative importance of technological changes, institutions and international
trade in shaping the changes of the US and UK distribution of wages®.

1The comments of three referees helped us improve the paper substantially. We are also in-
debted to Manuel Arellano, Orazio Attanasio, Richard Blundell, Andrew Dilnot, David Green,
Zvi Griliches, John Hills, Joel Horowitz, Paul Johnson, Tom MaCurdy, Charles Manski, Andrew
Oswald, John Pencavel, Jim Powell, Mark Stewart, John Van Reenen and Edward Whitehouse
for their comments and discussions. We thank participants in seminars at Warwick, the Poverty
Institute at the University of Wisconsin and an ESRC half day conference on wage dispersion
at the IFS. Finally we would also like to thank Alissa Goodman and Steve Webb for invalu-
able help with the FES data and Steve Mclntosh for helping us collect the pupil teacher ratio
data. Financial assistance from the ESRC centre for the Microeconometric Analysis of Fiscal
Policy at the IFS and the Joseph Rowntree Foundation is gratefully acknowledged. We retain
responsibility for all errors and interpretations.

2See for example Gosling, Machin and Meghir (1994), Katz Loveman and Blanchtower (1995)
and Schmitt (1995) for earlier descriptions of the changes in the UK and the survey of Machin
(1996) which places the UK rise into its historical and international context.

3See for example, Murphy and Welch (1992) Bound and Johnson (1992), Freeman and Katz
(1994), Dinardo, Fortin and Lemieux (1996) and Gosling and Machin (1995)



In this paper, we provide a simple characterisation of the way that the distri-
bution of male wages has evolved. We describe the distribution of wages using a
set of quantiles*. In the same way as MaCurdy and Mroz (1991), who model the
structure of wages in the US, we show that each of the chosen quantiles of the
distribution of wages can be modelled as an additive function of cohort, life-cycle
and time ecects (constructed to average to zero within the sample period). The
median closely relates to a standard human capital wage equation. The other
quantiles allow us to infer how the dispersion of wages. Of course, if the distribu-
tion of unobservable determinants of wages is independent of the observed ones,
then the entire set of changes in the distribution of wages can be explained by
changes in the median. This hypothesis is strongly rejected in our data.

Cohort erects play an important part in our interpretation of the changes in
the distribution of wages.® We show that conditional on the presence of cohort
ecects, life-cycle pro..les of wages have not changed. Sources of these cohort
exects can be changes in education policy, changes in the role of labour market
institutions, as well as changes in the conditions at labour market entry. All
such factors may azect the amount and type of human capital accumulated by
young workers by the age of 23, which is the age at which we start modelling
wages.® If such pre- and early labour market factors serve to shift the life-cycle
of wages permanently, then they can be summarised by an additive cohort ezect,
conditional on age, education and cyclical time ewects.

4This has some similarities to the work of Juhn, Murphy and Pierce (1993) and Bushinsky
(1994) who also consider the evolution of quantiles of the wage distribution.

5See also Beaudry and Green (1996) for Canada, Fitzenberger, Hujer, MaCurdy and Schnabel
(1995) for Germany and MaCurdy and Mroz (1991) for the US.

6Examples of the education reforms introduced in the UK are the formalisation of the “tri-
partite” education system after 1945 which streamed children at age 11 into dizerent types of
education; the expansion of higher education after the 1963 Robbins report; the partial and
gradual dismantling of the tripartite system in the late 1960s; the introduction of youth training
schemes in the early 1980s; and the “Assisted Places” scheme in the mid 1980s which partially
..nanced private education for children from poorer backgrounds.
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Figure 1.1: Indexed Real Hourly Wages by Percentile (Source: FES)

We show that changes in education dicerentials, together with cohort ezects,
can explain two thirds of the overall increase in wage dispersion over our time
period. Nevertheless, there have also been important within-group shifts in wage
structure. As successive generations of workers have entered the labour market
they have done so with more and more dispersed wages which have persisted over
time to create a more unequal wage distribution.

The structure of the rest of the paper is as follows. Section 2 describes the
way we characterise the distribution of wages. In section 3 we give a basic descrip-
tion of the data and section 4 presents our econometric estimates. A concluding



discussion is presented in section 5. All technical issues are discussed in the ap-
pendix.

2. Estimating The Wage Distribution Over Time

2.1. Modelling approach

We model the quantiles of the distribution of wages as functions of age, edu-
cation, cyclical time ewcects and cohort ecects. The latter refects dicerences
in productive characteristics across generations as well as general productivity
growth. If all quantiles evolve in the same way (aside from an intercept shift)
then the changing dispersion of pay can be explained by the changing returns
to and the composition of observed skill characteristics. Using quantiles is an
easy and intuitive way of characterising the distribution of wages. The median
de..nes the location of the distribution while the quantiles around it can be used
to describe changes in dispersion or other aspects of its shape. Dicerences across
guantiles can thus be interpreted as an estimate of the changing importance of
the unobserved component in wages’.
We can de..ne the gth quantile of the conditional wage distribution as:

q = Pr[wy < w|cohort;, agey, education;] 2.1)

where w;; refers to the log of the real hourly wage rate of individual 7 in time
period t. In equation (2.1) cohort is the year of birth of a particular worker, age
is his age in years at the time his wage is observed and education (abbreviated to
ed below) is a measure of education (precise de..nitions are given below).

Following MaCurdy and Mroz (1991), we restrict equation (2.1) to have the
following additive structure:

1t turns out that in this data, the conditional means and medians are indistinguishable.



wi(cohort;, agey, ed;) = Al(agey, ed;) + CU(cohort;, ed;) + T (time, ed;) (2.2)

where T (time, ed;) is constructed so that it is orthogonal to the cohort and age
functions and hence includes no trends. All trends in the data will be included in
the functions A7 and C9. We examine this assumption in more detail below. By
comparing the ..t of equation (2.2) to that of the unrestricted quantile estimates,
we can test whether the data can reject this restriction.

To justify the loglinear speci..cation we suppose that for an individual i in
education group ed human capital (H) is produced by

HE = exp(A(agey, ed;) + C(cohort;, ed;) + ugy) (2.3)

where u;; represents unobserved characteristics. We assume that the production
function depends on the total amount of human capital employed for each edu-
cation group (H¢?). Denote the equilibrium price of human capital for education
group ed by exp(T¢?). Then a person with human capital H¢? will earn a wage
rate of w;; = Hlexp(T£?).2 The corresponding log wage equation will then be

logwy = T 4 Alageq, ed;) + C(cohort;, ed;) + ugy (2.4)

If u;; is independent of age, education and cohort then all quantiles are identical
apart from an intercept shift and more importantly that observables are able to
account for all changes in the distribution of wages. The speci..cation in equation
(2.2) relaxes this independence assumption but assumes that the additive struc-

ture is preserved for the quantiles. This assumption is testable. Thus, as well as

8The fact that any common trend in productivity growth is included in human capital rather
than in its price is purely a normalisation. This is discussed further below.



being a simple way of characterising the wage distribution, using quantiles pro-
vides a direct way of assessing the contribution of unobservables in explaining the
evolution of the entire wage distribution, not only at the conditional mean and
variance.

This simpli..ed speci..cation has the attraction that we can attach clear in-
terpretations to each component. The set of functions C%(cohort;,ed;) for each
quantile will measure the cross generational dicerences in wages caused by the dif-
ferent characteristics of cohorts. Thus, the dicerence in these functions between
the top and the bottom of the distribution captures changes in within group dis-
persion driven by cohort ecects and by general trends in productivity. Similarly
the dizerences across education groups will measure changes in the returns to
education across generations.

The functions AY(age;;, ed;) measure how the wage distribution changes as a
cohort ages for each education group. We expect this to be important for the
following reasons. First and foremost, age minus years of education is the level
of potential experience for an individual, so if experience is important we should
observe wages growing with age. Second, with dizcerential rates of learning by
doing we should also observe an increase in the variance of wages with age.®
(Deaton and Paxson, 1993, make a similar argument in the case of consumption).
Third, A? will refect changes in wages over the life-cycle for reasons other than
accumulated experience, most importantly general productivity growth.

We de..ne common shocks to the wage distribution T9(time, ed;) as those
changes in wages which are the same within all education groups regardless of
age and which are orthogonal to the other functions in equation (2.2). This func-

9As Farber and Gibbons (1997) point out a learning model would also lead to increases
in the variance with age: Age retects learning about individual ability both by workers and
their employers. As unobserved productivity is gradually revealed and translated into pay the
variance of wages will increase with age.



tional form speci...cation de..nes macroeconomic exects as relative changes within
the sample which are common to all individuals in the same education group at
any point in time regardless of age. This is the only way that lifecycle growth
rates will dicer across generations.

Since, by construction, the time ecects T%(time, ed;) do not contain any trends,
macroeconomic wage growth will be refected in the evolution of the other two
(age and cohort) functions. Thus the rate of growth of entry level wages for

the gth quantile is given by 8iizrt lage- Given entry, wages at the gth quantile
grow at a rate ga—‘;qe lconort-  The latter is thus restricted to be the same across

cohorts. Both these growth rates contain a constant term which is independent
of both age and cohort and can be thought of as the ecect of a constant change
in productivity, which may dizer across skill groups. If it dicers across quantiles,
conditional on education, this indicates the existence of a trend within our sample
period towards increasing within group dispersion, i.e. productivity growth dizers
for individuals with dicerent unobserved productivity characteristics.

Finally, an important note of caution is in order. Whilst it is possible to
test that the restrictions we impose are not rejected by the data, it does not
mean that this is the only parsimonious speci..cation for which this is true. The
interpretation we attach is fundamentally an identifying assumption. This is
because cohort, age and time do not vary independently. \We are driven to such
an interpretation by our belief that the accumulation of human capital, aside from
observed measures of education will depend on pre-labour market experiences such
as the interaction of school quality, neighbourhood ezects and family background.
Dearden, Ferri and Meghir (1998) and Dearden, Machin and Reed (1997) both
show that such pre-labour market factors are important determinants of future
wages. Policy reforms to the schooling system, the changing distribution of work
across households and trends in family composition all mean that these processes



may dizer systematically across dicerent generations. Finally early labour market
conditions at time of labour market entry will also have permanent ecects if
initial sectoral or occupational allocation is important (see Baker, Gibbs and
Holmstrom, 1995, Beaudry and DiNardo, 1991 and Neal 1995), if entry factors
acect the cost of skill acquisition or, following the learning by doing model of
Aghion, Howitt and Violante (1999), if cyclical factors acect the distribution of
new technologies across jobs. Once one assumes that cohort ecects are important
our speci..cation is a natural way to proceed unless, of course, one can model
cohort exects using observables which requires detailed information on individual
characteristics, together with prior restrictions on what the determinants of cohort
eaects could be. In the end of the paper, we undertake a simple descriptive analysis
and show that the detrended cohort erects relate to pre and early labour market

conditions.

2.2. Estimation method

To characterise the distribution we estimate 13 quantiles (the 5th, the 25th, the
75th, the 95th percentiles and the 9 deciles). For the estimation of each one we use
a two step estimation procedure which is implemented on each education group
separately. The ..rst step regressions include general functions of cohort and age
and interactions thereof.

These quantiles are estimated using the Smoothed Least Absolute Deviations
estimator (SLAD) recently suggested by Horowitz (1998). This has better small
sample properties than the usual LAD estimator and since the criterion function
is dicerentiable, optimisation can take place using standard gradient type meth-
0ds.!® The predictions from the ..rst stage regression were then regressed against

101n fact there were two ..rst step regressions, the ..rst was a completely saturated model,
whose parameters were simply the order statistics of each cohort, year and education cell.
The second was a more restrictive one, relating wages to polynomials in age, cohort, a set



our chosen functional form above, using weighted least squares where the weights
are based on the covariance matrix of the predicted quantiles from the ..rst stage.'!

We provide graphical descriptions of the ..t of the model. We also construct
goodness of ..t statistics vis a vis a completely saturated model where all cohort
age interactions are included. These y? statistics give a measure of how well the
restricted distribution tracks observed changes. In essence, the goodness of ..t
analysis evaluates the contribution of cohort-age interactions in explaining the
changes in the dispersion of wages.

The estimated conditional quantiles were then used to construct the entire
conditional distribution of wages, allowing us to construct counterfactual distri-
butions of wages and consider the within and between group contributions to
changes in dispersion. The details of our estimation procedure are given in the
appendix.

3. The Data and the Basic Facts

We use two repeated cross-section datasets in our empirical work, the Family
Expenditure Surveys (FES) and the General Household Surveys (GHS). They
provide an excellent complementary analysis as FES contains good quality wage
data with only a basic measure of education (age at the end of full time educa-
tion) whilst the GHS only has a consistent series of weekly rather than hourly
earnings, but contains information on highest educational quali..cations. From
both datasets we take all men aged between 23 and 59 (inclusive) who worked at
least one hour in the past week.!? For the FES we construct individual hourly

of interations between functions of cohort and age and a set of year dummy variables. The
procedure used to obtain these estimates and their variances is described more fully in the
appendix.

1 This is similar to the minimum distance procedure in the context of quantile regressions
suggested by Chamberlain (1993).

12\We excluded all men who reported themselves to be self employed.
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wages by dividing usual weekly pre-tax earnings by usual weekly hours of work
(both measures including overtime). Due to changes in questionnaire design over
time, we are unable to construct a consistent series of hourly wages in the GHS
and so we model the usual weekly earnings of full time men.'* The education
measure available in the FES (since 1978) is age left full time education. The
GHS reports the individual’s highest formal educational quali..cation, as well as
age left full time education, allowing a comparison with the FES.

Our initial analysis is based on FES data from 1978 to 1995 and for this we
allocate workers into three education groups: those who left full time education
at or before age 16, those who left at 17 or 18 and those who left after 18 (i.e.
including college graduates). We then repeat our analysis on GHS data from
1978 to 1991 allocating workers into four education groups according to their
highest educational quali..cation: no formal quali..cations, “O” level, CSE or
equivalent quali..cation (usually obtained at age 16), “A” Level or equivalent
(usually obtained at age 18 and needed to get into most universities) and Degree
or Teaching quali..cation.** There are 55501 observations in the FES and 53356
observations in the GHS samples.

The advantage of the FES is that it provides a measure of the hourly wage
rate and it covers a longer time period. The GHS only provides a consistent series
of weekly earning from 1978 to 1991. However the information on the actual
quali..cation obtained can be very valuable in obtaining insights into why the
dispersion of wages has increased within the educational categories based on the
age that full time education ended (referred to from now as years of education).
In Table 3.1 uses GHS data to show how the two education measures are related.®

13The earnings measure in the GHS includes payment for bonuses and overtime but the hours
measure excludes overtime which varies across individuals and over the business cycle.

14The GHS series stops in 1991 because of a de..nition change in the way the earnings data
was collected after then.

1SNote that quali..cations may be obtained on a part time basis as well. Hence it is possible,

11



The rows add up to one. Each cell shows the proportion of each group de..ned
by age left full time education obtaining each level of formal quali..cation. It
is evident from Table 3.1 that the composition of our de..ned three education
groups has changed quite dramatically over time. The proportion of individuals
with no quali..cation has declined in the age 16 group, from 62% to 43%. At the
other end, the 19+ group contains proportionately fewer individuals with degrees.
Finally in table 3.2 we document the change in the levels of education achieved
by successive cohorts (in ..ve year bands). There has been an impressive move in
favour of higher levels of education across cohorts. This has to be borne in mind
when interpreting the results, since the ability distribution within the education
groups is likely to be changing.!®

Figures 3.1 and 3.2 use FES and GHS data respectively to plot movements
in education-related wage dizcerentials over time. They plot median log(wages)
for a given education group relative to a low education base category (workers
who left school at or before 16 for the FES and those with no educational quali-
..cations from GHS). In both cases, there is strong evidence of an upward trend
in the unconditional educational wage dicerentials, with growth in median wages
being positively correlated with the level of education. For example, in the GHS
the raw log(wage) dizcerential between workers with a degree and those with no
quali..cations rose from 0.320 in 1978 to 0.460 in 1991 (as depicted by a 0.140
rise in the cumulative dicerential in the Figure). However, it is noteworthy that
in 1995 and 1996 the FES records a drop in the education dicerential for those
who left full time education after 18. This is consistent with the increase in the
supply of highly educated workers that has occurred in the UK since the late

for example, that a person declaring that full time education ended at 16 is observed with a
degree.

16Note that the composition of the 16 education group has been changing because of changes
in the statutory levels of education. This has been raised from 14 to 15 and ..nally to 16. The
reforms did have a strong exect on the years of education achieved.

12



Age left

full-time Quiali..cations achieved
Year education No Quals O-Levels A-Levels Degree
1978-1980 16 0.620 0.229 0.077 0.074
17-18 0.159 0.196 0.254 0.390
19+ 0.051 0.048 0.093 0.809
1981-1983 16 0.600 0.220 0.089 0.091
17-18 0.151 0.228 0.227 0.394
19+ 0.083 0.049 0.096 0.772
1984-1986 16 0.594 0.197 0.084 0.126
17-18 0.101 0.308 0.270 0.321
19+ 0.069 0.054 0.124 0.752
1987-1989 16 0.509 0.250 0.110 0.131
17-18 0.079 0.340 0.282 0.299
19+ 0.054 0.057 0.137 0.752
1990-1991 16 0.431 0.324 0.120 0.125
17-18 0.060 0.357 0.348 0.235
19+ 0.064 0.089 0.152 0.695

Table 3.1: The relationship between age left full time education and observed
quali..cations in the GHS

Education
Year of Birth 16 17-18 19+
1926-30 86.48 6.74 6.78
1931-35 83.82 8.55 7.63
1936-40 80.83 9.27 9.90
1941-45 76.09 11.25 12.66
1946-50 70.74 13.18 16.08
1951-55 63.77 16.03 20.21
1956-60 64.30 17.63 18.07
1961-65 62.47 16.87 20.66
1966-70 57.07 20.11 22.81
1971-72 53.02 16.11 30.87

Table 3.2: Proportion of cohort in each education category (FES)

13



1980s. However, this graph alone shows no evidence that this fall is not cyclical.

Figure 3.3 reports age based median log(wage) dicerentials by age (35 or over
versus less than 35) for both datasets. In the FES the dizerential rose from
0.03 in 1978 to 0.17 by 1995 and from the GHS the dizerential shows a very
similar pattern, going from 0.03 in 1978 to 0.14 by 1991. If anything, the FES
series displays a more cyclical pattern but this graph clearly demonstrates that
the wages of older workers have risen rapidly relative to those of their younger
counterparts. This increasing gap is open to a number of interpretations. In
particular, it could mean that the returns to experience have increased, that there
are signi..cant cohort eaects on wages and/or that “macro” factors are adversely
arecting younger workers. In the next section we report estimates suggesting
that these changing age dizerentials can be represented by cohort ecects on wages
which are predicted to persist over the life-cycle.

As noted earlier an important part of the rise in wage inequality has occurred
within-groups. Figures 3.4 and 3.5 show the importance of this, documenting
signi..cant rises in wage inequality within education groups in both the FES and
the GHS. The graphs report 90-10 log(wage) dicerentials within education groups
and, in all cases, there are rises in the 90-10 dizerential. This is true for the
comparisons based on the rather coarse education de..nitions in the FES data
and for the quali..cations based measures from the GHS data. These within-
group trends in wage dispersion, and their dicerent evolution across education
de..nitions, stress the need to consider results based on both data sources and we
examine this in some detail below.

4. Results

We now report results based on the estimation of equation 2.2 for a number of
quantiles. The equations are estimated from FES and GHS data using the years

14
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of education variable and the GHS data using the quali..cations variable. In what
follows we discuss the conclusions that can be drawn by our simple representation
of the changes in the distribution of wages.

First, however, we provide evidence that our simpli..ed model ..ts the aggre-
gate moves in wage dispersion. We thus compare three speci..cations. One is
a saturated model where all possible cohort age interactions are included as ex-
planatory variables in the quantiles. The second model includes up to ..fth order
polynomials in age, cohort and (age x cohort) as well as unrestricted additive
time ecects. The third speci..cation is our simple restricted model with just a
cubic in age and cohort and orthogonal time ecects (by construction these last
include no trends). All speci..cations were estimated separately for each quantile
of each education group?”’.

4.1. The ..t of the model

4.1.1. Estimating the distribution of wages using quantiles

Conditional and unconditional quantiles are related in the following way

qg="Pr(w<w?) = /R(Z) Pr(w <w?|z) dF(z) 4.1)

where F(z) is the distribution of the observed vector of characteristics z (i.e..
cohort, education and age), R(z) is the range of z and w? is the point corre-
sponding to the gth quantile of the unconditional distribution. Using the rela-
tionship expressed in equation 4.1 we can easily construct predicted unconditional
distributions from the predicted conditional quantiles. Similarly, by changing the
conditional quantiles Pr(w < w?| z) or their weights dF(z), we can construct
counterfactual distributions of wages which will allow us to assess the impact of

"\We have checked that all restricted conditional quantiles satisfy monotoncity conditions
which is a necessary condition for them to be part of a well behaved distribution

20



speci..c variables on the observed changes. We use this idea later in the paper
and the full procedure used is discussed in the appendix:®.

4.1.2. Comparing alternative speci...cations

Figures 4.1 and 4.2 show how well the two restricted speci..cations (ours and
the one including some cohort age interactions - see appendix) do vis a vis the
predictions from the saturated model. The solid line, is computed using the
saturated model, whose predictions are simply the relevant order statistics of
each year, age and education cell. The dashed line with circles uses the estimates
from the third order polynomial model including the cohort age interactions. The
solid line with squares, is computed using the estimates from our restricted model.
The interdecile range we compute is a function of all estimated quantiles and is
not ..tted directly from the data. Looking at Figure 4.1 ..rst, it is clear that there
is no substantial dicerence in ..t between any of the three models. At each year
all three lines are within 0.02 points of each other. This comparison suggests that
omitted interactions between age and cohort play practically no role in explaining
the overall changes in wage dispersion.

Figure 4.2 considers the ..t of the models within each education group. The
..rst panel, which looks at those leaving school at or before 16 shows the increase
in dispersion explained by the three models to be almost identical. In the next
two panels which look at those workers with more education there is some gap
between the saturated model and the two restricted speci..cations. Again, the
dicerences are small except in 1989 and 1990. Moreover, the dicerence between
1978 and 1995 in wage dispersion within each of the groups is entirely picked up
by the restricted model. The dicerences between the saturated model and the
two restricted speci..cations has probably more to do with the small cell sizes

18This methodology has similarities to that used by DiNardo, Fortin and Lemieux, (1996).
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in the two highest education groups than with the accuracy of the model. This
view is corroborated by the fact that there is little dicerence in the ..t of the
intermediate model (which includes a number of cohort-age interactions) and that
of our speci..cation which excludes all cohort-age interactions (see the appendix
for the precise speci..cations).

Thus the larger dicerences are between the saturated model and either of the
two restricted models. We examine this issue further in Table 4.1, which presents
x? tests that the saturated model (represented by the solid line in Figures 4.1

22
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Education group
Percentile Left school
before 16 at 17 or 18  After 18
(643 dof) (633 dof) (623 dof)

10th 768.81 1223.70 1414.11
0.000 0.000 0.000
25th 596.43 573.15 685.05
0.905 0.957 0.043
50th 530.85 353.43 543.97
0.999 0.999 0.999
75th 678.23 432.81 817.289
0.163 0.999 0.000
90th 980.37 1014.96 1842.58
0.000 0.000 0.000

Probability values under the null given in italics

Table 4.1: Chi squared Goodness of Fit Tests (FES data)

and 4.2) can be restricted to our most restrictive speci..cation. While the tests
reject at the tails of the distribution, at the centre of the distribution there is no
evidence of misspeci..cation.!®

At ..rst glance, these results seem to be in confict with some of the US litera-
ture which places a lot of emphasis on the growing dicerence between the pay of
older versus younger workers over time as a major cause of rising wage inequality
with a notable exception the paper of MaCurdy and Mroz (1991) (see, for ex-
ample, Bushinsky, 1994, Katz and Murphy, 1992, or Juhn, Murphy and Pierce,
1993). However, the basic underlying facts are the same in our data; age diceren-
tials have grown over time (see Figure 3.3 above). Our modelling approach and
the resulting good ..t of the model shows that these changes can be represented

191n fact the test statistics may seem perhaps too small. This may be due to the small cell
sizes for some cohorts at the higher education groups. However, the statistics are small even for
the lower education group where there are plenty of observations per cell.
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by cohort ezects. Of course the functional forms we use can always be re-written
as functions of time and age. Hence the interpretation that one attaches to the
simple representation of these changes is to an extent arbitrary and dizers in no
way from the usual practice of imposing identifying assumptions to interpret the
data. A good way of expressing our ..ndings is that, given the presence of cohort
ecects, we ..nd no evidence of changes in the life-cycle pro..les.

Broadly speaking, our results imply that the changes can be simply described
by changes in the rate of growth and dispersion of entry level wages across succes-
sive generations of workers, which then persist over the lifecycle. The rest of the
story is explained by the changes in the education dicerentials. We now examine
these changes in greater detail.

4.2. Cohort Exects and Changing Returns to Education

The coecient estimates and associated standard errors on the cohort variables
for both data sets are reported in Tables 4.2 and 4.3 and these ecects are shown
graphically in Figures 4.3 to 4.5.2° Note that for the purposes of improving pre-
cision we have imposed restrictions across the quantiles of the two middle quali...-
cations (O-levels and A-levels) in the GHS. The corresponding estimates appear
in this table under the title “Intermediate Quali...cations”.

The growth in median wages across dicerent generations of workers is shown in
Figure 4.3. The lines in these graphs show the degree to which life cycle earnings
pro..les of successive generations are shifting upwards. The ..rst panel uses FES
data on hourly earnings using age left full time schooling as the education variable.
The education group to have received the largest wage gains in total is shown to
be the middle one (those leaving school between 17 and 18) with the top and the

20parameter estimates using GHS data based on the years of education measure (as in the
FES) are not reported but are available from the authors on request.
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bottom groups receiving the same increase over the entire period. However, the
shape of the growth rates of these two groups is very dicerent with most of the
growth in the lower education group occurring across cohorts born up to about
1956 and an acceleration of growth rates of the highly educated cohorts born after
1940. The second panel uses GHS data on weekly earnings, de..ning education by
quali..cations?'. This shows that the degree group have experienced the highest
growth in wages and those with no formal quali..cation the lowest. Amongst those
with an intermediate quali..cation it appears to be the case that those with “O”
levels have done relatively better, compared to earlier generations than those with
“A” levels.

Finally this ..gure shows how our model interprets the observed increases in
age dicerentials. The cohort pro..les for all education groups are concave at least
for cohorts born after 1952. Hence the relative gap between the wages of older
cohorts and younger ones is increasing. This exect is most dramatic for the lower
education groups

Figure 4.4 translates these relative growth rates into education dicerentials for
40 years olds across successive generations. 22 The FES data shows dicerentials
between the post 18 and the 16 and below group to be falling across cohorts
born before 1940, rising across cohorts born between 1940 and 1968, and then
tattening ox. Direrentials between the middle and the lower education group are
rising continuously across all cohorts in our data. The GHS data shows a steady
increase in dicerentials between those with some quali..cation and those without.
In comparing the GHS results to the FES ones recall that the lowest education
group in the FES includes most of those who have an O-Level quali..cation. Once

2L A comparison of the FES data with GHS data using years of schooling rather than edu-
cational attainment yields similar results to those just described. Results available from the
authors on request.

22The changes in dicerentials will retect both changing returns over time as well as the ecect
of changes in the quality of education.
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this is taken into account the implications from the two data sets are not that
dicerent. Below we present evidence showing that the increased heterogeneity in
terms of quali..cations of the FES educational groups goes some way to explaining
the observed changes in within group dispersion. The GHS also shows slight
evidence of a “fattening oa” of the dicerential for the highest quali..cation group.
However, because the data does not include cohorts born after 1968, a complete
comparison with the FES cannot be made.

Figure 4.5 shows how dizerentials within education groups have changed across
cohorts, again using both FES and GHS data. The hypothesis that the slopes
of cohort pro..les are the same across quantiles is strongly rejected and from the
..gure the dicerences are quantitatively very important; i.e. there are signi..cant
increases in within group wage inequality across cohorts: Wage dispersion within
each education group has increased over successive generations, with a possible
exception being the degree group; we return to this issue later.

4.3. The Ewrects of Education on Wage Dispersion

The results above suggest that education has had interesting and complex ecects
on changes in the distribution of wages. To fully understand these we construct a
number of counterfactual experiments which illustrate the magnitude of the exects
of education on between-group and within-group dispersion. Such decompositions
are best achieved using the variance of wages. This is because the within group
and between group interquantile ranges (say) do not necessarily add up to the
interquartile range of the unconditional distribution.

Our estimated quantiles allow the computation of any moment of the distri-
bution in the following way: The set of predicted quantiles was used to estimate
the entire conditional distribution of wages for each year, age and education cell
as described earlier. These conditional distributions were then used to predict the
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Percentile

10th  25th  50th 75th 90th

Left School at or before 16
Constant 1.063 1.109 1.165 1.212 1.338
0.027 0.021 0.021 0.023 0.032
Cohort 0.045 0.077 0.143 0.184 0.203
0.010 0.008 0.010 0.009 0.017
Cohort? 0.013 0.015 0.006 0.013 0.013
0.007 0.006 0.007 0.006 0.012
Cohort? -0.004 -0.005 -0.004 -0.006 -0.006
0.002 0.001 0.001 0.001 0.002

Left School at 17 or 18
Constant 1.216 1.166 1.098 1.233 1.369
0.077 0.054 0.046 0.051 0.065
Cohort 0.136 0.158 0.197 0.233 0.272
0.050 0.042 0.033 0.035 0.037
Cohort? -0.052 -0.036 -0.024 -0.041 -0.067
0.030 0.025 0.020 0.020 0.023
Cohort> 0.004 0.003 0.001 0.005 0.010
0.005 0.005 0.004 0.003 0.005

Left School after 18

Constant 0.926 0.952 1.087 1.214 1.093
0.077 0.052 0.049 0.048 0.057

Cohort -0.028 -0.070 0.063 0.111 0.153
0.048 0.036 0.031 0.031 0.033

Cohort? 0.060 0.110 0.056 -0.025 0.046
0.027 0.018 0.016 0.017 0.020

Cohort>  -0.011 -0.018 -0.011 -0.004 -0.007
0.005 0.003 0.003 0.003 0.003

Notes

1. Dependent variable: Log hourly wage. Sample Size: 16: 39218, 17/18: 7847,
19+ 8436

2. Cohort Coeccients scaled so that cohort = (year of birth-1930)/10

3. Standard errors in italics

Table 4.2: Quantile Estimates of the Cohort Ecects (FES data)
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Percentile
10th  25th  50th  75th  90th
No Quali..cations

Constant 4715 4841 4.887 4725 4.844
0.037 0.030 0.024 0.029 0.035
Cohort 0.113 0.123 0.173 0.237 0.280
0.010 0.008 0.008 0.009 0.013
Cohort? -0.029 -0.042 -0.014 -0.030 -0.038
0.010 0.007 0.006 0.007 0.012
Cohort? 0.002 0.006 -0.002 0.006 0.005

0.002 0.002 0.002 0.001 0.003
Intermediate Quali...cations

Constant 4509 4509 4.528 4.556 4.447
0.083 0.031 0.029 0.033 0.052
Cohort 0.183 0.245 0.291 0.330 0.480
0.017 0.016 0.015 0.020 0.045
Cohort? -0.008 -0.016 -0.006 0.024 -0.038
0.012 0.010 0.010 0.013 0.028
Cohort? -0.003 -0.002 -0.004 -0.012 0.000

0.002 0.002 0.002 0.002 0.005
High Qual 0.136 0.114 0.139 0.166 0.177
0.013 0.012 0.013 0.023 0.03
High Qual X -0.032 -0.017 -0.029 -0.037 -0.043

Cohort 0.007 0.006 0.006 0.010 0.015

Degree

Constant 3.944 4.208 4.418 4504 4.549
0.043 0.032 0.028 0.035 0.057

Cohort 0.197 0.264 0.247 0.250 0.317
0.027 0.022 0.019 0.022 0.030

Cohort? 0.053 -0.005 0.005 0.010 -0.034
0.017 0.014 0.011 0.014 0.018

Cohort? -0.008 0.000 -0.001 -0.001 0.008

0.003 0.002 0.002 0.002 0.003

Notes

1. Dependent variable: Log weekly earnings. Sample Size: No quali..cations:
24393, Intermediate: 16746, Degree: 13017

2. Cohort Coeccients scaled so that cohort = (year of birth-1930)/10. High Qual:
O-levels and A-levels. 31

3. Standard errors in italics

Table 4.3: Quantile Estimates of the Cohort Ecects (GHS data)
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full set of group means and within group variances of wages. The overall within
and between group components to changes in wage inequality, are then easily es-
timated by switching o= within group inequality (see the appendix). Our model
predicts very accurately the changes in the sample standard deviation of wages.

Figure 4.6 shows the relative changes in between and within group standard
deviation of wages from 1978 using the FES sample. The last panel which looks at
the whole FES sample suggests that over 2/3 of the overall increase in the standard
deviation of wages can be explained by the changing returns to education, changes
in the educational composition of the workers and cohort ecects. In addition it
shows that most of the increase in within group dispersion occurred between 1984
and 1988.

Now note that age exects can also be important in explaining changes in wage
dispersion if the age composition of a group is changing over time, even when
the growth rate of wages with age is the same across cohorts. As we show below
dispersion increases a lot over the lifecycle of a given cohort. In fact, amongst
those leaving school at or before age 16, cohort and age erects explain about half
of the overall increase in dispersion. This is driven both by the fact that this group
is getting older on average and that the growth rate of wages of new entrants into
the labour market is falling over time. For those workers with more education,
cohort and age ewects are, if anything, mitigating the increase in wage dispersion;
this is because the average age of this group is declining rapidly.  Thus for the
high education group dispersion is rising sharply but this is all within group. This
may also retect the increasing heterogeneity in the ability distribution for that
group as the number of individuals in that group has increased over time and is
shown in table 3.1

Figure 4.7 decomposes the overall increase in wage inequality into that driven
by education and that driven by cohort and age ecects (due to changes in age
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composition). The top line represents the increase in the standard deviation
predicted if there was no change in within group wage inequality. The solid line
represents the predicted increase, holding the age composition of the workforce
constant and setting cohort exects to zero. This quanti..es the part of the between
group change due to the changing returns to education. Similarly the dashed line
predicts the increase in wage inequality setting the composition and returns to
education at the 1978 level. The ..gure shows that up to 1983 most of the increase
in between group inequality is attributable to education, between 1983 and 1988
cohort erects play an increasingly important role in explaining wage inequality.
Between 1988 and 1995, both cohort and education exects have played an equal
role in the increase in wage inequality, although the pace of this increase is much
slower than in earlier years. Finally, note the slight fall in the between education
group dispersion from 1994 to 1995 shown by the solid line in ..gure 4.7. This is
consistent with the observed fall in the unconditional returns to a degree shown
in ..gure 3.1.

4.3.1. The Role of Educational Quali..cations

There are a few sources of increasing heterogeneity within each education group.
One is the set of quali..cations received within each of the groups based on the
years of education measure; another is the possible changes in the distribution of
other skills across cohorts and the last is changes in the composition of ability
in each group solely driven by the fact that the process determining educational
choice may have changed. We now look at our results using GHS data, which has
information on educational quali..cations, to assess whether part of the increase in
within group inequality is a result of the ..rst source, i.e. increasing heterogeneity
in terms of quali..cation of education groups de..ned by years of schooling.
There are two hypotheses that we wish to examine. First we should expect
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cohort exects to be less important when we use GHS data as the changing govern-
ment policy towards education will be retected in part by a shift in the distribution
of quali..cations received by children leaving school at a particular age. Second we
should expect the overall increase in within group dispersion to be less important
once one controls for educational quali..cations rather than just years of schooling.

Figure 4.8 thus reports the same decompositions as ..gure 4.7 but using GHS
data. This shows the role of education (measured as the age that full time edu-
cation ended) in shaping changes in “between group” inequality to be much the
same in the GHS as in the FES sample.

Given this similarity, in Figure 4.9 we compare the growth in dispersion within
age and education groups across generations for workers using the two dicerent
education measures on GHS data. This allows us to assess directly whether part of
the increase in within group wage dispersion shown in ..gure 4.5 can be explained
by the increasing heterogeneity of quali..cations received by each group. The ..rst
panel of the ..gure shows within group wage inequality to be growing at more
or less the same rate across education groups when these are de..ned by years
of schooling. The second panel shows that the overall increase in within group
inequality is smaller when de..ned by educational quali..cation. More interestingly,
using years of education rather than quali..cations obscures the fact that there has
been no increase in within group inequality amongst the group of workers with
a degree. The confusion occurs because the post 18 group includes individuals
with high school quali..cations such as A-Levels as well as degrees. Conditional on
median cohort ewcects, within group inequality has increased among high school
graduates, but not much it seems among University graduates. On the low end of
the educational ladder, it seems that part of the increase in within group inequality
is due to the fact that the proportion of individuals with just statutory years of
education who leave with some quali..cations (O-Level) has increased (from a very
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low base). This translates into a higher increase in within group inequality when

using the years of education measure.?

4.4. The Distribution of Real Wages Over the Life-cycle

In Tables 4.4 and 4.5 we present the coeCcients on age for each quantile by
education group for the FES and the GHS respectively. The age functions are
quantitatively very dicerent across quantiles and the dicerences are highly signif-
icant.

The estimates imply that dispersion of wages increases over the life-cycle,
particularly for the lower education group. A number of models of wage de-
termination imply this evolution of wage dispersion over the life-cycle. This is
consistent with a simple human capital model where individuals learn on the job
at a stochastic rate with a possibly heterogeneous mean. It is also consistent with
a model where information about individuals is revealed on the job.?* Suppose for
instance that initial pay, at labour market entry is quite homogeneous for individ-
uals with similar observable characteristics, as employers have limited information
on individual productivity. As individuals’ ability gets revealed, the variance of
productivity is transmitted into the dispersion of wages.

The implied life-cycle growth of wages are presented in ..gure 4.10 (FES) and
4.11 (GHS). The results are quite consistent across the two data sets: Median
wages grow for all education groups, but they grow substantially faster for the
higher education individuals: The returns to experience seem to increase with
education. This pattern is even stronger when we look at the top deciles. At
the bottom of that distribution wages grow at a very low rate over the lifecycle.
For the two lowest education groups in the FES the growth is about 25% over

23See Ginther (1994) for some US work that ..nds larger increases in wage inequality within
lower skill groups.
24See Jovanovic (1979), Farber and Gibbons (1997) and Baker, Gibbs and Holmstrom (1994).
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38 years. For the top education group, even the lower decile of the distribution
grows substantially.

Figure 4.12 shows the implication of the estimates for dispersion over the
lifecycle within each education group. Quite clearly dispersion increases in all
education groups but most in the higher ones, with a notable exception the degree
group in the GHS where the increase in dispersion is moderate, particularly early
on in the life-cycle.

The results are consistent with the basic human capital model: Workers with
some post 18 education have much less experience at age 22 (when we start
observing). At that point, depending on the cohort they have no advantage or
even a negative dicerential over those who left school earlier (not shown). This is
particularly true for earlier cohorts. The returns to age (a proxy for experience)
are then much higher for those in the highest education group and keep rising
for the entire working life. This is also consistent with the idea that workers who
invested more in pre-labour market education continue investing when working.
On the other hand it seems that the wage returns to experience for low education
workers are much lower although they seem to be positive throughout.

4.5. The Cyclical Time Erects

The cyclical time excects play only a minor role in explaining within sample dif-
ferences in wage dispersion. These are de..ned to be common detrended ewects
across cohorts on each quantile of the wage distribution. They can dicer across
education groups. The maximum implied impact we observed from such ecects
on the unconditional wage distribution is 4 percentage points on the interdecile
range. Their relative impact is larger towards the end of the 80s and the early
90s.
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Percentile
10th 25th  50th  75th  90th
Left School at or before 16
Constant 1.063 1.109 1.165 1.212 1.338
0.027 0.021 0.021 0.023 0.032

Age 0.230 0.302 0.357 0.418 0.364
0.040 0.031 0.031 0.032 0.047
Age? -0.045 -0.053 -0.060 -0.045 0.029
0.022 0.017 0.017 0.017 0.016
Age? 0.001 0.001 0.003 -0.001 -0.014

0.003 0.002 0.003 0.002 0.005
Left School at 17 or 18
Constant 1.216 1.166 1.098 1.233 1.369
0.077 0.054 0.046 0.051 0.065

Age 0.245 0.405 0.648 0.723 0.753
0.118 0.080 0.064 0.068 0.090
Age? -0.020 -0.026 -0.114 -0.134 -0.120
0.067 0.046 0.040 0.042 0.052
Age? -0.008 -0.010 0.006 0.009 0.007

0.010 0.008 0.007 0.007 0.008
Left School after 18
Constant 0.926 0.952 1.087 1.214 1.093
0.077 0.052 0.049 0.048 0.057

Age 0.824 0931 0.957 1.009 1.183
0.102 0.073 0.064 0.068 0.075
Age? -0.205 -0.204 -0.228 -0.229 -0.241
0.062 0.044 0.039 0.039 0.048
Age? 0.009 0.010 0.019 0.018 0.018

0.010 0.008 0.007 0.007 0.008

Notes
1. Age Coeccients scaled so that age = (age in years-20)/10
2. See notes in Table 4.2

Table 4.4. Quantile Estimates of the Age Exects (FES)
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Percentile
10th  25th  50th  75th  90th
No Quali..cations
Constant 4.715 4.841 4.887 4.725 4.844
0.037 0.030 0.024 0.029 0.035

Age 0.306 0.395 0.317 0.581 0.657
0.048 0.044 0.035 0.039 0.048
Age? -0.104 -0.142 -0.061 -0.130 -0.177
0.025 0.022 0.018 0.021 0.027
Age? 0.013 0.018 0.005 0.013 0.022

0.003 0.003 0.003 0.003 0.005
Intermediate Quali..cations
Constant 4.509 4.509 4.528 4.556 4.447
0.033 0.031 0.029 0.033 0.052

Age 0.454 0511 0.525 0.500 0.699
0.048 0.043 0.042 0.047 0.067
Age? -0.117 -0.113 -0.080 -0.019 -0.086
0.028 0.024 0.025 0.029 0.043
Age? 0.013 0.012 0.006 -0.006 0.006

0.005 0.003 0.004 0.005 0.008

Degrees
Constant 3.944 4208 4.418 4.504 4.549
0.043 0.032 0.028 0.035 0.057

Age 1.048 1.026 0946 1.033 1.258
0.065 0.045 0.040 0.047 0.080
Age? -0.235 -0.267 -0.207 -0.219 -0.331
0.040 0.027 0.023 0.028 0.047
Age® 0.017 0.029 0.020 0.021 0.042

0.007 0.005 0.004 0.005 0.008

Notes
1. Age Coeccients scaled so that age = (age in years-20)/10
2. See notes in Table 4.3

Table 4.5: Quantile Estimates of the Age Exects (GHS)
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5. Some results with an alternative identi...cation restriction

Our analysis has been based on imposing that life-cycle pro..les are the same
across cohorts and on normalising the time exects to be orthogonal to cohort and
age ewcects. This attributes aggregate common trends to cohort and age exects. It
IS interesting to see if our basic conclusions are robust to an alternative identifying
assumption which allows all time ecects to be separated out from cohort and age
ecects. Thus based on the idea that life-cycle growth of wages may be due to active
investments by individuals, and that such investments are likely to stop closer to
retirement, we pursue the following strategy: We assume that all human capital
acquisition stops at the age of 50; all observed wage growth is then attributed
to general productivity growth and cohort ecects beyond that point. We assume
this is true for all education groups and all quantiles, which implies that life-
cycle growth in dispersion also stops. Subject to this assumption the time and
cohort exects can be identi..ed from the wage growth of those older than 50. The
advantage of these strong assumptions is that we can separate out dicerences in
the life-cycle growth of wages across cohorts from time egects.

Table 5.1 presents test statistics for the exclusion of cohort age interactions.
These are only signi..cant for the lowest education group. Figure 5.1 presents
the median life-cycle pro..les for the three education groups and for four cohorts
spaced 10 years apart each. While there is evidence of steepening life cycle wage
pro..les for the lowest education group, consistent with the signi..cance of the test
statistics quoted in table 5.1, the pro..les are basically parallel for the two higher
education groups.”® We have already noted that the educational composition
of the lowest educational group changes quite a lot over time towards obtaining

more quali..cations; this may explain this apparent steepening of the pro..les for

25Note that the median and mean (not reported) are very similar in all cases.
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Table 5.1: Tests of shifting age pro..les across cohorts under an alternative inden-
ti..cation restriction

Left School at:
At or Before 16 At 17 or 18 Past 18

10th 16.078 4.257 1.789
0.013 0.642 0.938
25th 28.673 15.931 10.951
0.000 0.014 0.090
50th 28.154 13.427 14.130
0.000 0.037 0.028
75th  28.125 9.160 17.399
0.000 0.165 0.008
90th 24.703 3.538 16.094
0.000 0.739 0.014

Tests distributed x?(6) asymptotically.
P-values in italics. FES data.

younger cohorts in the lowest educational group, while no such evidence appears
for the other groups.

Interestingly, Figure 5.2 shows that the predicted rise in the standard devi-
ation of wages from the new version of the model is basically the same as that
obtained from a restricted model which excludes cohort age interactions while
holding constant the estimated time ecects?®. So what one model interpretes as
changes in between group inequality the other attributes to within group changes,
leaving the overall predicted increase unchanged.

It is more informative to consider Figure 5.3 where we decompose the overall
growth in inequality into within and between group ecects and then decompose
these between group ecects. As with our earlier results about half the overall
growth in inequality is attributable to an increase in between group inequality.

%6see the appendix for details
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Figure 5.1: Predicted wage growth over the life cycle for 4 cohorts, abstracting
from time ecects
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Figure 5.3: Decompositions of the rise in inequality 1978 to 1995.

About half of the latter is attributable to an increase in the returns to education.
Switching oo the changes in the life-cycle pro..les reduces the predicted growth
in between group inequality by about 13% in 1995 but the ecect is bigger in the
mid 1980s.

We next consider within and between group growth in inequality for each
education group. The between group is due to dicerences across cohorts as the
cohort composition changes and to dizerences induced by the overall change in the
age composition of the sample. For the lowest two education groups between 30%
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and 40% of the total increase in inequality is due to the growth in between group
inequality. For the highest education group on the other hand all the increase
in inequality is attributed to within groups. The conclusions remain basically
unacected when we ignore cohort-age interactions.

These ..ndings, under both sets of identifying assumptions, are consistent with
the idea that the increase in inequality between groups is interpretable as increases
in the price of human capital i.e. 7¢¢ in equation 2.4, in changes in the quantity
of human capital retected in changes in the education and age composition of
the sample and by the cohort erects. Shifts in the life cycle pro..le of wages
across cohorts, controlling for time eaects would occur if the type of human capital
changes over the life-cycle (or across cohorts), meaning that the log wages of more
experienced workers at any point in time would be dicerently acected by changes
in the relative prices of skills. As this does not appear to have occurred at least
for the two higher education groups, age (potential experience) can be interpreted
as simply increasing the quantity of human capital within each education group.
Clearly this conclusion relies on the way we identify cohort ecects. However, we
have used two dizcerent identifying assumptions, that both allow us to test the
absence of cohort/age interactions, and obtained similar results.

6. Concluding Remarks

Wage dispersion in the UK has increased rapidly from the late 1970s, with the
magnitude of the increase being large in international terms (along with the United
States). In this paper we model changes in the UK distribution of wages, treating
speci..c percentiles of the wage distribution as a function of education, cohort,
age and cyclical time ecects. Most of our analysis is based upon the UK Fam-
ily Expenditure Survey (FES), which permits us to analyse hourly wage rates
on a consistent basis from 1978 onwards. We also report results based upon a
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data source containing more precise data on educational attainment, the Gen-
eral Household Survey. For both data sources, and for the various modelling
approaches we adopt, the restricted and simple model we use to characterise the
wage distribution is able to track very closely the changes in the distribution of
wages despite its highly parsimonious structure.

About a third of the increase in wage dispersion from the late seventies to
mid-nineties is due to increases in educational dicerentials. Another third is due
to a continuous decline in the growth rate of median wages of successive cohorts
entering the labour market, an ecect which persists over their time in the labour
market. The remaining third is within group: successive cohorts enter the labour
market with increased dispersion of wages. This happens across all education
groups. Using GHS data on earnings we show that some of this increase in within
group heterogeneity may have to do with the increased heterogeneity in terms of
quali..cations of education groups when classi..ed by years of education (as in the
FES).

Attributing a portion of the rise in wage inequality to cohort exects results from
an important assumption that allows us to separate out such ecects from time and
age evects. This assumption implies that life-cycle wage pro..les do not change
over time. However, following an alternative identi..cation strategy, assuming that
observed wage growth after 50 is entirely due to aggregate productivity growth,
reaches similar conclusions at least for all but the lowest education group. We
interpret the dicerent behaviour of the lowest education group to changes in its
composition towards obtaining more quali..cations in later cohorts.

According to our interpretation the very rapid widening of the UK wage dis-
tribution that has occurred in recent history is therefore due to dicerences across
generations in the process of human capital acquisition before (or just after) labour
market entry, coupled with increases in the wage returns to education and other
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productivity enhancing skills (e.g. worker ability or new technologies that are bi-
ased in favour of more skilled workers). It will be interesting to see the extent to
which such widening continues into the future, despite the rapid expansion of the
education system and enrolment in higher education that has been experienced
in the UK.

Appendices

A. The estimation procedure

To estimate the conditional quantiles of the wage distribution we use a least abso-
lute deviations estimator (LAD), the asymptotic properties of which are described
in Koenker and Basset (1988). For each model we estimate each quantile of the
distribution separately to avoid the ecect of possible measurement error at the
extremes of the distribution on our results. The procedure we used to estimate
each of the various models is now described:

A.l. Model 1. Unrestricted model with complete cohort time interac-
tions

The ..rst model is a saturated one, including all possible interactions between
year of birth, age in years and education group. The coe@cients of this are simply
the order statistics of each age, year and education cell. Following Koenker and

Basset (1988), the variances of these saturated estimates are de..ned for each cell

as follows:

Va?“(Bq) = —Q(]l\/v;;])

where ¢ is the quantile to be estimated, NV is the number of observations in the cell
and f, is the density of wages in each cell at the ¢'* quantile. These densities were
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estimated non parametrically using a Gaussian kernel with a ..xed bandwidth of
half the standard deviation of wages in each cell i.e.

A

1 X wi -5,
fo=5m ; (———)
where ¢(.) is the density function of the standard normal.

A.2. Model 2. Restricted Model with some cohort age interactions

In the second model the quantiles are speci..ed as

c? + afage; + adage? + alaged + adage} + alaged+
plcohort; + picohort? + plcohort? + picohort} + plcohort?+
y! = B(cohort? x age;) + B4(cohort? x age?) + Bi(cohort? x age?)+ (A1)
Bi(cohort? x age;) + B3 (cohort? x age?) + BE(cohort? x aged)+
(time dummies)?

To estimate model A.1 we use the smoothed LAD estimator suggested by Horowitz

(1998): De..ne the indicator function /(a) which is one when « is true and zero
otherwise. The LAD objective function

N
L7 =3 (q+ Iy — /5" > 0) — 1) (s — /") (A2)

=1
is replaced with one that is dicerentiable, i.e.

N

SL' =% (q+ K(z) = 1) (yi — 287) (A3)
where:
0
KR =[Iz>1)]+ I(-10z01)x (O.5+1;—45 <z— 223+gz5 — 227”
and
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The integrated kernel function in equation (A.3) has the properties that

h—0

limk:<y_Txlﬁq> =1I(y —zB?>0)

Thus if the bandwidth (k) is allowed to decrease with sample size N then 3 in
equation A.3 is asymtopically normally distributed as N (37, V) where 37 is the
true coeCcient vector and V¢ the variance-covariance matrix. As Horowitz shows,
a consistent estimate of V' is given by

VSLAD (37) — (X'PX) N X'WX)(X'PX) ™!

where P isa N x N block diagonal matrix with elements:

.. _15K(2i)_1 105 2 4 6
Pli,i] = T <I(—1 1z01) I (1—52 + 72" — 3z >>
and W is a block diagonal matrix with elements:

oLs 1\’ 0K ()
il = () = K =1+ 2 )
when h — 0 as N — oo the covariance matrix is asymptotically equivalent to
that of the usual LAD estimator i.e.

VEAP(B7) = (1 — q)(X'AX) T B(X'X)(X'AX)™!

where A is a diagonal matrix with the density of the residual at zero conditional
on z; (see Bushinksy (1996)). Similar ideas are used to compute the covariance
matrix across quantiles which is employed when testing cross quantile restrictions.

Our choice of bandwidth was one third of the sample standard deviation for
the higher education groups and a tenth of the standard deviation for those with
basic education, where the sample size is much larger.
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A.3. Model 3. Restricted model with no cohort age interactions and
orthogonal time exects.

The quantiles from the restricted model are modelled as:

¢ + adage; + adage? + adaged+
y! = plcohort; + phcohort? + picohorts+ (A.4)
(orthogonal time dummies)?

To ..t model A.4 we apply minimum distance to the estimated parameters from
models 1 and 2?’. To construct the orthogonal time ecects we use a stepwise
procedure.

We start by obtaining preliminary consistent estimates of «? and p? in A4
by regressing the cell quantiles on age, age squared, age cubed, cohort, cohort
squared and cohort cubed. Next we take the predictions from these model away
from the original cell quantiles to obtain a ..rst stage estimate of

el = y? — E(y?|age and cohort)

where E denotes an expectation. We then regress these residual on the set of
17 year dummy variables. The predictions E(s‘ﬂtime exects) are the ..rst round
estimate of the orthogonal time ecects. This will allow one to obtain an estimate

of
ed = y? — E(f|time)

We then take these new residual and regress them using GLS against the age and
cohort functions as above now weighted by the estimated variances of the cell
quantiles adjusted for the estimated variance of the time ecects. This will give a
our consistent ..nal estimate of the a%s and p?s and

ed = y? — E(y?|age and cohort)

27see Ferguson, 1958 or Rothenberg, 1971 in general and Chamberlain(1993) in the context
of quantiles
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Regressing these against the set of year dummy variables, weighted by the esti-
mated variances of the cell quantiles and the variances of the estimates in step 3
will give our ..nal estimates of the time ecects. By construction, these will sum
to zero and be orthogonal to the included age and cohort exects.

In the second method where we employ minimum distance on Model 2, the
procedure is more complicated.

The procedure adopted is as follows:

Let

Q! be a N x K'matrix of the age and cohort variables where N is the number
of observations in each education group

Q? be a N x K?matrix of the time dummies for the raw data

Z be a N x K matrix of all the variables in equation A.1, where K > K'+ K?
since K includes the cohort age interactions.

7?2 be a N x 1 matrix of the estimated predictions from Model 2

(V9)~! be the inverse of the variance covariance matrix of Model 2

ad and p? be consistent 1st step estimates of the age and cohort exects for
quantile ¢ in A.4

t? be the 1st step estimates of the orthogonal time exects for quantile ¢ in A.4

ad and p? be the ..nal estimates of the age and cohort ezects for quantile ¢ in
A4

t? be the ..nal estimates of the orthogonal time ecects for quantile ¢ in A.4

A ..rst step estimate of the age and cohort ewcects is:

[ ai ] Q010
P1

After computing:



a ..rst step estimate of the time ecects can then by obtained as:

£ = (Q5Q2) " Qs

After computing

&) =1 — Qatj

The ..nal estimate of the age and cohort ecects is given by:

[“2] (@2)((2'2) V) Z2) 2] (@222 (V)2 2) ) (2

/02

And ..nally with:

the ..nal estimate of the time exects can be obtained

i = [(Q2)((2'2) (V) (2'2) ™) (2'Q)|  (@2)(2'2) (V) (2'2))(Z'2)

A.4. Model 4: identi..cation of the time excects from the wage growth
of older workers

In section 5 of the paper, time ecects are identi..ed by the assumption that human

capital accumulation is assumed to stop over the age of 49. This means that wage

growth within cohorts past the age of 49 is solely a time excect. The following

general speci..cation is estimated
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¢+ afe; + ade? + adel+
plcohort; + pcohort? + plcohort?+

y! = Bi(cohort; x e;) + fL(cohort? x €?) + [4(cohort? x €})+
Bi(cohort? x e;) + B2(cohort? x e2) + [E(cohort x €7)
+(time dummies)?

where e is de..ned as age for those under 50 and 50 otherwise. The procedure used
to estimate this was otherwise exactly the same as in Model 2. The cohort-age
interactions were switched o= by obtaining predictions from the following model:

¢+ afe; + ade? + adel+

¥ — estimated ti ts =
yi — estimated time ef fects plcohort; + picohort? + picohort?

B. Constructing the unconditional distributions and com-
puting counterfactuals

Unconditional quantiles can be estimated from conditional ones in the following
way
Z

qg="Priw<w!) = Z % Pr(w < w?| z) (B.1)

z=1
where z is a year, age education cell, N, (/V) is the number of observations in cell

z (the full sample) and w? is the point corresponding to the gth quantile of the
unconditional distribution. Given a set of predicted conditional quantiles z37, we
can then estimate by interpolation what conditional quantile a given wage level
(w) would correspond to. This is estimated as:
1 .
0 = 5 (max{alz5" 0w} + min{glz6" > )

where ¢, = Pr(w < w | 2) is the quantile of cell z corresponding to the wage w.
The unconditional quantile corresponding to the wage w can then be estimated
as
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where N is the number of observations in the raw data and V. is the number of
observations in cell z. Estimating enough of these (w, ¢) pairs will then enable us
to estimate the unconditional quantiles of the distribution as:?

1
wl =3 (max{w|q “ U ¢} + min{w|q“ > q})

where w? is the wage corresponding to the ¢** quantile. We can estimate the mean
(M) as

max

M= > (w)(q“—-q%)

q “=min+1

where ¢, denotes the quantile corresponding to the next lowest wage. Similarly
the standard deviation (Sd) is estimated as

Sd = J nf( (wi — M)*(q" — q*1)

W=min +1

We estimate 13 quantiles?® and tie the distribution down with the observed mini-
mum and the maximum for each year and age group. This gave a good ..t of the
data.

B.1. Obtaining counterfactual comparisons

The relative size of between versus within group exects on inequality was estab-
lished by constructing the mean wage in each cell from the predicted quantiles

28\We estimate the quantiles correponding to 200 wage points evenly spaced across the range
of wages in the sample.
2%i.e. the 5th, 25th, 75th and 95th percentiles and the 9 deciles
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and using these predicted means to estimate what the standard deviation of wages
would be if there was no within group inequality.
For each cell, the mean (M.) was estimated as:

max

M.= > (w)(gy—dq)

q¥=min +1
where, as before, ¢ , denotes the quantile corresponding to the next lowest wage
in cell z. The predicted standard deviation of wages with no within group in-
equality in the sample is then simply

JZ%(MZ—W

z=1

The relative role of education and cohort ecects on changes in between group
inequality was estimated by setting the returns to education to zero, that is giving

each age, year cell the predicted wages for the lower education groups.
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