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Abstract

In this paper, we analyse if an increase in the working life leads to more
human capital investment via on-the-job training. We obtain RDD-estimates
from a sharp date-of-birth cut-off across which the Early Retirement Age
(ERA) increased by three years. In our preferred specification, we find that
this pension reform causally increased on-the-job training by 4.4 percentage
points. We explore heterogeneity and additional outcomes and show that
individuals with a high initial level of education explain this effect. Our
results speak to a large class of human capital models as well as policies
towards extending or shortening working life.
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1 Introduction

Human capital theory, starting with Ben-Porath (1967)) and Becker| (1962)), pre-
dicts that the value of human capital investment increases with the payout period
of the investment[] This important prediction is the basis for explaining the joint
increases in life expectancy and educational investments witnessed in most coun-
tries starting in the twentieth century; see e.g. [Soares (2005)); |Cervellati and Sunde
(2013)). At the same time, rising life expectancy pressures pension systems in many
developed economies. The standard policy-response has been to increase retire-
ment age in order to increase working life. This reduces the number of recipients
and increases the number of tax payers, thus reducing the fiscal burden. While
there exists a very rich and still growing literature on effects of pension policy on
labour supply, the literature on effects of such policy on human capital investment
is scarce]

In this paper, we show that women affected by a public pension reform change
their human capital investment by increasing on-the-job training before retire-
ment. This effect is driven by highly educated individuals and not explained by
other dynamic labour supply responses related to the reform. We discuss implica-
tions of these findings for pension policy in ageing societies. Moreover, we regard
our analysis as providing an empirical test of the key prediction of the human
capital theory that the length of the payoff period causally affects human capital
investment decisions.

For the identification, we exploit a pension reform in Germany that abolished
the earliest retirement option. In Germany, working life is largely determined by
state pension rules and the reform that we study effectively removed the early
retirement for women at the age of 60. State pension rules not only have economic
incentive effects but as documented by |Seibold| (2021)), also in the context of Ger-
many, they set the legal framework and social norm for the duration of working life.
We therefore can interpret this pension reform as generating quasi-random varia-

tion in the duration of the payoff period, which generates an exogenous increase

!Learning-by-doing is an alternative explanation for educational investments over the life-
course (Killingsworth, [1982; |[Foster and Rosenzweig, [1995)).

2We are only aware of three studies: Montizaan et al.[ (2010), Bauer and Eichenberger| (2017)),
and Brunello and Comil (2015)).



in the working life.

We present a simple theoretical human capital model in the Appendix to for-
mally derive that individuals indeed have an incentive to increase on-the-job train-
ing when their working life is prolonged | The central mechanism for this human
capital effect is that the returns to training increase with the remaining working life
of an individual. This channel is the same as in models of initial education invest-
ment decisions and life expectancy (e.g. |Ben-Porath (1967) and Becker| (1962)),
where decisions on human capital and working life are taken jointly. This confirms
that our setting speaks to human capital theory.

The pension reform we study has two features that make it particularly well
suited to provide causal evidence on the effect of working life on human capital
investment. First, the pension reform abolished an important early retirement
program for women born after 1951 across a sharp cut-off. Women born in 1951
and before could enter retirement at the age of 60 through this pathway. In
contrast, for women born in 1952 or later, this pathway was closed; these women
can enter retirement only at the age of 63, or later. This means that not only
does this reform provide a sharp cut-off, it also provides large variation at the cut-
off. In the context of pension reforms, this is an unusual feature, as such reforms
are generally phased-in on a (birth)month-to-month basis or provide only smaller
variation. As a second key feature, the pension reform was already announced in
1998 and implemented in 1999. Thus, the affected women, i.e. women born in
1952 and aged 47, still had a long remaining working life to benefit from human
capital investment.

Our analysis is based on the German Microcensus. This is a representative
yearly household survey that covers 1% of all German households (about 370,000
households per year). The data includes information about job-related training,
which we use to measure post-schooling human capital investment. The main
variable that we use measures the incidence of job-related training in the past

twelve month. Importantly, the sample size of this household survey is unusually

3There exist several reasons why individuals have a general motivation to invest in training.
Most importantly, empirical evidence shows that training has a positive effect on wages and
on employment, see e.g. [Frazis and Loewenstein| (2005 and Blundell et al. (2019). Moreover,
training can improve the quality of work and can have positive effects on non-pecuniary outcomes
(Ruhose et all, [2019).



large, allowing regression discontinuity design (RDD) estimation.

Our main finding is that an increase in the working life causally increases
human capital investment: we show that the probability to participate in training
increases by about 4,4 percentage points. Depending on the specification, the point
estimates correspond to a relative increase of about 28.8%, which suggests that an
increase in the working life has sizable effects on training participation. Note that
we compute these average treatment effects on the treated (ATT) by quantifying
our RDD-estimates in section[zl[]

We examine other factors affected by the reform and if these can explain our
findings. This additional analysis is important to shed light onto the underlying
mechanisms of the training effect. This matters for policy conclusions as well as
for the human-capital interpretation. In a recent study, [Carta and de Philippis
(2021)) present evidence that a pension reform in Italy affected labour supply even
before retirement age. In our context, we do find some evidence for such forward-
looking behaviour in labour supply but no significant effect on net income. In
more detail, estimates on the probability of employment before the age of 60
are positive, between 2 and 3 percentage points but their statistical significance
depends on the degree of the polynomial of the running variable that we include in
our estimation. Estimates for unemployment are negative but never statistically
significant at conventional levels. This is consistent with | Geyer and Welteke| (2021))
who study forward-looking effects in our context for women aged 58 and 59 only.
They do not find systematic forward-looking employment effects. We believe our
results are also consistent with (Carta and de Philippis| (2021)), who study a policy
change that shifted normal retirement by seven years in Italy. Thus, it is reasonable
that the larger reform in Italy also induced larger and more systematic effects than
the reform in Germany, which shifted early retirement age by three years.

In the context of our analysis, accounting for forward-looking employment ef-
fects is of central importance. This is because the Microcensus is a repeated cross-
sectional data set and changes in the composition of working women could generate

spurious relations between working life and training | It is possible though maybe

4We show estimates from a range of specifications, most of which are different to zero at the
1% level of statistical significance but of course still estimated with error. We discuss implications
regarding (minimum) effect sizes that we can reject in Section [7}

5Note that even with panel data joint outcomes and composition effects remain difficult to



not plausible, for example, that women who now continue being employed also par-
ticipate less in training compared to women who remain in employment regardless
of the policy. If this was the case, this could generate positive employment esti-
mates in the absence of forward-looking human capital investments. To investigate
this empirically, we conduct several additional analyses. First, we estimate effects
on training for age-groups and education groups that do not show forward-looking
employment effects, and find that the training effects persist and are especially
high for college educated women who do not adjust their employment in response
to the reform. Second, we show difference-in-discontinuities estimates for employ-
ment before retirement, finding no significant effect on employment overall. We
demonstrate that while there is some limited evidence for forward-looking behavior
for employment outcomes before retirement for subgroups in our setting, these do
not interfere with the forward-looking human capital interpretation of our findings
on training.

We also conduct a number of additional robustness tests of our main results.
First, we use balancing and density checks and show that sorting or jumps in covari-
ates around the cut-off do not drive our results. Second, we conduct placebo anal-
yses to rule out that our results are driven by other aspects than the reform. Next,
bandwidth variations around the optimal bandwidth of 12 months as well as donut
regressions allow us rule out that the results are driven by bandwidth assumption,
outliers, or few observations close to the cut-off. We also present difference-in-
discontinuities estimates that estimate RDD effects for affected women against
same-age men who were not affected by the reform. This analysis can account
for potentially unobserved changes in economic conditions around the cut-off that
affect working men and women similarly, and returns similar estimates to our main
results.

Testing for heterogeneity, we find that the positive reform effect is driven by
individuals who have higher initial education. The pension reform increases train-
ing for women with a college degree by more than thirteen percentage points. In
contrast, the effect for women without college degree is not significant. Investi-
gating further heterogeneity, we do not find evidence that this positive response is

limited to specific firms or regions.

disentangle with variation from a single policy.



Our study is related to several strands of the literature: First and most directly,

to the small existing literature on a link between retirement policy and training.

Montizaan et al| (2010) exploit a one-year increase in pension age to estimate

effects on training using data on Dutch public-sector workers that was collected

one year after the reform. They find evidence for positive effects that is limited to

larger firms. Brunello and Comi| (2015) exploit the staggered implementation of

a series of increases in the minimum retirement age in Italy to estimate training
effects for the private sector. Their headline finding is that workers who were
hit by a one-year increase in the pension policy in their fifties increased training
participation by about seven to eleven percent, depending on speciﬁcationﬂ In
contrast to the previous studies we focus on the human capital effect for women
rather than men. Since female labour market participation is in most countries
considerably lower, it is of particular importance to understand how to increase
female employment and human capital accumulation through pension reforms.
Second, we contribute to the literature on effects of pension policy on em-
ployment and income. Studies that estimate positive employment effects based
on policy reforms include Duggan et al. (2007)), Mastrobuoni (2009)), Staubli and|
Zweimueller| (2013)), Atalay and Barrett| (2015), Manoli and Weber]| (2016), |Geyer|
land Welteke| (2021)), or based on structural retirement models Gustman and Stein-|
meier| (1986), Rust and Phelan| (1997)), French! (2005)), [French and Jones (2011]),
Haan and Prowse| (2014). Recently, Carta and de Philippis (2021)) also estimates

forward-looking employment effects before retirement. Crucially, this literature

typically assumes an exogenous process of human capital investment, thus implying
that individuals cannot adjust their human capital investment through additional
training in response to a pension reform. Notable exceptions are the structural
analyses by [Fan et al (2017) and Blundell et al| (2019)[]

Third, our paper is linked to the literature on human capital investment and

In ongoing work, Bauer and Eichenberger| (2017) estimate effects on training from a one-year
increase in a sample of Swiss women who were already age 56 when hit be the reform. They find
evidence for positive effects similar to |Brunello and Comi| (2015).

"There is empirical evidence that pension reforms have positive effects on life expectancy of
men (Kuhn et al., [2010; [Fitzpatrick and Moore, [2018)), and [Bertoni et al. (2018]) find effects on
healthy behaviour while working for Italian men. However, estimates for effects on life expectancy
for women are small and not statistically significant at conventional levels (Fitzpatrick and Moore,

201S).




life-expectancy, surveyed in e.g. [Bloom et al| (2019). The causal empirical lit-
erature is small and focused on very particular settings. Oster et al. (2013) use
variation in life expectancy driven by Huntington disease realizations across in-
dividuals, who have ex-ante similar risks. They find effects in line with human
capital theory on college attendance and completion, health outcomes, as well
as on job training for individuals between the ages of 17 and 35. In developing
countries, Jayachandran and Lleras-Muney| (2009) use a strong decline in maternal
death rates in Sri Lanka and find positive effects on girls’ educational investments
measured in years of school education and literacy rates. In another important
study, Baranov and Kohler| (2018]) exploit variation in mortality rates related to
HIV medication in Malawi to study effects on savings and on children’s educational
investments. They find positive effects of an increase in life expectancy on both

types of outcomes Y

2 Institutional Setting, Data and Descriptives

2.1 Pension Reform

Before turning to the empirical analysis, we start by summarizing the relevant
aspects of the German pension system and the 1999 pension reform that induced
exogenous variation in the working life.

The statutory public pension system is the central part of the pension system
in Germany. It covers more than 80% of the workforce with the exceptions of
groups that are not subject to compulsory pension insurance, most important civil
servants, and the self-employed. It includes old-age pensions, disability pensions,
and survivor’s benefits. The system is financed by a pay-as-you-go (PAYG) scheme
and has a strong contributory link: pension benefits depend on the entire working
history. The pension system provides several pathways into early retirement, i.e.

claiming retirement benefits before reaching the normal retirement age. In this

8Note that several studies also discuss the theory of human capital investment through training
and provide empirical evidence about the effect on labor market outcomes in form of wages,
job security, and employment probability, see, among others, Pischke (2001)), |Zweimueller and
Winter-Ebmer| (2000), Barrett and O’Connell (2001)), [Leuven| (2005)), [Frazis and Loewenstein
(2005), [Picchio and van Ours| (2011), and [Ruhose et al| (2019).



analysis, we focus on the pension for women, which allows drawing benefits starting
from age 60/

The 1999 reform abolished the pension for women for cohorts born after 1951.
Effectively, the reform raised the Early Retirement Age (ERA) for most women
from age 60 to age 63, thus prolonging the working life["”] Women born before 1952
could claim the pension for women if they fulfilled certain qualifying conditions.
The eligibility criteria were: (i) at least 15 years of pension insurance contributions;
and (ii) at least 10 years of pension insurance contributions after the age of 40.
According to Geyer and Welteke (2021)), about 60% of all women born in 1951
were eligible for the old-age pension for women. In our empirical analysis, we
focus only on employed women who are neither self-employed nor civil servants;
about 89% of these women fulfill the criteria and, therefore, are eligible for this
pathway‘E The pension reform was implemented when affected women born in
1952 were aged 47. Thus, these women had still a long horizon to benefit from
human capital investments.

Geyer and Welteke (2021)) and |Geyer et al. (2018) have evaluated the labor
market effects of the pension reform based on administrative data of the public
pension insurance accounts and the Microcensus, respectively. The findings of
these studies are relevant for the following empirical analysis. Most important the
increase in the ERA has a sizable positive effect on the working life on individuals
which is the necessary condition for an increase in human capital investment.
In more detail, employment rates for eligible women aged between 60 and 62
increase by about 15 percentage points, the combined effect on inactivity and

unemployment has with about 12 percentage points a similar SiZGB

9In addition early retirement is possible via : (1) the invalidity pension; (2) the pension after
unemployment or after old-age part-time work; and (3) the pension for the long-term insured;
for more details see |Geyer et al.| (2018). For a more general description on the German pension
system, see |Boersch-Supan and Wilke| (2004)).

10The pension after unemployment or after old-age part-time work was abolished at the same
time as the pension for women. However, this does not affect our analysis, as the ERA for this
pension type was already 63.

1 We do not observe eligibility at the individual level and quantify what this implies for the
interpretation of the reduced form estimates in section

12In a previous working paper version of this paper, see |Gohl et al.| (2020), we supplemented
our main analysis with data from the German Socioeconomic Panel (SOEP). This longitudinal
dataset allows us to observe whether a women who participated in training indeed worked longer
due to the pension reform and to scale the training effects by employment effects. In particular,

7



2.2 The German Microcensus

The Microcensus is an annual, household-based survey with representative infor-
mation about the population and the labor market in Germany. Participation in
the survey is mandatory. It has a sampling fraction of one percent of the German
population (about 370,000 households) and constitutes the largest annual house-
hold survey in Europe (RDC of the Federal Statistical Office and Statistical Offices
of the Laender, 2015).

In the main analysis, we concentrate on employed™| women younger than 60
years born in 1951 and 1952, who we observe from 2005 through 2012. For these
years, the data include information about the month of birth and consistent in-
formation about participation in on-the-job training["] We observe around 1,250
individuals for each birth month in our sample. Thus, overall, the sample includes
information on about 30,000 women born in the two cohorts of interest. The Micro-
census includes important socio-demographic variables, such as age, education]’}
marital status, household income, and firm size. We consider college education and
the geographical "West"-dummy as predetermined and include these as controls.
The other variables are potentially endogenous, which we keep in mind when using
these for balancing checks.

The Microcensus provides in addition information if an employed person has
participated in on-the-job training during the twelve months prior to the survey.
The training information includes specifically courses that are related to career de-

velopment, e.g. to improve management, computer, or rhetoric skillsm A further

we used the pension reform as a "first stage" providing exogenous variation in employment to then

in an instrumental variable approach see whether longer employment actually increases training

in earlier periods. The results support the notion that this indeed is the case. Unfortunately,

the sample size in the SOEP for the relevant cohorts is too low to produce robust evidence.
13Women working in "mini-jobs" are not counted as employed.

HBefore 2005, the Microcensus only provides information about the birth year and the defini-
tion of training changes at several points in time. Therefore, the extension of the sample before
2005 would require additional assumptions. The Microcensus does not include information about
training activities of unemployed, therefore we only consider the effects on employed individuals
aged 53-60.

15Education is measured with ISCED 1997 levels: based on this information we can differentiate
between women without college degree or with college degree or more. In total there are six
ISCED levels in this categorization and anyone with a level of five or higher is classified as
having a college degree.

16The exact wording of the question reads: Did you, in the last 12 months, take part in



question that is included relates to training that is not job-related. Examples of
such training are classes in music, sport and health, cooking, or art that many in-
dividuals take in their free time, offered through a network of "Volkshochschulen."

On-the-job training in Germany can take place due to several reasons. Ac-
cording to survey evidence from the German Federal Ministry for Education and
Training in 2007 more than 50 percent of all on-the-job training participation was
self-motivated by the individual, only 32 percent based on firm requirements and
the remainder suggested by a superior (Training Report, 2010: p.17). Unfortu-
nately, our dataset does not allow to differentiate between these reasons and thus

our training measure includes mandatory as well as voluntary training]'’]

2.3 Descriptive Analysis

In Table [I, we provide descriptive information about the key variables in our
sample for women born in 1951 and 1952 who we observe over the 2005 to 2012
period in the Microcensus. In addition, we present in the first column the statistics
for all employed women born in cohorts 1940-1985 aged 30 to 65. Finally, in the
last column we show if the variables significantly differ between the two cohorts
we use later for the analysis. Women born in 1952 have a significantly higher level
of training participation, are slightly more likely to have a high level of education
and are less likely to live in West Germany. Crucially, in order to account for
potential confounding effects stemming from these differences we later conduct a
balancing test and control for covariates such as the educational level and whether
the observed women lives in former West or East Germany.

In Figure [I, we provide further general evidence about the age and cohort
pattern of training for employed women. In Figure [I} we focus on all employed
women born between 1940 and 1985. We find a declining pattern that is explained
by cohort and age effects. Training rates are above 25% at the age of 30 and then
monotonically decline to about 10% at the age of 60.

any form of vocational training? Examples of vocational training are occupational re-training,
courses for career development, and general training courses in, for example, the fields computing,
management, and public speaking.

I"Note that it is unlikely that there is any difference in the participation in mandatory training
between cohorts 1951 and 1952 with regards to this mechanical form of training prior to reaching
the age 60,i.e., when individuals in the cohort 1952 are more likely to work longer.


https://wiki.bildungsserver.de/bilder/upload/Trendbericht_weiterbildungsverhalten_in_deutschland_2010.pdf

Table 1: Summary Statistics: Employed Women

All cohorts Cohort 1951 Cohort 1952 Diff. 1951-52

On-the-Job training participation 0.205 0.1543 0.1717 -0.0174%**
(0.403) (0.3613) (0.3772) (0.0044)
Large Corporation 0.504 0.5222 0.5247 0.0025
(0.403) (0.4995) (0.4994) (0.0060)
High level education 0.225 0.1887 0.1990 -0.0103**
(0.417) (0.3913) (0.3993) (0.0047)
Medium level education 0.651 0.6518 0.6560 -0.0042
(0.477) (0.4764) (0.4750) (0.0056)
High HH income 0.372 0.3296 0.3380 -0.0084
(0.483) (0.4701) (0.4730) (0.0056)
Married 0.631 0.7203 0.7165 0.0038
(0.4001) (0.4489) (0.4507) (0.0038)
West-Germany 0.810 0.7685 0.7582 0.0103**
(0.0391) (0.4218) (0.4282) (0.0050)
Observations 649,181 13,649 14,870

Source: Microcensus 2005-2012, own calculations. Table [I] depicts average values of outcome
variables and covariates for the female working population for women aged 30-65 (Cohorts
1940-1985) as well as by control (1951) and treatment cohort (1952). Standard deviations for
average values are depicted in parentheses. Differences between cohort-specific mean values are
tested by a two-sided t-test. Standard errors are depicted in parentheses and significance levels
follow * p 0.10, *x p 0.05, * x * p 0.01.
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This descriptive pattern could already be interpreted as evidence in favor of
human capital theory and the theoretical prediction that training should decrease
towards the end of working life, but it is important to re-iterate the following: this
descriptive figure mixes up cohort and age effects and we know that job-related
training is increasingly important (Koller et al., 2017). One result of such unob-
served time-trends could be that younger cohorts might have higher training levels
throughout their working life and, thus, the age effect could be non-existent or
even upward sloping to generate this overall pattern. Thus, descriptive evidence,
like that shown in Figure [I} is relevant for documenting the incidence of training

for different age groups but cannot inform causal questions.

Figure 1: Average On-the-job Training Participation by Age

oy

25
1

2
1

15

A
1

Average Training Participation: Female

5

0
]

30 35 40 45 50 55 60 65
Age

Note: Figure [I] plots the average on-the-job training participation by age for
all employed women of the cohorts 1940-1985 using the Microcensus from
2005 onward.

To shed some more light on this, Figure [2| shows age-specific training partici-
pation rates for the two cohorts from the Microcensus that we use in the RDD to
estimate the training effects. Two observations are of interest: First, the younger

cohort of 1952 shows a higher incidence of training for all ages 53 to 59, when com-

11



pared to the older cohort of 1951. In this Figure, this difference is a combination of
the reform effect, since only the younger cohort was affected by the 1999 pension
reform, as well as general differences that might occur between cohorts. In our
analysis, we control for the latter using the RDD design. Second, the age-trend
from 53 to 59 is negative, but only marginally so. This stands in stark contrast
to the age-pattern shown in Figure [1| and underlines the necessity to separate out

cohort from age-effects for a causal interpretation.

Figure 2: Average On-the-job Training Participation for Sample Group

1
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Cohort 1951 Cohort 1952 |

Note: Figure |2 plots the average on-the-job training participation for all employed women of the
cohorts 1951 and 1951 using Microcensus data from 2005 onward.

In Figure in Appendix B, we turn to the training pattern by initial educa-
tion. We find that the probability to train increases with the level of education.
Specifically, employed women with no college degree (ISCED < Lower Tertiary)
have training rates of about 11.7 percent. In contrast women with a college de-
gree or higher tertiary education (ISCED > Lower Tertiary) have training rates
of 31.7 percent. Again, this figure is merely of descriptive nature, but the differ-
ences by educational level document motivates our heterogeneity analysis along
this dimension[®]

18In Appendix Figures and we also show figures with /without college for the cohorts
1951 and 1952. The patterns are similar to the discussion of Figure |Z| VS. |I| above.
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3 Empirical Method: RDD

In the RDD-analysis, we exploit the 1999 pension reform to estimate the effect of
an increase in working life on human capital investment. The reform leads to an
arbitrary and distinct cut-off for women born before and after December 31, 1951,
which determines assignments into the treatment and the control groups.

More formally, and similar to |Geyer and Welteke| (2021)), in the empirical anal-
ysis the standardized woman’s month of birth is the running variable M that
determines treatment D as one if she was born after December 31, 1951, and zero

otherwise:

Di:{l’ if M;>c M

0, ifMi<C

For identification of a causal effect, it is important that no manipulation of
the month of birth for women born in 1951 and 1952 and no selection into or out
of treatment is possible. As a result, the treatment and control groups should be
otherwise comparable around the cut-off. We provide supporting evidence based
on balancing tests of important pre-policy covariates of the 1951 and 1952 birth
cohorts as well as by moving the cut-off to hypothetical placebo dates. Moreover,
as discussed e.g. in (Geyer and Welteke (2021)), no other relevant policy reform
differently affected women born in 1951 and 1952[7

In the main specification, we implement the RDD in the following regression

model:

yi =a+ BD; +v(M; —c) +mDi(M; — )+ X;0 + Z%Ait + ZAyYL +e (2)

Y

D; is a dummy specifying treatment, that is equal to 1 if a woman is born 1.1.1952
or later and 0 otherwise. A woman’s date of birth, measured in months, is de-
scribed by M; and c¢ is the cut-off date for the increase in Early Retirement Age,
ERA (January 1, 1952). The difference between a woman’s birth month and the

9Note that in 2007, there was another pension reform, which shifted the normal retirement
for the 1952 cohort by an additional month compared with the 1951 cohort.
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beginning of the ERA increase, M; — ¢, gives the running variable. The running
variable across all specifications is interacted with the treatment variable D; to
allow for different slopes before and after the cut-off. 7y is the coefficient of the
running variable and 7, is the coefficient of the interaction term. In addition, we
account for further explanatory variables X;, including predetermined education
and regional information. More precisely, we control for high/college education
(ISCED 1997 > Lower Tertiary), medium education (ISCED 1997 categories 3
and 4) and an indicator variable for west Germany. We also include age fixed
effects > K,Ai and survey year fixed effects Zy AyY, to control for potential
difference in the survey years and differences in the macroeconomic environment.

In our main approach, we estimate this specification using local regressions and
include polynomials up to the second degree in the running variable M; — ¢ and its
interaction with the treatment indicator D(M; — c¢)P’| Moreover, we estimate OLS
regressions (linear and quadratic) and test for robustness for various bandwidth
choices. The outcome variable Y in our analysis is on-the-job training, which is
dichotomous i.e. taking on the value 1 if a women has participated in training in
the last twelve months and 0 if she has not [l

For some robustness checks, we also implement a difference-in-discontinuities
approach. The difference-in-discontinuities approach in the setting of this paper
effectively estimates the difference between cohorts 1951 and 1952 for women and
men and compares them to each other. Empirically, it is implemented by interact-
ing the regression equation for the RDD with an indicator function, equal to one
for the actually treated sample, i.e. in this case women. F; thus is a dichotomous
variable equaling one if the individual is female. The equation below details the
estimation approach. Note that all variables follow the same notation as in the

main RDD approach.

yi = o+ BE,D; + v Fi(M; — ¢) + 1 F;Di(M; — ¢) +noF; + mD; (3)
+no(M; — ¢) + nsDi(M; — ¢) + X;6 + Z KoAi + Z AYy +ei
a y

20Local polynomials are estimated using the Stata package "rdrobust" (Calonico et al.l 2018).
21Estimation results based on a probit model (not reported) show very similar results.
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By implementing this strategy we explicitly control for any macro(economic)
developments over the estimation period by using men as a control group. This is
possible as the end of the pension for women did not impact men directly. Further,
by including men as an additional control group we can explicitly rule out turn-
of-the-year and seasonality effects, i.e. effects caused by the differences in birth

years and/or months between control groups and treatment group.

4 The Reform Effect: Main Results

4.1 Training Effects: Graphical Analysis

Figure [3| shows participation rates in training by month of birth, 12 months before
and after the cut-off birth date, 1.1.1952, for all employed women in their later
working life, i.e., when they are aged between 53 and 60. The share of employed
women participating in training is higher after the cut-off. Specifically, the average
rate of participation among those born in the 12 months before the cut-off is
approximately 15.4%. After the cut-off date, the graphs show a jump in the
average rate of training participation for employed women under 60 to more than
16.5%.

Importantly, and in contrast to the descriptive evidence discussed in Sec-
tion [2.2], women close to the cut-off are of almost identical age, thus cohort-effects
are an unlikely explanation for this jump. While graphical RDD-evidence can be
informative, eye-balling alone can be misleading. Thus, in the next section, we
examine the robustness and significance of the graphical evidence using various

choices in the RDD framework.

4.2 Training Effects: RDD Results

To quantify the effect of an increase in the working life on the investment into
human capital, we use the RDD described in Section [3] In Table [2| we present the
estimation results for different specifications with observations 12 months before
and after the cut-off date (we discuss alternative bandwidth choices in section

5.4). The first two columns present results from regressions estimated using OLS
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Figure 3: On-the-job Training around the cut-off Date
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Notes: This figure plots average on-the-job training over the running variable, which is the
distance to the cut-off date measured in birth month (x-axis). The fitted lines are local linear
regressions using a first degree polynomial, a triangular kernel. In total, there are observations
for 13,658 individuals below the threshold and 14,873 observations for individuals above the
threshold. Source: Microcensus, own calculations.

with polynomials with linear and quadratic specifications of the running variable.
The two remaining columns show the corresponding local estimates. Moreover,
the table includes regressions without and with additional control variables. Age
and year fixed effects are always included. Standard errors are clustered at the
standardized birth month level and are reported in brackets. Our inference is
robust to a specification without clustered standard errors using robust standard
errors as suggested by |[Kolesar and Rothe, (2018)).

The results of these different specifications all point in the same direction, de-
spite some differences in the magnitude of the point estimates: the increase in the
Early Retirement Age has a positive and significant effect on the investment in
training. Although positive, the linear OLS-specification in the top panel (with-
out covariates) in Column 1 is not statistically significant. However, since this
specification does not control for non-linear patterns around the cut-off, it is a
priori not the preferred specification. In contrast, the local regressions in Table [2]
consistently show positive and significant estimates in similar magnitude across

all specifications. Following Cattaneo and Titiunik (2022), we focus on the local
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Table 2: Regression Discontinuity: Training Effect

OLS Local Regression
(1) (2) (3) (4)

Without Covariates
Treatment Variable 0.0157  0.0352*%**  (0.0235**  (0.0418***
(0.0147)  (0.0142) (0.0120) (0.0131)

With Covariates

Treatment Variable 0.0158*  0.0360***  0.0272*** (.0395***
(0.0077)  (0.0096)  (0.0079)  (0.0088)

Age FE v v v v
Year FE v v v v
Running Variable Linear  Quadratic Linear Quadratic

Notes: Standard Errors in parentheses; clustered at birth month level. Sample includes twelve
month before and after reform cutoff. Significance levels: * p 0.10, *x p 0.05, * * % p 0.01;
Pre-Policy Mean: 15.43 percent; Number of observations 28,519. Specifications including
covariates control for a high initial level of education indicator (ISCED 97 Level 5-6), and a
variable for medium education (ISCED 97 Level 3-4) as well as an indicator variable for west
Germany. Source: Microcensus 2005-2012, own calculations.
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regressions as our main approach and only report these results in the remaining
tables in the main text. In particular, we treat the quadratic local regression as our
preferred specification, as this allows to control for potential non-linear patterns
around the threshold.

The point estimate in the local regression approaches show that the probability
to participate in training increases between 2.4-4.2 percentage points. This is a
sizable effect that would translate into a relative increase of about 15.6-27.3% given
the pre-reform share in training of 15.4%. Our preferred estimate in column (4), the
local regression with quadratic polynomial and with controls, estimates a training
effect of four percent, equivalent to a 26% increase in training. As discussed in
Section [2 these estimates present intent-to-treat (ITT) estimates because not all
women were affected by the reform. We return to the quantification of these
ITT-estimates, when we derive estimates for the corresponding average treatment
effects on the treated (ATT) in Section [7]

4.3 Training Effects: RDD Results, by Age

We now go into more detail and estimate the reform effects by age. We have al-
ready discussed the training-age profile descriptively in Section [2.3] Theoretically,
we would expect that relatively younger women affected by the reform have a
higher incentive to invest into more training. On the other hand, later retirement
induced by the reform might be less salient for individuals further away from retire-
ment age. To investigate age-heterogeneity empirically, we focus on the quadratic
specification with covariates.

In Figure in the Appendix we present the results. Overall, we do not
find a clear age gradient. The point estimates for the different ages are quite
similar. Given the smaller sample size in the age-specific regressions, the confidence
intervals are relatively large, thus not all age-specific effects are significant.

One explanation for this finding is the salience of the reform effect. On the
one hand, from a human capital perspective training should be most benefiting at
younger ages, so the reform effect stronger initially. On the other hand, training
in response to extension of the working horizon can be more salient the closer an

individual is to potential retirement. Salience could therefore increase with age,
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thus contributing to the age-pattern documented here.

4.4 Forward-looking Employment and Income Effects

Employment We now test for direct effects on employment of the reform for pre-
treatment ages, i.e. before the earliest retirement age of 60. This is of particular
relevance because the Microcensus data set is a repeated cross-section and we base
our analysis sample on women in employment before the age of 60. Thus, any
effects of the reform on employment could induce sample selection and bias our

estimates - or more precisely: the human-capital interpretation of our estimates.

Table 3: Employment and Income Effects

(1) (2) 3) (4) ®) (6)

Outcome Variable Emp. Emp. Unemp. Unemp. Income Income

Without Covariates

Treatment Variable 0.0225%*  0.0143  -0.0104  0.0099  -1.9007  4.2213
(0.0092)  (0.0189)  (0.0109)  (0.0121)  (17.9040) ( 21.4920)

With Covariates

Treatment Variable — 0.0249%%%  0.0135  -0.0130  0.0103  -4.1830  -4.0053
(0.0091)  (0.0110)  (0.01085) (0.0103)  (0.0230)  (0.0307)

Age FE v v v v v v
Year FE v v v v v v
Running Linear Quadratic  Linear  Quadratic  Linear  Quadratic
N 54,087 54,087 54,087 54,087 50,035 50,035

Notes: Standard Errors in parentheses; clustered at birth month level. Sample includes twelve
month before and after reform cut-off. Significance levels: * p 0.10, ** p 0.05, % * % p 0.01;
Table [3 shows results from local linear and quadratic RDDs for a range of further outcome
variables, which are denoted at the top of the table. The variable income measures the personal
income denoted in Euro. All specifications control for a high initial level of education indicator
(ISCED 97 Level 5-6), and a variable for medium education (ISCED 97 Level 3-4) as well as an
indicator variable for west Germany. Source: Microcensus 2005-2012, own calculations.

The results of this additional analysis are presented in Table [3| Here, we show
estimates similar to Specification 2] using linear and quadratic local regression spec-
ifications but for the population of all women in these age groups that responded to

the Microcensus survey. In columns (1)-(4) employment and unemployment levels

19



before the age of 60 are used as outcome variables, each coded with a dummy
variable that equals one if the person is employed /unemployed at the time of the
survey. The results show that there are no significant effects on unemployment,
i.e., see columns (3)-(4). The effects on employment are mixed. Employment
effects, depicted in columns (1)-(2) are positive in the linear local specification.
These significant effects in the employment outcome need to be examined more
carefully. We therefore conduct additional tests in order to rule out that potential
employment effects induced by the reform drive our results.

First, we provide results by age groups in order to see which ages drive the
employment estimates. Figure in the Appendix presents the results for em-
ployment. The visual examination across Figures (effects on training, discussed
above) and Figures (effects on employment) shows that training and employ-
ment effects take place at different ages. More precisely, the employment effects
are driven by age 55 and to a smaller extent by age groups 58 and 59@ In contrast,
the training effects are driven by age groups 53, 56, 57, 58. In a second step, we
exclude all age groups for which we find significant employment effects and repeat
our main estimation for the training outcome@ Table in the Appendix shows
the results. The point estimates in both the linear and the quadratic specification
are somewhat larger than in the estimation for the whole sample. Further, the
training estimates remain highly significant. If employment effects were driving
the training estimates, we would have expected smaller and insignificant effects.

Taken together, there is some, albeit not very strong, evidence for forward-
looking employment effects in our setting. However, these occur largely for differ-
ent age-groups of people and therefore do not mechanically drive our findings on
training. This confirms our interpretation of the training estimates as evidence for

forward-looking human capital investment.

Income: Another outcome that could be affected by the reform is income. This

is because existing empirical evidence shows that training has a positive effect on

22The point estimates are borderline significant at the ten percent level in the preferred
quadratic specification. When using a linear specification of the running variable the results
are not significantly different from zero.

23When using employment as an outcome and excluding the described age groups, we no longer
find significant employment effects.
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wages (Frazis and Loewenstein) 2005; Blundell et al., [2019). Moreover, training
can improve the quality of work and can have positive effects on non-pecuniary
outcomes (Ruhose et al.; 2019)). The Microcensus does not include information on
gross labor earnings but on net income on the individual and the household level.
Net-income includes in addition to labor earnings information on transfer and tax
payments. The results shown in Columns (5) and (6) of Table [3|show that there is
no significant effect on income in either the linear or quadratic local specification.

In Table in the Appendix we further repeat our estimations for a sample
of employed women only. Panel A depicts the results for all employed women
and Panel B for all women. Across all specifications, none of the coefficients is
statistically significant at conventional levels.

This null effect is not surprising. First, we do not find strong effects on em-
ployment behavior and second the net-income measure includes as well transfer

income [

5 Robustness

This section is dedicated to providing additional robustness tests, supporting our
main results. First, we conduct balancing tests, which show that no other factor
potential influencing training varies discontinuously around the cut-off. Second, we
provide a density test to assess whether sorting patterns around the cut-off may
undermine our identification strategy. Next, we conduct placebo tests shifting
the cut-off date and and focusing on private training, which following human
capital theory should not be affected by the reform. Further, we validate our
RDD identification approach using difference-in-discontinuities regressions. Last,
we provide results for different bandwidths and conduct donut regressions for our
RDD approach. This allows to check the sensitivity of our approach to bandwidth

choices and outliers.

24The SOEP, another German household level dataset, contains better measures of income but
cannot be applied to the RDD-anaylsis due to smaller sample size. A DiD analysis based on
the SOEP does not produce conclusive results and is included in a working-paper version of this
article (Gohl et al., 2020).

21



5.1 Balancing and Density Tests

Balancing The assumption underlying the RD design is that other factors vary
smoothly across the cut-off. We provide support for this assumption by using
individual control variables as outcomes using the same specification as in Table 2]
The resulting estimates are presented in Table dl?°| The Microcensus does not offer
many variables that can be safely considered as pre-determined with respect to
the 1999-policy change. Therefore, in this first balancing analysis we restrict our
attention to whether the individual has a college education and an indicator for
"West" (Panel A). We aggregate the ISCED educational levels into two education
groups of women with "college" and "non-college." The latter “West” indicator is
a dummy variable that equals 1 if the individual was in West Germany in 1989.
For both balancing variables and across all specifications, this analysis reveals no
jump at the threshold. This supports the underlying RDD assumption of no other
changes across the threshold. In addition, we present the balancing of further
variables that potentially might be affected by the pension reform. In Panel B, we
show that the reform had no significant effect on sorting into big companies, or
marital status 2%

Next, in an additional analysis we seek to rule out more thoroughly that differ-
ences in the composition between the cohorts are driving our results. In particular,
Figure in the Appendix, clearly shows that initial education and on-the-job
training are strongly correlated. We thus use each ISCED level as a separate out-
come indicator variable, repeating our balancing exercise for these outcomes. The
results from using the local quadratic polynomial specification are shown in Fig-
ure in the Appendix. Overall, for most categories both cohorts are balanced.
For categories post-secondary and higher tertiary, we find negative and significant
point estimates, suggesting that individuals in cohorts 1952 are less likely to be in
these categories. In order to rule out that such compositional differences drive our
results, we therefore repeat our main estimations controlling for a more granular
set of educational controls by including ISCED level fixed effects.

Table in the Appendix shows that our main RDD estimate, regardless of

25Results also for OLS specifications are similarly balanced (not shown).
26The indicator variable Single is significant at the 10 per cent level in the local linear regres-
sion, however, insignificant across all other specifications.
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Table 4: Balancing

Local Regressions (1)

(2)

Panel A: Pre-determined covariates

College Education

Treatment Variable 0.0029 0.0191
(0.0230) (0.0307)

West

Treatment Variable 0.01162 -0.0010
(0.0233) (0.0326)

Panel B: Further Vartables

Big Company

Treatment Variable -0.00900 0.0023
(0.0080) (0.0104)

Single

Treatment Variable  -0.0089* -0.0050
(0.0051) (0.0063)

Age FE v v

Year FE v v

Running Variable Linear  Quadratic

Notes: Standard Errors in parentheses; clustered at the birth month level. Sample includes
twelve month before and after reform cutoff. Significance levels: * p 0.10, *x p 0.05, * % % p
0.01; Outcome variables depicted in bolt. Number of observations in descending order of rows:
28,519, 28,519, 27,179, 28,519, 28,175, 28,519. Source: Microcensus 2005-2012, own

calculations.
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the specification, does not change in response to the inclusion of additional edu-
cation fixed effects. Columns (1)-(2), for reference, show the results for the main
estimates using local regressions with linear and quadratic polynomials, i.e., the
estimate contained in the paper so far. In columns (3)-(4) we replace our educa-
tion controls[zj with ISCED 1997 level specific fixed effects, i.e., dummy variables
for each ISCED Level with the first one serving as a baseline. The point esti-
mates remain highly significant and do not change by much in both the linear
and quadratic specification. In a next step, we control for even more granular
fixed effects, including subcategories within each ISCED 1997 level as additional
indicator variablesPJAgain the main estimates remain virtually unchanged, which
leaves us confident that our estimations are robust to a more comprehensive set of

educational controls.

Density In a next step, we check for potential manipulation around the cut-
off. To do so, we implement a density discontinuity test described in more detail
by (Calonico et al. (2018]). Manipulation of the birth date cut-off and consequent
sorting in our setting is difficult and highly unlikely. However, as shown in the
previous section there is some evidence for potential sorting into employment (be-
fore the age of 60) in response to the reform. This sorting would also show up in
a density test of our main sample, as we focus exclusively on employed women in
our main specification. As a result, in our setting the usual rule that violations of
the density test invalidate the empirical analysis does not readily apply. Instead,
this rule only holds for samples that do not show an employment response.

To test this, Table in the Appendix, in Panel A, depicts the test statis-
tics and p-values of the density test using a bandwidth of 12 months as in our
main specification and Figure in the Appendix shows the corresponding plot.
Column (1) shows the results for our whole sample. In line with the positive em-
ployment for subgroups effects the test statistic is significant. In column (2), we
only include age groups for which we found insignificant employment effects to

account for the mechanical shift in the density. As expected for this sample all

2780 far we included a dummy for higher education (ISCED category lower tertiary and higher
tertiary) and a medium education indicator (upper secondary and post secondary)

28For example, the ISCED level tertiary education can be split into vocational and academic
education
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p-values of the test now lie above the 10 percent level of statistical significance.
Next, we split the sample into those with a college degree and those without a
college degree. Below in Section [6.1] we show that it is exclusively individuals with
a college degree who drive the training results, while employment effects for this
group are statistically insignificant at conventional levels across all specifications.
The density test clearly shows that for individuals with a college degree, i.e. the
group driving the training results, there is no significant jump in the density. In
contrast, for individuals with no college degree, the density test statistic is highly
significant. Overall, the density results show that for the sub-samples that drive
the training results but not our employment results, there is no significant jump

in the density around the cut-off.

5.2 Placebo Analysis - Different Cohorts and Private Train-
ing

We conduct placebo analyses that we present in Table f| In the first placebo
analysis, we artificially shift the cut-off date by one year to 1.1.1950 (Panel A) or
to 1.1.1952 (Panel B). Importantly, the pension rules are identical before and after
the chosen placebo cut-offs. The shift of one entire year (in either direction) is of
particular relevance as this could capture seasonal effects related to the December
to January timing of the reform introduction. The result from this additional
analysis supports our identification strategy: the treatment effect is very close to
zero and not significant in both placebo specifications, with and without additional
explanatory variables. Moreover, these effects are precisely estimated and clearly
differ from our main findings in Table [2]

Next, we exploit additional information on "private training" that is recorded
by the Microcensus. In contrast to job-related training, such "private training" has
benefits that also lasts beyond the working life and, thus, we do not expect to find
differential take-up depending on the pension rule.@l“he results are presented in
Panel C of Table[5l As expected, none of the estimates are statistically significant.

29In the Microcensus, private training is classified as general training measures with a pre-
dominant private focus to advance one’s own skills and knowledge. Examples given for private
training in the Microcensus questionnaire are training in the fields of music, sport and health,
cooking, or art.
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Table 5: Placebo Analysis:

Training Effects

Local Regressions (1) (2)

Panel A: Placebo 1950/51

Without Covariates

Treatment Variable 0.0017 0.0055
(0.0102)  (0.0153)

With Covariates

Treatment Variable 0.0044 0.0035
(0.0207)  (0.0325)

Panel B: Placebo 1952/53

Without Covariates

Treatment Variable 0.0043 0.0035
(0.0208)  (0.0326)

With Covariates

Treatment Variable -0.0009 -0.0029
(0.0086)  (0.0110)

Panel C: Private Training

Without Covariates

Treatment Variable -0.0020 -0.0007
(0.0030)  (0.0038)

With Covariates

Treatment Variable -0.0021 -0.0009
(0.0030)  (0.0038)

Panel D: Men

Without Covariates

Treatment Variable 0.0042 0.0063
(0.0063)  (0.0086)

With Covariates

Treatment Variable 0.0059 0.0097
(0.0062)  (0.0073)

Age FE v v

Year FE v v

Running Variable Linear  Quadratic

26

Notes: Standard Errors in parentheses; clustered at birth month level. Sample includes twelve
month before and after reform cutoff. Significance levels: * p 0.10, *x p 0.05, * % x p 0.01;
Number of observations Panel A: 24,623 ; Number of observations Panel B: 34,150; Panel C:
28,519, Panel D: 31,557. Covariates: high initial level of education indicator (ISCED 97 Level
5-6), and a variable for medium education (ISCED 97 Level 3-4) as well as an indicator variable
for west Germany. Source: Microcensus 2005-2012, own calculations.



Moreover, all estimates are very close to zero and negative, clearly different to the

main results found for job-related training.

5.3 Difference-in-Discontinuities Analysis

Table [0] shows the estimates from the difference-in-discontinuities approach out-
lined in Section The results support the main findings presented above. The
results are a little bit smaller in size in comparison to the main results (i.e. 0.0266
vs. 0.0395, with quadratic polynomial and controls) but this difference is not sig-
nificant at conventional levels. In contrast, all estimates remain distinct from zero
and the null hypothesis of no effect is rejected at high levels of statistical signif-
icance, even at the 1%-level in six out of eight estimates. Overall, these results
therefore confirm our previous estimates. Note we will refer back to this set of

slightly smaller estimates when quantifying effects sizes in Section

Table 6: Difference-in-Discontinuities: Training Effect

Local Regressions (1) (2)

Without Covariates
Treatment Variable 0.0242**  0.0305%**
(0.0107)  (0.0111)

With Covariates

Treatment Variable 0.0212***  0.0266***
(0.0066)  (0.0065)

Age FE v v
Year FE v v
Running Variable Linear Quadratic

Notes: Standard Errors in parentheses; clustered at birth month level. Sample includes twelve
month before and after reform cutoff. Significance levels: * p 0.10, xx p 0.05, * x x p 0.01;
Number of observations: 60,076. Covariates: high initial level of education indicator (ISCED 97
Level 5-6), and a variable for medium education (ISCED 97 Level 3-4) as well as an indicator
variable for west Germany. Source: Microcensus 2005-2012, own calculations.

We also estimate forward-looking employment effects using the difference-in-
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discontinuities design (reported in Appendix Table . Here, we do not find any
significant effects on employment induced by the reform. The fact that the results
on training hold in the diff-in-disc setting, but not for the case of employment, sup-
ports the earlier conclusion that sample selection through effects on employment

before formal retirement age do not drive our findings on training.

5.4 Bandwidth and Donut RDD

Bandwidth choices can affect RD estimates, so we carefully examine if and how
our main results are sensitive to these.

In Appendix Table we show that our results also hold for additional band-
width choices of 6, 9, and 12 months. The bandwidth of 12 months is the chosen
bandwidth of the endogenous bandwidth selection routine "rdbwselect" using the
mean squared error criterion, a triangular kernel and the preferred quadratic poly-
nomial (Calonico et al., [2014]). Other criteria and polynomials render bandwidths
estimates ranging from 6 to 12. In all cases, our estimates remain in the same
ballpark.

As additional robustness check, we examine if observations close to the cut-off
drive our effects by estimating effects from donut-RD regressions. We estimate
different specification of Equation [2] without the one or two birth month closest
to the cut-off on both sides. Appendix Table shows the resulting estimates
for the linear and quadratic local polynomials as well as with and without indi-
vidual control variables. In one specification (Panel A, column 2) the estimate is
now only statistically significant at the ten percent level. All others remain highly
significant, including from the more demanding two-month donut. Overall, this
additional analysis confirms the main findings, with estimates of similar magni-
tudes throughout. Our results are not driven by outlier observations close to the

cut-off.
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6 Heterogeneity

6.1 Heterogeneity by initial education

We now extend the empirical analysis by focusing on effect heterogeneity along
prior educational levels. We already showed descriptively that training partici-
pation positively correlates with prior educational levels in Section and Fig-
ure[A. 1] In this analysis, we test if the reform effect also varies by prior educational
level. Since we only focus on women close to the cut-off, to alleviate issues of sample
size, we again aggregate the ISCED educational levels into two education groups
of women classified as "college" and "non-college."

Before turning to the results, note that |Geyer et al.| (2018) show that employ-
ment effects of the same pension reform for women aged 60-62 are of similar size for
highly educated women (9.5%) and for women without higher education (8.2%).
Thus, any differences in the reform effect along the education dimension are not
related to differences in retirement decisions.

For training before the age of 60 we find very strong differences by education
for the different specifications (see Table . Looking at our preferred specification
including a quadratic specification of the running variable, women with college ed-
ucation or more increase training by nearly 13.8 percentage points, corresponding
to a relative increase of about 43.4% [ The effect for women without college edu-
cation is estimated to be close to zero and not significant at conventional levels ]|

We tested (and rejected) in the main results section above the hypothesis that
forward-looking employment effects mechanically create the training effects that
we observe due to the sampling of our data. The finding that the positive training
estimates are entirely driven by large and statistically significant effects for the
college-educated now allows one additional test. If composition effects were driving
the training effects, we would expect to find forward-looking employment effects
for the same groups. In Appendix Table we present results for heterogeneity

of employment effects. While the estimates are positive throughout, none of the

30We discuss the magnitude of this effect in detail in Section

31Note that Figure suggests that women aged 55 might be driving the strong results for
women with a college degree. We therefore also estimate the heterogeneous results excluding age
group 55 and the results remain unchanged.
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Table 7: Training Effect Heterogeneity by Educational Level

Local Regressions (1) (2)
Panel A: Non-College

Without Covariates
Treatment Variable 0.0085 0.0158
(0.0095) (0.0133)

With Covariates

Treatment Variable 0.0086 0.0160
(0.0095) (0.0133)

Panel B: College

Without Covariates
Treatment Variable 0.0844**  (.1383***
(0.0354) (0.0392)

With Covariates

Treatment Variable 0.0831**  0.1377***
(0.0353)  (0.0395)
Age FE v v
Year FE v v
Running Variable Linear  Quadratic

Notes: Standard Errors in parentheses; clustered at birth month level. Sample includes twelve
month before and after reform cutoff. Significance levels: * p 0.10, xx p 0.05, * x x p 0.01;
Participation rates in training for cohort 1951 are 0.154, 0.317, 0.117 for all employed women,
employed women with college and employed women without college, respectively. Number of
observations: Panel A 22,984; Panel B: 5,535. Covariates: high initial level of education
indicator (ISCED 97 Level 5-6), and a variable for medium education (ISCED 97 Level 3-4) as
well as an indicator variable for west Germany. Source: Microcensus 2005-2012, own
calculations.
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estimates for college-educated workers is statistically significant. In contrast, six
out of eight estimates for workers without college are statistically significant at the
10% level or higher. The linear local estimates are highly statistically significant

at the 1% level. This confirms our previous findings and interpretation.

6.2 Heterogeneity by firm size

Next, we examine if the training effect differs by the size of the company. For this,
we estimate the RDD separately for women working in large vs small /medium-sized
companies. We use the classification from the Microcensus, where companies with
50 or more employees are classified as large. Before turning to the interpretation
of the results, we note again that company size is potentially an outcome in its
own right, and can thus be considered endogenous. But as documented in Table [4]
the pension reform did not have an affect on sorting into bigger companies.
Appendix Table splits the sample by company size. For large companies,
looking at the preffered local regression approach, the effects vary between 0.14
and 2.92 percentage points without, and between 1.55 and 3.24 percentage points
when including controls. For small-medium sized companies the effects always
fall in the range of 3.22 and 6.66 percentage points. Overall, out of the sixteen
estimates provided, ten are significant at least at the 10 percent level, of which
eight are significant at 5 percent or higher. The estimates thus suggest slightly
larger and more significant effects in small and medium sized companies, but the
confidence intervals of the estimates are overlapping. We therefore conclude that

the main dimension of heterogeneity is along levels of initial education.

7 Quantifying Treatment Effects of the Reform

As discussed in Section [2.1] the pension reform only affected the working life of
women who fulfill the eligibility criteria for the so-called pension for women. The
Microcensus is a cross sectional data set without information about the employ-
ment history. Therefore, we can not directly determine the eligibility within this
data. As a result, our estimates should be interpreted as intention-to-treat (ITT)

effects, giving a lower bound of the true effect.
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To gauge information about actual eligibility, we use information from the
SOEP longitudinal data, according to which about 76% of all women employed
before entering retirement were indeed eligible for this pathway into retirement.
This rate increases to approximately 89% when excluding self-employed and civil
servants, who are not, by definition, eligible. Further, SOEP data show that about
86% of employed women without a college degree and 94% of women with a college
degree fulfill the eligibility criteria.

With this information and the estimated effects (ITT) presented in Tables
and[7] we can derive the average treatment effect on the treated (ATT) overall and
for the different educational groups. More precisely, we divide the ITT estimates
by the respective eligibility share, £, for each educational group g to obtain ATT

estimates:

ITT,
E

g
These are presented in Table Overall, the pattern of the ATT effects is
similar to the I'TT effects, but the effects are slightly larger. The point estimates

ATT, =

suggest that overall probability to participate in training increases by roughly 4.4
percentage points in our preferred quadratic specification including covariates (col-
umn 2). For women with a college degree the increase is is substantially higher
with 14.6 percentage points (column 2), and the effect for women without col-
lege is close to zero (column 3). These estimates imply a relative increase in the
probability of training of 28.8% of all women and 46.2% for women with college
degree.

These effects are sizeable so it is important to consider if they are plausible.
We believe so, for three reasons. First, the effect sizes that we document are
not dissimilar to the findings of the small existing empirical literature on training
effects. In particular, |Brunello and Comi (2015]) estimate for private sector Italian
workers effects on training of nine percent as a result of a policy that shifts the ERA
by one year. In comparison, our estimates are larger but they are also estimated
from a larger policy shift. Second, although our results represent sizable estimates,
so far this discussion does not account for the fact that, while being distinct from

zero at conventional levels of statistical significance, these coefficients are of course
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estimated with uncertainty. When we instead focus on the lower bounds of the
corresponding 95%-confidence intervals, we obtain a value of 2.22 percentage points
for the I'TT using the local quadratic specification for the whole sample. This
corresponds to an ATT of approximately 2.49 percentage points and a relative
size of 16.17% overall. For college graduates the lower bound ITT estimate is 6.02
percentage points resulting in an ATT estimate of 6.40 percentage points, and
a relative size of 20.18%, again using the quadratic specification. Last but not
least, even lower hypothesised estimates cannot be refuted at conventional levels
of statistical significance when using the results of the difference-in-discontinuities

approach for the baseline.

Table 8: Average Treatment Effect on the Treated (ATT)

(1) (2)
Panel A: Whole Sample
ATT 0.0305 0.0443
Relative Size ATT (in%) 19.81 28.77
Panel B: College
ATT 0.0883 0.1463
Relative Size ATT (in%) 27.85 46.15
Panel C: Non-College
ATT 0.0099 0.0185
Relative Size ATT (in%) 8.48 15.79
Running Variable Linear Quadratic

Notes: The ATT is derived by weighting the ITT effects presented in Tables[2] and [7] The
eligibility rates are calculated from the SOEP data. Participation rates in training for cohort
1951 are 0.154, 0.317, 0.117 for all employed women, employed women with college and
employed women without college, respectively. The corresponding eligibility rates are 89.14,
94.12, 86.58. Number of observation Panel A: 28,519, Panel: B 22,984, Panel C: 5,535
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8 Conclusion

In this paper, we provide causal evidence for the theory of human capital accu-
mulation, which has the key prediction that education investments depend on the
length of the payout period. We exploit a sizable pension reform that sharply
increased the Early Retirement Age for women between two adjacent cohorts from
60 to 63 years. The analysis is based on the German Microcensus using RDD
estimation approaches.

The empirical analysis offers support for the key prediction of human capital
theory that the duration of the payoff matters for educational investment decisions.
In more detail, our empirical results show that the increase in the ERA has a sizable
effect on the human capital accumulation of employed women: in our preferred
specification, the probability of training increases by about 4.4 percentage points,
which corresponds to an increase of 25.6% for these age groups, and at least 16.2%
considering lower bound of the 95% confidence interval. This finding is robust to
changes in the bandwidth and for different specifications of the running variable
in the RDD and is supported by placebo tests. Investigating heterogeneity, we
show that the pension reform increases training for women with a college degree
or more by more than fourteen percentage points, which corresponds to a relative
increase of more than 46.2%, with a lower bound of 20.2%. The effect for women
without college degree is not significant.

Our findings have important implications for the policy debate on pension re-
form and help to understand why an increase in the retirement age has positive
employment effects but also leads to an increase in unemployment and inactiv-
ity (see, e.g. (Geyer and Welteke| (2021)). The debate usually abstracts from the
dynamic human capital investment that we document. Our results show that re-
tirement policy need not be thought of as independent of training decisions. Policy
makers should consider positive effects on training demand that result from expan-
sions of working life. Moreover, it remains an open question of why the training
response is limited to highly-educated women. One explanation is that lowly-
educated workers find it harder to increase their working life, thus benefiting less
from potential training. A better understanding of the underlying reasons for the

documented heterogeneity is key to increase training further, as well for the low
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educated to reduce inequality of old age income and the risk of old age poverty.
From a policy perspective, in ageing societies increasing productivity or just the
labor market attachment of older workers is becoming more critical. We believe,
future work should examine the role of individual workers and firms in initiat-
ing the positive training effects that we document, adding to the still relatively

underdeveloped literature on educational investments beyond initial schooling.
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Appendices

Appendix A: Additional Figures and Tables

Figure A.1: Average On-the-job Training Participation by ISCED Groups
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Note: Figure plots the average on-the-job training participation and corresponding 95 %
confidence intervals by ISCED 1997 groups for all employed women (Cohorts 1940-1985) using
Microcensus data from 2005 onward. In total there are six ISCED 97 levels. Level 1 corresponds
to primary education, level 2 to lower secondary, level 3 to higher secondary, level 4 to post-
secondary education, level 5 to first stage tertiary and level 6 to second stage tertiary education.
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Figure A.2: Average On-the-job Training Participation for Sub-Sample with Col-
lege Degree

On-the-Job Training Participation by Age
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Notes: The figure plots the average on-the-job training participation for all
employed women with a college degree of the cohorts 1951 and 1952 from
2005 onward.

Figure A.3: Average On-the-job Training Participation for Sub-Sample with No-
College Degree

On-the-Job Training Participation by Age
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Notes: Figure [A3] plots the average on-the-job training participation for all
employed women with no college degree of the cohorts 1951 and 1952 from
2005 onward.
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Figure A.4: Balancing with ISCED Levels as Outcome
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Figure plots point estimates obtained from a quadratic local RDD
specification using our main sample and an indicator variable that is equal to one
if the observed individuals’ education is classified in the given ISCED level and
zero otherwise as outcome variable. Further, it shows the corresponding 95 %
confidence intervals for each point estimate. In total there are six ISCED 97
levels. Level 1 corresponds to primary education, level 2 to lower secondary, level
3 to higher secondary, level 4 to post-secondary education, level 5 to first stage
tertiary and level 6 to second stage tertiary education.
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Figure A.5: Training Effect by Age

Treatment effects at different ages
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Figure A.6: Employment Effect by Age
Treatment effects at different ages
N .
©
R
©
=2
W ey
=
go T
Bw 1 l 1
22
=<
3
&
8
o
8
ol T T T T T T T
53 54 55 56 57 58 59
Age in Years

’o Estimated Treatment Effect = +———— 95 Percent Confidence Interval

Note: Source: Microcensus 2005-2012; both graphs depict treatment estimates using the
preferred quadratic RDD specification for the training outcome and the linear specification for

the employment outcome controlling for covariates and running regressions for each age group
separately.
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Figure A.7: Employment Effect before 60

Employment by Birth Month
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Figure A.8: Unemployment Effect before 60
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Notes: Figure and plot the average employment and unemployment rates (y-axes) for
all women born in 1951 and 1952 from 2005 onward by running variable, i.e. birth month
(x-axis). The running variable denotes the distance to the cut-off measured in birth months.
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Figure A.9: Density Plot
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The above figure plots the density on the y-axis and the running variable on the x-axis using a
local polynomial approach of degree 2 following Calonico et al. (2018b). In our setting any
jump in density around the cut-off relates to selection (employment effects) rather than
manipulation. See section for a discussion and Table for density tests for sub-groups
with no employment selection.
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Table A.1: The Effect on Personal Income (measured in Euro)

Local Regressions (1) (2)

Panel A: Employed Women

Without Covariates
Treatment Variable -17.2570 15.5850
(14.4350)  (18.2310)

With Covariates

Treatment Variable -19.2280 8.4177
(18.6510)  (25.2550)

Panel B: All Women

Without Covariates
Treatment Variable -1.9007 4.2213
(17.9040) ( 21.4920)

With Covariates

Treatment Variable -4.1830 -4.0053
(15.2000)  (16.8490)
Age FE v v
Year FE v v
Running Variable Linear  Quadratic

Notes: Standard Errors in parentheses; clustered at the birth month level. Sample includes
twelve month before and after reform cutoff. Significance levels: * p 0.10, xx p 0.05, *x % p 0.01;
Number of observations: Panel A: 27,179; Panel B: 50,035. The outcome variable measures the
personal income denoted in Euro. Covariates: high initial level of education indicator (ISCED
97 Level 5-6), and a variable for medium education (ISCED 97 Level 3-4) as well as an
indicator variable for west Germany. Source: Microcensus 2005-2012, own calculations.
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Table A.2: Training Effect: The Role of Educational Control Variables

(1) (2) (3) (4) (5) (6)

RD-Estimate 0.0272%%%  0.0395%%*% 00248  0.0408***  0.0244"*  0.0405***
(0.0077)  (0.0096)  (0.0077)  (0.0086)  (0.0078)  (0.0087)

Covariates v v v v v v
Year FE v v v v v v
Age FE v v v v v v
ISCED FE v v

ISCED Sub FE v v

Running Variable  Linear = Quadratic = Linear  Quadratic = Linear  Quadratic

Notes: Standard Errors in parentheses; clustered at birth month level. Sample includes twelve
month before and after reform cutoff. Significance levels: * p 0.10, *x p 0.05, * % % p 0.01; Table
shows results from local linear and quadratic RDDs including education controls as in the
main specification (1)-(2), ISCED fixed effects (3)-(4) and ISCED sub-category fixed effect
(5)-(6). Source: Microcensus 2005-2012, own calculations.
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Table A.3: Density Manipulation Test

Specification (1) (2) (3) (4)

Test Statistic  1.9910** 1.5344 2.2518%* -0.0552

P-Value 0.0465 0.1249 0.0243 0.9560
Sample Whole  Age drop Non-College College
Bandwidth 12 12 12 12

Notes: Table depicts the test statistics of a density test based on |Calonico et al|(2018) as
well as the corresponding p-value, the sample and the bandwidth. Significance levels: * p 0.10,
#% p 0.05, x x x p 0.01. Column (1) uses the whole sample of employed women in cohorts 1951
and 1952, column (2) drops the age groups that drive the employment effects in the paper.
Columns (3) and (4) split the sample by education level.
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Table A.4: Regression Discontinuity: Traning results excluding ages 55, 58 and
59.

Local Regressions (1) (2)

Without Covariates
Treatment Variable 0.0293***  ().0442***
(0.0099) (0.0110)

With Covariates

Treatment Variable 0.0298***  (0.04406***
(0.0079)  (0.0102)

Age FE v v
Year FE v v
Running Variable Linear Quadratic

Notes: Standard Errors in parentheses; clustered at birth month level. Sample includes twelve
month before and after reform cutoff. Significance levels: * p 0.10, *x p 0.05, * * % p 0.01;
Number of observations: 16,903. Covariates: high initial level of education indicator (ISCED 97
Level 5-6), and a variable for medium education (ISCED 97 Level 3-4) as well as an indicator
variable for west Germany. Source: Microcensus 2005-2012, own calculations.
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Table A.5: Difference-in-Discontinuities: Employment Outcome

Local Regressions (1) (2)

Without Covariates
Treatment Variable -0.0030 0.0127
(0.0084)  (0.0109)

With Covariates

Treatment Variable -0.0074 0.0077
(0.0077)  (0.0095)
Age FE v v
Year FE v v
Running Variable Linear  Quadratic

Notes: Standard Errors in parentheses; clustered at birth month level. Sample includes twelve
month before and after reform cutoff. Significance levels: x p 0.10, xx p 0.05, * % x p 0.01;
Number of observations: 99,316. Covariates: high initial level of education indicator (ISCED 97
Level 5-6), and a variable for medium education (ISCED 97 Level 3-4) as well as an indicator
variable for west Germany. Source: Microcensus 2005-2012, own calculations.
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Table A.6: Training Effect for different Bandwidths

Bandwidth 6m 9m 12m 6m 9m 12m

Without Covariates
Treatment Variable 0.0307**  0.0307**  0.0235*%*  0.0559***  (0.0403**  (0.0418***
(0.0152)  (0.0130)  (0.0120)  (0.0168)  (0.0145)  (0.0131)

With Covariates

Treatment Variable — 0.0202%%%  0.0307%%% 0.0237%%% 0.0419%%% 0.0357%%%  (.0395%**
(0.0097)  (0.0085)  (0.0079)  (0.0100)  (0.0098)  (0.0088)

Age FE v v v v v v
Year FE v v v v v v
Running Variable Linear Linear Linear Quadratic Quadratic Quadratic

Notes: Standard Errors in parentheses; clustered at birth month level . Significance levels: * p
0.10, ** p 0.05, x x % p 0.01; the table shows local regression results for different bandwidths.
Number of observations 6m bandwidths: 13,941; Number of observations 9m bandwidths:
20,938; Number of observations 12m bandwidths: 28,519. Covariates: high initial level of
education indicator (ISCED 97 Level 5-6), and a variable for medium education (ISCED 97
Level 3-4) as well as an indicator variable for west Germany. Source: Microcensus 2005-2012,
own calculations.
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Table A.7: Donut Regressions

Local Regressions (1) (2)

Panel A: One month donut

Without Covariates
Treatment Variable 0.0149** 0.0241*
(0.0064) (0.0130)

With Covariates

Treatment Variable 0.0195***  (0.0338***
(0.0045)  (0.0096)

Panel B: Two month donut

Without Covariates
Treatment Variable 0.0197***  0.0407***
(0.0071)  (0.0089)

With Covariates

Treatment Variable 0.0199***  (0.0410***
(0.0067)  (0.0071)

Age FE v v
Year FE v v
Running Variable Linear Quadratic

Notes: Standard Errors in parentheses; clustered at birth month level. Sample includes twelve
month before and after reform cutoff. Significance levels: * p 0.10, *x p 0.05, * * % p 0.01.
Number of observations Panel A: 25,991; Number of observations Panel B: 23,375. Covariates:
high initial level of education indicator (ISCED 97 Level 5-6), and a variable for medium
education (ISCED 97 Level 3-4) as well as an indicator variable for west Germany. Source:
Microcensus 2005-2012, own calculations.
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Table A.8: Employment Outcome: Heterogeneity by Educational Level

Local Regressions (1) (2)
Panel A: Non-College

Without Covariates
Treatment Variable 0.0187*  0.0263**
(0.0101)  (0.0114)

With Covariates

Treatment Variable 0.0190*  0.0258**
(0.0097)  (0.0114)

Panel B: College

Without Covariates
Treatment Variable 0.0244 0.0209

With Covariates

Treatment Variable 0.0329 0.0322
(0.0341)  (0.0491)
Age FE v v
Year FE v v
Running Variable Linear  Quadratic

Notes: Standard Errors in parentheses; clustered at birth month level. Sample includes twelve
month before and after reform cutoff. Significance levels: * p 0.10, *x p 0.05, * % % p 0.01;
Participation rates in training for cohort 1951 are 0.154, 0.317, 0.117 for all employed women,
employed women with college and employed women without college, respectively. Number of
observations Panel A: 45,762; Panel B: 8,325. Covariates: high initial level of education
indicator (ISCED 97 Level 5-6), and a variable for medium education (ISCED 97 Level 3-4) as
well as an indicator variable for west Germany. Source: Microcensus 2005-2012, own
calculations.

92



Table A.9: Heterogeneity by Company Size

Local Regressions (1) (2)

Panel A: Big Company

Without Covariates
Treatment Variable 0.0087 0.0217
(0.0143) (0.0169)

With Covariates

Treatment Variable 0.0079 0.0265**
(0.0120)  (0.0119)

Panel B: Small-Medium Sized Company

Without Covariates
Treatment Variable 0.0324**  0.0566***
(0.0146)  (0.0143)

With Covariates

Treatment Variable 0.0322%*%*  ().0482%**
(0.0114)  (0.0120)

Age FE v v
Year FE v v
Running Variable Linear Quadratic

Notes: Standard Errors in parentheses; clustered at birth month level. Sample includes twelve
month before and after reform cutoff. Significance levels: * p 0.10, *x p 0.05, * * x p 0.01. Big
companies in the Microcensus are classified as companies with 50 or more employees. Number
of observations Panel A: 14,750; Panel B: 13,769. Covariates: high initial level of education
indicator (ISCED 97 Level 5-6), and a variable for medium education (ISCED 97 Level 3-4) as
well as an indicator variable for west Germany. Source: Microcensus 2005-2012, own
calculations.
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Appendix B: Theoretical Model

In this Appendix, we derive a stylized theoretical human capital model and show
that individuals, ceteris paribus, have an incentive to increase on-the-job training
when working life increases exogenously. The central mechanism for this human
capital effect is that the returns to training increase with the remaining working
life of an individual i, denoted by R;[|[?¥] The theoretical model presented below
illustrates the mechanism in a simplified and intuitive setting through a discrete
time model consisting of three stylized periods. Note that Y;; denotes an individual
i’s income in period t and C}; denotes the level of consumption in period t. Each
individual derives utility through consumption, U(Cy;), with the standard assump-
tion of U'(Cy) > 0, U"(Cy;) < 0. Further, each individual has earnings F;, which
are a composite of individual wages, employment security and quality of work.
Earnings in period one depend on the initial level of schooling, i.e. E;(S;), which
is determined exogenously prior to period one. Farnings, ceteris paribus, are in-
creasing with education, specifically we assume F1(S;) > 0, EY(S;) < 0. In the first
period, the individual decides on his or her time investment in human capital, I;,
through participation in on-the-job training measures. Earnings in period two de-

pend on the chosen level of training, specifically we assume F4(1;) > 0, EY(1;) < 0.

1. Period
Income in the first period consists of labor in income which varies with the level

of initial schooling, .S;:

2. Period

Income in period two is given by:

32Note that the remaining working life in our stylized theoretical setting is treated as exogenous.

33 An analogous human capital effect can be generated in a model of firm’s investment decision
when the working life of workers increases. When workers are not perfectly mobile (Acemoglu
and Pischke, 1998, 1999), the intuition is straight forward in our model: The longer the payout
period for the investment of the firm, i.e. the longer the worker stays in the firm, the higher the
investment in human capital.
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where R; is the duration of the remaining working life and I; denotes the level of

human capital investment.

3. Period

Income in period three is given by:

Period three is the period of retirement. The duration of period three is T; — R;,
where T} is the individual life expectancy. We assume that retirement is a discrete
decision to exit the labor market completely. Income in the retirement period is
covered by the state pension, which is a fraction o, with o < 1, of labor income
in period two.

Utility over all three periods then is given by:

Ug = Uy + BUxR; + 52U3z'(Ti — R;)

Where:

Uy =U(Cw)

Usi = U<C2i> - CL(Si)Ii

Usi = U(C3)

Following e.g. Blundell et al, (2019), we assume that individuals face utility cost
of training in period 2, a(S;), which fall with schooling S, i.e. a/(S;) < 0.
Individuals maximize U, subject to the intertemporal budget constraint, which is

given by:
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y1i + By2iRi + BPysi(T; — R;) > C1i + BC%R; + (°Csi(T; — R;)
Hence, the Lagrangian is:
L=Ug+A [Z/u + ByaiRi + BPysi(T; — R;) — (Ch; + BCxuR; + B7Cyi(T; — Rz))}

and the set of First Order Conditions is given by:

aaCLl,- = 0= U'(Ci —a(S)l;) =A=0 (B.3)

D o= o) -0 =0 -

aa(i = 0= B(T - R)F* A= U(Cy)] =0 (B.5)

gf = 0= A-ax(S) + (Rif + (R = T)af) Ey(1)] =0.  (B.6)

Based on the set of First Order Conditions and applying the implicit function
theorem, we derive our results. More precisely, we can take the derivative of
with respect to R; and I; respectively. Dividing both terms with each other and

multiplying the result by negative one, then according to the implicit function

denoted below in |B.7]

i

OR;

theorem gives
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R, L R+ (T, — Ry)ap| E§(I) '
0217

An increase in the remaining working life, R; implies a positive impact on
training as long as Fj > 0 and FY < 0. Note that af — 1 is negative since § < 1
and o < 1. Hence, we can derive the main proposition that motivates the empirical

analysis of our paper.

Proposition I (Working life effect)

The effect of an increase in the working life on training is positive.

Secondly, the effect of training participation with respect to schooling is cap-
tured by Equation [B.8

ol; a'(S;)
S, B[R+ (T, — Ry)aB| B3(L,) (B.8)

As long as the utility cost of training falls with the initial level of schooling, i.e.

a'(S;) < 0, the effect will be positive, which implies Proposition II.

Proposition II (Initial education effect)
The level of time investment in training rises with initial schooling as long as utility

cost of training are falling with the initial level of schooling.

Thus, the model captures the empirical finding that higher educated individuals
participate in training more often, which is described as a dynamic complementary
between initial education and later training, see e.g. Cunha and Heckmann (2007)
and Jacobs (2009).
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