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Abstract

In this study, we document the evolution of the gender pay gap in the UK over the past

3 decades and its association with fertility, examining the role of various differences in career

patterns between men and women and how they change with the arrival of the first child.

We show that differences in accumulated years of labour market experience play an important

role, while industry, occupation, and job characteristics differences explain less conditional on

working experience. We develop an empirical wage model to estimate the causal effect of working

experience on the wages of women. Estimates from this model are then used to simulate two

counterfactual scenarios in which women who are employed always work full-time or womens

rates of both part-time and full-time are the same as mens. We find that differences in working

experience explain up to two thirds of the gender pay gap of college graduates 20 years after the

first childbirth, and that the gap is largely driven by differences in full-time experience. The

role of working experience is more moderate for individuals with no college education, but it

can still account for about one third of the overall long term gender wage gap.
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1 Introduction

Gender differences in earnings are essentially universal across countries. Within the developed

world those gaps have tended to fall greatly over the last century, although progress has stalled in

recent decades and the gaps remain sizeable (Goldin (2014), Blau and Kahn (2017)). The opening

of the pay gap happens gradually over the course of life and is strongly related with the arrival

of children and its strong negative effects on the hourly wage rates, employment rates and labour

hours of paid work of women (Paull (2008), Adda et al. (2017), Kleven et al. (2019a)).

Countries differ significantly in the relative importance of these determinants of the gender pay

gap. Figure 1 shows the wide cross country variation in the employment and working hours of

mothers. For instance, Scandinavian and Northern European countries have the highest maternal

employment rates, almost 30 percentage points higher than the employment rates in some of the

southern European countries such as Greece and Italy and over 50 percentage points higher than

employment rates in Turkey. The employment rates of mothers in English speaking countries tend

to fall in the middle of the table, close to the average for OECD and EU countries. In some

countries, including Germany, the Netherlands, Austria and the UK, a large fraction of working

mothers do short working hours, while in other places, including the Scandinavian countries, most

mothers in work do full-time hours.

Recent research (Kleven et al., 2019a) also documented that in countries where mothers stay

longer out of work after childbirth, such as the US and UK as compared to the Scandinavian

countries, the drop in women’s earnings relative to men’s persists for longer after childbirth. This

is partly the mechanical effect of mothers continuing to work less than fathers do many years after

their first child is born, and partly a consequence of the price of labour as measured by the wage

rate per hour being differentially affected by parenthood for mothers and fathers.

In this paper we investigate some of the drivers of the gender wage gap among parents. We

document that the gap in hourly wages does not open immediately after childbirth, contrary to

what happens to earnings, but instead widens gradually as the child grows up. We then consider

two mechanisms that can partly account for that gradual but permanent opening of the gender
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Figure 1: Maternal employment rates across OECD countries

Note: Data from OECD Family Database. Shows PT-FT employment rates (%) of women aged 15-64 with
at least one child aged 0-14 in 2014 or latest available year.

wage gap. First, taking time away from paid work and working short hours – two prevalent features

of maternal, but not paternal, labour supply – may inhibit the wage growth of women through skill

depreciation, slow accumulation of skills or lack of career progression, hence denting their future

earnings capacity persistently. Second, mothers and fathers sort into different types of jobs – in

different industries, occupations and offering a different set of amenities such as flexibility in working

hours – perhaps because of how difficult or easy it is to combine such jobs with the responsibilities

of parenthood. If mothers cluster into jobs that can easily be coordinated with their childcare

responsibilities, even if at the cost of higher pay, while fathers assume the main bread-winner role

and sort into high-paying jobs, the resulting diverging careers could be reflected in diverging wage

profiles. These two mechanisms are likely to lead to a gradual accumulation of persistent losses in

the wage rates of mothers as compared to fathers and contribute to explain the widening of the

gender wage gap after child birth. They are also likely related. Indeed, mothers who take time

away from paid work may see their prospects of progressing to higher paying jobs curtailed, at least

partly as they fail to accumulate the working experience they need to progress.

Using longitudinal data for the UK spanning over the 27 years that start in 1991, we assess the

quantitative importance of these mechanisms. We find that experience capital gained in work has
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the potential to account for a large share of the gender wage gap, including the way that it evolves

over the life cycle. In contrast, conditionally on accumulated working experience, the different job

characteristics (including industry and occupation) in which fathers and mothers concentrate do

not further explain much of the opening of the gap after childbirth. This is not to say that sorting

into jobs with different characteristics is not an important driver of the gender gap in wages. Instead

our result reflects that gender differences in job sorting happen together with the expansion in the

gender experience gap, as mothers taking time away from paid work fail to progress in their careers

and may even move down the job ladder.

Building on this evidence, we set up and estimate an empirical model of wage dynamics that

allows us to assess the causal impact of accumulated work experience capital on the wage progression

of women over their life-cycle. Our model formalises, in a flexible way, the intertemporal connection

between hourly wages and labour supply at the extensive and intensive margins. In particular, it

accounts for the possibility that working part-time hours impacts hourly wages not only today, but

also in future years by having implications for wage progression that are different from those of full-

time work. It also allows for depreciation in experience capital during periods of no work. Given

the importance of education in driving labour market outcomes, we fully interact our model with

education attainment. We consider three education levels, corresponding to less than high-school

qualifications, high-school degree and university degree. To deal with endogenous participation

and hours selection, we adopt a control function approach exploiting the many policy reforms that

changed the incentives to work of mothers over the period covered by the data. For exclusion

restrictions we use simulated family disposable income variables that are constructed for different

working hours of the woman (Blundell et al. (1998)).

We find that working full time hours is a key determinant of wage progression, particularly for

women earlier in the career. Moreover, there is a clear positive education gradient on the impact

of working full-time hours on wage growth. This means that educated women have more to gain

from working full-time hours but also that they are the ones who have most to lose from not doing

so. In contrast, we find no statistically significant impact of working part-time hours.
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Our model can be used to simulate the role of experience losses in explaining the opening of

the gender wage gap after the birth of the first child. We do so in two counterfactual simulations:

the first simulation imposes that employed women always work full-time, and second simulation

further imposes that women are paid work at the same rate of men. For university graduates we

find that losses in working experience after the birth of the first child can explain up to two thirds

of the opening of the gap in wages when the child reaches 20 years of age. This is not merely

because mothers spend more time out of the labour force after childbirth than fathers; it is also

because, when in paid work, they are likely to work shorter hours, and part-time work shuts down

progression in hourly wages. The role of working experience is more moderate for individuals with

no university education, but it can still account for about one third of the overall gender wage gap

20 years after childbirth.

Some of the channels we investigate have been studied in the large empirical literature on

gender gaps. For instance, Bertrand et al. (2010) identify career interruptions and working hours

as key drivers of the pay gap among MBA graduates; Goldin (2014) discusses the high penalty

from career breaks and flexibility in some high-wage occupations as drivers of the persisting gender

wage gap; Blau and Kahn (2017) find that the three most important factors explaining the current

gender wage gap in the US are occupation, industry and experience; Kleven et al. (2019b) point

to occupation, sector, and firm choices as mechanisms driving child penalties in Denmark. Our

study adds to this literature by considering the causal impact of current working choices on wage

growth and how these effects cumulate over time to explain the gradual opening of the gender wage

gap after childbirth. We also documents that other mechanisms, such as occupation, industry or

specific job characteristics, are comparatively less important once cumulative differences in working

experience are accounted for.

One other set of papers uses structural models of the life-cycle to study female labour supply

and wages. Among others, Olivetti (2006) builds a life-cycle model with human capital accumula-

tion and home production to investigate the change in women’s supply of hours of market work;

Attanasio et al. (2008) construct a life-cycle model of female participation decisions and savings
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with a process for human capital accumulation that accounts for periods out of work; Blundell

et al. (2016) estimate a dynamic model of employment, human capital accumulation, and savings

for women and use it to analyze the effects of welfare policy in the UK; Adda et al. (2017) model

fertility and labour supply decisions of women over the life-cycle to quantify the long run impact of

fertility incentivizing policies. We depart from these papers by adopting a more flexible empirical

model that is nevertheless well suited to quantify the role of present and past experiences in work

in explaning female wage dynamics. We then use our framework to study the extent to which our

our mechanisms explain gender difference sin pay among parents.1

The rest of the paper is organized as follows. Section 2 describes the data and defines the main

variables. Section 3 motivates our analysis, showing descriptive evidence on the evolution of the

gender pay gap, its relation to childbirth and to the different working lives of mothers and fathers.

It then shows that opening differences in experience capital are strongly related with the growing

gender pay gap after childbirth. Section 4 outlines the econometric model and estimation technique

we use to identify the causal impact of working experience on the wages of women. Section 5 reports

the empirical estimates and 6 discusses the model predictions by simulating counterfactual wage

gaps if women were to work at the same rate as men do. Section 7 suggests policy implications.

Finally, section 8 draws some concluding remarks.

2 Data

We use two data sources for our empirical analysis. All results that require longitudinal are esti-

mated on data from the UK Household Longitudinal Study (UKHLS). This is a combination of two

panel studies of families with the same structure and overlapping sample, the British Household

Panel Survey (BHPS) and the Understanding Society (USoc).2 The UKHLS has been following

the lives of families and their offshoots since 1991. The survey started with a representative sample

1There is a large set of papers looking into other potential drivers of gender gaps that are further away from the
focu of this study, including discrimination and pre-market factors such as education (Altonji and Blank (1999)) or
sorting and bargaining (Card et al. (2015)).

2University of Essex. Institute for Social and Economic Research, NatCen Social Research, Kantar Public. (2017).
Understanding Society: Waves 1-7, 2009-2016 and Harmonised BHPS: Waves 1-18, 1991-2009. [data collection]. 9th
Edition. UK Data Service. SN: 6614.
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of 5,050 households living in Great Britain; it was later replenished in 1997 and 2001 with 1,000

households from the former European Community Household Panel, in 1999 with two samples of

1,500 households each from the Welsh and Scottish extensions, and in 2001 with the first set of

households from Northern Ireland, totalling 1,900. It has undergone a large expansion and restruc-

turing in 2009 that was marked with the adoption of its new label, USoc. Some 40,000 new families

were added from across the UK. Except for attrition – which was particularly large in the transi-

tion between the two studies in 2009, affecting just over 30% of the existing sample – all household

members in the original samples remain in the sample until the end of the period, which for this

paper is 2017. Other individuals have also been added to the sample, as they formed families with

original members of the panel or were born into them. In our analysis, we exclude families living

in Northern Ireland as the region is only sampled from 2001 onwards.

All members of the household aged 16 and above are interviewed yearly, and a large set of

demographic, education, and labour-market information is recorded. The UKHLS also collects

historical information documenting the history of full-time and part-time employment and the

socio-economic environment of the parental household of each interviewee.

We use the sub-sample of individuals observed during their main working years, between the

ages of 20 and 55, after they left full-time education. In each annual wave, the UKHLS collects

information on employment status, usual weekly working hours, paid and unpaid overtime, and

gross pay including for overtime. We discretise the distribution of working hours into 3 bins that

we label as no-work (4 hours per week or fewer), part-time work (5-24 weekly hours) and full-time

work (25 and more weekly hours). Those who report being disabled or long-term sick are dropped

from the sample.

Table 1 shows the sample sizes in UKHLS for our population of interest. Overall, our sample

includes almost 150,000 observations on over 27,000 individuals. Among these, over 7,000 were

first interviewed in the BHPS period, prior to 2009, of which just over 1,400 are present in both

periods. The median length of the observation period is 6 years, though it is longer for those who

enter the sample earlier during the BHPS period particularly if followed into the USoc period.
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Table 1: UKHLS – sample sizes and distribution of education

Men Women All

Sample size: number of individuals
all 11,899 15,144 27,043
in BHPS 3,112 3,985 7,097
in BHPS and USoc 630 778 1,408

Sample size: number of observations
all 63,159 84,062 147,221
in BHPS 23,841 31,732 55,573
in BHPS and USoc 8,825 11,069 19,894

Median duration of observation spells (years)
all 5 6 6
in BHPS 7 8 8
in BHPS and USoc 18 19 18

Distribution of education
GCSEs .460 .474 .468
A-levels .404 .417 .412
University degree .136 .109 .121

Notes: The row labels ‘all’, ‘in BHPS’ and ‘in BHPS and USoc’ stand for,
respectively, the entire UKHLS sample used in this study, the subset of in-
dividuals who enter the sample prior to 2009, and the subset of individuals
who enter the sample prior to 2009 and remain until after 2009 or later.

We consider three education groups: GCSEs, representing those who leave education at 16

without completing high school education; A-levels, representing those with a high-school diploma

or equivalent; and Degree, representing those who graduate from university (3-year degree). The

distribution of education in the population is shown at the bottom of Table 1. The largest group

is that with lower education attainment, and this is true for both men and women. Men in our age

group and time window are more likely to have a Degree than women, but as we will show, this

does not hold in the more recent periods. Only about 12% of our sample has a degree.

Wages are measured in hourly rates built as the ratio of the total gross weekly pay by total

hours, both measures including paid and unpaid overtime. We remove aggregate wage growth from

the wage rate and trim it at percentiles 2 and 99 from below and above, respectively, to limit the

impact of measurement error in wages and hours. All results monetary quantities are in 2016 prices.
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The historical labour supply information is collected in waves 1992, 2001, 2002, 2009 and 2013.

It exists for over 70% of our sample. We use the history of employment and working hours to

construct, for these years, two experience variables that measure accumulated experience time in

part-time and full-time jobs since the beginning of the working life. We then complete the experience

variables over the entire observation window using year-on-year information on employment spells

and hours.

We complement the UKHLS with data from the British Labour Force Survey (LFS). It is used

by the Office for National Statistics to produce official quarterly labour market statistics and has

the advantage of being a much larger sample than the UKHLS. We use it for two purposes. First,

to show some descriptive evidence of labour market trends. The LFS has a larger sample than

the UKHLS, which enables us to characterise trends more accurately when the longitudinal feature

of the data is not required. We find similar but more volatile patterns when reproducing the

figures on UKHLS data. And second, to construct two measures of “women/family friendliness” of

jobs at the industry or occupation levels, that we then merge with the UKHLS data. Specifically,

we merge in information on: the percentage of female employees by 3-digit occupation from the

SOC classification; the percentage of employees doing part-time hours by occupation at the same

level of disaggregation; and the percentage of female managers by 2-digit industry from the SIC

classification.

3 Descriptive analysis

3.1 Differences in wages between men and women over time

We start by looking at the long-term trends in the gender wage gap in the UK. As for many other

developed economies, gender wage disparities in the UK remain high despite a steady convergence

over time since the 1980s. Figure 2 plots the average hourly wages of male and female employees

over time according to the LFS.3 It also plots, in black and on the right hand axis, the proportional

difference between the two. The gap has decreased over the last twenty years from almost 30% in

3LFS data is used to produce the time trends presented in this section because its larger sample size captures the
trends more accurately; results obtained using UKHLS data produce similar but more irregular patterns.
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1993. Currently, the average female employee earns around a fifth less per hour than the average

male employee.

Figure 2: Trends in real hourly wages and the gender wage gap

Notes: LFS 1993-2018. Real wage rates per hour in 2016 prices; observations in the top one and
bottom two percentiles of the wage distribution by gender and year are excluded. Wage gap measured
in proportion to male wages.

This wage gap is what it says on the tin: the difference between average female wages and

average male wages. It is not a “like-for-like” comparison between otherwise-identical workers or

jobs. One reason why wage differentials between men and women might have changed over this

period is that their relative levels of education have also changed. This is actually an important

aspect to take into account in interpreting the declining wage gap over time.
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Figure 3: Trends in education attainment, by gender

Source: LFS 1993-2018.
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Figure 4: Trends in the gender wage gap by education

Notes: LFS 1993-2018. Wage gap measured in proportion to male wages.

Figure 3 shows a rapid increase in the level of education of the working population over the past

20 years. The take up of education happened mostly at the top, with university graduation rates

more than doubling over the period while the proportion of individuals leaving school with minimal

qualifications dropped strongly to compensate. The increase in education was faster for women,

who overtook men by the late 2000s and are now more likely than men to have a university degree.

Because graduates tend to earn more than non-graduates these differential trends in educational

attainment have contributed to reducing the gender wage gap.

Figure 4 shows the evolution of the gender wage gap as a proportion of male earnings over

time, by education. For those with GCSE-level qualifications, this plot confirms that indeed the

gender pay gap has fallen over the past two decades. However, it reveals no clear downward trend

for the higher education groups. As a result there has been a notable change in the nature of the

gender wage gap. The gap used to be bigger (in proportional terms) for those with less formal
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qualifications than for university and high-school graduates, whereas the reverse is now the case.

In summary, the fall in the overall gender wage gap over the past 20 years has been driven mostly

by the lowest-educated individuals, and by an increase in the number of women who are highly

educated.

3.2 Children, career patterns and the gender wage gap over the life-cycle

A crucial starting point for disentangling the drivers of wage differences between men and women,

which simple aggregate figures miss, is that those differences evolve over the life cycle. This in turn

is highly related to the arrival of children and changes in labour market behaviour associated with

that. Figure 5 shows how average wages for male and female employees relate to their age (pooling

those observed at the relevant ages between the start of 1993 and the middle of 2017). Notice that

the sets of individuals who are employed at each age are different, so it is possible, for example,

that women with low levels of experience return to employment in their 40s, thereby dragging down

average female wages at that age. Wages are shown in 2016 constant-wage terms, so the increasing

profile with age means that wages increase over the course of life by more than would be expected

simply due to economy-wide growth.

The figure shows that wages typically increase with age throughout the 20s, for both men and

women, which is consistent with the returns to additional experience being especially high for those

with little experience. These returns look higher for graduates: their wage profile is especially steep

throughout their 20s and, for men, well beyond that.

The gender wage gap is small or non-existent at around the time of labour market entry and it

barely widens up to the mid 20s, particularly for college graduates. The gap then opens up more

from around the late 20s and gets gradually wider over the next 20 years of the life cycle. This

is because male wages continue to increase, especially for the high-educated, while female wages

completely flatline on average.

The opening of the gender wage gap when people reach their late 20s is likely related to the

arrival of children. Figure 6 shows this explicitly by plotting the wage gap not by age, but by time

to or since the birth of the first child in a family (where zero is the year in which that child is born).
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Figure 5: Mean hourly wages across the life cycle by gender and education

Notes: LFS 1993 to 2018. Wage rates per hour in constant 2016 wage levels; observations in the top one
and bottom two percentiles of the wage distribution by gender and year are excluded.

There is, on average, a wage gap of over 10% even before the arrival of the first child. A small part

of this gap is simply due to age differences - men tend to be slightly older than women when the

first child arrives though the age-adjusted line on Figure 6 still yields a wage gap of 7-12% in the

five years preceding the first child. A key feature of the patterns shown in the figure is that the gap

appears fairly stable until the child arrives, and is small relative to what follows. After the child

arrives, there is a gradual but continual rise in the wage gap over the following 12 years, until it

reaches around 30% of male wages.

While we measure wages on an hourly basis, and hence differences in working hours cannot

directly explain the gender pay gap described above, different working patterns may lead to dif-

ferent hourly pay for more subtle reasons related to productivity, career progression or other job

characteristics. Figure 6 suggests that changes in women’s working patterns after the arrival of

children may well be important in explaining this wage gap. The crucial observation is that the

wage gap opens up gradually not in any sudden jump after the first child arrives and continues
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Figure 6: Gender wage gap by time to/since birth of first child

Notes: UKHLS 1991 to 2017. Wage gap measured in proportion of male wages. Observations in the top one
and bottom two percentiles of the wage distribution are excluded. The age-adjusted series shows the gap
obtained from wage rates net of education-specific age effects.

to widen for many years after that point. This pattern would be consistent with a gender gap in

the level of labour market experience following the same basic shape as the gender gap in wages:

relatively stable in the years before childbirth, growing incrementally for many years after that

point, before eventually largely stabilising once more. The next 3 figures show this.

Figure 7 shows the employment rates of men and women by the time to or since the birth of the

first child. Before the arrival of the first child, it is difficult to discern any differences between the

employment rates of men and women. However, when the first child arrives, a large employment gap

opens up immediately: many women leave paid employment at this point, while any employment

responses by men look tiny in comparison, and non-existent for high-school and college graduates.4

The employment response among the lowest-educated women is more than double the response

among other women. Between one year before and one year after the birth of the child, womens

employment rates drop by 30 percentage points (ppts) for those with GCSEs, 13ppts for those

4For the purpose of measuring employment, maternity or paternity leave is treated as being in paid work.
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with A levels and 9ppts for graduates. The other important feature of Figure 7 is that, once the

employment gap opens up after the arrival of the first child, it persists. Women’s employment

rates do start to rise again once the first child is around school age, but they remain below male

employment rates for the full 20 years shown. Hence, the gap in time spent in paid work keeps

growing year on year for a long time after the first child arrives.

Figure 7: Employment rates of men and women

Notes: UKHLS 1991 to 2017.

Figure 8 shows that not only do many women move out of paid employment altogether after

having their first child, but many others move to work that is part-time (recall that part-time is

defined as working 5 to 24 hours hours per week). Again, the male rate of part-time employment

looks essentially unaffected by the arrival of the first child, and the gap that opens up is persistent:

women are still significantly more likely to be in this kind of work than men when their first child

reaches adulthood.

Figure 9 shows the direct implications of these patterns: a steadily increasing gap in accumulated

labour market experience after the arrival of the first child. By the time their first child is aged

16



Figure 8: Proportion of all men and women in jobs of no more than 25 hours per week

Notes: UKHLS 1991 to 2017.

20, women have on average been in paid work for three years less than men, comprising ten years

less paid full-time work and seven years more part-time paid work. The gap is larger still for the

low-educated. Previous research (Blundell et al. (2016)) tells us that the three years less spent in

any form of paid work understates the gender differences in accumulated human capital and that it

is the ten-year gap in full-time experience that is more relevant. This is because it is only full-time

paid work which seems to have substantial benefits in terms of the accumulation of experience that

allows workers to command higher wages in future. We confirm this in the new analysis summarised

in the next section, and examine the implications of the lack of wage progression in part-time work

for the gender wage gap.

There are certainly other factors, besides levels of experience in paid work, that may be affected

by childbirth and that may contribute to differences in wages between men and women. One

possibility is that women undertake different kinds of work upon becoming mothers, potentially

in different sectors of the economy. Such change in job characteristics could be related to their
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Figure 9: Gender gap in years spent working full-time and part-time
Full-time Part-time

Notes: UKHLS 1991 to 2017. The figure cumulates the gender gaps in years of work shown in Figures 6
and 7, and therefore does not include any differences in experience that already exist more than five years
before the birth of the first child; these earlier differences are negligible.

wages for a number of reasons. For example, priorities or constraints could change around the

time that children arrive such that women move towards occupations in which the benefits are less

skewed towards wages and more towards other factors, such as flexibility. It could also be that a

concentration of women in certain occupations or industries allows employers to exercise market

power in order to hold wages down if, for example, they know that many of those women have

limited ability or desire to search for alternative employment because they are time-constrained or

want to work close to home. These different kinds of mechanisms linking occupation, industry or

other job characteristics to the gender wage gap would have very different implications for policy,

and it is beyond the scope of this work to disentangle them (and there are many other possibilities

besides the examples given). But what we can do is to provide a sense of their likely importance

in accounting for the evolution of the gender wage gap.

Figure 10 summarises three example differences between the occupations and industries that

women and men work in, and how these differences evolve around the time of childbirth. We

take the occupation or industry that each worker is in, and map this to the composition of the

workforce in that occupation or industry (computed from the LFS). As time goes on, women

who have children tend (relative to men who have children) to concentrate increasingly in female-

dominated occupations, occupations in which part-time work is relatively common, and sectors

18



in which female managers are relatively common. To that extent there are similarities with the

evolution of the gender wage gap - which also grows over the lifecycle, as we have seen. However, a

closer look reveals a caveat to that: whereas the gender wage gap is fairly stable in the years before

childbirth and then begins to gradually increase from the time of the first child, occupation and

industry differences between men and women seem to be on a more uniformly increasing trajectory

that starts a few years before the birth of the first child. This may in part be due to job changes

in anticipation of having children. But it casts some doubt on the ability of these occupation or

industry differences to explain powerfully the shape of the gender wage gap around the birth of the

first child.

Figure 10: Gender gaps (men minus women) in characteristics of occupation and industry

Notes: UKHLS 1991 to 2017.

So far we have highlighted numerous factors that can play a role in driving the gender wage gap

that persists in the UK labour market: education, labour supply choices along the intensive and

extensive margins and the resulting work experience accumulation patterns, characteristics of spe-
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cific occupations/sectors, jobs and working arrangements. We now perform a more comprehensive

decomposition exercise that allows us to quantify the association between the gender wage gap and

these factors. To do so, we estimate a set of wage regressions. We start from a baseline specification

that only accounts for demographic controls (age and region). The gender pay gap conditional on

these variables is captured by the coefficient of a female dummy. We then proceed to richer speci-

fications by progressively controlling for a number of differences between male and female workers:

education and education interacted with age, part-time and full-time experience polynomials inter-

acted with education, industry (2-digit SIC2007 codes) and occupation (3-digit SOC2010 codes), as

well as other characteristics of the job including current working hours, indicator for public sector

and a self-reported measure of flexible working arrangements.

Table 2 and Figure 11 displays the estimate coefficients for the female dummy and how it varies

as more detailed information about individual characteristics, working history and the character-

istics of the jobs is added to the regression model. The first row in the table shows that the raw

gap of 22 log points is only mildly reduced by accounting for gender differences in educational

attainment. Gender differences in experience show by far the strongest impact in reducing the gap

(compare the estimate in column 3 to those in columns 1 and 2). After controlling for experience in

full-time and part-time jobs, the gender gap in wages drops to just below 9 log points. After that,

differences in industry and occupation can further reduce the gap by another 2 log points (column

4), and other job characteristics have no further impact (column 5).

Table 2: log hourly wage regressions, all education levels

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

Female -0.223∗∗∗ -0.194∗∗∗ -0.087∗∗∗ -0.067∗∗∗ -0.069∗∗∗

(0.003) (0.003) (0.003) (0.003) (0.003)

age, region yes yes yes yes yes
education no yes yes yes yes
experience no no yes yes yes
occupation, industry no no no yes yes
job characteristics no no no no yes

N 75,482

20



Figure 11 shows these results in more detail, by years to/since first childbirth. It highlights that

experience has the potential to account for a large amount of the gender wage gap, including the

way that it evolves over the life cycle albeit still leaving a substantial part of the gender wage gap

unexplained (and our causal analysis in the next section confirms this). Industry and occupation

differences, by contrast, seem to explain far less.

Figure 11: Gender wage gap by time to/since birth of first child, controlling for association between

wages and individual and job characteristics

Note: Estimates use UKHLS 1991 to 2017.

These results show that opening differences in working experience are likely to be a major

motor of the opening differences in the gender pay gap over the course of life. They do not dismiss

other drivers as unimportant. Instead, they suggest that the divergence in the careers of men

and women happen together with the relative losses in working experience that women go through

after chilbirth. For instance, one would expect that working experience facilitates moving up the

occupational ladder as workers gains the skills necessary for promotions. The consequence of this

parallel movement is that, conditionally on working experience, the role of other drivers of wages
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is less visible. We therefore focus on working experience in what follows, to examine its causal role

on gender differences in wages.

4 Model and estimation

Our estimates so far do not allow us to quantify how the gender wage gap opens with the arrival

of children and the role of working experience in driving it because the process through which

men and women select into work confounds these effects. Indeed one would expect that those who

have most to gain from working are more likely to do so. These gains from work are realised both

contemporaneously, through pay, and in the future, through the accumulation of skills and the

potential for career progression. If high-ability women on a steeper wage curve are more likely to

remain in work after childbirth than those on lower earnings, while male selection into work is not

affected by fatherhood, then our measures of how the gender pay gap opens after childbirth and

of the role of working experience in driving that gap will be biased. Indeed, we can see some of

that selection in action when contrasting the labour supply behaviour of mothers of young children

across education groups, with more educated women being less likely to interrupt their working

careers. In this section we discuss our empirical strategy to identify the causal impact of experience

on wages by explicitly accounting for endogenous selection into work. Our model is for women, as

variation in experience conditional on age is more meaningful for them. In our simulation exercise

later in the paper, we control for pre-birth wages to control for permanent differences in wages

between mothers that do and do not interrupt work after childbirth.

4.1 Regression model of wages

To measure the causal role of working experience in driving the wages of women, we specify and

estimate a simple but flexible model of experience capital accumulation and wages. In all that

follows, we fully interact all aspects of the model with education and, hence consider separately

the choices and outcomes of the three education groups that we studied so far. To simplify the

notation, we omit the education index but it is implicit in all parameters below.

22



Following Blundell et al. (2016), wages are modeled as a simple function of accumulated human

capital k. The hourly wage rate w of woman i at age t is simply:

lnwit = αi + ln (kit + 1) + uit (1)

where αi is an individual-specific wage level per unit of experience capital and uit is a time-varying

idiosyncratic wage shock. The latter may include a persistent and a transitory component.

We assume that human capital is accumulated in work and consider two positive labour supply

points, corresponding to part-time and full-time hours. In line with our previous analysis, these

correspond to weekly hours between 5 and 25, and 26 or more, respectively; anyone working 4 or

fewer hours per week is considered as not working. Formally, the human capital process is:

ln(kit + 1) = ln(kit−1 + 1) − δ + π (eit−1)Pit−1 + φ (eit−1)Fit−1 (2)

and we set the initial value ki1 to zero. We allow for skills to depreciate in each period at a rate δ

and to accumulate while in work at rates π or φ that depend on whether the woman was working

part-time or full-time in period t−1. The rate of human capital accumulation also depends on how

many years of working experience the woman has accumulated by the end of period t− 1, denoted

by et−1. We differentiate between experience in part-time and full-time work, denoted by eP and

eF respectively. So e =
(
eP , eF

)
and the experience accumulation process is simply

ePit = ePit−1 + Pit−1 and eFit = eFit−1 + Fit−1 with starting values ePi1 = eFi1 = 0.

The parameters (π, φ) are specified as follows:

π (eit) = π1 + π2e
P
it + π3e

F
it

φ (eit) = φ1 + φ2e
P
it + φ3e

F
it

where (πj , φj) for j = 1, 2, 3 are unknown parameters that we estimate. This setting allows for

decreasing returns to additional periods of work if π and φ are decreasing functions of
(
eP , eF

)
.
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Our goal here is to consistently estimate the dynamic returns to work and to working hours in

order to assess their combined role in driving the gender pay differentials. To do so, we re-write the

wage equation (1) in first differences and replace the growth in experience capital using equation

(2) and the expressions for (πj , φj). This eliminates human capital, which is not directly observed

in the data, and yields our regression equation:

∆ lnwit = −δ +
(
π1 + π2e

P
it + π3e

F
it

)
Pit−1 +

(
φ1 + φ2e

P
it + φ3e

F
it

)
Fit−1 + ∆uit (3)

Equation (3) shows that the returns to a year of work for workers with no past work experience

(π1, φ1) cannot be distinguished from the depreciation rate. We, therefore, estimate

π̃1 = π1 − δ and φ̃1 = φ1 − δ.

4.2 Estimation

The direct estimation of equation (3) using the sample of women in continuous work will result

in biased estimates of the unknown parameters for three main reasons. The first is the classical

employment selection problem, which in our case applies to two consecutive periods. Second,

lagged hours are likely correlated with the unobserved term ∆u if, as usually accepted, hours of

work respond to contemporaneous wage shocks. And third, accumulated years of work may also be

correlated with ∆u for two main reasons. The first is more obvious: ∆u may have a long memory

and hence contain information driving past labour supply – something that would happen if, as is

frequently assumed, the permanent wage shock is auto-regressive. The second potential source of

dependence arises from the conditioning on current and past employment. If, for instance, more

experienced workers are more likely to keep working through periods of low unobserved wage growth

than less experienced workers, ∆ut and et−1 will be correlated in the sample of workers even if they

are not in the full sample.

The discussion above highlights the fact that we have various sources of bias that need to be

accounted for in estimating the wage regression (3), including the extensive and intensive margins

of labour supply and the endogeneity of years of experience in part-time and full-time work. To
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deal with these, we extend the control function method of Heckman (1979). The details of our

method can be found in the Appendix. Here we describe the sources of exogenous variation that

we use to construct the control functions that are then included in the regression equation (3).

The first set of excluded variables includes three accounts of the disposable income of each family

in each year, by whether the woman did not work, worked part-time hours or worked full-time hours.

These instruments are simulated on a micro-simulation tool that contains a fine description of the

direct taxes and benefits in the UK, and how they changed over the entire observation period.5

They are meant to capture how the sequence of tax and welfare reforms changed the incentives to

work of women in different family arrangements. To ensure that the exogenous policy variation is

separated from other potentially endogenous sources of variation, we use predicted female wages

to calculate her gross earnings by working hours. The predictions are based on a full set of time

and age dummies, fully interacted with education. We also set the earned income of the spouse

to zero. Finally, we net out aggregate time effects and fixed family demographic effects. The

remaining variation in the simulated instruments captures only how policy reforms differentially

affect the disposable income of different types of families over time, would the woman not work,

work part-time hours or work full-time hours (see Blundell et al. (1998)). The simulated disposable

incomes are complemented with a set of instruments more closely related to accumulated years of

working experience, a cubic polynomial in age and the ages of the youngest and oldest children.

All regressions include an additional set of exogenous covariates, including regional dummies

and a second order polynomial in two background indices that summarise family background.6 The

first stage regressions also include indicators for the presence of children, presence of a partner and

whether the partner is working.

5FORTAX is a detailed tax and benefit micro-simulation tool that can be used to accurately predict the budget
constraints families face by earned income. It accounts in detail for the tax and welfare system in place at each point
in time and how they changed over the period of our data. More information can be found in Shephard (2009) and
Shaw (2011).

6The indices summarise some of the characteristics of the individual’s parental home and are meant to capture
permanent individual traits that drive productivity in the labour market and labour supply choices. They are the
first two factors from a principal component analysis on a set of variables describing the socio-economic background
of the woman. These include her parent’s education and whether they were working when she was 16, whether she
lived with both parents a that same age, books at home as a child, ethnicity, number of siblings and sibling order.
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5 Results

We estimate our model using UKHLS data for the 1991-2016 period. Estimates of the first stage

regressions can be found in the Appendix to this paper, tables 4-7. They show that the instruments

we are using are strong drivers of the endogenous variables in most cases. As expected, residual

simulated disposable income is a stronger determinant of employment and hours of work for women

with basic education only, and has less power as a driver of the same outcome among university

graduates. In addition, age and age of oldest child are strong predictors of accumulated experience.

We test the strength of the set of instruments meant to capture exogenous variation for each of the

endogenous variables, and find evidence in support of the instruments in all cases except for hours

choices among college graduates (see p-val at the bottom of Table ??).

Using these estimates, we then construct the various control functions and include them in our

regression model for wage growth. Estimates of the parameters of interest are shown in Table 3 for

each of the three education levels. Columns 1, 3, and 5 display estimates by education from the

linear regression model, without controlling for employment selection, endogenous hours or accu-

mulated experience; columns 2, 4, and 6 display the control function estimates. Clearly, controlling

for endogenous selection and experience does not much affect the estimate of the experience effects.

Figures at the bottom of the table show the p-value for the test of statistical significance of the

set of control functions used to tackle endogeneity. They show marginally significant effects for the

two lower education groups, but not for the top education group.

The results in row 4 suggest that full-time work has a strong positive impact on wages, and

that this effect increases with education. Moreover, the numbers in rows 5 and 6 further suggest

that the returns to one additional year of full-time work drop with full-time experience but not

with part-time experience. These estimates are consistent with the view that the returns to work

drop over the life-cycle as workers accumulate experience, leading to a concave wage profile over the

course of working life. It is also evident from the figures in Table 3 that part-time work has little

or no impact on wages. Indeed, estimates in rows 1 to 3 show small and statistically insignificant

estimates of the impact of part-time work. These figures show that, on average, the wages of women
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Table 3: Wage regressions, women by education

GCSE’s A-levels University
LRM CF LRM CF LRM CF
(1) (2) (3) (4) (5) (6)

Lagged part-time hours -0.016 0.001 -0.017 0.024 0.004 -0.009
(0.010) (0.018) (0.012) (0.023) (0.027) (0.064)

× lagged full-time experience -0.000 0.000 -0.001 -0.001 -0.003 -0.003
(0.001) (0.001) (0.001) (0.001) (0.002) (0.002)

× lagged part-time experience -0.000 -0.002 -0.000 -0.000 -0.002 -0.003
(0.001) (0.001) (0.001) (0.001) (0.002) (0.003)

Lagged full-time hours 0.058∗∗ 0.036∗∗ 0.066∗∗ 0.061∗∗ 0.078∗∗ 0.079∗∗

(0.006) (0.009) (0.005) (0.006) (0.009) (0.011)
× lagged full-time experience -0.002∗∗ -0.001 -0.002∗∗ -0.002∗∗ -0.003∗∗ -0.003∗∗

(0.000) (0.001) (0.000) (0.000) (0.000) (0.001)
× lagged part-time experience 0.000 -0.001 -0.001∗∗ -0.001 -0.001 -0.004∗

(0.000) (0.001) (0.000) (0.001) (0.001) (0.002)

Observations 15,027 13,341 17,908 15,118 6,762 5,946
F-test for control functions 2.886 3.156 1.946

p-val 0.013 0.008 0.084

Notes: Estimates on UKHLS data for the 1991-2016 period. The column titles ‘LRM’ and ‘CF’ stand for linear
regression model and control function, respectively. The F statistic is for the statistical significance of the control
functions for employment, lagged employment, lagged hours and lagged experience in PT and FT hours. All regres-
sions also include a second order polynomial in the two background indices and regional dummies. Bootstrapped
standard errors clustered at the individual level in parentheses under the estimated coefficients. ∗ p < 0.05, ∗∗

p < 0.01.
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working part-time hours stagnate.

6 Counterfactual simulations of the cumulative effect of employ-

ment and hours of work

We use the control function estimates of our wage equation to run two counterfactual experiments.

First, we set all work to be full-time. We do this by setting the value of part-time work for future

wages to be equal to the estimated value of full-time work. And second, we assume that women

work at the same rate as men with the same education and demographic characteristics. We then

simulate the experience profiles of women under these two alternative scenarios by assuming that

there is no depreciation of market skills during the periods when the woman is not doing paid work.

Our counterfactual wages are constructed from observed wages by netting out the experience

effect at observed levels of experience and adding the experience effects at the counterfactual levels

of experience. Hence, the unobserved component of wages remains unaltered in our simulations.

The possibility that different women select into work as the child grows up is also not changed. All

of these will still be reflected in the simulated profiles.

Figure 12 shows the results from these simulations for parents, by time since the birth of the

first child and education. In each of the 3 panels, the top solid line and the bottom dash line are

the observed wage profiles of fathers and mothers, respectively. The plots show how these two lines

move apart as the child grows, and they also highlight that the wages of women at best stagnate

after childbirth. This holds true for all education groups. In relative terms, the pay differential

when the child reaches 18 is remarkably similar across education groups. In all cases, women earn

about 30% less than men do at that point in the child’s life.

The two intermediate lines in the graph show how employment and working hours after child-

birth inhibit wage progression for women. The right hand side graph for college graduates suggest

that working experience is a determinant factor in explaining the opening gap after childbirth.

Given our estimates of the effect of working experience on wages, if college graduate women were

to work full-time hours if they work at all, the wage gap 18 years after childbirth could close up to
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Figure 12: Counterfactual simulations – hourly wage rate by time since first birth
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50%. If, in addition, they were to work at the same rate as men do, the wage gap at the same age

of the child could be further reduced to one third of the observed level.

However, experience plays a less important role in determining the gender pay gap for workers

who do not have a college degree. For these groups, gender differences in pay are comparatively large

at childbirth and the gap in accumulated experience after that can only account for about one third

of the gap in pay when the child reaches 18 years of age. Other differences in job characteristics,

firm characteristics, occupation or in how wages are negotiated are likely to play a determinant

role in driving gender pay differentials among workers with GCSE and A-levels qualifications.

7 Policy Implications

We have shown in the previous section that UK women across all education levels face a so-called

child penalty in wages of around 30% with respect to men by the time their oldest child reaches

age 18. This result is in line with Kleven et al. (2019a) who find long-run (10 years after the first

birth) earning child penalties between 31 and 34% in Anglosaxon countries as opposed to 21-26%
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in Scandinavian countries and up to 51-61% in Austria and Germany.

These earning gaps are by definition the combined effect of the gap in employment rates, the

gap in hours of work, and the gap in hourly wage rates between women and men. Countries differ in

the relative importance of these components in determining the overall gap in earnings accumulated

by mothers before and after the birth of the first child, depending on the characteristics of their

labour markets and on the policies in place. In the UK, as we have shown in our counterfactual

simulations, the intensive margin of the labour supply gap (i.e. the prevalence of part-time work

among women) drives a significant amount of the observed earnings gap over the life-cycle. The US

overall earning gap is similar to the UK one, but the small fraction of women working part-time

suggests that the participation and wage components are the relevant drivers there. One reasonable

inference from this is that just encouraging or facilitating more mothers to remain in employment

after childbirth is not enough to make large inroads into the gender wage gap unless the causes of

poor pay progression in part-time work can be addressed. What we find in this study is that it is

only full-time employment that appears to promote wage growth.

However, in Scandinavian countries part-time work is not very prevalent and female participa-

tion rates are higher than the OECD average, yet earning gaps for mothers still exist. In these

countries the earnings gap is smaller than elsewhere and the labour supply gaps still explain a

large proportion of it (see Kleven et al. (2019b) for estimates for Denmark). Interestingly, the wage

gap also opens far less with motherhood in the Scandinavian countries than it does in the UK.

This is evidence is consistent with our results that, in part, the opening of the gender wage gap

among parents builds up as a consequence of the lost experience in work, which may embed lack of

occupation progression and failure to move to the best paying industries firms and jobs for mothers.

Some Southern European countries are found at the opposite extreme, with female employment

rates significantly lower than the OECD average and especially large gender earnings gaps. ,

probably driving down the apparent gender earning gaps due to more marked selection of higher-

earning women into employment than in other countries. Austria and Germany, instead, are

peculiar cases as they show extremely high and persistent earning penalties for women that are
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combined with high female participation but also especially high rates of part-time work. While

all these results are for earnings rather than wages, they seem consistent with our findings that low

levels of labour supply at both the intensive and extensive margins have long-term consequences

for the earnings ability of mothers.

Some public interventions aimed to promote female employment and fertility have indeed been

shown to be important in determining women’s labour market outcomes. We can identify three

major policy tools: i) parental leave; ii) child care provision; iii) income support and tax incentives

(Olivetti and Petrongolo, 2017). The design and mix of these policies vary widely across countries.

Almost all developed countries have adopted paid maternity leave, with the exception being

the US. The average paid maternity leave across OECD countries is around 18 weeks, with a wide

variation across countries in terms of both length and entitlements. Mothers are usually given from

a minimum of 13-14 weeks leave around child birth (e.g. in Norway and Germany) at a replacement

rate of 100% of previous earnings up to a maximum of nine months at an average of around a 30%

replacement rate (as in the UK)7. Maternity leave policies aim at preserving the labour market

attachment of mothers despite temporary interruptions, but they might have undesired effects on

women’s wages and career progression as they create incentives for mothers to stay away from their

jobs for longer and to create a longer career interruption than would otherwise have been the case.

The net effect of parental leave on female employment has been the focus of several empirical

studies. Among others, Lalive and Zweimüller (2009) found a significant short run (first three years

after childbirth) negative effect on female employment and earnings of an extension of the parental

leave from one to two years that was implemented in Austria in 1990. These negative effects

were larger for high wage women. In 2007 Germany implemented a reform that linked maternity

leave benefits to pre birth income, thus incentivizing high earnings women to take up maternity

leave. The reform resulted in delayed return to work and in increased part-time employment in the

medium run (Kluve and Schmitz, 2014).

The second class of policies, public provision of childcare, can be done through cash transfers

7Figures from OECD Family Database.
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or in-kind provision. Spending on childcare varies widely across countries. OECD figures show

that spending on early childhood education and care range between almost 2% of GDP in Iceland

down to 0.1% in Greece and Turkey; the UK spending at 0.7% of GDP matches the OECD average

(see Farquharson (2019)). Subsidized childcare programmes often have several aims, including

promoting child development and functioning as transfers to parents, but in relation to labour

markets their goal is to facilitate parental (and particularly maternal) labour supply. In countries

where there is little private provision of childcare, publicly provided childcare provides an important

substitute for parental (and particularly maternal) care. But even where there is a robust private

childcare market in place, public childcare subsidies reduce the out-of-pocket costs parents face

and, hence, the penalty they face on their effective hourly wage relative to childless workers.

Overall, empirical evidence on the impact of childcare subsidies on maternal labour supply has

been mixed. Studies tend to find larger effects in countries where crowd-out is less of a concern

(Bauernschuster and Schlotter (2015)); where pre-reform female labour supply is lower (Lundin

et al. (2008)); and where initial childcare costs are higher and other barriers to female employment,

such as low labour demand or more traditional gender attitudes, are lower (Nollenberger and

Rodŕıguez-Planas (2015); Havnes and Mogstad (2011), Givord and Marbot (2015), Cascio and

Schanzenbach (2013), Lefebvre and Merrigan (2008)). The size of the incentive also matters. For

instance, Brewer et al. (2020) find that the provision of free childcare places only affects maternal

labour supply significantly if the number of subsidised hours is large enough. Part-time places

are unlikely to change mothers choices as they do not offer enough flexibility for them to take up

paid work. This non-linearity in the effects of interventions has rarely been studied and is key for

optimal design.

Lastly, in many countries the tax and transfer system now provides some form of income top-

up and tax incentive to low-earning parents. The UKs Working Tax Credit, following a major

expansion of the tax credit system in the late 1990s, has been a prominent example (though it is in

the process of being subsumed within universal credit, which is replacing and integrating multiple

transfer payments), alongside the US’ Earned Income Tax Credit. The aim of these policies is to top
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up the incomes of low-earning working families while also encouraging higher rates of employment

among those families (especially single parents). There is good evidence for the UK that it achieved

these goals (Blundell et al. (2016), Brewer et al. (2006)).

A third, more profound long-term impact that one might expect to follow from this would be

a steeper career trajectory as parents remain more attached to the labour market and build up

more experience in work than they would otherwise have done: encouraging them in to work would

be merely a stepping stone to wage progression. Unfortunately this appears not to have been an

outcome in the UK, due to precisely the kinds of wage dynamics uncovered in this paper. The wage

returns to experience are generally quite low for those with lower education levels, and they are

especially low for those doing part-time work. The means-tested nature of tax credits mean that

they disproportionately impact those with lower education levels and they can often incentivise

part-time work over full-time work, since they get withdrawn from families if earnings rise too

high. Hence the long-term impacts of tax credits on wages have been very limited (Blundell et al.

(2016)).

Since the nature of these wage dynamics have only been studied relatively recently, they have

not yet been factored in to the design of in-work cash transfers. It may well be that their design can

be refined given what we now know a lot more about the longer-term difference in payoffs between

part-time and full-time work. That said, it should be noted that its impact on the gender wage

gap would still be limited by the fact that means-tested transfers are targeted at those with low

pay, who are also disproportionately concentrated in the lowest education group. For them, the

impact of even full-time work on future wages is relatively modest. It is in fact highly educated

mothers for whom these experience-wage dynamics are largest and who fall furthest behind their

male counterparts in the years after childbirth.

The empirical reduced form evaluations cited above shed light on the most successful kinds

of reforms at addressing gender wage gaps. However, much of the evidence still focuses mainly

on the short- and medium- run impact of policies, whereas the effects of these policies crucially

depend on the incentives that women, and households more in general, face over the entire life-

33



cycle. Therefore, in order to assess the long run impact of these policies, one must take into account

working experience accumulation. The main contribution of this paper is precisely to provide a

simple but flexible empirical framework that features this dynamic mechanism and that can be used

to inform policy debate. Our results highlight, for instance, that policies incentivising mothers of

young children to remain actively in full-time work is likely to help their career progression and pay

handsomely in the long-term, particularly for those mothers with medium to high qualifications.

Taking a broader perspective, it is important to bear in mind that a general cross-country

policy recommendation does not exist. Every country has its own mix of policies and each policy

should not be analyzed in isolation from the specific institutional background in which it is set as

its effect depends on what other incentives and protections are there. Moreover, the interaction

of public policies with social norms and attitudes towards mothers’ participation to the labour

market, that are country-specific and are evolving at different paces across countries, should not

be overlooked. Finally, there could be relevant demand effects of public interventions aimed at

reducing gender pay and employment gaps. For instance, policies that help bringing up the labour

supply of mothers may help containing statistical and other types of discrimination differentially

affecting wage setting and career progression of men and women (Xiao (2020)).

8 Concluding remarks

Gender differences in rates of full-time and part-time paid work after childbirth are an important

driver of differences in hourly wages between men and women. This is because they affect the

amount and type of labour market experience that men and women build up, and this experience

affects the hourly wage levels they can command. In this paper we show that differences in working

experience are determinant in explaining the gender pay gap of college graduates, for whom they

can explain up to two thirds of the wage differences 20 years after childbirth. The role of experience

in driving the gender wage differences of those with GCSE-level and A-levels qualifications is more

modest, accounting for about one third of the gap 20 years after the first childbirth.

It is not only taking time out of paid work that matters, but crucially working part-time after
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childbirth seems to hold back women’s wages. This is because extra experience in full-time work

leads to higher hourly wages, whereas extra experience in part-time work does not.

A key challenge for future research, then, is to understand why part-time work shuts down wage

progression so much. There are a number of possibilities, including less training provision, missing

out on informal interactions and networking opportunities, and genuine constraints placed upon

the build-up of skill by working fewer hours. Understanding this properly looks of great potential

importance for policy makers who want to address the gender wage gap. Of course, our results

also suggest that an alternative (or complementary) focus would be on understanding the causes

of gender differences in rates of full-time work in the first place, such as the division of childcare

responsibilities.

Our results also show that closing gender gaps in rates of full-time and part-time paid work,

or narrowing the difference between the impacts of full-time and part-time paid work on wage

progression, cannot be expected to close the gender wage gap fully. This is especially relevant when

thinking about the relationship between the gender wage gap and poverty: among lower-educated

people, there is already a relatively substantial gender wage gap before the first child is born, and

gender differences in full-time and part-time paid work in the subsequent 20 years explain only a

minority of the gender wage gap that has built up by that point. Previous research suggests that

other contributing factors could include women being less likely to work in more productive firms,

less likely to successfully bargain for higher wages within a given firm, and more likely to enter

family-friendly occupations over high-paying ones.8 Better understanding of mechanisms such as

these, and their underlying causes, is another key priority for further research.

8Others have looked at some of these issues. E.g., see Adda et al. (2017), Card et al. (2015)
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Appendix

Model and estimation

Our model of wages, in equation (3) in the main text, is reproduced here for completeness:

∆ lnwit = −δ +
(
π1 + π2e

P
it + π3e

F
it

)
Pit−1 +

(
φ1 + φ2e

P
it + φ3e

F
it

)
Fit−1 + ∆uit

The direct estimation of this model using the sample of women in continuous work will likely

result in biased estimates given the endogeneity of the employment and hours decisions as well as of

the experience variables. Here we set out how we extend the control function method of Heckman

(1979) to deal with these sources of bias. We proceed in three stages.

In the first stage we estimate the following employment regression

Eit = 1
{
βEY

NW
it + γEXit + rE,it > 0

}
(4)

where Y NW is the excluded variable, X includes various exogenous covariates, including indica-

tors for the presence of children, presence of a partner and whether the partner is working, region

dummies, and a second order polynomial in two background indices. The background factors sum-

marise some characteristics of the individual’s parental home and are meant to capture permanent

individual traits that drive productivity in the labour market and labour supply choices.9 The

residual rE is assumed to follow a standard normal distribution.

Y NW summarises how the sequence of tax and welfare reforms changed the incentives to work of

women in different family arrangements. To construct it, we use a tax micro-simulator, FORTAX,

which contains a fine description of direct taxes and benefits in the UK, and how they changed over

the entire observation period.10 We use it to simulate the disposable income of each family at each

9They are the first two factors from a principal component analysis on a set of variables describing the socio-
economic background of the woman. These include her parent’s education and whether they were working when she
was 16, whether she lived with both parents a that same age, books at home as a child, ethnicity, number of siblings
and sibling order.

10FORTAX is a detailed tax and benefit micro-simulation tool that can be used to accurately predict the budget
constraints families face by earned income. It accounts in detail for the tax and welfare system in place at each point
in time how they changed over the period of our data. More information can be found in Shephard (2009) and Shaw
(2011).
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point in time under the scenario that the woman does not work. To avoid possible contamination

from correlation between spouses earned income, we do not consider spousal earned income in

producing the simulated income variable. So Y NW is essentially a measure of the net public

transfers the family is entitled to in case the woman does not work, disregarding the earnings of a

present spouse. We then net out aggregate time effects and fixed family demographic effects from

the resulting simulations to obtain Y NW . So all variation in the simulated instrument results from

how policy reforms differentially affect the disposable income of different types of families over time,

would the woman not work (see Blundell et al. (1998)).

The second stage of our approach deals with the endogeneity of
(
P, F, eP , eF

)
. We estimate the

following system of equations for hours and experience, conditional on employment:

Fit = 1
{
βFZit + γFXit + ηFλE

(
Y NW
it , Xit

)
+ rF,it > 0

}
(5)

ePit = βePZit + γePXit + ηePλE
(
Y NW
it , Xit

)
+ reP,it (6)

eFit = βeFZit + γeFXit + ηeFλE
(
Y NW
it , Xit

)
+ reF,it (7)

In the above set of equations, Z represents the excluded variables, X is as defined above, λE
(
Y NW
it , Xit

)
is the inverse mills ratio from the employment regression, and (rF , reP , reF ) are the residuals.

Two of the instruments included in Z are constructed in the same way as Y NW but for positive

working hours. They are meant to capture changes in incentives to work more hours. We simulate

disposable income variables for each family and time period for the cases where women working 25

and 40 hours per week (part-time and full-time hours respectively). The simulations are produced

on predicted female wages on a full set of time and age dummies, fully interacted with education.

As before, the simulations do not account for the earned income of a present spouse. They are

also residualised of aggregate time and family demographics effects. In addition to these two

instruments, we also add a set of instruments more closely related to accumulated years of working

experience, including a cubic polynomila in age, and the ages of the youngest and oldest children.
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Our full wage regression model is

∆ lnwit = −δ +
(
π1 + π2e

P
it + π3e

F
it

)
Pit−1 +

(
φ1 + φ2e

P
it + φ3e

F
it

)
Fit−1 + (8)

ξE0λE
(
Y NW
it , Xit

)
+ ξE1λE

(
Y NW
it−1 , Xit−1

)
+

ξFλF (Zit−1, Xit−1) + ξePλeP (Zit−1, Xit−1) + ξeFλeF (Zit−1, Xit−1) + vit

where (λE , λF , λeP , λeF ) are the control functions for, respectively, employment, working hours,

years of part-time experience and years of full-time experience. The first two are inverse mills

ratios, calculated on the estimates of the two probit regressions for employment and hours; the last

two are the residuals from the linear regression equations for years of experience.11

Estimates of first and second stage regressions

Table 4: Employment regressions for women by education, probit specification

(1) (2) (3)
GCSEs A-levels Degree

Simulated income if woman not working (Y NW ) -0.005∗∗ -0.004∗∗ -0.002∗

(0.000) (0.000) (0.001)

X2-test on instrument 232.9 127.4 5.9
p-val 0.000 0.000 0.015

N 30,858 30,422 11,092

Notes: Estimates on UKHLS data for the 1991-2016 period. All regressions also control for a set of exogenous
characteristics, including a cubic polynomial in age, indicators for the presence of children, presence of partner
and whether partner works, region of residence, time dummies and a quadratic polynomial in the two indices
of socio-economic background. The The F statistics at the bottom of the table test the signifi
cance of the simulated income variable. Standard errors, shown in parentheses under estimates, are clustered
at the individual level. ∗ p < 0.05, ∗∗ p < 0.01.

11We ran alternative specifications, using more flexible functions of the λ’s, but our results were not sensitive to
this.
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Table 5: Full-time hours conditional on employment, women by education, probit specification

(1) (2) (3)
GCSEs A-levels Degree

Simulated income in part-time work (Y P ) -0.001 0.002∗ -0.002
(0.001) (0.001) (0.001)

Increment to full-time hours (Y F − Y P ) 0.003∗∗ 0.003∗∗ -0.001
(0.001) (0.001) (0.001)

Age -2.880∗ -4.062∗∗ 1.684
(1.301) (1.434) (2.769)

Age squared 0.940∗∗ 1.182∗∗ -0.376
(0.360) (0.401) (0.748)

Age cubic -0.098∗∗ -0.114∗∗ 0.027
(0.032) (0.036) (0.066)

Age of youngest child 0.026∗∗ 0.046∗∗ 0.017
(0.007) (0.009) (0.018)

Age of oldest child -0.016∗ -0.008 0.006
(0.007) (0.008) (0.016)

X2-test on income instruments 19.2 21.3 3.2
p-val 0.000 0.000 0.203

X2-test on all instruments 75.4 84.3 11.9
p-val 0.000 0.000 0.105

N 22,488 25,879 9,818

Notes: Estimates on UKHLS data for the 1991-2016 period. All regressions also control for a set
of exogenous characteristics, including indicators for the presence of children, presence of partner
and whether partner works, region of residence and a quadratic polynomial in the two indices of
socio-economic background. The X2 statistics at the bottom of the table test the signifi
cance of the two simulated income variables, as well as of the entire set of instruments including
the simulated incomes, cubic polynomial in age and the age of youngest and oldest child. Standard
errors, shown in parentheses under estimates, are clustered at the individual level. ∗ p < 0.05, ∗∗

p < 0.01.
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Table 6: Years of full-time work experience, women by education, linear regression model

(1) (2) (3)
GCSEs A-levels Degree

Simulated income in part-time work (Y P ) -0.001 -0.009∗∗ -0.006
(0.005) (0.004) (0.005)

Increment to full-time hours (Y F − Y P ) 0.014∗∗ -0.008∗ -0.004
(0.006) (0.004) (0.005)

Age 17.183∗∗∗ 3.469 20.997∗∗

(6.549) (5.715) (8.176)
Age squared -1.292 2.521 -3.064

(1.874) (1.629) (2.288)
Age cubic -0.034 -0.337∗∗ 0.241

(0.173) (0.151) (0.211)
Age of youngest child 0.037 0.057 -0.028

(0.045) (0.063) (0.102)
Age of oldest child -0.312∗∗∗ -0.307∗∗∗ -0.264∗∗∗

(0.040) (0.057) (0.092)

F -test on age instruments 472.4 581.2 243.0
p-val 0.000 0.000 0.000

F -test on all instruments 398.4 681.5 411.4
p-val 0.000 0.000 0.000

N 18,692 20,891 7,996

Notes: Estimates on UKHLS data for the 1991-2016 period. All regressions also control for a set of exogenous
characteristics, including indicators for the presence of children, presence of partner and whether partner works,
region of residence and a quadratic polynomial in the two indices of socio-economic background. The F-statistics
at the bottom of the table test the signifi
cance of the five age instruments, as well as of the entire set of instruments including the simulated incomes, cubic
polynomial in age and the age of youngest and oldest child. Standard errors, shown in parentheses under estimates,
are clustered at the individual level. ∗ p < 0.05, ∗∗ p < 0.01.
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Table 7: Years of part-time work experience, women by education, linear regression model

(1) (2) (3)
GCSEs A-levels Degree

Simulated income in part-time work (Y P ) 0.007∗ -0.003 0.008∗

(0.004) (0.003) (0.004)
Increment to full-time hours (Y F − Y P ) -0.013∗∗∗ -0.017∗∗∗ 0.000

(0.005) (0.003) (0.004)
Age -0.107 5.994 -19.588∗∗∗

(4.985) (3.980) (5.284)
Age squared -0.164 -1.747 5.385∗∗∗

(1.425) (1.144) (1.469)
Age cubic 0.088 0.201∗ -0.469∗∗∗

(0.132) (0.107) (0.136)
Age of youngest child 0.037 -0.031 0.035

(0.041) (0.049) (0.086)
Age of oldest child 0.100∗∗∗ 0.174∗∗∗ 0.176∗∗

(0.037) (0.044) (0.076)

F -test on age instruments 210.4 100.1 26.5
p-val 0.000 0.000 0.000

F -test on all instruments 157.0 74.8 20.8
p-val 0.000 0.000 0.000

N 18,692 20,891 7,996

Notes: Estimates on UKHLS data for the 1991-2016 period. All regressions also control for a set of exogenous
characteristics, including indicators for the presence of children, presence of partner and whether partner works,
region of residence and a quadratic polynomial in the two indices of socio-economic background. The F-statistics
at the bottom of the table test the signifi
cance of the five age instruments, as well as of the entire set of instruments including the simulated incomes, cubic
polynomial in age and the age of youngest and oldest child. Standard errors, shown in parentheses under estimates,
are clustered at the individual level. ∗ p < 0.05, ∗∗ p < 0.01.
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