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Abstract

Gender Pension Gaps (GPG) represent crucial indicators of gender inequalities over the life
course. Despite reaching higher levels, they receive less attention than other gender
inequalities, such as gender wage gaps. More generally, research on gender inequalities
typically focuses on selected sets of life course summary measures, predominantly the
employment duration, to explain gender inequalities across the life course. This inadequately

reflects the complexities of gender-specific life courses.

Taking a life course perspective and using data from the Survey of Health, Ageing, and
Retirement in Europe (SHARE) for the Netherlands and West Germany, | propose an
innovative combination of machine learning, sequence analysis, and decomposition
techniques, allowing for a new perspective on gender inequalities over the life course. The
study contributes by disentangling which specific life course elements are most relevant for
pension inequalities and quantifies the role of gender-exclusive life-course experiences for

gender disparities.

| find that the duration, timing, order of life-course states, and overall life course complexity
matter for pension income inequalities in both pension systems. Specifically, the duration,

timing, and order of care work experiences are more crucial pension predictors than



employment duration, which has been the primary focus of previous research. The largest parts
of the GPGs are attributable to gender-exclusive life course experiences: There is no male
counterpart for the female engagement in care work, which is poorly rewarded in pension

systems.

Future research and policymakers likely benefit from considering such gender-specific
combinations of life-course experiences and applications of the methodological approach to

other inequalities.

Keywords: gender inequality, Gender Pension Gap, Life course, Feature selection, pension

inequality, pension system, decomposition



1 Introduction

Life courses are gendered across different contexts (e.g., Fasang and Aisenbrey 2022; Carla
Rowold, Struffolino, and Fasang 2024; Uccheddu et al. 2022) and gender inequalities tend to
accumulate across the life course (O’Rand 1996). As a result, gender inequalities in old age,
such as the Gender Pension Gap, are associated with gender inequalities experienced at
previous life stages and tend to be more pronounced than those (Hammerschmid and Rowold
2019), and are widely regarded as an indicator of gender inequalities over the life course.
However, they are less studied compared to gender inequalities before old age, such as the
gender wage gap. At the same time, individuals’ pensions are determined by social policies
that reward the use of time over the life course (e.g., Ginn, Daly, and Street 2001).
Consequently, pensions represent an example of “[w]hat is valued, protected, or rewarded over
the life course” (O’Rand 1996: 230). Accordingly, Gender Pension Gaps emerge from
gendered life courses and their unequal valuation (Carla Rowold, Struffolino, and Fasang

2024), which relates to the wider literature on the devaluation of female work (England 2005).

Given that pensions are the main income source in old age (Kuitto, Madia, and Podesta 2023)
and that elderly women are more likely to live in single-person households, improving
women’s pensions is important to tackle the higher old-age poverty risk women face (Ahonen
and Kuivalainen 2024). Exploring gendered pension disparities from a life-course perspective
this study sheds light on which life-course events drive the accumulation of gender inequalities
and have the most severe consequences for economic wellbeing in old age. By focusing on the
drivers of GPGs in two pension systems, the study contributes to the wider literature on gender
inequalities by disentangling how the valuation of relevant, and potentially gendered, life-

course experiences leads to high gender disparities in pensions. It informs about the



intertemporal interaction of former welfare state policies, which shaped the work-family life

courses of the elderly population, with pension policies, valuing these life courses.

Previous research underscores that Gender Pension Gaps are highly determined by life courses
(Foster and Ginn 2018; Madero-Cabib and Fasang 2016; Rowold, Struffolino, and Fasang
2024). Key aspects of life courses are the duration, timing, and order of events (Halpern-
Manners et al. 2015; Liao et al. 2022; Studer and Ritschard 2016). However, the most common
empirical approach to analyse Gender Pension Gaps (GPG), focusses on one life-course aspect,
namely the duration in specific life-course states (e.g., Bardasi and Jenkins 2010; Bonnet,
Meurs, and Rapoport 2020; Cordova, Grabka, and Sierminska 2022; Even and Macpherson
2004; Zhao and Zhao 2018; Frommert and Strau3 2013). As other life-course elements beyond
the duration of (full-time) employment are not considered in these studies (Rowold,
Struffolino, and Fasang 2024), it is not surprising that most studies find the lower years women
have spent being (full-time) employment compared to men being the main reason for the GPGs.
However, increasingly differentiated (increasing within-individual variation in life-course
experiences, e.g., more events and transitions experienced) and destandardised (increasing
between-individual life-course variation, i.e., life courses across individuals differ) life courses
(Fasang 2012; Brickner and Mayer 2005) as well as pension privatisation challenge the
predictability of pension income based on the duration in life-course states. Consequently,
considering such life-course complexities, such as the timing or order of family-related
employment interruptions, becomes increasingly vital in both conceptualizing pensions and
conducting analyses. This is particularly the case for gender-focused studies, given that
women's life courses are more complex than men's (Carla Rowold and VVan Winkle 2023; Van
Winkle 2018; Van Winkle and Fasang 2017; 2021).

Moreover, studies highlight that focusing on simple life-course summary measures such as the

duration simplifies life courses and risks concealing important evidence compared to indicators



that capture whole trajectories (Halpern-Manners et al. 2015; Rowold, Struffolino, and Fasang
2024). However, such approaches do not inform about which specific elements of life course
matter most for inequalities and should be particularly targeted by policymakers.

This study is located between both approaches and addresses the risk of concealing important
associations of the GPG with more complex life-course dynamics assessing two main

questions:

1) Which work and family life-course experiences are relevant predictors of pension
income inequality?

2) How are these life-course experiences associated with the GPG?
Suggesting an innovative combination of two recent methods, the Nopo decomposition with
the Life-course Feature Selection contributes by revealing which parts of the GPG are
attributable to the gender-exclusive combination of life-course experiences, allowing for a new
perspective to approach life-course-sensitive and gendered inequalities in outcomes. Together,
this two-step approach disentangles whether the association between years of full-time
employment and the GPG has been overestimated and what part of GPGs is instead due to
other relevant work and family life-course elements, and their gender-exclusive experiences.
First, the Life-course Feature Selection (Bolano and Studer 2020) systematically identifies the
most important determinants of pension income covering all working and family life-course
aspects (duration, timing, order, complexity). Empirically investigating previously unexplored
life-course factors influencing pension income gains importance as pension calculations
become opaque, notably with the rise of private pensions. Second, | decompose the Gender
Pension Gaps based on the most important life-course pension predictors identified in the first
step by applying the Nopo (2008) decomposition. | argue and empirically confirm that applying
the commonly employed Kitagawa-Oaxaca-Blinder (KOB) decomposition (e.g. Bardasi and

Jenkins 2010; Bonnet, Meurs, and Rapoport 2020; Even and Macpherson 2004; Frommert and



StrauR 2013; Zhao and Zhao 2018) to gender inequalities in life-course-sensitive outcomes in
conservative contexts and thereby assuming comparability across genders, previous research
likely overestimates the compositional component of gender gaps because men’s and women’s
work-family life courses severely differ (e.g., Rowold, Struffolino, and Fasang 2024;

Uccheddu et al. 2022).

Comparing West Germany and the Netherlands allows for analysing the interrelation of similar
conservative welfare state contexts in place along the life course and different pension systems
at the end of one’s life course for shaping the gender inequality in pension income. It reveals
whether the most important pension predictors and their association with the Gender Pension
Gap vary across pension systems, holding the overall level of gender inequalities in life courses

stable.

Highlighting which pension design rewards or penalizes which life-course experiences allows
policymakers to better match pension policies to gendered life-course inequalities that were
shaped in the former welfare regimes and thus prevent the reproduction of inequalities in old

age.

2 Background

2.1 Life courses and pension outcomes from a gender perspective

The life-course approach highlights that individuals’ biographies unfold within the context of
opportunities and constraints that are shaped by the socio-historic context, the
interdependences with other individuals or across different life-course contexts as well as the
timing and order of events along life courses (Elder, Johnson, and Crosnoe 2003). For example,
family lives matter for the emergence of gendered inequalities over the life course given that

work-family interdependencies are low or non-existent for men, but high for women (Fasang
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and Aisenbrey 2022; Madero-Cabib and Fasang 2016; Carla Rowold, Struffolino, and Fasang

2024).

Additionally, the Cumulative Advantage/Disadvantage (CAD) highlights the dynamic that
(dis)advantages of individuals or groups, and thus inequality, accumulate over time (Dannefer
2003; DiPrete and Eirich 2006; O’Rand 1996). Applying the path-dependency of CAD to
economic outcomes in old age, individuals' previous work and family characteristics, as well
as their interrelation, impact their economic situation at old age a) indirectly by influencing
access to specific career and family characteristics that are relevant for economic outcomes and
b) directly (Halpern-Manners et al. 2015), for example, if they are differently rewarded in the

pension system (e.g., Ginn, Daly, and Street 2001; Madero-Cabib and Fasang 2016).

Applied to the GPG, the strength of the life-course approach is to reveal how pension
regulations reward gender-specific life courses or aspects which were formed by other public
policies decades before pension receipt (Madero-Cabib and Fasang 2016; Carla Rowold,
Struffolino, and Fasang 2024). It highlights how different welfare state policies across several

decades interact with each other to reproduce or buffer inequalities (O’Rand 1996).

While life courses can be seen and operationalized as holistic entities, focussing on key aspects
of life courses can disentangle which specific elements of life courses reproduce
(dis)advantages at later ages. Life-course aspects cover the duration, timing, and order of life-
course states or transitions (Halpern-Manners et al. 2015; Liao et al. 2022; Studer and Ritschard
2016), as well as its overall complexity (Elzinga 2010). Despite strong theoretical reasons for
the relevance of different life-course complexities for pension accumulation, it is often not clear
which specific life-course aspects and elements these are. For example, is the significance of
events over the life course determined more by their chronological order or their timing? If

timing matters, then which specific timing is crucial, and how should it be operationalized?



Figure 1 depicts example trajectories from ages 18-65 selected from the analysis sample to

visually introduce the different life-course aspects and their theoretical relevance.

(i) The life-course aspect ‘duration’ captures the time spent in the life-course states. For
example, Herbert was 42 years full-time employed and George 27 (Figure 1). Applied to
pension income inequality, focussing on the duration of (full-time) employment is
straightforward because most pension systems are built “based on the norm of continuous full-
time employment” (Leitner 2001, 103). In line with this, the duration of full-time employment
is arguably a good proxy for the continuous employment life courses of Herbert and George
and has been used predominantly in the empirical literature (see section 2.2). Given the lower
(full-time) employment rate of women, women’s duration in full-time employment will be
lower on average. Consequently, and based on previous studies, it appears straightforward to
assume that the duration of full-time employment is the most important predictor of pension

income inequalities and the gender gap therein (expectation 1a).*

According to the duration of full-time employment, the life courses of George, Gisela, and
Agatha are very similar since they spent almost the same duration in full-time employment.
However, Gisela and Agatha did not experience continuous full-time employment careers
comparable to George, but several care-related employment interruptions and different work
states. Thus, relying on the duration of employment simplifies the more complex life courses
of Agatha, Gisela, Hilde, and Mary when it comes to the frequency, order, duration, and timing
of employment interruptions and types. This goes back to the “Steady Worker Bias [which]
conceptualizes the career as a relatively sustained sequence of full-time jobs of longer as

opposed to shorter durations over the adult life span” (O’Rand, 1996, S. 235). However, the

! The research design is exploratory and therefore unsuitable for classical hypothesis testing. However, |
summarize some overarching expectations based on the theory, previous literature and policy context to guide
through the results.



duration of full-time employment is systematically less applicable to “women's more
interrupted, mobile, and truncated work career patterns” (O’Rand, 1996, S. 235). Strongly
gender-specific life courses are confirmed in conservative, liberal, or Southern European
welfare states (e.g., Madero-Cabib and Fasang 2016; Carla Rowold, Struffolino, and Fasang
2024; Uccheddu et al. 2022). Thus, in line with the life-course paradigm, other life-course
experiences beyond the time spent being (full-time) employed (timing, order, or duration in
other work and family states or overall life-course complexity) may play a role for pension

income, and the gender gap therein (expectation 1b).

(if) Timing considers at what time or age individuals were in a specific state or experienced a
transition. For example, Agatha had her first care period (i.e., the first occurrence of doing care
work in her life course) at age 21, Hilde at 24, and Mary at 31 (Figure 1). For pension income,
the timing of retirement matters directly since pension claims are deducted (early retirement)
or subsidized (postponing retirement) in many pension systems (e.g. for Germany, OECD
2013). More indirectly and in line with the concept of path dependency, the timing of
transitions that can be identified as turning points is relevant, as they are likely to alter
“opportunities and experiences immediately thereafter” (Bernardi, Huinink, and Settersten
2019, 4) and thus impact the remaining trajectory. For example, labour market interruptions
(e.g., due to childcare) as well as their length, the likelihood and timing of resuming
employment, and determination of subsequent working hours (e.g., de la Vega 2022; Ziefle
and Gangl 2014) matter for the subsequent career (e.g., Aisenbrey, Evertsson, and Grunow
2009) and accumulation of lifetime earnings (de Castro Galvao 2023). Additionally,
parenthood often marks the beginning of more traditional gender attitudes and a gendered
division of labour (e.g., Anxo et al. 2011; Baxter et al. 2015). Consequently, childbirth is often

a turning point constraining mother’s careers and the age at childbirth likely matters.



Accordingly, I expect the timing of childbirth and employment interruptions to play a role for

(gendered) pension claims.

(iii) In line with the concept of path dependency (Bernardi, Huinink, and Settersten 2019) the
order of specific life-course events might be important for pension accumulation. Order refers
to the sequencing of multiple events along the life course. For example, Gisela was full-time
employed, before she had her first care work period, and then worked part-time before she
experienced her second care work period (Figure 1). For individuals taking up care duties,
whether they have been (full-time) employed before the unpaid care period likely sets the
opportunity structure to enter the labour market at later life-course stages. In this study, order
also covers which states are experienced within the life course at all as well as the number of
periods in a specific (order of) state over the life course (e.g., George has no care work period,
Mary has one and Hilde three). Multiple employment interruptions might be a proxy for weak
labour market attachment and thus low opportunities to build up high pension claims (the
discussion on the timing of care work can be applied to whether individuals experience care

work as well).

Based on these considerations, | expect that the timing, order, and duration of care-related
employment interruptions are among the most important life-course pension predictors and are
particularly important for the GPG (expectation 2). This is because care work is not equally
rewarded to employment in the pension system (see section 2.3) and is likely to limit career
prospects over the life course and thus pension contributions. Concerning family life courses,
| expect that particularly the timing of childbirth matters, especially for women's pension

income, given its link to a gendered division of labour (expectation 3).

(iv) Complexity of life courses aims to capture the complexity, unpredictability, or stability of

the observed life-course period, thereby reflecting the life course concept of differentiation
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(Van Winkle and Fasang 2017; Briickner and Mayer 2005; Fasang 2012). It can be estimated
in several ways but is most often defined based on the number of distinct life-course states, the
number of transitions between such states, and/or entropy (see for an overview: Ritschard
2023). Similarly to the order, complexity can be both positively or negatively related to pension
income accumulation. For example, a high complexity, driven by transitions to non-
employment states, can prevent an accumulation of pension claims, whereas a low level
complexity can be negatively associated with pensions too, if it is based on not participating in

the labour force at all.

2.2 Empirical evidence on Gender Pension Gaps

There are two main approaches to studying Gender Pension Gaps. The first and most common
approach assesses gender inequality in pension income using different variables that aim to
summarize life courses. Most of the studies focus on the life-course concepts of duration. For
decomposing the GPG, studies usually target the sum of years spent in relevant states until old
age, most often, the years in (full-time) employment (e.g., Bardasi and Jenkins 2010; Bonnet,
Meurs, and Rapoport 2020; Cordova, Grabka, and Sierminska 2022; Even and Macpherson
2004; Frommert and Strauf} 2013; Zhao and Zhao 2018). Predominantly they highlight that
large parts of gendered pension income inequality are due to women’s fewer years spent in
(full-time) employment and partly also women’s lower earnings and lower education.
Similarly, the evidence for Germany suggests that gender differences in full-time employment
are the main reason for gender gaps in pension income or wealth (e.g., Cordova, Grabka, and
Sierminska 2022; Frommert and StrauB 2013). More specific for the German case is that
women’s longer duration in part-time jobs helps shrink the GPG. For the Netherlands, the
gender gap in total pension income is mostly due to gender differences in paid work and tertiary
education (Bettio, Tinios, and Betti 2013). Dotti Sani & Luppi (2021) found across many

countries, including Germany, that the longer the mothers abstain, the lower their pension
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income. In the Netherlands, however, there is less clear evidence of such associations,
suggesting a lower reproduction of care-related inequalities in the Dutch pension system.
Fewer studies show that family life-course experiences such as the number of children, the
partnership status, or the duration of different partnership statuses matter for women’s old age
income in different welfare regimes (e.g., Fasang, Aisenbrey, and Schomann 2013; Kreyenfeld,
Schmauk, and Mika 2023).

The second approach to analyse gender pension disparities uses Sequence Analysis to first find
and describe common patterns of life courses and then assess how these are related to women’s
pension income (Madero-Cabib and Fasang 2016; Mohring and Weiland 2022) or the Gender
Pension Gap directly (Carla Rowold, Struffolino, and Fasang 2024). These studies find that
women-typical life courses characterised by care-related employment interruptions or part-
time employment lead to lower pension incomes in Italy, West Germany and Switzerland
(Madero-Cabib and Fasang 2016; Carla Rowold, Struffolino, and Fasang 2024) and, for West
Germany, that women in male-breadwinner couple life courses receive the lowest pension
income (Mdéhring and Weiland 2022). Furthermore, Rowold et al. (2024) quantify that the
dominance of mothers in the life courses characterised by employment interruptions, unpaid
care work and part-time employment is the primary factor contributing to the GPGs in West

Germany and Italy because these life courses result in low pension incomes.

However, there is not yet a systematic understanding of which elements of life courses are most
important for pension income inequality and the gender inequality dimension therein. The first
approach in the literature usually simplifies life courses based on summary measures and
neglects life-course experiences beyond the duration. Using selective sets of life-course
summary measures has been shown to conceal important evidence (Halpern-Manners et al.
2015; Carla Rowold, Struffolino, and Fasang 2024). Particularly, when the life courses of

interest span several decades, multiple life-course domains (such as work and family), or many
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different life-course categories (e.g., full-time and part-time employment, care work,
unemployment, etc.) it is hard to theoretically disentangle which specific ones of this multitude
of elements should be considered. The result is that the literature largely relies on the most

straightforward and easily extractable concept: the duration in states.

While the second approach reveals the complexities and potential multidimensional linkage of
different life-course domains, it does not isolate specific life-course elements because the life-
course clusters are usually subject to within-group heterogeneity concerning one or several life-
course elements. For example, life courses with the same order of specific life-course states
but different timing of the transition might be clustered in one group. The holistic approach
thus risks concealing which specific aspects within common life-course types are specifically
important for gendered pension inequality. This, however, is important to understand for
developing targeted public policies aiming at reducing the accumulation of inequalities over

the life course.

2.3 Welfare state context & country comparison design

The country comparison aims to assess whether similar gendered life-course experiences are
differently related to the Gender Pension Gaps across different pension systems. The design is
in line with the life-course approach, which argues to consider the sum of all institutions within
a country as ‘packages’ as well as the interactions of different policy domains (Fasang 2012;
Fasang, Aisenbrey, and Schomann 2013, 2). Consequently, I do not discuss single elements of
the welfare and pension regimes but describe and assess them as well as their interaction with
each other as whole ‘packages’. The welfare state contexts are relevant to understanding how
the work and the family lives of the individuals, and gender inequality therein, were shaped.
Information on the pension system is necessary to gain an understanding of how the pension

regulations reward these life courses with pension income.
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West Germany and the Netherlands are ideal cases for the research design as they share similar
gender inequalities before the statutory retirement age but have very different pension systems.
Gender inequalities before old age: the welfare state regimes

The welfare state regimes of the Netherlands and Germany are both considered conservative
(e.g., Uccheddu et al. 2022) and incentivised a traditional gendered division of labour, i.e. the
notion that men are the main breadwinner and women the main caretaker.?2 Family policies
specifically set the ground for an accumulation of gender inequalities over the life course. For
such conservative welfare contexts, research has shown that family and work life courses are
highly intervened for women, but not for men (e.g., Madero-Cabib and Fasang 2016; Carla
Rowold, Struffolino, and Fasang 2024). For more details on specific policies see Appendix
8A3.1.

Figure Al descriptively confirms a very similarly gendered distribution of work life-course
categories from age 18- to 65 for the study sample in both countries. Dutch and German men’s
working life courses were dominated by full-time employment in the private sector while

women’s lives were dominated by unpaid care work, after short, initial full-time careers.

Gender inequalities in pension income: the pension systems

The Dutch and the German pension systems are classified as two opposing ideal-typical
pension systems, the Beveridgean and the Bismarckian system (Ebbinghaus 2021). The aim of
the Beveridgean system is historically to ensure a minimum income, while the Bismarckian
was implemented to reproduce the pre-retirement living standard in old age, including its
inequalities (Ebbinghaus 2021). Both pension systems consist of three pillars: the public,

occupational, and personal pensions. When it comes to gender inequality in pensions it is

2 The studied cohorts in Germany lived most of their preretirement lives in the two different welfare regimes of
the separated Germany, the conservative FRG and the socialist GDR. Since these welfare regimes are strongly
correlated with gender inequalities as well as gender role attitudes (e.g., Sprengholz, Wieber, and Holst 2022;
Trappe, Pollmann-Schult, and Schmitt 2015), | focus on the regions of Germany that previously belonged to the
FRG (i.e., West Germany).
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important to consider both the amount of claimed pensions and the access to pensions (Ginn,

Daly, and Street 2001).

Public pensions. In contrast to the Bismarckian system in Germany where a minimum
contribution record of five years is required for accessing public pensions, most residents from
age 65 are eligible in the Beverdigean system in the Netherlands (Ebbinghaus 2021; OECD
2013).

The Dutch public pension system provides a generous flat-rate basic pension whereby the
amount depends on the household situation (living alone or not), and the years of residence in
the Netherlands (OECD 2013). In Germany, individuals collect pension claims throughout
their employment career and based on their relative earnings. For each year they were
employed, they receive earning points that mirror the individual’s relative position in the
earnings distribution of all eligible employees. The German public pension system is thus
strongly linked to employment outcomes even though some redistributional elements exist (see

Appendix 8A3.1).

Private pensions (occupational and personal). Occupational pensions are pension schemes on
the company level that are sponsored by the employer whereas personal pensions refer to
entirely personal saving plans (Ebbinghaus 2011).® The access to and amount of such private
pensions is restricted by labour market characteristics such as (lifetime) earnings, occupation
and industry as well as company size— labour market characteristics that are highly gender
stratified resulting in lower access for women (Fasang 2010; Ginn 2004). Consequently, private
pensions are generally more likely than public pensions to reproduce gendered labour market
inequalities due to the stronger link of claims to stable employment and earnings and the lack

of redistributive elements (Mohring 2015).

3 With ‘private pensions’ I refer to occupational and personal pensions jointly.
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The Netherlands reaches almost full coverage of the (quasi)mandatory occupational pension
scheme (Ebbinghaus 2011). However, gender differences exist: 85% of men and 40% of
women in the study sample (see Data) had any occupational pension in the Netherlands. The
coverage of occupational pensions in Germany is lower, reaching 42% of men and 29% of

women in the studied sample.

In summary, the German pension system is an illustrative case of a Bismarckian pension system
with earnings-linked public pensions, and a still low but increasing importance of private
pensions. The pension income inequality in Germany comprises all types of pension income,
whereas pension inequality is driven by private pensions in the Netherlands. The Dutch
Beveridgean pension system illustrates a context with generous flat-rate public pensions, but
very high levels of private pensions. The Dutch context thus offers insights into whether
gendered life-course inequalities are reproduced in a pension system with high levels of private
pensions, which is the direction many European pension systems are heading (Ebbinghaus

2011), even if the public pensions are highly progressive.

Given the evidence on gendered work-family life courses and the link of pension returns to
employment outcomes, | expect that considerable parts of the GPG are attributed to highly
gender-exclusive combinations of life-course experiences that generate different pension

income levels (expectation 4, Nopo components DA and DB, see section 3.2).

3 Data & Methods

3.1 Data
This paper applies data from the Survey of Health, Ageing and Retirement in Europe (SHARE)
on cross-sectional information such as pension income and retrospective data from

SHARELIFE. The sample consists of individuals aged 65 or older, who were not employed or
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received payments from employment and had no missing information for the variables used
(see Table A2 for the sample selection).* Merging waves 2, 4, 5 and 6 to maximise the
observations resulted in 1623 observations in West Germany and 1089 in the Netherlands

covering birth cohorts 1911-1950 (median 1940).

The dependant variable, pension income, is surveyed at the year of the interview, deflated and
top-coded. It sums up regular payments from public, occupational, and personal pensions and
considers individuals without any independent pension income with an income of O.
Consequently, it covers gender differences in access to and amount of pension income. The
pension operationalisation focusses on the financial independence and security of women,
whereas derived claims are associated with a loss of autonomy (e.g., Ginn, Daly, and Street
2001). Consequently, derived pensions, such as survivor pensions, are excluded (see Table Al
for all pension types considered). This perspective is relevant for reducing the risk of female
poverty in old age, upon union dissolution for example, and is largely applied in the field (e.g.

Fasang, Aisenbrey, and Schomann 2013; Méhring 2015; for an overview see: C Rowold 2023).

The family and working life categories are based on the retrospective survey data from
SHARELIFE. | differentiate between seven mutually exclusive family categories (see Figure
Al and Figure A3) and nine categories for the work trajectory (see Figure 1 and Figure A2; see

Appendix 8A3.2.1 for details on the categories).

3.2 Analytical strategy

The first step of the analysis identifies and ranks the most important pension predictors among
a set of hundreds of life-course variables. Second, | decompose the GPG based on these most
relevant life-course elements. Both analysis steps are run separately by country to reveal

potential country-specific patterns.

4 Non-employed respondents who report spare time work are kept in the analysis sample.
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3.2.1 Step I: Life-course Feature Selection

For the Life-course Feature Selection, | first extract a multitude of life-course variables (i.e.,
‘features”) covering the duration, timing, order, and overall complexity of work and family life
courses (Studer 2018). | focus on the duration (i.e., the years spent in a life-course state), the
number of frequent sub-sequences of states, the age at which each nth spell per state occurred,
the age period when transitions between states occurred, the age at the first transition of a
subsequence, and complexity measures of life courses. The different properties are described
based on example trajectories in Appendix 8A3.2.2.

In total, 785 features of work and family life courses in Germany and 606 in the Netherlands
are automatically extracted. | removed some features based on empirical and theoretical
considerations and multicollinearity concerns (Bolano and Studer 2020), resulting in a set of
221 features in West Germany and 212 features in the Netherlands. | operationalise the duration
and complexity as continuous variables (in line with the literature). The rest of the variables

are categorical because of the data structure (see Appendix 8A3.3).

To select the most important pension predictors | use the Boruta algorithm. Boruta is preferred
for this study because it considers potential interactions between life-course features (i.e.,
variables) for assessing their importance (Bolano and Studer 2020). This is relevant to consider
potential interactions between features of the family and work dimension which has shown to
be particularly important for the gender dimension of pension inequality (Carla Rowold,

Struffolino, and Fasang 2024).

The Boruta algorithm is based on a random forest (RF) approach and, other than normal RFs,
it provides a cut-off point for distinguishing between important and unimportant features by
generating so-called shadow features (randomized versions of the original features). RF is run

over the original data as well as over the shadow features. The original features then compete
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against the shadow features and are only considered important for the outcome if they perform
better in the RF than the best-performing shadow feature.

The outcome of Boruta is a set of the most important variables (i.e., those performing better
than the shadow features) ranked by their mean importance® for predicting pension income (for

more details, see Kursa and Rudnicki 2010).

3.2.2 Step I1: Decomposition analysis

The most common decomposition in the field is the Kitagawa-Oaxaca-Blinder decomposition
(e.g. Bardasi and Jenkins 2010; Bonnet, Meurs, and Rapoport 2020; Even and Macpherson
2004; Frommert and StrauR 2013; Zhao and Zhao 2018). It decomposes the average GPG in
an explained and unexplained part (Kitagawa 1955; Oaxaca 1973; Blinder 1973). The
explained component quantifies the share of the gap that emerges from the gender-specific,
observed characteristics (compositional differences). The returns component of the
unexplained share shows which part of the GPG is due to differences in pension income of men

and women for the same characteristic (differences in returns).

However, the KOB approach has been criticised for comparing wage (here: pension) equations
of men and women who lack comparability and the Nopo decomposition outperforms the KOB
in empirical cases of incomparable groups, i.e., a lack of counterfactuals (Hamjediers and
Sprengholz 2023). It further contributes by quantifying which parts of the GPG stem from
highly gender-specific (life course) segregation. | argue that this perspective is particularly
pertinent for gender- and life-course-sensitive outcomes, due to highly gendered work-family

life courses (e.g., Rowold, Struffolino, and Fasang 2024; Uccheddu et al. 2022).

For example, in a traditional gender context, there might be many women with several care

work periods after an initial full-time employment career, but no men. Thus, we lack a

5 Mean importance is calculated based on the loss of accuracy due to permutation averaged over all random trees
and does not imply a meaningful interpretation in absolute terms but is to be interpreted in relative terms.
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counterfactual (pension income of comparable men) to compare these women’s pension
income with. In cases of lacking common support, the unexplained and explained shares of the

KOB may be biased (Hamjediers and Sprengholz 2023).

To address the common support problem Nopo (2008) suggests applying a nonparametric
decomposition technique by using one-to-many exact matching and decomposing gender gaps

into four additive components:
Yy — Yy = Dx + DO + DA+ DB

Dx and DO are analogues to the explained part and unexplained parts of the KOB but calculated
only over the common support (i.e., men and women who are matchable regarding the observed
characteristics). Similar to the KOB, the reference group has to be specified for the Nopo
decomposition. | define women as group A and men as group B (for details on the method and

its parameters see Appendix 8A3.4).

Dx. The explained part reveals which part of the gap emerges because men and women are
differently distributed across the combinations of observed characteristics. With women as
group A, Dx is the part due to gender differences in characteristics when the returns of women

to these characteristics are applied.

DO0. The unexplained part quantifies gender differences in pension income that cannot be

explained by differences in observed characteristics.

The other two components are the parts of the GPG due to the gender differences in support
and, in combination with the Life Course Feature Selection they quantify the share of the gap

due to group-specific life-course experiences.

DA. DA is the part of the gap that occurs because the matched sample of women has on average

higher or lower pension income compared to the unmatched sample of women.
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DB. DB is attributable to differences in average pension income between the matched and the

unmatched sample of men.

The components DA and DB provide additional insights compared to the KOB revealing how
much of the gap stems from extreme group-specific segregation (Sprengholz and Hamjediers
2022). In combination with the Life-Course Feature Selection they quantify the role of
extremely unequal life-course experiences of men and women, i.e., combinations of life-course

elements that only occur for one group.

| follow the recent suggestion to start any analysis of group inequalities with a Nopo
decomposition to test how much of the gap is due to a lack of common support (Hamjediers
and Sprengholz 2023). Given that there is a substantial lack of common support, DA and DB

(see section 4.2), | proceed with the Nopo decomposition.

| use Nopo decompositions with stepwise models containing cumulative sets of the selected
variables from the Life-course Feature Selection. Variables are added in descending order by
their variable importance as estimated by the Boruta algorithm (see Appendix 8A3.3 for

details).

4 Results

4.1 Step I: Life-course Feature Selection

Figure 2 shows the mean importance of the selected pension life-course predictors (in total 35
in West Germany and 19 in the Netherlands) in descending order, differentiated by the different
life-course aspects (color) and the most prevalent life-course states (shape).

Life-course variables covering all life-course aspects considered— timing, duration, ordering,

and complexity—play a role for pension income (see also Figure A4). This contributes to
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previous research which has overwhelmingly used the duration in different states as the main
predictor of pensions. In West Germany, the top-10 pension predictors are dominated by the
ordering and timing of life-course experiences, and in the Netherlands, where the duration in
states is more frequently selected, the overall complexity of work life courses stands out as one

of the main pension predictors.

Whereas in both countries the two most important pension income predictors are related to the
duration in life-course states, contrary to expectation 1a, the duration in full-time employment
is not among them. The years spent in full-time employment play a rather subordinate role in
pension income inequality in West Germany (ranked 7" in mean importance) and the
Netherlands (ranked 17" in mean importance, Table A6). Instead, in both countries, unpaid
care work emerges as one of the key factors contributing to pension income inequality
(expectation 2 confirmed, Figure 2). In West Germany, the sum of years engaged in unpaid
care work (duration) is the second most important pension predictor, followed by the number
of care work periods across the life course (order) and the age at the start of the first care work
period in individuals’ lives (timing). In the Netherlands, the duration of care work is the most
important life-course element for predicting pension income, while the timing and order of care
work are moderately important, but still surpassing the duration of full-time employment. In
West Germany, two more care-related life-course experiences stand out as moderately relevant:
the age at the transition from care work to part-time employment if later in the life course a
transition from part-time employment to retirement followed as well as the age at the transition
from care work to full-time employment if later in the life course individuals returned to care

work (both timing & ordering).

Furthermore, the country comparison reveals that the overall unpredictability of working life

courses (complexity) and educational inequalities are more reproduced in the Dutch
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Beveridgean system with the (quasi) mandatory occupational pension scheme. In Germany, the
most important pension predictor is the duration of civil service highlighting the generous
pension benefits for civil servants. Lastly, the age at retiring directly from full-time
employment or civil service is an important pension predictor in West Germany (timing &
ordering). The direct retirement transitions from full-time employment or civil service could
be proxies for gendered retirement pathways which are associated with old age income (e.g.,

Fasang 2010; Riekhoff and Jarnefelt 2018)).

Overall, expectation 1b is thus confirmed: life-course aspects covering the timing or order of
other life-course categories are important beyond the years spent in full-time employment.
Many of these aspects have not been identified or assessed empirically previously, at least

when it comes to Gender Pension Gaps.

Previous literature on the GPG in Germany had highlighted the role of part-time employment
(Frommert and Strauf8 2013; Carla Rowold, Struffolino, and Fasang 2024). However, in West
Germany | find life-course experiences related to part-time employment to play only a
subordinate role in overall pension inequality. No part-time life-course elements are identified
as important pension predictors in the Netherlands. This is astonishing, since in both countries,
part-time employment is relatively common, and highly gender segregated. However, in both
countries the duration of part-time employment is ranked the 9" most important predictor for

women’s pensions (see Table A7).

Likewise, in both countries, family life-course experiences do not stand out as important
pension predictors. In the Netherlands, only the duration of being single and childless is
relevant (ranked 6™). The age at the transition from being married without having children to
being married and having a child (timing & ordering) is moderately relevant in West Germany.

Potentially the association of family lives with pension income is channelled through unpaid
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care work which is linked to family events such as childbirth. Additionally, family life-course
experiences are likely to exhibit opposing associations with pensions for men and women (e.g.,
Kreyenfeld, Schmauk, and Mika 2023; Mdéhring 2015) which may be concealed in the feature
selection for pension income pooled over gender. Indeed, this seems to be mostly the case for
the occurrence of divorce in West Germany (see Appendix 8A3.6.3). However, | cannot find
evidence for the relevance of the timing of family events, especially not for women (expectation

3 rejected).

4.1.1 Sensitivity of the Life-course Feature Selection

Additional analyses confirm the results of the main model and suggest that the identified life-
course predictors related to unpaid care work, especially the timing and ordering of care
experiences, are particularly important for the gendered pension inequality (see A3.6.3 for
details and gender-specific pension predictors). For social policy-relevant sensitivity, I include
survivor pensions in the total pensions, exclude individuals with zero pensions (i.e., focusing
on pension recipients only) and, for the Netherlands only, control for household size. The
overall findings remain the same in the Netherlands and West Germany (see Appendix
8A3.6.2). The most considerable change occurs in the relative importance of the duration of
full-time employment which increases when excluding individuals without pension receipt in
West Germany. However, the duration of care work is still a more important pension predictor.
| further test three alternative feature selection algorithms (recursive feature elimination, Lasso,
Vita). While differences in the ranking of some relevant pension predictors occur, all
algorithms identify the life-course aspects of timing and order as well as aspects related to care
work among the top pension predictors, and, as a more important predictor compared to the

duration of full-time employment (see Appendix 8A3.6.1, Table A4).
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Consequently, the main finding is robust: care work life-course experiences are more important
than full-time employment life-course proxies and life-course aspects beyond the duration in

states matter.

4.2 Step I1: Decomposition of Gender Pension Gaps

The Gender Pension Gap amounts to 13,449 Euros (60.81%) in West Germany and 12,489
Euros (46.37%) in the Netherlands. Table 1 and Table 2 show the variables used for the
stepwise decomposition, the matched sample by gender, and the decomposition results for the
four components of the Nopo decomposition. For each county, | consider only the models with
a reasonable share of matched men and women (models 1-3 for the Netherlands and models 1-

4 for West Germany, see Appendix 8A3.3 for details).

Figure 3 and Figure 4 depict the relative share of the GPG attributable to the decomposition
components. Overall, for West Germany, | can attribute up to 44% of the GPG to gender
differences in common support or compositional differences in the most important pension

predictors (model 4) and up to 69% in the Netherlands (model 3).

Compositional differences (DX): The share of the GPG that is ‘explained’ by differences in
the distribution of characteristics for the matched samples of men and women (i.e., over
common support) ranges between 10.7-16.6% in West Germany (Figure 3; models 1-4, DX).
In the Netherlands, the share of the GPG due to compositional differences over common
support reaches higher levels with 18.7-36.5% (Figure 3, DX). These are lower compositional
components than literature has found using the KOB decomposition and assuming common
support, especially for Germany (Frommert and StrauR 2013; Hanisch and Klos 2014) but also

internationally (Carla Rowold, Struffolino, and Fasang 2024 for an overview).

In West Germany, 14.8% of the GPG is due to differences in the duration of civil service and
care work between men and women with comparable characteristics (64% of women and 100%
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of men matched based on the two most important pension predictors; model 1). I find the largest
explained part when adding the timing of care work as well as the age at the transition to
retirement directly from civil service or full-time employment (timing & ordering) based on
which only 41% of women and 95% of men can be matched (model 2). The GPG would be
reduced by 16.6% if the matched men and women had the same distribution of the observed
characteristics (Figure 3). In the Netherlands, almost one-quarter of the GPG alone is due to
differences in the duration of care work and education from age 18 between matched women
and men (72% of women and 100% of men matched, model 1, Figure 4). The largest
compositional component of the GPG in the Netherlands occurs when additionally including
the unpredictability of working life courses (complexity) as well as the duration of self-
employment and ‘explains’ more than one-third of the GPG (34.5%, model 3). However, the

group of matched women is likely selective (only 20% of women are matched).

Gender differences in support (DA & DB). The Nopo decomposition contributes to previous
literature by uncovering which shares of the GPG are due to pension income differences of
matchable and unmatchable men and women respectively. This provides insights into how
much of the GPG is attributable to gender-exclusive life-course experiences (i.e., combinations
of life-course experiences that appear only for one gender). In both countries, these components
of the GPG (DA, DB) play a significant role, but more consistently across models in West
Germany. In West Germany, a larger part of the GPG (15.2%) is attributable to lower pension
income among the unmatched compared to the matched women (DA, see Table 1) compared
to the compositional component DX. The share rises to 22.6% in model 4, suggesting that the
extremely gender-specific combination of the observed life-course elements plays the main
role for the Gender Pension Gap in West Germany. In the Netherlands, the lower pension
income of unmatched women contributes to 22.7% of the GPG in model 2 and 10.9% in model

3, while in model 1 gender differences in support are not relevant yet.
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In both countries, lower pension income among the unmatched compared to the matched men
(DB) only becomes relevant for the GPG from model 2 onwards because all men are matched
in model 1. In West Germany, the share of the GPG due to DB increases from 2.6% to 10.6%

in model 4. In the Netherlands, it reaches higher levels of up to 22% in model 3.

The results suggest that life-course experiences of men and women differ severely (low shares
of men and women matched) and that gender-specific combinations of such experiences are
related to particularly high or low pensions and thus to large shares of the GPG (DA and DB).
Consequently, the combinations of life-course elements experienced by only one of the genders
and different pension returns for these, are an important reason for the Gender Pension Gap

(expectation 4 confirmed).

4.2.1 Exploring the mechanisms behind DA and DB

To further understand the mechanisms behind the DA and DB components, Hamjediers and
Sprengholz (2023) advise comparing the characteristics across groups and matching status.
Table 3 and Table 4 show the distribution over the selected variables for the samples of matched
and unmatched men and women for model 3. In both countries, the main difference in
characteristics between the unmatched and matched women is that the matched women
engaged in unpaid care work less or not at all. Thus, matched women likely receive higher
pensions because they did not spend substantial time in care work (and, for West Germany,
started their care work engagement relatively late in their life courses, models 2 and 3). For
example, in West Germany, 92% of matched women (89% in the Netherlands) did not spend
any year in unpaid care work and among those who did, almost all had their first care period

late in their life course (Table 3 and Table 4).

Figure 5 confirms these patterns by indicating which categories per variable are most important

for the overall DA component of the decomposition (Sprengholz and Hamjediers 2022). The
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more years unmatched women have spent doing care work, the higher the difference in pension
income compared to the matched women overall and the larger the contribution to the GPG
(D, Figure 5, left panel, Figure A5). In both countries, DA is driven by particularly large

pension penalties for women who spent most years in care work.

Additional visualizations of the whole trajectories by matching status confirm that matching
based on the most important life-course pension predictors in both countries effectively
distinguishes between women with multiple or continuous care work-related employment
interruptions (unmatchable with men) and women with no or only short care work periods but
otherwise continuous employment (matchable with men, see Appendix 8A3.5). Thus, the DA
component in both countries is due to low pensions of unmatchable women with multiple or
continuous care work-related employment interruptions, even though the matching is done
based on different sets of life course proxies, highlighting the importance of interactions across
different life course proxies. For example, the overall complexity of work life courses alone is
not clearly related to pensions per se (confirming findings on West Germany and the UK for
overall income during retirement (Fasang 2012), see Figure A6), but unfolds its relationship

with the GPG in interaction with other life course aspects, such aa the duration of care work.

In West Germany, the pension income differences compared to matched women are
additionally largest for unmatched women who had their first care work spells already at young

ages contributing most to the GPG (Figure 5).

For the Netherlands, the substantial part of the gap resulting from higher pensions for the
unmatched compared to matched men (DB) is due to more years of education of the unmatched
men (e.g., no educational years for 85% of the matched compared to 35% of the unmatched

men, Table 4). Similarly, the DB component in West Germany is due to more years of
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education for the unmatched men (model 4, not shown), but also more years spent as civil

servants instead of private full-time employment (Table 3).

4.2.2 Sensitivity of the decomposition

Following Hamjediers and Sprengholz (2023) | use propensity score matching to evaluate
whether the lack of common support, and consequently the DA and DB components in the
Nopo decompositions, are due to the low sample size. Large shares of women are still not
matchable and substantial shares of the GPG due to DA remain, even though at a decreased
level (particularly for the Netherlands). In contrast, almost all men are matchable when relaxing
the matching approach (DB cannot be confirmed). However, since relatively large DA
components remain, the crucial role of differently rewarded gender-exclusive life-course

combinations for the GPG is underscored.

Moreover, the results depend on the reference group chosen. When the references are swapped,
the explained shares tend to be larger in West Germany for all models and in the Netherlands
for model 1, while they decrease in the Netherlands for the other models (for more details see

Appendix 8A3.6.4).

5 Discussion

Applying an innovative combination of machine learning, sequence analysis and
decomposition tools this study introduces a refined perspective on the emerge of gender
inequalities based on previous life-course experiences. Focussing on pension income in West
Germany and the Netherlands and combining the Life-course Feature Selection with the Nopo
(2008) decomposition for the first time reveals how the most important predictors of overall
pension inequality are associated with the gender gap therein and quantifies the role of gender-

exclusive life-course experiences.
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Using Life-course Feature Selection to identify key pension predictors among hundreds of
variables related to the duration, timing, order and complexity of work and family life courses,
this study finds that aspects beyond full-time employment duration, previously identified as
the main predictor of GPGs (e.g., Bardasi and Jenkins 2010; Bonnet, Meurs, and Rapoport
2020; Cordova, Grabka, and Sierminska 2022; Even and Macpherson 2004; Frommert and
StrauB 2013; Zhao and Zhao 2018), are most relevant for pension income inequalities.
Specifically, the timing and order of life-course events are important pension predictors in
West Germany, and the overall complexity of work life courses stands out in the Netherlands.
Sensitivity tests further highlight that the timing and ordering of life-course experiences,
especially of unpaid care work, matter for gender inequalities in pensions in particular. Future
studies on GPGs should thus incorporate these life-course proxies in their analyses rather than

solely focussing on employment duration and assuming continuous work biographies.

The feature selection manifests that life-course aspects related to unpaid care work are even
among the most critical predictors of overall pension income, underscoring their relevance
beyond gender-specific disparities. The duration, timing, and ordering of care work matter
more for pension income than the duration of full-time employment. This holds in both contrary
pension logics, the Bismarckian and the Beveridgean systems. Even though unpaid care work
can be seen as merely the other side of the coin of (full-time) employment, this finding is highly
relevant as pension systems have the measures to compensate for care work engagement—Dbut
these are just too inefficient to counteract the disadvantages of care work in pensions as the
Nopo decomposition reveals. Thus, one component of GPGs is how men and women divide
paid and unpaid work over the life course, but the other component is how (un)equal both sides
of the same coin are rewarded in the pension system (Carla Rowold, Struffolino, and Fasang

2024).
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The second analytical step, the Nopo decomposition, confirms and quantifies this social
process of generating and valuing gendered life-course opportunities unequally. In both the
Netherlands and West Germany, jointly, the gender-exclusive life-course experiences and
different pension returns for these, are the main reasons for the Gender Pension Gap (DA, DB).
Compared to previous decomposition studies that assumed gender comparability, the Nopo
decomposition suggests that the compositional component of the GPG is smaller. Instead, the
low shares of men and women with comparable life-course characteristics reveal that the life-
course experiences severely differ across genders and highlight the implications of gendered
work-family life-course opportunities that conservative welfare states shape. The traditional
division of labour in West Germany and the Netherlands in the 20" century unfolds its “group-
segregating fashion” (Hamjediers and Sprengholz 2023, 2) by ascribing care work almost
exclusively to women and resulting in highly gendered life-course experiences related to care
work for which no male counterparts exist. Gendered pension inequalities arise from a second
social process whereby pension systems assign a significantly lower value to unpaid care work,
performed predominantly by women, compared to paid work. This underscores the devaluation
of the almost exclusively female unpaid care work. For example, the more years unmatched
women engaged in care work (duration) and (for West Germany only) the earlier they had their
first care work period (timing), the higher the pension penalty compared to women with
comparable life-course characteristics as men. Together, the welfare state policies in place over
the life course that incentivised a gendered division of labour, and the unequal evaluation of
the gendered life-course experiences through pension systems produce high GPGs. Even the
Beveridgean pension system with progressive public pensions in the Netherlands cannot
prevent such reproduction of gendered inequalities in old age as it is flanked with a high

coverage of regressive occupational pensions.
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Consequently, two main routes exist for women to achieve equal pensions compared to men.
The first one is to guarantee women’s access to the highly rewarded and typical male career of
continuous (full-time) employment in the pension system (Carla Rowold, Struffolino, and
Fasang 2024). To this end, policymakers must facilitate gender-equal life course opportunities,
by implementing welfare policies that encourage men to take up their share of care
responsibilities or by defamiliarising care. Or, second, pension systems will have to increase
the valuation of unpaid care work. While for future cohorts of the elderly, the first option is
more sustainably, women who already reached retirement age must rely on redistribution

elements and an adequate valuation of care work in pension systems.

The analytical approach underscores the relevance of all life-course dimensions (duration,
order, timing, and complexity ) for understanding the Gender Pension Gap. This enhances the
existing body of literature, which has often relied on a limited range of life-course summary
measures primarily centred around the employment duration, thereby focussing on an
unsuitable set of predictors. However, the results confirm studies taking a holistic perspective
using sequence analyses. These found that typical female life courses dominated by care work
are associated with the largest pension penalties (Madero-Cabib and Fasang 2016) or the largest

share of the GPG (Carla Rowold, Struffolino, and Fasang 2024).

Empirically, the combination of the Life-course Feature Selection with the Nopo
decomposition proves very suitable for the application to gender inequalities in pension income

and can easily be extended to other group-specific and life-course-sensitive inequalities.

First, the empirical focus on a selective set of life-course summary measures, primarily the
duration of employment, or on holistic life-course types, is not unique to the Gender Pension
Gap literature but applies to other gender inequalities as well. The results indicate that future

research on gendered inequality in life-course-sensitive outcomes would be well advised to
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consider a wider spectrum of life-course variables. Many of the most important life-course
pension predictors that the Life-course Feature Selection uncovered have not been assessed
previously. Consequently, the research design addresses the current “steady worker bias”
(O’Rand 1996, 235) in the literature, which tends to consider (full-time) employment duration
as the default main predictor. This is particularly relevant for future research given that this
tendency is contrasted by the increasingly complex and destandardised life courses (e.g., Van
Winkle and Fasang 2017; 2021). As a result, it is increasingly important to systematically
consider more complex and less easily extractable life-course elements, such as the timing and
order of life-course events and life courses’ overall complexity. The approach helps to
disentangle which specific life-course elements out of hundreds of options are empirically

superior in cases where researchers assume previous trajectories to matter.

Second, future research will benefit from applying the Life-course Feature Selection with the
Nopo decomposition to other group inequalities in other outcomes by quantifying the parts of
the gaps that are driven by extremely unequal (i.e., not matchable) experiences over the life
course. For Gender Pension Gaps the main finding is that the largest parts of the gap are
attributable to the lack of male counterparts for unpaid care work for which the largest pension
penalties exist. The approach might be even more fruitful for disentangling the life-course-
sensitive mechanisms related to inequalities among younger cohorts for which more
destandardised life courses, within and across countries, are expected (e.g., Van Winkle and
Fasang 2017; for on overview: Halpern-Manners et al. 2015). Together with investigations into
other gender disparities, such as in wealth, lifetime earnings, and wages, future research can
reveal whether gender-exclusive life-course opportunities are implicated in the perpetuation of
other gender inequalities, or whether they are unique to pensions and their relevance diminishes

with the advent of younger cohorts. This is important for policymakers given that the evolving
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trend towards more complex life courses puts pressure on policies to adapt to increasingly

diverse life courses.

Finally, future research could address the limitations of this study. Overall, there is a need for
better data beyond employment participation over the life course as highlighted previously
(Bardasi and Jenkins 2010; Carla Rowold 2024). In both countries, parts of gender pension
income inequality are likely related to earnings inequalities or other labour market disparities
over the life course. Moreover, the feature selection approach does not assess which life-course
experiences are the most important for gendered pension income inequality. While sensitivity
tests can approach this, novel algorithms would be preferable. Lastly, for the Nopo
decomposition, a larger sample size would be important to rule out that the lack of common
support (DA and DB components) is simply due to the low sample size (Hamjediers and

Sprengholz 2023).

This study has revealed that previous literature has been biased due to the focus on the duration
of full-time employment, and due to ignoring the incomparable life-course experiences of men
and women. The lack of male experiences of diverse and low-rewarded care work
characteristics over the life courses is the most important reason for gendered pension income
inequality. Highlighting the relevance of specific life-course experiences for the GPG allows
policymakers to employ more targeted policies to prevent the reproduction of gender
inequalities over the life course. In both countries, this would be to equalize the unpaid care
work between men and women over the life course or to reward care work more equally in

pension systems.
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7 Figures and Tables

Figure 1 Example work life courses

Herbert
Georg
Gisela

Agatha
Mary

Hilde

18 20 22 24 26 28 30 32 34 36 38 40 42 44 46 48 50 52 54 56 58 60 62 64

| education or training (EDU) B full-time employed (FT) B unemployed or sick (UNE)
W care work (CW) 71 civil servant (CIV) 1 other (OTH)
M (any) part-time employed (PT) 1 self-employed (SELF) B retired (Ret)

Note: Example working life courses selected from the analysis sample (see section Data). The colour code shows
which working life states the individuals experienced for each year, spanning ages 18-65.
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Figure 2 Mean importance of selected variables by country and life-course state
West Germany

Netherlands

Duration care work (CW)
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Age at 1st EDU spell

Age 23-27: end of EDU
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Duration retirement (Ret)
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Age at 1st MNC->M1C transition
Number of PT periods

Complexity work life (entropy)

Age at 1st EDU->FT transition

Age 23-27: end of EDU

Duration self-employment (Self)
Complexity work life (turbulance)

Age 58-62: start of Ret

Age at 1st EDU->FT_FT_Ret transition
Duration part-time employment (PT)
Age 58-62: end of CIV

Age al 1st FT->CW transition

Age at 1st CW->RET transition
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Number of EDU periods
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Age 63-65: end of CIV
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Mean Importance

Notes: Results for all features selected in the Netherlands or West Germany based on the Boruta algorithm.
Variables sorted by mean importance. Mean importance as z scores.

Alphabet: Family life courses: SNC = single, without child(ren); S1C = single parenthood; MNC = married
without children; M1C = married with one child; M2C = married with two children; M3C = married with three or
more children; DIV = divorced w/o child.
Work life courses: EDU= education or training; CW = unpaid care work; PT = (any) part-time employed; FT =
full-time employed; CIV = civil servant; SELF = self-employed; UNE = unemployed or sick/disabled; OTH =

other; Ret = retired.

Own calculation based on the analysis sample and SHARE waves 2—-6, v7.1.0. Not weighted.
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Figure 3 Nopo decomposition of Gender Pension Gap in West Germany

100
14.8 16.6 14.3 L
80 | o 26 7.5 10.6
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©
()]
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20 Bl DO: Unexplained part
71 DA: Due to unmatched vs. matched women
1 DB: Due to unmatched vs. matched men
[ DX: Explained part
0 .

Set 1 Set 2 Set 3 Set4

Notes: Nopo decomposition of the gender gap in total pension income using the analysis sample and different sets
of variables as covariates, chosen in descending order by their variable importance as estimated by the Boruta
algorithm (see Table 1). Own calculation based on the analysis sample and SHARE waves 2—6, v7.1.0. Not
weighted.

Table 1 Nopo decomposition of Gender Pension Gap in West Germany

Models Variable set 1 Variable set 2 Variable set 3 Variable set 4
Duration care work, set1+ age at first CW set 2 + duration FT, set 3 + duration
duration civil spell, age at start of CW- EDU,
services age at start of CIV- >PT_PT->RET and number of

Variables >Ret & FT->Ret CW->FT_FT->CW  subsequence FT-

subsequences subsequences, >CW

age at 1st civil
service period

% matched women 64 41 35 30
% matched men 100 95 86 72
N of strata 13 79 280 475
N of strata matched 6 19 46 62
DO 9405 7959 7674 7547
DA 2048 2902 2842 3043
DB 0 356 1015 1426
DX 1997 2232 1918 1433

Note: Nopo decomposition of the Gender Pension Gap into the four components presented in equation 2. %
matched refers to the share of women and men respectively matched for the respective characteristics controlled
for. Own calculation based on the analysis sample and SHARE waves 2-6, v7.1.0. Not weighted.

50



Figure 4 Nopo decomposition of Gender Pension Gap in the Netherlands.
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BN DO: Unexplained part

71 DA: Due to unmatched vs. matched women
71 DB: Due to unmatched vs. matched men
[ DX: Explained part

Notes: Nopo decomposition of the gender gap in total pension income using the analysis sample and different sets
of variables as covariates, chosen in descending order by their variable importance as estimated by the Boruta
algorithm (see Table 2). Own calculation based on the analysis sample and SHARE waves 2-6, v7.1.0. Not

weighted.

Table 2 Nopo decomposition of Gender Pension Gap in the Netherlands

Models

Variables

% matched
women

% matched men
N of strata
N of
matched
DO

DA

DB

DX

strata

Variable set 1

Duration care
work, duration

education

72

100
24

10

9403
82
0
3003

Variable set 2

Set 1 + Complexity work
life courses (entropy)

25

89
116

36

5603
2841
1712
2332

Variable set 3

Set 2 + duration
self-employment

20

75
188

37

4071
1357
2749
4311

Notes: Nopo decomposition of the Gender Pension Gap into the four components presented in equation 2. %
matched refers to the share of women and men respectively matched for the respective characteristics controlled
for. Own calculation based on the analysis sample and SHARE waves 2-6, v7.1.0. Not weighted.
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Table 3 Observed characteristics by gender and matching status for West Germany

(model 3)
Women
Men unmatched Men matched Women matched unmatched
N 109 (6.7%) 697 (42.9%) 290 (17.9%) 527 (32.5%)
Pension income, mean 28,605.58 21,099.72 11,507.32 7,101.99
Duration civil service
No 0 (0.0%) 642 (92.1%) 259 (89.3%) 504 (95.6%)
1st tercile 37 (33.9%) 10 (1.4%) 7 (2.4%) 19 (3.6%)
2nd tercile 51 (46.8%) 11 (1.6%) 8 (2.8%) 3 (0.6%)
3rd tercile 21 (19.3%) 34 (4.9%) 16 (5.5%) 1 (0.2%)
Duration care work
No 109 (100.0%) 691 (99.1%) 268 (92.4%) 2 (0.4%)
1st quartile 0 (0.0%) 4 (0.6%) 12 (4.1%) 123 (23.3%)
2nd quartile 0 (0.0%) 2 (0.3%) 10 (3.4%) 126 (23.9%)
3rd quartile 0 (0.0%) 0 (0.0%) 0 (0.0%) 138 (26.2%)
4th quartile 0 (0.0%) 0 (0.0%) 0 (0.0%) 138 (26.2%)
Age 1st care work
Not such pattern 109 (100.0%) 691 (99.1%) 268 (92.4%) 2 (0.4%)
very early 0 (0.0%) 1 (0.1%) 2 (0.7%) 136 (25.8%)
rather early 0 (0.0%) 0 (0.0%) 0 (0.0%) 138 (26.2%)
rather late 0 (0.0%) 0 (0.0%) 0 (0.0%) 138 (26.2%)
late 0 (0.0%) 5 (0.7%) 20 (6.9%) 113 (21.4%)
Age transition CIV->Ret
Not such pattern 28 (25.7%) 648 (93.0%) 264 (91.0%) 522 (99.1%)
very early 28 (25.7%) 7 (1.0%) 6 (2.1%) 0 (0.0%)
rather early 16 (14.7%) 16 (2.3%) 6 (2.1%) 2 (0.4%)
rather late 13 (11.9%) 14 (2.0%) 11 (3.8%) 2 (0.4%)
late 24 (22.0%) 12 (1.7%) 3 (1.0%) 1 (0.2%)
Age transition FT->Ret
Not such pattern 92 (84.4%) 233 (33.4%) 190 (65.5%) 465 (88.2%)
very early 1 (0.9%) 104 (14.9%) 38 (13.1%) 18 (3.4%)
rather early 6 (5.5%) 110 (15.8%) 30 (10.3%) 15 (2.8%)
rather late 5 (4.6%) 129 (18.5%) 18 (6.2%) 9 (1.7%)
late 5 (4.6%) 121 (17.4%) 14 (4.8%) 20 (3.8%)
Duration FT employ.
No 38 (34.9%) 55 (7.9%) 63 (21.7%) 85 (16.1%)
1st quintile 27 (24.8%) 31 (4.4%) 49 (16.9%) 170 (32.3%)
2nd quintile 24 (22.0%) 43 (6.2%) 32 (11.0%) 178 (33.8%)
3rd quintile 10 (9.2%) 126 (18.1%) 62 (21.4%) 78 (14.8%)
4th quintile 5 (4.6%) 211 (30.3%) 49 (16.9%) 11 (2.1%)
5th quintile 5 (4.6%) 231 (33.1%) 35 (12.1%) 5 (0.9%)
Age start of CW->PT_PT->RET
Not such pattern 109 (100.0%) 697 (100.0%) 290 (100.0%) 425 (80.6%)
very early 0 (0.0%) 0 (0.0%) 0 (0.0%) 26 (4.9%)
rather early 0 (0.0%) 0 (0.0%) 0 (0.0%) 26 (4.9%)
rather late 0 (0.0%) 0 (0.0%) 0 (0.0%) 25 (4.7%)
late 0 (0.0%) 0 (0.0%) 0 (0.0%) 25 (4.7%)
Age 1st civil service
Not such pattern 0 (0.0%) 642 (92.1%) 259 (89.3%) 504 (95.6%)
very early 41 (37.6%) 10 (1.4%) 2 (0.7%) 2 (0.4%)
rather early 17 (15.6%) 15 (2.2%) 12 (4.1%) 11 (2.1%)
rather late 14 (12.8%) 22 (3.2%) 12 (4.1%) 6 (1.1%)
late 37 (33.9%) 8 (1.1%) 5 (1.7%) 4 (0.8%)

Notes: Based on Nopo decomposition of the Gender Pension Gap presented in equation 2. Own calculation based
on the analysis sample and SHARE waves 2-6, v7.1.0. Not weighted.
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Table 4 Observed characteristics by gender and matching status for the Netherlands

(model 3)
Men Women Women
Men unmatched matched matched unmatched
N 126 (11.6%) 374 (34.3%) 119 (10.9%) 470 (43.2%)
Pension income, mean 35,091.61 24,182.95 15,800.02 14,099.95
Duration care work
No 121 (96.0%) 370 (98.9%) 106 (89.1%) 13 (2.8%)
1st quartile 4 (3.2%) 3 (0.8%) 12 (10.1%) 101 (21.5%)
2nd quartile 0 (0.0%) 1 (0.3%) 1 (0.8%) 118 (25.1%)
3rd quartile 0 (0.0%) 0 (0.0%) 0 (0.0%) 120 (25.5%)
4th quartile 1 (0.8%) 0 (0.0%) 0 (0.0%) 118 (25.1%)
Duration education
No 44 (34.9%) 319 (85.3%) 95 (79.8%) 386 (82.1%)
1st quartile 11 (8.7%) 13 (3.5%) 7 (5.9%) 31 (6.6%)
2nd quartile 21 (16.7%) 7 (1.9%) 7 (5.9%) 26 (5.5%)
3rd quartile 18 (14.3%) 24 (6.4%) 7 (5.9%) 12 (2.6%)
4th quartile 32 (25.4%) 11 (2.9%) 3 (2.5%) 15 (3.2%)
Complexity work life course
1st decile 2 (1.6%) 38 (10.2%) 13 (10.9%) 56 (11.9%)
2nd decile 3(2.4%) 55 (14.7%) 12 (10.1%) 39 (8.3%)
3rd decile 6 (4.8%) 47 (12.6%) 10 (8.4%) 46 (9.8%)
4th decile 6 (4.8%) 55 (14.7%) 10 (8.4%) 38 (8.1%)
5th decile 17 (13.5%) 42 (11.2%) 15 (12.6%) 35 (7.4%)
6th decile 37 (29.4%) 37 (9.9%) 7 (5.9%) 28 (6.0%)
7th decile 28 (22.2%) 32 (8.6%) 15 (12.6%) 34 (7.2%)
8th decile 3(2.4%) 43 (11.5%) 21 (17.6%) 42 (8.9%)
9th decile 12 (9.5%) 22 (5.9%) 13 (10.9%) 62 (13.2%)
10th decile 12 (9.5%) 3 (0.8%) 3 (2.5%) 90 (19.1%)
Duration self-employment
No 62 (49.2%) 348 (93.0%) 103 (86.6%) 430 (91.5%)
1st tercile 25 (19.8%) 3 (0.8%) 4 (3.4%) 17 (3.6%)
2nd tercile 15 (11.9%) 15 (4.0%) 6 (5.0%) 13 (2.8%)
3rd tercile 24 (19.0%) 8 (2.1%) 6 (5.0%) 10 (2.1%)

Notes: Based on Nopo decomposition of the Gender Pension Gap presented in equation 2. Own calculation based
on the analysis sample and SHARE waves 26, v7.1.0. Not weighted
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Figure 5 Contributions of years spent in care work (left panel) and age at first care work
spell (right panel) to GPG (DA/DB), West Germany (model 3)

Women Men Women Men
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Category-specific mean of unmatched - overall mean of matched (bottom x-axis)

Notes: Bars depict the difference between the mean pension income of the unmatched individuals per variable
category and the overall pension income of matched individuals by decomposition groups. The squares depict the
contribution of the category-specific pension difference to the overall GPG (D) and thus to DA/DB by weighting
it by the number of unmatched individuals in each category relative to all individuals for each group. Based on
Sprengholz & Hamjediers (2022) and the Nopo package in stata (Sprengholz and Hamjediers 2023). Own
calculation based on the analysis sample and SHARE waves 2-6, v7.1.0. Not weighted.
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8 Data availability statement

This article uses data from SHARE Waves 2, 3, 4, 5, 6, 7 (DOIls: 10.6103/SHARE.w2.710,

http://dx.doi.org/10.6103/SHARE.w3.710, 10.6103/SHARE.w4.710,

10.6103/SHARE.w5.710, 10.6103/SHARE.w6.710, 10.6103/SHARE.w7.711) and the

generated Job Episodes Panel release 7.1.0 (DOls: 10.6103/SHARE.w3.710,

10.6103/SHARE.w7.710) which are available upon registration.

The SHARE data collection has been funded by the European Commission, DG RTD through
FP5 (QLK6-CT-2001-00360), FP6 (SHARE-13: R11-CT-2006-062193, COMPARE: CIT5-CT-
2005-028857, SHARELIFE: CIT4-CT-2006-028812), FP7 (SHARE-PREP: GA N°211909,
SHARE-LEAP: GA N°227822, SHARE M4: GA N°261982, DASISH: GA N°283646) and
Horizon 2020 (SHARE-DEV3: GA N°676536, SHARE-COHESION: GA N°870628, SERISS:
GA N°654221, SSHOC: GA N°823782, SHARE-COVID19: GA N°101015924) and by DG
Employment, Social Affairs & Inclusion through VS 2015/0195, VS 2016/0135, VS 2018/0285,
VS 2019/0332, and VS 2020/0313. Additional funding from the German Ministry of Education
and Research, the Max Planck Society for the Advancement of Science, the U.S. National
Institute on Aging (U01_AGO09740-13S2, P01_AG005842, P01_AG08291, P30_AG12815,
R21 AG025169, Y1-AG-4553-01, IAG_BSR06-11, OGHA 04-064, HHSN271201300071C,
RAG052527A) and from various national funding sources is gratefully acknowledged (see

www.share-project.org).

| also apply data from the generated Job Episodes Panel, which is based on SHARE Waves 3
and 7, see Brugiavini et al. (2019) for methodological details. The Job Episodes Panel release
8.0.0 IS based on SHARE Waves 3 and 7

(DOls: 10.6103/SHARE.w3.800, 10.6103/SHARE.w7.710).
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APPENDIX

Additional Tables

Table Al Pension types and definition of dependent variables.

Dependent Variable

Public pension

Occupational pension

Private Pension

Old age pension
Old age supplementary pension

or public old-age second
pension
Early retirement or pre-

retirement pension

Main or secondary disability
insurance pension, or sickness
benefits

1.

Old age pension from

the last, second, or
third job
Early retirement
pension

Disability or invalidity
insurance

1. Average payments

of  regular life
insurance
2. Regular private

annuity or private
personal pension

Table A2 Sample selection

Male Female
Base sample age-cutoff Netherlands 1372 (48.8) 1442 (51.2)
West Germany 1475 (50.0) 1475 (50.0)
Non-response pension Netherlands 1144 (48.0) 1241 (52.0)
West Germany 1276 (49.5) 1304 (50.5)
Employment Netherlands 1073 (47.2) 1201 (52.8)
West Germany 1184 (48.8) 1243 (51.2)
Final sample incl.
retrospective data
(SHARELIFE) Netherlands 500 (45.9) 589 (54.1)
West Germany 806 (49.7) 817 (50.3)
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Table A3 Full results of Boruta Life Course Feature Selection, main model

West Germany Netherlands

Mean  Min. Median Max. norm Mean  Min. Median Max. norm
features imp. imp. imp. imp. Hits |features imp. imp. imp. imp. Hits
duration.CIV 3247 1928 3281 3526 1.00 |duration.CW 29.04 12,63 29.33 32,60 1.00
duration.CW 29.73 1587 30.01 31.37 1.00 |duration.EDU 28.76 1185 2891 36.75 1.00
pattern..CW 1850 12.63 1856 2361 0.99 |AFtransition.OTHFT  18.33 4.82 1877 2044 0.95
spell.CW_age_1 18.45 9.09 1855 23.76 099 |Complexity.Entrop_work 16.37 7.88 17.00 22.03 0.93
AFtransition..CIVRET 18.23 16.47 1826 20.13 0.99 |duration.Ret 1495 1043 1492 16.82 0.90
AFtransition..FTRET 1796 10.38 1820 22.09 0.98 |duration.SELF 1341 531 1354 1741 0.85
duration.FT 16.03 1252 16.02 22.88 0.97 |pattern..CW..OTH 1321 336 1320 1500 0.83
AFtransition..CW.PT..P
TRET 1587 3.84 16.32 16.67 0.97 |duration.SNC 1224 212 1270 18.07 0.77
spell.CIV_age 1 1456 1275 1449 1747 0.96 |spell.EDU age 1 10.84 7.13 10.83 1449 0.76
pattern..CIV 1355 1158 13.12 16.56 0.94 |Age23_27.End_EDU 10.10 6.14 10.03 1383 0.71
AFtransition.CWFT..FTC
W 1276 3.10 1290 13.96 0.92 |duration.CIV 9.57 511 9.68 10.75 0.68
pattern..EDU..CIV 11.10 10.06 11.10 1354 0.88 |spell.CW_age_ 1 9.40 7.33 9.26 1349 0.68
duration.EDU 1044 659 1049 1240 0.85 |pattern.OTH..FT 9.08 3.56 922 1081 0.65
duration.Ret 9.59 4.72 9.71 1313 0.79 |pattern..CW 8.72 7.14 862 1284 0.63
pattern..FT..CW 9.32 7.55 9.22 1775 0.78 |AFtransition..EDUCIV 8.60 6.56 8.63 1087 0.61
spell.PT_age 1 8.80 3.33 883 1182 0.75 |pattern.UNE..FT 7.96 3.28 784 1038 0.56
AFtransition.MNCM1C  8.77 4.00 8.78 1370  0.74 |duration.FT 7.87 3.77 795 1174 055
pattern...PT 8.40 2.56 856 1130 0.71 |pattern.FT..CW 7.10 4.44 6.95 1180 0.49
Complexity.Entropy_w
ork 8.19 3.25 830 10.67 0.70 |pattern..EDU 6.45 1.27 6.38 1136 043

AFtransition..EDUFT ~ 7.83 269 7.80 11.66 0.68
Age23 27.End EDU  7.62 419 769 971  0.67

duration.SELF 7.51 3.11 7.58 9.90 0.64
Complexity.Turbulence
- work 7.25 3.15 7.35 8.72 0.62

Age58 62.Start_Ret 6.80 0.62 6.85 12.22 0.56
AFtransition.EDUFT..F
TRET 6.61 4.37 6.60 11.30 0.56

duration.PT 5.86 3.91 5.84 9.61 0.46
Age58 62.End_CIV 5.09 3.30 5.07 8.27 0.35
AFtransition..FTCW 4.42 3.11 4.22 1056 0.25
AFtransition.CWRET  3.85 1.94 3.96 7.76 0.18
AFtransition.EDUCIV ~ 3.82 2.36 3.79 8.29 0.18

pattern..EDU 3.40 0.96 341 9.94 0.12
AFtransition.EDUCIV.

CIVRET 3.00 -0.92 3.05 1046 0.09
spell.EDU_age 1 2.48 0.10 2.01 9.84 0.07

Age63_65.End_CW 197 -083 195 844 003
Age63 65.End CIV 074 -1.95 071 997 001

Notes: Complete Boruta results, including all importance values and hits.



A2  Additional Figures

Figure Al Family life course states considered by country (person-year spells)
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Figure A2 Work life course states considered by country (person-year spells)
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Figure A3 Family life courses across genders in West Germany and the Netherlands
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Figure A4 Mean importance of selected variables by country (sorted by mean

importance)
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Notes: Results for all features selected in the Netherlands or West Germany based on the Boruta algorithm. Mean
importance as z scores. Alphabet: Family life courses: SNC = single, without child(ren); S1C = single parenthood;
MNC = married without children; M1C = married with one child; M2C = married with two children; M3C =
married with three or more children; DIV = divorced w/o child.
Work life courses: EDU= education or training; CW = unpaid care work; PT = (any) part-time employed; FT =
full-time employed; CIV = civil servant; SELF = self-employed; UNE = unemployed or sick/disabled; OTH =

other; Ret = retired.

Own calculation based on the analysis sample and SHARE waves 2-6, v7.1.0. Not weighted.
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Figure A5 Contributions of years spent in care work (to GPG (DA/DB), Netherlands
(model 2)

Women Men
Contribution of unmatched to D Contribution of unmatched to D
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N unmatched N unmatched
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No 2 L 56
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|:| Category-specific mean of unmatched - overall mean of matched (bottom x-axis)

Notes: Bars depict the difference between the mean pension income of the unmatched individuals per variable
category and the overall pension income of matched individuals by decomposition groups. The squares depict the
contribution of the category-specific pension difference to the overall GPG (D) and thus to DA/DB by weighting
it by the number of unmatched individuals in each category relative to all individuals for each group. Based on
Sprengholz & Hamjediers (2022) and the Nopo package in stata (Sprengholz and Hamjediers 2023). Own
calculation based on the analysis sample and SHARE waves 26, v7.1.0. Not weighted.
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Figure A6 Relation of work complexity with pensions by gender, Netherlands

2nd decile M

3rd decile v

4th decile =

5th decile

6th decile

7th decile =

8th decile

9th decile

o Men
Women

10th decile -

-20000 0 20000 40000

62



A3  Additional documentation

A3.1 Welfare state context

Gender inequalities in work and family life courses before old age: the welfare state regimes
Key policies of the Dutch and German welfare states in the second half of the 20" century were
poor public childcare, generous maternal leave policies (e.g. for up to 3 years for Germany) as
well as couple-level joint taxation (e.g., Adema, Clarke, and Thévenon 2020; Bach et al. 2011;
Daly and Ferragina 2018; Neyer 2003). Incentivizing a traditional division of labour, such
policies set the ground for an accumulation of gender inequalities over the life course, which
exacerbates potentially initially minor labour market inequalities between men and women at

early ages.

Mirroring the similar welfare policies linked to the gender division of labour, prominent gender
inequalities have been documented at similar levels for the past century. For example, both
countries have rather low female and maternal employment in the second half of the 20" century
(Mo6hring 2018). Additionally, in the 1990s the gender wage, employment, and part-time
employment gaps as well as the female and maternal labour market participation were similarly
high (Anttonen and Sipila 1996; Hammerschmid and Rowold 2019). Thus, the gender

inequalities in life-course aspects are likely to be similar across both countries.

Figure A6 depicts the work life courses from age 18- to 65 of all individuals in the study sample
and confirms similarly gendered work life courses. Dutch and German men’s working life
courses were dominated by full-time employment in the private sector. In the Netherlands, the
share of unemployment or being sick or disabled is higher than in Germany from the mid-
thirties, and marginal shares of male part-time employment exist. While most women started
their careers as full-time employees as well, the most dominant life course state from about age
25 on is unpaid care work (about 40-50% at age 26) in both countries. Part-time employment

becomes the second or third important working state from mid-age on. While for Dutch women,
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care work and ‘other’ states were more prevalent at all ages compared to their German peers,
West German women were to a higher share part-time or full-time employed. Despite these
marginal differences, the working life course of women in the Netherlands and West Germany

looked very similar for the current old-age population.

Figure A6. Work life courses across genders in West Germany and the Netherlands
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Notes: State distribution plots of working lives from ages 18-65 based on analysis sample (see chapter 3.1). Depicts
the distribution over the observed work life course categories for each year of age between 18-65. Own calculation
based on the analysis sample and SHARE waves 2—6, v7.1.0. Not weighted.
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Gender inequalities in pension income: the pension systems

Contrary to similar levels of gender inequalities, the Dutch and the German pension systems
are classified as two opposing ideal-typical pension systems, the Beveridgean and the
Bismarckian system (Ebbinghaus 2021). The aim of the Beveridgean system is historically to
reduce poverty, while the Bismarckian was implemented to reproduce the pre-retirement living
standard in old age, including its inequalities (Ebbinghaus 2021). Both pension systems consist
of three pillars: the public, occupational, and personal pensions. When it comes to gender
inequality in pensions it is important to consider both the amount of claimed pensions, as well

as the access to pensions in the first place (Ginn, Daly, and Street 2001).

Public pensions. In contrast to the Bismarckian system in Germany where a minimum
contribution record of five years is required for accessing public pensions, everyone is eligible
for the basic public pension income in the Beverdigean system in the Netherlands (Ebbinghaus
2021). Thus, in contrast to the universal access to public pension in the Netherlands, in
Germany, individuals without stable employment careers, often women, are systematically
excluded (Leitner 2001).

The Dutch public pension system provides a flat-rate basic pension to which most residents
from age 65 are eligible (OECD 2015). The amount of flat-rate public pensions depends on the
household situation (living alone or not), and the years of residence in the Netherlands and is
set based on the overall minimum wage (Anderson 2011; OECD 2013). In Germany,
individuals collect pension claims throughout their employment career and based on their
relative earnings. For each year they were employed, they receive earning points that mirror the
individual’s relative position in the earnings distribution of all eligible employees. Benefits for
childcare periods are considered in the German pension system but only make up for about one
year of a care-related employment interruption per child for the studies' birth cohorts. Some

redistributive elements are included in the public pensions in Germany, such as topping up low
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earning points and imposing a maximum value of earning points. But overall, the highly
employment-linked public pension system in Germany likely reproduces pre-retirement
inequalities to a much higher degree compared to the progressive pub pension in the

Netherlands.

Private pensions (occupational and personal On one hand, it is argued, that private pensions
are generally more likely than public pensions to reproduce (gendered) labour market
inequalities due to the stronger link of claims to stable employment and earnings as well as the
lack of redistributive elements (Ginn and Arber 1996; Mohring 2015). For example, in the
Netherlands, the overwhelming majority of occupational pensions are based on lifetime
earnings (OECD 2013). However, when occupational pensions are mandatory, and thus cover
the whole workforce, this might benefit women (Ebbinghaus and Neugschwender 2011;
Mohring 2018). For example, Méhring shows that the motherhood pension penalty is lower in
countries with (quasi-)mandatory occupational pension schemes, such as the Netherlands
(Mohring 2018).

In 2023, the Netherlands reaches almost full coverage of the (quasi)mandatory occupational
pension scheme: more than 90% of workers are covered in an occupational pension scheme
(Tyros, van Ewijk, and Stevens 2023). Still, gender differences exist: men had a higher coverage
in occupational schemes compared to women across all employment types in 2001 (Frericks,
Maier, and Graaf 2006). While the coverage of occupational pensions in Germany has increased
over the years (Ebbinghaus, Gronwald, and WiR 2011; Bridgen and Meyer 2014), the level is

still far away from the one in the Netherlands.

Overall, the design of the pension systems leads to rather low(-medium) levels of income
inequality and poverty risks for the Dutch population aged 65+ in a European comparison, while

in Germany the inequality and poverty risks are on a medium(-high) level (Ebbinghaus 2021).
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A3.2 Life-course variable operationalisation and description

A3.2.1 Life course categories
For the retrospective life course data I use the generated Job Episodes Panel (JEP) release 7.1.0

(Brugiavini et al. 2019)°.

The family life course data do not contain any missing observations. ‘Single’ identifies
individuals not cohabiting or married. ‘Divorce’ overwrites all other family states occurring in

the same year, except remarriage.

After filling the missing data for the work dimension based on raw data (Carla Rowold 2023),
1.48 % of person-year spells still contain missing information. Given that the missingness is
highly gendered in both countries, | impute the remaining missing observations using the
category that most frequently fills the previous missing observations based on the raw data.
This is thus ‘unemployed’ for men and ‘care work’ for women (Carla Rowold 2023). ‘Care
work’ is based on the response option ‘Looking after home or family’ and thus related to family
lives and includes missing person-year spells of women (2.23% of person-years spells of the
category are missing data). ‘Unemployment or sick’ includes unemployment and inactivity,
‘sick and disabled’, and missing person-year spells of men (33.93% of person-years spells of
the category are missing data). ‘Part-time employment’ includes years in transition to/from
other employment states. ‘Other’ mostly covers ‘other’ (rest category in raw data) ‘Leisure,

travelling or doing nothing’, and ‘Military services, war prisoner or equivalent’.

® The JEP is based on SHARE Waves 3 and 7 (DOls: 10.6103/SHARE.w3.710,
10.6103/SHARE.w7.710), see Brugiavini et al. (2019) for methodological details (DOI:
10.6103/SHARE.w7.710).
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A3.2.2 Life-course variables

The two life-course variable types, age at the nth spell and age at the transition at the start of
a certain subsequence, are categorised as quartiles because of the distributions. For the number
of subsequences of states, | merge small categories for each country separately. If the number
of observations in any category is lower than 15, | merge this category to the next smallest
category.

For the Nopo decomposition, | categorise all variables since | need categorical data for the exact
matching. The duration is categorised in terciles, quartiles, or quintiles, depending on the

distribution. Complexity measures are categorised in deciles.

Figure A7 depicts example work trajectories as well as example variables for the different life-
course aspects.

Figure A7. Example trajectories and life-course variables.

Com-

Ordering Timing Timing and ordering plexity

Number Age at 1st
Number of FT- Age at Ist CW->FT_FT- Age at Ist Com-
of CW CW |Age at Ist| FT->CW =CW FT->Ret plexity

periods subsequ.|CW spell | transition transition transition | Entropy

0 0 60 0.197

Herbert
Georg 0 0 64 0.350
Gisela 2 2 28 27 63 0.346
2 3 21 20 31 0.457
1 2 31 30 0.738
3 3 24 23 0.560
18 20 22 24 26 28 30 32 34 36 36 40 42 44 46 48 S50 52 54 56 58 60 62 64
education or training (EDU) M full-time employed (FT) M unemployed or sick (UNE)
W care work (CW) civil servant (CIV) 1 other (OTH)
B (any) part-time employed (PT) ™ self-employed (SELF) W retired (Ret)

The variable for order (‘“number of periods or subsequences’) captures the times an individual
experienced a certain life course state period or subsequence along the observed life course. For
example, ‘Number of CW periods’ captures how often the individuals have had care work

periods. ‘Number of FT-CW subsequences’ captures how often full-time periods were followed
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by care work periods. For example, Mary had only one care work period, but before that two
distinct full-time employment periods, and consequently, the subsequence FT->CW occurred

twice in her life course.

The timing variables cover the age period when transitions between states occurred as dummies
(not depicted in Figure A7) as well as the age at which each nth spell per state occurred along
the trajectory. For example, the variable ‘Age at 1st CW spell’ captures the age at the first care

work spell, which is 21 for Agatha and 31 for Mary.

Variables ‘Age at 1st transition’ capture the age at the first transition of a certain subsequence,
and consequently are proxies for the life-course aspects of timing and order. For example, Age
at 1st FT->CW transition returns the age at the first transition from full-time employment to
care work. Age at 1st CW->FT_FT->CW transition captures the age at the first transition from
care work to full-time employment if later in the life course a transition from full-time
employment to care work occurs. Among the example trajectories, only Agatha experiences
such a combination of transitions. Age at 1st FT->Ret transition returns the age at the transition
from full-time employment to retirement. Only Herbert, Georg, and Gisela experience this
transition, as the other individuals retire directly after a period of unemployment or sickness.

And lastly, sequence complexity indices measure the instability and unpredictability of the
whole observed life course (for an overview see Pelletier, Bignami-Van Assche, and Simard-
Gendron 2020; Ritschard 2023). Among the examples in Figure A7, Mary has the most

unpredictable life course.
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A3.3 Variable and model selection for Nopo decomposition

Variable selection

| select the variables for the stepwise Nopo decomposition models based on the variable
importance ranks resulting from the feature selection pooled over gender. For choosing the
cutoffs between different variable sets for the stepwise models, I usually relied on particularly
large differences in variable importance. However, | added highly influential variables as single
variables since they largely impacted the matchable samples (e.g., complexity of work lives in
the Netherlands which increased the number of matching strata dramatically). This approach

allows for a meaningful and comprehensible interpretation of the stepwise models.

I excluded highly multicollinear variables, since they might conceal which associations are
important for the GPG. For West Germany, | excluded the number of care work spells (order)
in model 2 and subsequently, and the order of civil service from model 3 onwards. In model 4,
| excluded the duration of retirement and the frequency of the order of civil service following

education spells over the life course.

Additionally, given that the Nopo decomposition cannot consider many variables
simultaneously due to the curse of dimensionality, | exclude single variables that do not add to
the understanding of the GPGs due to empirical reasons or lack of substantial relevance. For
the Netherlands, I exclude variables related to the state “other” since these seem not to have
substantial meaning and they were not robust as main predictors in several sensitivity analyses
(e.g., using alternative algorithms).

Model selection

Tables 1 and 2 show that the size of the matched samples of men and women decreases with
the increasing number of matching variables used in the model. The “curse of dimensionality”
(Hamjediers and Sprengholz 2023, 12) becomes evident at a certain point, where only a very

small proportion of men and women are matchable, and these highly selective groups result in
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outcomes with very limited interpretability. Consequently, I only discuss the models with a
reasonable share of matched men and women for the analysis: models 1-3 for the Netherlands
(20% of women matched in model 3) and models 1-4 for West Germany (30% of women

matched in model 4).

A3.4 Parameter tuning for Boruta
| follow recent advice for tuning the most common parameters of RF models to identify the

optimal parameters to be used in the final model (Boehmke and Greenwell 2019).

For the Random Forests underlying the Boruta algorithm, | tune the number of variables
considered at each split of the trees, m,,,, the tree complexity (minimal node size), and the
sampling (fraction of sample used for each tree). | focus on these three parameters as these are
the most important parameters for RFs considering variable importance (Probst, Wright, and
Boulesteix 2019). As suggested, | use subsampling without replacement (Strobl et al. 2007) and
do not tune the number of trees but rather increase the number of trees for the final model to 10
times the number of features to win some stability for variable importance (Boehmke and
Greenwell 2019). For the other parameters, | use the default values. To find the optimal
parameter values, | use a Cartesian search and a random grid search (Boehmke and Greenwell

2019).

A3.5 Life course visualisation of different samples by gender and matching status

When using life-course aspects as characteristics in the Nopo decomposition, it is beneficial to
visualize the life courses by groups and sample status since the distribution over different life-
course aspects alone does not uncover how the combination of events unfolds throughout the
life course and across samples. Figure A8 compares the life courses of matched and unmatched
women for models 1-3 in the Netherlands. Matching based on the combination of the overall
complexity of working life courses with the years spent in care work and education (model 2)

effectively distinguishes between women with multiple or long care work-related employment
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interruptions (unmatchable with men) and women with no or only short care work periods but
otherwise continuous employment (matchable with men). In contrast, matching based on the
duration of care work and education only (model 1) does not succeed in clearly differentiating
patterns of life courses and therefore does not lead to a significant DA component. For example,

in both samples, there are life courses with long care-related employment interruptions.

Figure A8. Work life courses of women by matching status and model, Netherlands
Netherlands, Set 1

‘Women matched (n=425) Women unmatched (n=164)
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400 C———— 1507
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100+,

# sequences

. = =
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Netherlands, Set 2

‘Women matched (n=150) Women unmatched (n=439)
439-

# sequences

18 20 22 24 26 28 30 32 34 36 38 40 42 44 46 48 50 52 54 56 58 60 62 64 18 20 22 24 26 28 30 32 34 36 38 40 42 44 46 48 50 52 54 56 58 60 62 64

Netherlands, Set 3

Women matched (n=119) Women unmatched (n=470)

# sequences

1 | R
18 20 22 24 26 28 30 32 34 36 38 40 42 44 46 48 50 52 54 56 58 60 62 64 18 20 22 24 26 28 30 32 34 36 38 40 42 44 46 48 50 52 54 56 58 60 62 64

education or training (EDU) [ (any) part-time employed (PT) civil servant (CIV} I unemployed or sick (UNE) [l retired (Ret)
W care work (CW) B full-time employed (FT) self-employed (SELF) other (OTH)

Notes: Samples based on Nopo decomposition of the Gender Pension Gap presented in equation 1. Own calculation
based on the analysis sample and SHARE waves 2—6, v7.1.0. Not weighted.

Introducing more dimensions for matching (duration of self-employment in model 3) makes
women with short care work interruptions unmatchable and increases the share of matched
women with long periods of sickness or ‘other’ states. Due to lower pensions for sickness or

‘other’ periods, this essentially leads to a decrease in the DA component because the pension
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incomes of matched and unmatched women converge. This visualises the curse of

dimensionality underlying exact matching applied in the Nopo decomposition.

Figure A9 visualizes that DA in model 1 for West Germany compares the pension income of
women with no or relative early care-related employment interruptions (matched) with women
who barely return to any employment after their first care work period (unmatched). Adding
the timing of the first care work episode in model 2, women with early care-work-related
employment interruptions are not matchable anymore, and among matched women, there are
fewer and later care work interruptions. This increases the DA component. Thus, matching on
the combination of the duration and the timing of care work (among others) in West Germany
leads to a similar differentiation of work life courses for women compared to matching on the
duration of care work and the overall complexity of work life courses in the Netherlands.
Consequently, the conclusion is similar in both countries: the DA component of the GPGs is

due to lower pensions of women with long, continuous care work trajectories.
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Figure A9. Work life courses of women by matching status and model, West Germany
West Germany, Set 1
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Notes: Samples based on Nopo decomposition of the Gender Pension Gap presented in equation 2. Own calculation
based on the analysis sample and SHARE waves 2-6, v7.1.0. Not weighted.
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A3.6 Robustness checks

A3.6.1 Alternative Feature Selection Algorithms

Boruta is an ‘all-relevant’ approach aiming to reveal all relevant features which is the preferred
type of feature given that this study aims to first identify all important life-course aspects
predictors for pension income. To verify the results of the Feature Selection, | apply

complementary algorithms to the Boruta.

The variable importance measures of Random Forest algorithms, such as Boruta, can be biased
in the case of correlated features (e.g., Gregorutti, Michel, and Saint-Pierre 2017; Tolosi and
Lengauer 2011). Gregorutti et al. (2017) have shown that the recursive feature elimination
(RFE), a wrapper algorithm based on Random Forest, reduces the correlation bias on the
variable importance. Another recently developed feature selection approach, that has been
suggested as a more stable and robust alternative to Boruta for high-dimensional data
(Degenhardt, Seifert, and Szymczak 2019), is the vita algorithms (Janitza, Celik, and Boulesteix

2018).

Contrary to ‘all-relevant’ algorithms like Boruta, other feature selection approaches aim at
selecting only the most efficient set of features for predicting the outcome (Bolano and Studer
2020). LASSO is one of these more conservative feature selection approaches and a very

popular algorithm.

[ use the recursive feature elimination, and the lasso algorithms (both ‘minimal set” approaches)
as well as the vita algorithm (‘all-relevant’ approach) to assess the robustness of the main

findings.

Overall, the main finding persists: none of the other algorithms suggests that the duration of
full-time employment performs better than the duration of care work for predicting pensions.

For West Germany, the duration of unpaid care work is even more important than the duration
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of civil service (identified as the most important pension predictor by Boruta) in all alternative
models, and RFE and Vita select it as most important pension predictor.” For the Netherlands,
Lasso and RFE do not even select the duration of full-time employment as an important

predictor at all.

However, some differences stand out (Table A4). For Germany, life-course aspects related to
retirement (particularly the duration of retirement, but also AFtransition..CIVRET,
AFtransition..FTRET) tend to perform poorer in the other algorithms. Lasso identifies late
education as the most important, and late marriage and having one child as the second most
important pension predictor. The overall complexity of working lives scores much higher in the

RFE.

For the Netherlands, RFE identified two complexity measures for family life as the most
important pension predictors that were not selected as relevant predictors by Boruta. Just like
for West Germany, Lasso identifies a late end of education as the most important pension
predictor. Additionally, the age at the first care work spell is assessed as much more important

by RFE and Vita.

In conclusion, apart from several differences across the relevant pension predictors identified
by the different algorithms, the main finding of the first analysis step is confirmed. Life-course
aspects related to care work are more important pension predictors compared to the duration of
full-time employment. Furthermore, the variable sets for the decomposition would be similar

when considering the results of all algorithms.

7 Given that the RFE iteratively removes least important variables until only the most important ones remain,
several variables may share a rank (i.e., they were removed at the same round or remained as most important).
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Table A4. Important pension predictors identified by different algorithms, ranks

West Germany Netherlands

rank rank  rank  rank rank rank rank  rank
features Boruta Lasso RFE Vita [features Boruta Lasso RFE Vita
duration.CIV 1 4 7 4 duration.CW 1 4 3 1
duration.CW 2 3 1 1 duration.EDU 2 11 2 4
pattern..CW 3 1 3 AFtransition..OTHFT 3 25 10 21
spell.CW _age 1 4 12 2 2 Complexity.Entropy_work 4 6 11
AFtransition..CIVRET 5 8 11 8 duration.Ret 5 9 5
AFtransition..FTRET 6 18 12 16 |duration.SELF 6 10 7
duration.FT 7 5 8 5 pattern..CW..OTH 7 10 14
AFtransition..CW.PT...PTRE
T 8 9 13 |duration.SNC 8 52
spell.CIV_age 1 9 10 9 10 |spell.EDU_age 1 9 8 8 8
pattern..CIV 10 10 9 Age23 27.End EDU 10 1 12
AFtransition..CWFT.FTCW 11 90 [duration.CIV 11 9 13
pattern..EDU..CIV 12 11 14 |spell.CW age 1 12 19 4 2
duration.EDU 13 26 5 7 pattern..OTH..FT 13 38
duration.Ret 14 31 [pattern..CW 14 7 6
pattern..FT..CW 15 9 6 AFtransition..EDUCIV 15 6 18
spell.PT age 1 16 32 12 17 |pattern.UNE..FT 16 40
AFtransition.. MNCM1C 17 11 26 |duration.FT 17 25
pattern...PT 18 12 34 |pattern..FT..CW 18 7 5 3
Complexity.Entropy_work 19 6 38 [AFtransition.UNEFT 19 47
AFtransition..EDUFT 20 25 [pattern..EDU 20 10
Age23 27.End_EDU 21 1 6 11 | Complexity.C 21 7 9
duration.SELF 22 27 46 |pattern..EDU..CIV 22 9 17
Complexity. Turbulence_work 23 22 3 58 | AFtransition..FTCW 23 15
Age58 62.Start_Ret 24 17 87 |AFtransition..SELFRET 24 5 16
AFtransition..EDUFT..FTRET 25 11 10 18 |Age58_62.Start_Ret 25 2 20
duration.PT 26 10 65 |Age58 62.End FT 26 28
Complexity.C 27 7 67 | AFtransition..CIVFT 27 15 44

pattern..MNC..M1C..M2C..DI
AFtransition..FTCW 31 10 12 |V 28 3 56
Age28_32.End_MNC 36 7 52 |spell.OTH_age_1 29 20 29
pattern..EDU 43 15 11 20 [pattern..MNC..M1C..DIV 33 66
spell.FT age 1 44 12 43 |AFtransition.EDUFT..FTRET 34 18 24
duration.OTH 52 13 Agel8 22.Start CIV 40 12 60
Complexity.Trans_work 54 8 84 | AFtransition.MNCM1C.M1CM2C 44 16 51
pattern..FT...PT 56 4 41 |pattern.MNC..M2C..DIV 45 26 55
Age23 27.Start_ CW 59 11 30 |Complexity.Trans_work 49 8 36
AFtransition..CW.PT 61 12 15 |pattern.FT..PT 52 9 72
Age28 32.End_EDU 63 6 Complexity.Entropy_family 63 1 23
Agel8 22.End_FT 85 14 97 [Complexity.Turbulence_family 68 1 34
Complexity.Entropy_family 87 12 duration.PT 69 10 49
Agel8 22.Start M2C 93 16 AFtransition...PTRET 87 17
Age38_42.End_M1C 104 9 pattern..SNC 108 10
Age38_42.Start M1C 109 2 85 [AFtransition..CIVFT..FTRET 117 14 62
Age23 27.End CIV 118 13

Notes: Results for all features selected in the Netherlands or West Germany ranked by mean importance based on the Boruta
algorithm. Own calculation based on the analysis sample and SHARE waves 2—6, v7.1.0. Not weighted.
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A3.6.2 Social Policy Relevant Sensitivity
Social-policy-relevant sensitivity analyses contain the inclusion of survivor pensions and the
exclusion of individuals without own pensions (Table A5). This is relevant to assess whether

the predictors of pensions change when two of the major conceptual parameters of GPGs.

I. Including survivor pensions.

The rank of the duration of full-time employment increases from 7 to 3 in West Germany when
including survivor pensions. At the same time, the duration of care work remains the second
most important pension predictor, and the distance in mean importance between both predictors

remains the same (not shown).

In the Netherlands, the duration of full-time employment remains a relatively irrelevant
predictor for pension inequality. The relative importance of the duration of care work decreases

slightly, while, for example, the years spent single without having children increases.

I1. Excluding individuals without pension income.

As a second major sensitivity analysis, | exclude individuals with no own pension receipt.
Consequently, this robustness check focuses only on pension recipients and ignores the gender

inequalities in access to pensions in the first place.

Excluding individuals with 0 pensions, removes 86 individuals in West Germany and 20 in the
Netherlands. Again, the main patterns do not change. The duration of care work remains as
important as in the main model and the relative importance of the duration of full-time
employment for overall pension income decreases slightly and is not even confirmed as a

relevant pension predictor in the Netherlands (not shown).

78



Table A5. Important pension predictors for different pension definitions, ranks

West Germany

features

duration.CIV
duration.CW
pattern..CW
spell.CW_age_1
AFtransition..CIVRET
AFtransition..FTRET
duration.FT
AFtransition..CW.PT...PTRET
spell.CIV _age 1
pattern..CIV

AFtransition. CWFT..FTCW
pattern..EDU..CIV
duration.EDU

duration.Ret
pattern..FT..CW
spell.PT_age_1
AFtransition. MNCM1C
pattern...PT
Complexity.Entropy_work
AFtransition.. EDUFT
Age23 27.End_EDU
duration.SELF
Complexity.Turbulence_work
Age58_62.Start_Ret
AFtransition..EDUFT..FTRET
duration.PT

duration.SNC

Age23 27.Start_FT

Age58 62.End CIV
AFtransition..FTCW
AFtransition. CWRET
AFtransition..EDUCIV

pattern..EDU
AFtransition..EDUCIV..CIVRE
T

pattern..FT..FT
spell.EDU_age_1
AFtransition..SELFRET
Age63_65.End_CW
Age63 65.End_CIV

rank
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36
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38
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38
33
19
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24
34
16
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17
36
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19
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29

39
20
30
37
27
38

Netherlands

features
duration.CW
duration.EDU

AFtransition..OTHFT
Complexity.Entropy_wor
k

duration.Ret
duration.SELF
pattern..CW..OTH
duration.SNC
spell.EDU _age 1
Age23_27.End_EDU
duration.CIV
spell.CW_age_1
pattern.OTH..FT
pattern..CW
AFtransition..EDUCIV
pattern.UNE..FT
duration.FT
pattern..FT..CW
pattern..EDU
Complexity.C
spell.OTH_age 1

rank

rank survivo

mal

n
1
2
3

r
pension

~N e

rank
pension
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w N

© O 00 b~
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17
12
13
16
10
11
18
14
19
15
20

Notes: Results for all features selected in the Netherlands or West Germany ranked by mean importance based on the Boruta

algorithm. Own calculation based on the analysis sample and SHARE waves 2—6, v7.1.0. Not weighted.
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In conclusion, the main findings do not change when adjusting the two main conceptual
choices concerning the definition of pension income. Even though the duration of full-time
employment reaches a higher relative importance when including survivor pensions in the
outcome, care work indicators are still more or just as important. As a result, future
literature should consider care-work-related life-course aspects besides more standard work

characteristics — independent of the conceptual choices for defining pension income.

I11. Adjusting for single households.

To take into account that the public pension payments in the Netherlands depend on the
household size, I control for whether individuals live in a single household. The ranking of
almost all variables, especially the most important ones, proves to be very robust (results

are available upon request).

A3.6.3 Gender-specific pension predictors and predictors’ importance for GPG

In this extension, | explore whether the overall pension predictors selected in the main
model of the Life Course Feature Selection are also relevant predictors of the Gender
Pension Gap. This is relevant as this study analyses the Gender Pension Gap, and the life
course predictors may differ across overall and gender pension inequality. Since, to my
knowledge, there are no feature selection algorithms for gaps in outcomes, | use two
different approaches to identify life-course proxies particularly important for gender
inequalities in pensions. For both approaches, | use the same parameters for Boruta as in

the main model.

a.Including gender as a predictive feature
As a first approach, I include gender as a variable in the life course feature selection. The

aim is to identify variables whose importance for predicting pensions is channelled through
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gender. Variables whose relative importance decreases compared to the main model, which

does not include gender as a variable, are likely to be important predictors of GPG.

The first striking finding is that gender is by far the most important pension predictor in
West Germany (almost twice as important as the second most important predictor, not
shown) and the second most important pension predictor in the Netherlands (Table A6).
This underlines the extent of gender inequalities in pensions compared to any pension

inequalities arising from life-course proxies, independently of gender.
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Table A6. Selected features for overall pension inequality, including gender as

predictor and not, ranked.

West Germany
feature_labels

Duration civil service (CIV)
Duration care work (CW)
Number of CW periods

Age at 1st CW spell

Age at 1st CIV->RET transition
Age at 1st FT->Ret transition

Duration full-time employ. (FT)
Age at 1st CW->PT_PT->Ret
transition

Age at 1st CIV spell

Number of CIV periods

Age at 1st CW->FT_FT->CW
transition

Number of EDU-CIV
subsequences

Duration education (EDU)
Duration retirement (Ret)
Number of FT-CW subsequences
Age at 1st PT spell

Age at 1st MNC->M1C trans.
Number of PT periods
Complexity work life (entropy)
Age at 1st EDU->FT transition
Age 23-27: end of EDU
Duration self-employment (Self)
Complexity work life
(turbulance)

Age 58-62: start of Ret

Age at 1st EDU->FT_FT_Ret
transition

Duration part-time employ. (PT)
Complexity work life (C)
Duration single, no child (SNC)
Age 58-62: end of CIV

Age at 1st FT->CW transition
Age at 1st CW->RET transition
Age at 1st EDU->CIV transition
Number of EDU periods
Number of SELF periods
Complexity work life (number
transitions)

Age at 1st EDU->CIV_CIV->Ret
transition

Age 38-42: end of M1C

Age 63-65: end of CIV

gender

Rank Rank gender

Main
1

~N O OB DN

predictor
2
3
15
9
4
16

8

14

6
12

21

5

11
35
24
29
22
27
20
31
13
7

17
23
10

32
18
19
34
37
40
26
36
25

30

33

28
38
1

Netherlands
feature_labels

Duration care work (CW)
Duration education (EDU)

Age at 1st OTH->FT transition
Complexity work life (entropy)
Duration retirement (Ret)
Duration self-employ.(Self)
Number of CW-OTH
subsequences

Duration single, no child (SNC)

Age at 1st EDU spell
Age 23-27: end of EDU

Duration civil service (CIV)

Age at 1st CW spell

Number of OTH-FT subsequ.
Number of CW periods

Age at 1st EDU->CIV transition
Number of UNE-FT subsequ.
Duration full-time employ. (FT)
Number of FT-CW subsequences
Age at 1st UNE->FT trans.
Number of EDU periods
Duration married, 3+ chi. (M3C)
Duration other (OTH)

gender

Rank Rank gender
predictor

Main
1

~N OOk wN

6
1
5
3
11

10

13
14

22

17
23
16
18
19
21
15
20
12

Notes: Results for all features selected in the Netherlands or West Germany ranked by mean importance based

on the Boruta algorithm. Own calculation based on the analysis sample and SHARE waves 2-6, v7.1.0. Not

weighted.
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Second, gender channels the predictive power of some life-course proxies (lower relative
importance compared to the main model; see grey highlighted rows in Table A6). In both
countries, the duration of retirement as well as the ordering and timing of care work
experiences are among the life course predictors with the most striking decline in relative
importance. The ranking of the duration of care work is affected to a lesser extent in the
Netherlands and not at all in West Germany. In West Germany, further, the timing and
ordering of care work in combination with full-time employment as well as with part-time
employment seems to be particularly channeled through gender. This underlines the fact
that it is not only the duration of care work but also its timing and order, as well as its

combination with other forms of work, that are important for gendered pensions.

In West Germany largest differences emerge further for the age at the first part-time
experience (timing), the age at the first transition from education to full-time employment
(ordering & timing), the age at direct retirement from full-time employment (ordering &
timing), and the age at the first transition from care work to full-time employment if a

transition back to full-time employment follows later in life (ordering & timing).

Overall, gender interacts with certain life-course experiences, and these appear to be
particularly related to the timing and ordering of life-course experiences, making these

important life-course proxies to consider when analysing GPGs.

b. Gender-specific pension income predictors
As a second approach, | run gender-specific feature selection models. They reveal the most
important features for pension income inequality among men and among women

respectively, and thus not for gender inequality. This is important for two reasons.

First, the main difference between the gender-specific and the overall inequality dimension

is that only the overall inequality (as used in the main model) incorporates gendered pension
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inequality. Consequently, comparing the result of gender-specific pension predictors to
predictors of overall inequality is informative for getting a sense of which predictors are
particularly important for gender inequality in pensions and which might be driven by one
of the genders. Life-course aspects are likely to be particularly relevant for the GPG if they
are much more important for overall pension inequality, as the gender dimension of pension
inequality is by definition not captured by gender-specific pension disparities, e.g., pension
inequality among women only. This is of interest because the feature selection formally
reveals the most important predictors of overall pension inequality, but not specifically of

the Gender Pension Gap.

Second, | expected contrary associations of family life-course aspects with pensions by
gender, especially for the timing of family transitions. Moreover, the literature documents
contrary associations of family characteristics such as divorce or never being married with
pension income between men and women (e.g., Kreyenfeld, Schmauk, and Mika 2023,
Mohring 2015). The feature selection based on overall pension income inequality risks
concealing such contrasting associations by gender since they might cancel each other out
when pooled together. Gender-specific Life Course Feature Selection likely unveils such

variables with different pension returns by gender.
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Table A7. Selected features for overall, female- and male-specific pension inequality, ranked.

West Germany

features
Duration civil service (CIV)

Duration care work (CW)

Number of CW periods

Age at 1st CW spell

Age at 1st CIV->RET transition
IAge at 1st FT->Ret transition
Duration full-time employment (FT)
Age at 1st CW->PT_PT->Ret trans.
Age at 1st CIV spell

Number of CIV periods

Age at 1st CW->FT_FT->CW trans.
Number of EDU-CIV subsequences
Duration education (EDU)
Duration retirement (Ret)

Number of FT-CW subsequences
Age at 1st PT spell

Age at 1st MNC->MA1C transition
Number of PT periods

Complexity work life (entropy)
Age at 1st EDU->FT transition

Age 23-27: end of EDU

Duration self-employment (Self)
Complexity work life (turbulance)

Age 58-62: start of Ret

Age at 1st EDU->FT_FT->Ret trans.
Duration part-time employment (PT)
Age at 1st EDU->CIV transition
Number of FT periods

Number of FT-FT subsequences
Age 1st SNC->M1C_M1C->M2C
transition

Duration single, children (S1C)
Age 63-65: end of CIV
Number of DIV_M1C subsequences

Rank
Main

© 00 N O O B~ W N -

NN NNDNR R R R R R B P B
W NP O ®OWO®WNOOUuDMWDNIPRELRO

A DB W WD NN
o0 O © N o o1 b~

~ b
~N O

48

Rank
Men

3
36
33
40

5
21

6
36
14
19
36

4

1
30
38
42

8
41
29
11
17

2
32

35
15
34
7
12
9
10

43
25
37

Rank
Women

1
2
23
25
3
38
7
33
6
21
37
16
11
48
15
30
43
46
19
45
5
40
20

17
4
9

28

29

35

47

10
22
8

Netherlands

features
Duration care work (CW)

Duration education (EDU)

IAge at 1st OTH->FT transition
Complexity work life (entropy)
Duration retirement (Ret)

Duration self-employment (Self)
Number of CW-OTH subsequences
Duration single, no children (SNC)
Age at 1st EDU spell

Age 23-27: end of EDU

Duration civil service (CIV)

Age at 1st CW spell

Number of OTH-FT subsequences
Number of CW periods

Age at 1st EDU->CIV transition
Number of UNE-FT subsequences
Duration full-time employed (FT)
Number of FT-CW subsequences
Number of EDU periods
IComplexity work life (C)

Number of EDU-CIV subsequences
IAge at 1st SELF->Ret transition

Age 58-62: start of Ret

Number of MNC-M1C-M2C-DIV
subsequences

IAge at 1st OTH spell

Number of MNC-M1C-DIV
subsequences

IAge at 1st CIV->RET transition

Number of MNC-M2C-DIV
subsequences

Duration married, no child. (MNC)
Duration part-time employment (PT)

Duration married, 2+ child. (M2C)
Duration married, 1 child (M1C)

Rank Rank Rank

Main
1

© 00 N o o B WD

NN NNDNR R R B R PR B PP
W NP, O ©omw~NO®U B WN L O

N N N NN
Lo N oo o b

29

Men Women
31 17
1 8
30 21
14 1
9 15
3 32
25 22
19 12
12 2

11
17 10
27 19
23 20
32 28
4 11
26 30
16 27
24 18
13 16
18 6
15 7
2 25
26
20 4
22 14
28 13
10 29
21 3
6 24
29 9
5 23
8 31

Notes: Results for features selected in the Netherlands or West Germany ranked by mean importance based on the Boruta algorithm.
Own calculation based on the analysis sample and SHARE waves 2—-6, v7.1.0. Not weighted.
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I. Differentiation between pension predictors driven by gendered pension inequality and by

one gender.

Comparing the relative importance across the pooled and the gender-specific model (via the
ranks) indeed reveals several pension predictors that are only important in the pooled model
(see Table A7, grey highlighted rows). This implies that these life-course aspects hold
particular significance in the context of gendered pension inequality, as gender-specific
pension disparities do not entail the gender dimension of pension inequality. For example, in
both countries, the timing and ordering of care work are ranked much more important for
predicting the overall inequality compared to the pension inequality among men, and women
both. In the Netherlands this is also the case for the duration of care work and in Germany for
several life-course aspects related to the timing of transitions from care work. The results are

thus very much in line with the first approach.

Both approaches reinforce the impression that the results are not only valid for overall pension
inequality but also for the Gender Pension Gap and prove the robustness of the relevance of
timing and ordering of life course events, particularly of unpaid care work. Furthermore, binary
associations of single variables with the GPG confirm that care work-related life-course aspects

are more strongly associated with the GPG than the duration of full-time employment.

Moreover, there are life-course aspects that are much more or exclusively important for gender-
typical pension inequality. This is for example the case for the duration of part-time
employment in both countries (only among top-10 pension predictors for women, see Table
A7) and the number of full-time employment periods in West Germany (only important for
pension inequality among men, see Table A7). As expected, this also applies to several family

life course characteristics in both countries (see below).
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Other life-course aspects seem to be driven by one gender (i.e., they are important for the
overall inequality and inequality among one gender). For example, education-related life-
course aspects are particularly important for pension inequality among men (see Table A7).
However, this does not rule out that these aspects are also important for gendered pension

inequality.

I1. Family life-course aspects concealed in pooled income inequality model

As expected, some family life-course aspects are important predictors for male- or female-
specific pension inequality in both countries whereas they were not selected as relevant
predictors in the pooled model. Several family life-course aspects make it to the top ten
predictors for gender-specific pension inequality in both countries. For example, life-course
aspects related to divorce are very important for pension inequality among women in both
countries (see Table A7, columns 2 and 3 per country. This result suggests that feature selection
approaches applied to group inequalities in outcomes, such as gender pension or wage gaps
(e.g., Bonaccolto-Topfer and Briel 2022), risk concealing variables that might be associated

with the gender gaps through gender differences in returns.
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A3.6.4 Details, parameters, and robustness of Nopo decomposition

Applying the Nopo decomposition, all women in the sample (group A) are each matched to all
men in the sample (group B) who have the same combination of observed characteristics as the
selected women. This creates four new samples: matched men and matched women, who have
a comparable counterpart (in common support), as well as unmatched men, and unmatched
women who are out of support. Over the sample of matched women and men, the women’s
pension income is reweighted based on the ratio of men to women concerning the distribution
of characteristics. This creates a counterfactual group A2 whose pension income is the average
pension income of matched women if they have the same characteristics as matched men
(Hamjediers and Sprengholz 2023). Based on the average pension income of the four different
samples resulting from the matching as well as the counterfactual A® resulting from the

reweighting, the Gender Pension Gap can be decomposed into four parts:
Yy — Yy =Dx+ D0+ DA+ DB

Dx = YAB‘m — Y4.m- The explained part is the difference in the average pension income

between matched (m) and reweighted women A and the matched women with their original
average characteristics. It reveals which part of the gap emerges because men and women are
differently distributed across the combinations of observed characteristics. With women as
group A, Dx is the part due to differences in characteristics when the returns of women to these

characteristics are applied.

DO =Yg, — _AB,m. The unexplained part is the difference in average pension income
between the matched men as well as the reweighted group of matched women. Given that the
matched men and women have the same observed characteristics, any differences in pension
income cannot be explained by these.

The other two components are the parts of the GPG due to the gender differences in support.
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DA = Yy, — Y4, * g /na. DA is the part of the gap that occurs because the matched sample
of women has on average higher or lower pension income compared to the unmatched sample

of women (weighted by the ratio of unmatched (u) women).

DB = Yg,, — Yg, *ng,/ng. DB is attributable to differences in average pension income

between the matched and the unmatched sample of men.

The Nopo decomposition has some limitations. Particularly in small samples, as in this study,
the curse of dimensionality might result in the lack of common support being meaningless and
solely due to the lack of sample size which may lead to biased components of the Nopo
decomposition (Hamjediers and Sprengholz 2023). Additionally, unlike the KOB, the
explained and unexplained shares cannot be decomposed per variable (detailed
decomposition), and continuous variables must be categorised for matching. Furthermore, the

results of the Nopo decomposition might be subject to some parameters.
| approach two of these issues empirically via sensitivity analyses.
I. Reference group

Ideally, 1 would choose the reference category for the covariates separately based on the
majority group for each category, which is not feasible due to the parametric nature of the Nopo
decomposition. | chose women as group A because they often receive care benefits in pension
systems. Thereby care work benefits are captured in the pension returns for characteristics,
which is relevant for care-work-related life courses aspect that | expect to play an important
role for the GPG (for a detailed discussion of reference coefficient options and when using
females as reference is meaningful for pension income, see Carla Rowold, Struffolino, and

Fasang 2024).

89



Switching the reference group affects Dx and DO but not DA and DB of the Nopo

decomposition.

With women as group A in the main model (and thus as a reference in terms of returns to
characteristics, Dx = YAB,m — Y,.,), DX is the part due to differences in characteristics when
the returns of women to these characteristics are applied. When using men as group A we have
the part due to differences in characteristics weighted by the returns to these characteristics of

men. The latter is the most common choice in KOB decompositions in the field.

In the main model, DO (DO = Y, — YAB,m) refers to the part of the gap due to differences in

returns if both, men and women, had the characteristics of men. If we switch the groups or
references, we have the reverse, i.e., the differences in returns are weighted by the

characteristics of women.

In West Germany, switching references leads to larger explained shares (Figure A10), which
is most likely due to higher returns of men for the same characteristics. In the Netherlands, the
explained part increases for model 1 only (Figure A11). For all other models, it decreases to
very small or even negative shares, suggesting that the explained shares in the Netherlands are
not robust regarding the references, and the pension returns between matched men and women

differ substantially.
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Figure A10. Nopo decomposition with men as group A (‘returns reference’), West
Germany
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Notes: Nopo decomposition of the gender gap in total pension income using the analysis sample and different sets
of variables as covariates, chosen in descending order by their variable importance as estimated by the Boruta
algorithm (see Table A3). Own calculation based on the analysis sample and SHARE waves 2-6, v7.1.0. Not
weighted.

Figure A11. Nopo decomposition with men as group A (‘returns reference’), Netherlands
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algorithm (see Table A3). Own calculation based on the analysis sample and SHARE waves 2—-6, v7.1.0. Not
weighted.

I1. Matching approach and robustness of DA and DB

The results of the main analysis highlight that large shares of the GPGs in both countries are
due to the very high segregation of men and women on different life-course aspects. However,
the analysis also shows the limits of the Nopo decomposition when using a large number of
characteristics given that only small shares of women are matchable after matching based on a
few variables (“curse of dimensionality”, Hamjediers and Sprengholz 2023, 12). Particularly
the low share of matched women raises the question of whether DA and DB arise because less
frequent combinations of life course characteristics do not appear in the small sample whereas
they do occur in the overall population. Hamjediers and Sprengholz (2023) suggest using the
less exact Propensity Score Matching to ease the curse of dimensionality and see whether the

DA and DB are still significant.

Propensity Score Matching

As expected, using a less strict matching approach like Propensity Score Matching leads to
overall higher shares of matched individuals (e.g., a minimum of 51% of women matched in
West Germany, and 72% in the Netherlands; not shown). This confirms the significant lack of
common support for life-course experiences across genders in both countries. For West
Germany the large DA components are confirmed, reaching similar but partly slightly lower
levels (Figure Al12). For the Netherlands, however, the DA component is much stronger

reduced to 5% but still substantial (Figure A13, compared to 23% and 11% in the main model).
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Figure A12. Nopo decomposition using PS Matching, West Germany
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Notes: Nopo decomposition of the gender gap in total pension income using the analysis sample and different sets
of variables as covariates, chosen in descending order by their variable importance as estimated by the Boruta
algorithm (see Table A3). Own calculation based on the analysis sample and SHARE waves 2-6, v7.1.0. Not
weighted.

Figure A13. Nopo decomposition using PS Matching, the Netherlands
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Notes: Nopo decomposition of the gender gap in total pension income using the analysis sample and different sets
of variables as covariates, chosen in descending order by their variable importance as estimated by the Boruta
algorithm (see Table A3). Own calculation based on the analysis sample and SHARE waves 2-6, v7.1.0. Not
weighted.

On the contrary, nearly all men are successfully matched in both countries when using
Propensity Scores (minimum 99%, not shown). Consequently, the DB components of the GPG
are not confirmed (Figure Al12, Figure A13). This suggests that if the matching is relaxed,

women with comparable life-course aspects to men are available.

Overall, the sensivity analyses reinforce the main result highlighting large parts of the GPG
resulting from gender-exclusive life-course experiences that are differently rewarded — though
to a lesser degree in the Netherlands. Even when relaxing the matching, for up to half of the

women no comparable men are identifiable, particularly in West Germany.
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