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Project Overview
Three years (September 2019-September 2022)

Analyses birth cohort data to explore the gender wage gap
across cohorts and over the life-course

Providing a comprehensive analysis of the GWG across
individuals' lives, up to the age of 60 in the case of the 1958
cohort, and across generations

The UCL team:

e Alex Bryson (Pl)
Heather Joshi (co-investigator)
David Wilkinson (co-investigator)
Francesca Foliano (Research Fellow)
Bozena Wielgoszewska (Research Fellow)

All information on the project, including news and updates, is on
the website: https://www.ucl.ac.uk/ioe/departments-and-
centres/departments/social-science/gender-wage-gap-
evidence-cohort-studies



https://www.ucl.ac.uk/ioe/departments-and-centres/departments/social-science/gender-wage-gap-evidence-cohort-studies

Research Questions

What does the GWG look like over the life course and across birth cohorts?

How much of the GWG is accounted for by differences in human capital
accumulation over the life course?

What roles do family formation and care responsibilities play in the
emergence of, and persistence in, the GWG?

How much of the gender wage gap is attributable to the sorts of jobs
undertaken by men and women, particularly in relation to full-time/part-
time status and occupation?

What role do early childhood attributes and experiences play in
determining the subsequent wage gap between men and women and do
childhood influences still matter having accounted for early adulthood
experiences?



Data

National Child Development Survey (NCDS): a cohort of over 17,000 individuals born
in one week in 1958. They have been surveyed nine times to the age of 55 and, given the

length of the proposed project, we will be able to follow them through to age 61 (Sweep
10).

The British Cohort Survey (BCS): a cohort of over 17,000 individuals born in one week
in 1970. They have been surveyed 10 times to the age of 47.

Next Steps, (previously the Longitudinal Study of Young People in England) which, in
2004, started surveying all young people in Year 9 who attended state and independent
schools in England (around 16,000 individuals born in 1989/90). They were surveyed
every year until 2010 and were last surveyed in 2015/16 for Sweep 8 at age 25.

National Survey of Health and Development: 1946 Birth Cohort

Millennium Cohort Study (MCS): a cohort of 19,000 individuals born in 2000-2002.
Now aged 20.

All participated in the COVID-19 Survey: 3 waves (May 2020, Sept/Oct 2020, Feb/Mar
2021) https://cls.ucl.ac.uk/covid-19-survey/

Pseudo birth cohorts: LFS, ASHE, Understanding Society, BHPS



Why Birth Cohort Data?

Different cohorts are exposed to different labour market and policy
conditions during their lifetimes.

For instance, the 1958 cohort left school when the Equal Pay Act was first
being implemented whereas the Act had been in place for a decade when
the 1970 cohort left compulsory education.

The education gap between men and women has disappeared and even
reversed, such that the returns to employment will have shifted markedly
between men and women across the generations.

Attitudes to women's labour market participation and men's household
production have shifted. These changes in social norms, together with
attendant changes in public policy, have created opportunities for men and
women to combine paid and unpaid work and leisure in ways not hitherto
possible, with uncertain consequences for the life choices and earnings
patterns of men and women across the life-course.



Methods

By analysing nationally representative birth cohort data for people born in
1958, 1970 and 1989/90 this study addresses the topic from three angles:

1. We consider the evolution of the GWG over the whole life-course. This is
important because factors governing both selection into employment and
wage determination vary for men and women well into later life.

2. Because we track people from birth, we obtain a picture of the links
between childhood circumstances, skills and experiences and subsequent
earnings for men and women - and thus the size of the wage gap.

3. We distinguish between the effects of ageing and birth cohort, something
that is only possible with data tracking multiple birth cohorts.



Methodological Challenges

Selection into employment: over the life course and across cohorts
Panel attrition

Imputation to tackle data missingness/item non-response
Consistency in dependent variable

Consistency in independent variables

Common support problems

Cross cohort comparison



Selection into Employment

Selection into employment may vary over time and by age group, imparting
different biases to a GWG based solely on those in employment.

This can occur simply because the participation rate varies over time, or else
because different types of women/men refrain from the labour market.

When interpreting trends in the GWG one needs to account for the changing
composition of women (and men) in and out of employment.

If the attributes of those in employment have changed over time, gender differences
in these changing attributes may disguise the underlying rate of change in the
GWG.

Part of GWG may reflect non-random selection into employment based on earnings
potential but the nature of potential bias is uncertain a priori



Previous literature on Selection

Various methods for dealing with selection

Imputation of wages to non-employed (assumes selection
captured by observed data)

Sample selection adjustment (requires instrument but
exclusion restriction problems (Adda et al, 2017))

Bounding (Blundell et al., 2007)
Sub-group analysis where men and women similar eg FT

No consensus in the literature as to trends in selection into
employment (see Table A2 of Bryson et al. 2020 supplementary appendix)

In the UK

reduction in positive female selection into employment in last few
decades due to big rise in overall female participation rates

Fall in participation among older men has meant positive selection in
recent years

Female selection into employment in the early post-war period was likely
to have been different (negative)


https://oup.silverchair-cdn.com/oup/backfile/Content_public/Journal/oxrep/36/4/10.1093_oxrep_graa046/2/graa046_suppl_supplementary-appendix.docx?Expires=1628062912&Signature=zZlGpUrsPTifdMm64CqdEKpabfqdleM2tJEw3uwMkLfYUhaFx4fxBvQYAlzT1N-KH0N66NTkG5l6CmpTVTczjXUq-8qYCRqqq6JlejGkl-PuZWxZi8BG3VvGUHti-1Rs5LEqqrAd49kLrRu2U3BqIjVpI1eCWT9a-iLqkhirvuZfQ6C2m0LWLd0rRRJl1Dz7kPf0zG2JDNN5Znwq49lZUMJ1IxCdOVfhmM8T3IJfepZfXbvdTbdRhyo2I3EB2Cv1QusDgUIccOxgAHhkAB3IPJl0-uD2iQm1QoAE2pWUXg35D-qxNCAG1kvt%7Eop6ezYY1XeeYXocxpmWLVzuK3Rt1w__&Key-Pair-Id=APKAIE5G5CRDK6RD3PGA

Impute Earnings of the Non-Employed
Various options

- use panel nature of the data where individuals are
intermittently employed eg. Olivetti and Petrongolo (2008)

- Predict with Mincerian wage equation
- Match non-employed to ‘like’ earners (Neuburger et al 2011)
We do the last of these

Run matching estimators for various subgroups

- Employees without wage; self-employed; unemployed; non-
participants

- Within sweep and within gender

- Using nearest neighbour PSM to identify those with nearest
employment probability

- Enforce with common support



Mechanics of Matching to Impute Earnings
of the Non-Employed

Probits for probability of employment separately by sex and cohort sweep

Covariates to be used in the matching process
- Fortunate in the case of the birth cohorts due to richness of data from birth

Enforce common support by dropping cases whose propensity for waged
employment falls below the lowest probability for the waged employee sample
at that sweep

Median imputed wages for non-employed by sex and sweep presented in

Appendix Figures Ala-A2b

- Shows imputed earnings tend to be lower for non-employed than employed
in case of men and women

- However, varies a lot by age

- And in some cases (eg self-employed women) imputed wage is above that

for employed women


https://oup.silverchair-cdn.com/oup/backfile/Content_public/Journal/oxrep/36/4/10.1093_oxrep_graa046/2/graa046_suppl_supplementary-appendix.docx?Expires=1628096733&Signature=cjB-11CNzGUmudm18kixNDAm06v4%7EHK7fbLQRNOLImbF7UyPAMYi%7EyZWnkbnaM%7EICDGO0mXOzamUd6fjSBnOV8wxsSoAD3ysNCuWzZqq%7EhBBxUYzDFGOJzsTGBqxkX-9N50FJY4CIC21Cnr3Qc-2lJCgKDgOyF5nIQwR69%7Ec6uy3icSatH8UzsEJBoahHkZ9xMaf9fgkIMDZ9tnO3pnMPQ6KkJkVBm-lZ9XAyq6mOsh7AxpNkrPdm%7EDBIxUaXaG%7ETW8sLESkS6-67XR%7EjDjcPa6JUANx9i-LC77BvzDmHe4wS7rfiuR24PByzNDhuoX6DSKyJx0hApm6sQF8N4dfgQ__&Key-Pair-Id=APKAIE5G5CRDK6RD3PGA

Adjusting for Panel Attrition
Lose substantial part of the sample by the time NCDS reach age 55

We adjust for sample attrition by weighting the separate male and female wage
equations by the inverse probability of responding to each sweep

For each sweep the response variable takes the value 1 when the outcome of
the interview was productive for the given person; and O if the interview was
productive at age 10/11, but not the given sweep.

Cohort members who died or emigrated were not included in the target sample
for that sweep. When there was missing data for covariates, missing dummies
were included. For continuous variables, the values of covariates were assigned
the mean of known values for each sweep and gender. For each model the
values of weights which were below the 1st percentile and above 99th
percentile, were replaced to the 1st and 99th percentile respectively.

See Appendix Tables A7a and A7b for covariates used in NCDS and BCS



Presenter
Presentation Notes
Attrition weights based on following covariates: father’s social class; birth weight; region at birth; age of mother at birth; marital status of mother at birth; mother smoked during pregnancy; breastfed; housing tenure at birth/age 5; N persons in a room age 5/7; maths score age 11; reading score age 11; smoking up to age 16; drinking up to age 16; Rutter child development index; N older and younger siblings at age 16.


https://oup.silverchair-cdn.com/oup/backfile/Content_public/Journal/oxrep/36/4/10.1093_oxrep_graa046/2/graa046_suppl_supplementary-appendix.docx?Expires=1628096733&Signature=cjB-11CNzGUmudm18kixNDAm06v4%7EHK7fbLQRNOLImbF7UyPAMYi%7EyZWnkbnaM%7EICDGO0mXOzamUd6fjSBnOV8wxsSoAD3ysNCuWzZqq%7EhBBxUYzDFGOJzsTGBqxkX-9N50FJY4CIC21Cnr3Qc-2lJCgKDgOyF5nIQwR69%7Ec6uy3icSatH8UzsEJBoahHkZ9xMaf9fgkIMDZ9tnO3pnMPQ6KkJkVBm-lZ9XAyq6mOsh7AxpNkrPdm%7EDBIxUaXaG%7ETW8sLESkS6-67XR%7EjDjcPa6JUANx9i-LC77BvzDmHe4wS7rfiuR24PByzNDhuoX6DSKyJx0hApm6sQF8N4dfgQ__&Key-Pair-Id=APKAIE5G5CRDK6RD3PGA

Derivation of the GWG

We calculate unadjusted and covariate-adjusted gender wage gaps
by estimating a quantile regression model at the median by gender
for each sweep.

We then recover predicted wages for the sample of females, based
on their characteristics, under a female-only model and under the
male-only model.

We express the gap between these two predictions as a ratio of
the median wages obtained under female-only model, relative to
the median wages obtained under the male-only model.

To account for selection into employment we perform the same
exercise, but this time combining both observed and imputed
wages.
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NCDS raw gap is 16pp age 23, doubling to 31pp by age 33, at its maximum (35pp) at age 42, then falling to 28pp at age 55.  Attrition matters little.
BCS raw gap is 9pp age 26, rising to 16pp by age 30, 20pp by age 34, 26pp at age 38 and 31pp at age 42.  Again, attrition matters little.

These gaps are underestimated early in life if one fails to account for non-random selection into employment.  The GWG is around 4pp larger at age 23 in NCDS when selection-adjusted.  Similarly the gap is around 3pp larger at age 30 for BCS.



Findings for Raw GWG

1. The GWG grows until mid-age then falls

2. The GWG is smaller across the life-cycle in BCS v NCDS
* Raw, attrition adjusted and selection adjusted

3. Results are not particularly sensitive to attrition
adjustment
* The black lines track the red lines
e Attrition adjustment closes the GWG a little later in life in
NCDS
4. Adjusting for selection into employment plays a small,
albeit significant, role in the size of the GWG over the
life-cycle
* Adjusting for selection into employment increases the size of
the GWG in early life in both NCDS and BCS
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Findings for covar-adjusted GWG

1. NCDS

Life-course pattern of GWG similar to that for raw gap, but
gap begins to close in 30s not 40s

Gap is less pronounced than raw gap due to human capital
differences in 30s and 40s

Accounting for attrition gap is larger later in life
Selection-adjustment means gap is larger until 40s

2. BCS

GWG much flatter between 20s and 40s when covariate
adjust due to human capital differences

GWG always smaller than in case of NCDS
GWG smaller with selection-adjustment



Imputation for Data Missingness
1. So far have adopted standard approach in economics
 Imputation at mean and additional imputation dummy
* Inclusion of missing category where categorical
 Check against complete (non-missing) estimates

2. Be clear about assumptions regarding missingness at
random

3. In on-going work we are adopting multiple
imputation techniques more commonly used by our
CLS colleagues

4. Likely to adopt Schafer’s data augmentation approach
(Schafer, 1997) under the assumption of ‘missing at
random’ (MAR). Implies that our estimates are valid if
missingness is due to variables included in our models
(Mostafa et al., 2020: Silverwood et al., 2020).



Consistency in Dependent Variable
Want consistency but not always apparent

Which earnings? Gross v net
Which hours? With or without overtime etc.

B W

How were they requested?

* Interviewer v self-completion; question ordering;
contemporaneous v earlier jobs

5. What to do when not consistent?
* Ways to convert net into gross earnings

* We also cross-referred to data containing both for similar
years (the FES)

e How do your gross hourly earnings compare to
measures used in other studies?

*  Which earnings/hours; median v mean; log v not

e  Outliers and trimming



Consistency in Independent Variables
1. Some are particularly problematic

2. Occupational classifications
* Cross-walks
* Programmes taking verbatim data and recoding
 But occupations really do change

3. Qualifications

. Really tough to code consistently over life course
. Derived from Census, GHS, birth cohort studies and LFS




The Common Support Problem

When men and women are so different

Part-time employment a big issue for women but
early on very few men in PT employment making it
difficult to compare due to low N problem and
potential for collinearity with female and PT

Can run analyses for FT workers only

But we are able to recover estimates which condition
on PT status in our case. And becomes easier with
increasing N male PT in recent years



Cross-cohort Comparisons

1. Be clear why you are doing it

. Might be external validity in testing a theory you expect to hold across
cohorts

. Or might expect differences, e.g. theory guiding expectations on
selection into employment

. Cf no selection issue in MCS

2. Interpretation of similarity/difference can be tricky without
theory

3. Construct validity across cohorts

Testing to see whether respondents/parents in cohorts interpreted a
guestion in a conceptually similar manner by checking for
measurement invariance

. Scalar and metric invariance
. Not relevant to hourly wage but to other things e.g. conduct problems



1.

2.

3.

Lessons I’'m trying to Learn

How robust are results to doing things differently?

E.g. methods for addressing selection into employment
Potential benefits of multiple imputation

how different are the results?
Tension between innovation and consistency in data collection

How a data item is gathered
Ensuring same set of key data items available

Grappling with alternative estimation methods (Strittmatter
and Wunsch, 2021)

Assumptions behind various decomposition methods: Gelbach, JMP
and how they relate to one another

Value of semi-parametric approaches



Detail on Some of the Issues Discussed

Bryson, A., Joshi, H., Wielgoszewska, B. and Wilkinson, D. (2020) "A
Short History of the Gender Wage Gap in Britain”, Oxford Review of
Economic Policy, 36, 4: 836-854

Supplementary Appendix to Bryson et al 2020

Joshi, H., Bryson, A., Ward, K. and Wilkinson, D. (2021) "The Gender
Gap in Wages over the Life Course: Evidence from a British Cohort
Born in 1958”, Gender, Work & Organization, 28: 397-415



https://watermark.silverchair.com/graa046.pdf?token=AQECAHi208BE49Ooan9kkhW_Ercy7Dm3ZL_9Cf3qfKAc485ysgAAAtwwggLYBgkqhkiG9w0BBwagggLJMIICxQIBADCCAr4GCSqGSIb3DQEHATAeBglghkgBZQMEAS4wEQQMiXha0scvr839WcMqAgEQgIICj1ZpRqbVdwbAkex9R6LqjnNG_gZ_7rPsomIytYoeocgm_CPwDAeypr0jJ2kLgo4xDMxzF2RJtKfmTdPW5fS7XAR7LH4NwaPTWt4oxICCPKksPn8wIgc69bwWu4eBWftH3q1LSOnmz50zf0jbcwWhn00t7lj3dEY14SS4y_hCZ06-g6aUcq-jnBPJvWTqUdVdnl4hL0yEy0gd5YWEOuUo9aECWH118732xlXPKO_3kK3ipZgmXmamc7w74NecpuYCYxuMwQxziWA5JUlRsfhJfe9Ibfuls7g-D76B2LUaLNV7CGYDxk2qEHPNB4sYvqpXGigtRTnois1iCFqhvjGLbna0U4ASCL1gfq5eXZnOQBoj8qLz70CL04Z2WX9qna5JMGmsKu_5-1UQYMzINcEkapmM8DL5BIue8pzXYmUlz7EzajvJZT6iWuLPbGrAf9sQdd-LkIpj4CIMsglqGQrEElbC8U5m7sP8Ydw554I8h3tirFNnGtS3oYjvNczvBEO10FmE3IjIDPsGq7lVkOv_X8-QexTgNpVfuKyHietMJM7ZCtwV-KmdN3vvMqM_WAi_9IFJQmlanXFEXmtgLL-kvzBFy52FmA6CmTDtayVN0rK1akegPKYFfkjFq5fzQJ0iDuhiZN3IfRCAKKPXpCTCC6ECsi7217mgEWaVv35k2KhBZsqZcal7vsTWhWoaFu20KZWyRz_WN1DEpllZuL7C2rsT-qF9mfClbkqZhnvh0Bn737HncTHb46TDrRzkF_dx4PsCTaRbD0YNmM-aGDvJy20wIHyTFZSLu_y8omWpAAFIRK06YG9q13RxXDMArwE1btxMmEyGFEDNOjmeUznQSh-BrlvDHTV4Nv0CltZiGTc
https://oup.silverchair-cdn.com/oup/backfile/Content_public/Journal/oxrep/36/4/10.1093_oxrep_graa046/2/graa046_suppl_supplementary-appendix.docx?Expires=1628062912&Signature=zZlGpUrsPTifdMm64CqdEKpabfqdleM2tJEw3uwMkLfYUhaFx4fxBvQYAlzT1N-KH0N66NTkG5l6CmpTVTczjXUq-8qYCRqqq6JlejGkl-PuZWxZi8BG3VvGUHti-1Rs5LEqqrAd49kLrRu2U3BqIjVpI1eCWT9a-iLqkhirvuZfQ6C2m0LWLd0rRRJl1Dz7kPf0zG2JDNN5Znwq49lZUMJ1IxCdOVfhmM8T3IJfepZfXbvdTbdRhyo2I3EB2Cv1QusDgUIccOxgAHhkAB3IPJl0-uD2iQm1QoAE2pWUXg35D-qxNCAG1kvt%7Eop6ezYY1XeeYXocxpmWLVzuK3Rt1w__&Key-Pair-Id=APKAIE5G5CRDK6RD3PGA
https://onlinelibrary.wiley.com/doi/epdf/10.1111/gwao.12580
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