E t Network for Studies on Pensions, Aging and Retirement

Topics in Economics of Labor,

Health, and Education

Yi Zhang

NETSPAR e = ufie SERIES

PhD 05/2020-006




l_’__l
TILBURG & %}?ﬁ ¢ UNIVERSITY
l\;’fl

Topics in economics of labor, health, and education
Zhang, Yi

Document version: _
Publisher's PDF, also known as Version of record

Publication date:
2020

Link to publication

Citation for published version (APA):
Zhang, Y. (2020). Topics in economics of labor, health, and education. CentER, Center for Economic Research.

General rights

Copyright and moral rights for the publications made accessible in the public portal are retained by the authors and/or other copyright owners
and it is a condition of accessing publications that users recognise and abide by the legal requirements associated with these rights.

- Users may download and print one copy of any publication from the public portal for the purpose of private study or research
- You may not further distribute the material or use it for any profit-making activity or commercial gain
- You may freely distribute the URL identifying the publication in the public portal

Take down policy

If you believe that this document breaches copyright, please contact us providing details, and we will remove access to the work immediately
and investigate your claim.

Download date: 17. Feb. 2021


https://research.tilburguniversity.edu/en/publications/5d94e33b-a7d3-4873-88d2-74ead33e5c9d

Topics in Economics of Labor, Health,

and Education

YI ZHANG

l.’__l
TILBURG ¢ ;%%_’ ¢ UNIVERSITY
l“;/l



Topics in Economics of Labor, Health, and Education

Proefschrift ter verkrijging van de graad van doctor aan Tilburg
University op gezag van de rector magnificus, prof. dr. K. Sijtsma,
in het openbaar te verdedigen ten overstaan van een door het
college voor promoties aangewezen commissie aan Tilburg
University op maandag 29 juni 2020 om 16.00 uur door

Yi Zhang

geboren op 30 oktober 1985 te Hubei, China



Promotiecommissie:
Promotor: Prof. dr. A.H.O. van Soest
Copromotor: Dr. M. Salm
Overige leden: Dr. J.R. de Bresser
Dr. N.M. Daysal

Prof. dr. M.G. Knoef
Prof. dr. ir. J.C. van Ours



Acknowledgements

This dissertation would not have been possible without the kind help and support
from many people.

I would like to acknowledge my indebtedness and render my warmest thanks to my
supervisors, Martin Salm and Arthur van Soest, for their invaluable guidance and
generous help throughout all stages of the work. Martin has always been a great
mentor and a good friend, unreservedly sharing experience on academic writing
(“Write short sentences!”’), making effective presentations (“No more than 4 lines on
a page!”), doing research (“The first step of writing a good paper, is writing a bad
one...”), and living wisely (“If you cannot reduce the consumption of sth., you’d
better stop it completely...”; “It is important to finish things...”)...His experience
turns out to be important both to PhD research and to life in general... Arthur, just
like Professor Albus Dumbledore in Harry Potter, has been the role model of many
of his PhD students. I, just like many other students, secretly pray that one day I
could be a productive researcher as he is, a good teacher as he is, and a capable and
benevolent person as he is. I would like to thank Martin and Arthur for always
trusting me and giving me opportunities to try new things, and for always being
encouraging whenever I feel upset or unconfident. What they taught me and did for
me is more than I could ever give them credit for here. It has been very lucky, in
every respect, for me to be their student.

I would also like to express my deep gratitude to the other members of my doctoral
committee, Jochem de Bresser, Meltem Daysal, Marike Knoef, and Jan van Ours.
Their insightful suggestions have contributed greatly to the improvement of the
thesis. Besides, the earlier version of Chapter 4 benefits a lot from the extended
discussions with Jochem. His advice on job market preparation is also super helpful.
Meltem and Marike offered me great opportunities to present the preliminary work
of Chapter 3 and Chapter 4 at their workshops where many valuable suggestions
were collected. Jan gave extensive advice on the earlier version of Chapter 2, as well
as his kind support on my job market.

I want to thank my collaborators, Jia He, Tunga Kantarci, and Jan-Maarten van
Sonsbeek for their tremendous efforts dedicated to the projects. I learned a lot
through the cooperation with them. Thanks for bearing with my randomness and for



bringing so much fun to the research process.

I would like to thank SEG participants and other faculty members for their
constructive feedback on my work. In particular, the dissertation benefits a lot from
the advice from Jaap Abbring, Bart Bronnenberg, Tobias Klein, and Moritz Suppliet.
Discussions on this thesis and a wider range of research topics with Lei Lei, Jan
Kabatek, Ana Moura, Ittai Shacham, Suraj Upadhyay, and Mingjia Xie have always
kept me inspired. Many thanks to Otilia Boldea, Bettina Siflinger, Christoph Walsh,
and Bas Werker for their helpful suggestions both on my papers and on preparing for
the job market.

I also want to take a moment and extend my gratitude to my friends and colleagues.
Ruonan Fu, Wengian Hu, Xue Xu, and Yuanyuan Xu, all the happy time with you
has been an indispensable part of my PhD life. The distance can never separate our
friendship (we have Wechat anyways...). Elisabeth Beusch and Laura Capera
Romero, my lovely “Granny Office” mates, thanks for all the interesting research
discussions, the emotional support, and many happy talks that kept us off from work.
Thanks to my foodie friend Chen He, who had shown me so many nice restaurants
in the Netherlands. I have passed your philosophy for the greater food on to the next
cohorts... Many thanks to Xiuqi Lin, Manwei Liu, Junjie Zhang, and Sili Zhang for
fighting together in the Langrisser world. Thanks for the support and help from my
friends: Santiago Bohorquez Correa, Mirthe Boomsma, Thijs Brouwer, Shuai Chen,
Kadircan Cakmak, Wentian Diao, Lenka Fiala, Rafael Greminger, Di Gong, Tao Han,
Yi He, Dorothee Hillrichs, Yue Hu, Maciej Husiatynski, Ye Kong, Xu Lang, Jing Li,
Xuan Li, Zihao Liu, Shuo Liu, Pintao Lv, Emanuel Marcu, Zilong Niu, Renata
Rabovic, Lingbo Shen, Yi Sheng, Lei Shu, Chen Sun, Bas van Heiningen, Xiaoyu
Wang, Takumin Wang, Xingang Wen, Oliver Wichert, Yan Xu, Jierui Yang, Yadi
Yang, Yuxin Yao, Wencheng Yu, Yifan Yu, Da Zhang, Miao Zhang, Wanqing Zhang,
Xiaoyue Zhang, Nan Zhao, Shuo Zhao, Kun Zheng, Trevor Zheng, Yeqiu Zheng and
Bo Zhou.

I would like to extend my sincere gratitude to Cecile de Bruijn for her kind support
on the job market, to Korine Bor for always standing in our shoes (and finding ways
to cover my travel expenses), and to our secretaries of EOR: Anja Heijeriks, Anja
Manders-Struijs, Monique Mauer, and Heidi van Veen for their excellent support (the
continuous provision of Cola Light has been crucial to my productivity...).



Special thanks to Jens Priifer and Sebastian Dengler. My journey in Tilburg would
have stopped much earlier before the PhD stage without their helping hands in my
emotionally difficult times.

Finally my deepest love goes to my parents and my husband Mi Zhou for their
constant love and unconditional support.

Yi Zhang

May 4, 2020

Beijing, China



Contents

Chapter 1 INtrOQUCTION.........evuieieiieiesieeiestt ettt sttt ettt e e s bt este s et esbesbeesaesseensesseensesseensansennnens 1
Chapter 2 The Effect of Training on Workers’ Perceived Job Match Quality .........cccccoceveniniieeenne
2.1 Introduction ..................
2.2 Data and Measurement ............ccecceveveeeneennennens
2.3 The Effect of Training on Job Match Quality ...
2.4 Mechanisms................
2.5 Sensitivity Analysis ...
2.0 COMCIUSION ...ttt ettt ettt b e e st b e st e bt e st e s bt e st e s bt e st e sb e e st e sbeesbesbeeneesbeenee
APPENAIX 2.A TADIES ....eeuveeieieeiieieeieie ettt ettt et e e teste et e steesbesseesseeseensesseenseassensesssensennsenes
Appendix 2.B Alternative Way to Construct Job Match Quality.
References fOr ChAPLEr 2 ......cc.ivcieiiieieiieiereeeete ettt sttt see e st ebeseeebeesaensesssenseennenes
Chapter 3 The Effect of Retirement on Healthcare Utilization: Evidence from China.............cc..c..... 45
3.1 Introduction
3.2 Institutional Background and International CompariSOn ..........ceceeeeriereerienersieneerieneeeeneenees 48
B3 DA ettt bt h e h e bt e a e e bt st s bt et e bt ea b e bt ente bt entesbeentes
3.4 Empirical Strategy .
3.5 MAIN RESUILS ...ttt ettt
3.6 MECHAMISITIS ...ttt ettt ettt b e bttt eat bbbt neene
3.7 Sensitivity Analysis and Specification Checks
3.8 DASCUSSION. ...ttt ettt ettt b et b ettt b e bt e bt b e s bt e et ebeeb e bt b st et e e eneenene
APPENAIX 3.A TADIES ...ttt sttt b et sttt sttt e st et e b st nee
Appendix 3.B Figures.......ccccooveeieneriienieiienieieneeiee
Appendix 3.C Variables Used in Further Analysis
References for Chapter 3 ..ottt sttt st
Chapter 4 The Impact of a Disability Insurance Reform on Work Resumption and Benefit Substitution
0 the NEtherlands.......coooiiiiiiiii ettt st 107
AT INTFOAUCTION <ottt ettt ettt b e sb b s b et e st eb e ebe e b e sa et et eneenneneane 107
4.2 INSHIULIONAL SEHINE ...vvevieieieieieeiteieseete ettt e sttt e st e e s teesbesseessesseessesseessesseessessesssesssensensaessens 111

4.3 DALA .ttt ee 116
4.4 DESCIIPLIVE STALISTICS ..veuvieureteeutirtieiesieeteste et st et e st eitesteeatesbe et e sbeeate bt esbesbeestesbesnbesbeensesseensens 119
4.5 EMPITICAl STTALEZY ...euventieiteriieiieieeteste ettt ettt ettt ettt ettt et e bt esbesbeeatesbeentesbeenbesbeeneens 126
4.6 MAIN TESULLS .....oviiiiiieieicietcee sttt et sttt et ae s e eneene

4.7 Effect over time

4.8 Heterogeneous ©ffECtS .. .....coueiiiriiiitiieeee ettt 133
4.9 SENSIIVILY ANALYSES ...eveeeuieiieiietiitieteitet ettt ettt sttt ettt se st e bt bt st eneeneeneene 140
4.10 Conclusion

Appendix 4.A The under-reporting of sickness cases shorter than 180 days ........c..c.cceevveeeuenene. 153
Appendix 4.B Descriptive plots with yearly data ..........cccoveeiieniniienieiiieieeeeeeeeee e 156
Appendix 4.C A back-of-envelope calculation to decompose effects of WIA reform on the
probability of claiming DI and the probability of Working ...........cccceeceeverieniniinenieceeeeee, 158
References for ChAPLEr 4 .........ccooiiiiiiiriicieiet ettt ettt

Chapter 5 Measuring Non-cognitive Skills Exploiting Log-files on Online Behavior ...
5.1 INFOAUCHION ...ttt ettt sttt eneae
5.2 Two Examples: Perseverance and Deep Learning..........cccccveveirinenenienenienincneneeeeeene
5.3 DISCUSSION. c..eeuvuiieiiiereietireieeeteeeree ettt eree e
Appendix 5.A Details on Sample Restrictions of Example 1 ...
References for ChapLer 5 .........coiiiiiiiiiriicetet ettt



Chapter 1

Introduction

This dissertation consists of four essays on topics in labor economics, health
economics, and economics of education. It primarily investigates how policy-
induced incentive changes influence individuals’ labor market and health outcomes.
It also explores new methods to construct measures for education-related variables.

The first paper in Chapter 2, “The Effect of Training on Workers’ Perceived Job
Match Quality”, studies how training improves the quality of a job match. The
quality of a job match indicates how well the characteristics of a worker match those
of a job. It receives increasing attention as low job match quality, or mismatch, is
associated with wage penalties, absenteeism, high turnover, and other negative labor
market outcomes. A possible measure to improve job match quality that has been
frequently discussed is training. We study the causal effect of training on the quality
of a job match using longitudinal data for a representative sample of the Dutch
population. To account for the multi-dimensional nature of job match quality, we
construct an index of workers’ perceived job match quality from five survey
questions on job satisfaction and on how a worker’s education and skills match with
the job. Based on a dynamic linear panel data model, which accounts for potential
endogeneity of training, we find that training has significantly positive short- and
long-term effects on job match quality. This is mainly driven by training for human
capital accumulation. Further analysis incorporating job changes shows that training
for job change purpose increases the probability to change jobs, but job changes
immediately following this type of training do not significantly increase job match
quality. On the other hand, those who change jobs one year after this training do tend
to get a better-matched job.

The second paper in Chapter 3, “The Effect of Retirement on Healthcare Utilization:
Evidence from China”, studies how retirement influences healthcare utilization
among elderly individuals. This question is important for the understanding of the
full consequences of retirement policies. We examine the causal effect of retirement
on healthcare utilization in China using longitudinal data. We use a nonparametric
fuzzy regression discontinuity design, exploiting the statutory retirement age in
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urban China as a source of exogenous variation in retirement. In contrast to previous
results for developed countries, we find that in China retirement increases healthcare
utilization. This increase can be attributed to deteriorating health and in particular to
the reduced opportunity cost of time after retirement. For the sample as a whole,
income is not a dominating mechanism. People with low education, however, are
more likely to forego recommended inpatient care after retirement. The fact that
retirement increases healthcare use means that, at least in the short run, raising the
statutory retirement ages would reduce expenditures on public health insurance in
urban China. On the other hand, raising retirement ages might have negative effects
on health if workers postpone necessary treatment due to time constraints. An
increase in retirement ages should therefore go along with more facilitation of
preventive care and more efforts to reduce employees’ opportunity costs of seeking
medical treatment. Moreover, policy makers should not ignore that high co-payments
can imply financial barriers to medical care and can lead to more forgone inpatient
care for the low socioeconomic status group.

The third paper in Chapter 4, “The Impact of a Disability Insurance Reform on Work
Resumption and Benefit Substitution in the Netherlands”, studies how disability
insurance (DI) reform influences sick individuals’ labor market participation and
social benefit claiming. We evaluate a major DI reform introduced in 2006 in the
Netherlands. This reform introduces a basket of changes including extending the
waiting period before applying for disability insurance by one year, tightening the
entrance criteria, and introducing work resumption incentives, etc. Using unique
administrative data on agents who fall sick before and after the reform, and are hence
subject to old and new DI systems, we analyze the overall effect of the reform on
individuals’ labor participation decisions and on the use of benefits from alternative
social security programs. Difference-in-difference analyses find that the reform
decreases the use of disability benefit substantially and persistently. It increases labor
participation and the use of unemployment benefits to a sizable extent. The effects
on labor participation and salary are persistent, but the spillover effect on the use of
benefits from alternative benefit programs is non-lasting. The reform is least
effective for unemployed and older individuals who struggle most to resume working.
The reform even decreases the probability of working and the income for the
unemployed individuals, compared with their counterparts insured under the old DI
system. The worsening prospect of work resumption for the unemployed is possibly
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due to a larger scarring effect and more human capital loss, as a result of spending
more time waiting for DI due to the extension of the waiting period by an extra year.
This raises inequality concerns of the reform for this vulnerable labor market group.

The fourth paper in Chapter 5, “Measuring Non-cognitive Skills Exploiting Log-files
on Online Behavior”, proposes a new measure of non-cognitive skills. Conventional
self-reported measures of non-cognitive skills suffer from self-presentation bias and
reference group effects, which can produce paradoxical results, particularly in cross-
country comparisons. We propose a new source of measures derived from computer-
generated log files on the behavior of individuals taking an online test or respondents
taking an online survey. We analyze measures of two desirable non-cognitive skills,
perseverance and deep learning, constructed with log-file data from two large-scale
educational surveys. We show that these measures have higher cross-country
comparability as they predict the performance of tests consistently at both the
individual and the country level. We also discuss the methodological implications of
log-based behavioral measures, and encourage researchers to apply them in
combination with conventional self-reported measures.



Chapter 2

The Effect of Training on Workers’ Perceived Job Match Quality’
2.1 Introduction

Job match quality is increasingly recognized as an important predictor not only of
individuals’ psychological, social, and economic well-being, but also of firm
productivity, and even of economic growth. Individual-level analyses have shown
that low job match quality, or mismatch, is closely associated with wage penalties,
absenteeism, high turnover, and other negative labour market outcomes, even
controlling for wages, working hours, and standard demographic and job
characteristics (Vahey 2000, Dolton and Vignoles 2000, Allen and van der Velden
2001, Clark 2001, Green and Zhu 2010, Nordin et al. 2010, Mavromaras et al. 2013,
Pecoraro 2014, Congregado et al. 2016). Firm-level meta-analysis finds that higher
job match quality is related to higher employee engagement and firm profitability
and productivity (Harter et al. 2002).

Moreover, “improving job match quality” is a strategic goal of the European Union:
The 10-year strategy of Europe 2020 identifies “better matching labour supply and
demand” and “developing skills throughout the lifecycle” as new engines to boost
economic growth and to increase job quality.” The recent Strategic Framework for
Health and Safety at Work 2014-2020 emphasizes the importance of improving job
quality for the competitiveness and productivity of European companies.?

In spite of the acknowledged importance of job match quality, there is limited
empirical research on how job match quality can be improved. A possible measure
to improve job match quality that has been frequently discussed is training. However,

! This chapter is the same as the published version in Empirical Economics. It is coauthored with
Martin Salm and Arthur van Soest. The authors would like to thank CentERdata of Tilburg University
for providing the data. We are very grateful for many helpful comments of the anonymous referee,
the associate editor, and the coordinating editor. We are grateful to Jeffrey Campbell, Tobias Klein,
Jan van Ours, Loes Verstegen, and seminar participants at Tilburg University and the 29th Annual
Conference of EALE for their helpful comments and suggestions.

2 http://eur-lex.europa.eu/LexUriServ/LexUriServ.do?uri=COM:2010:2020:FIN:EN:PDF

3 http://eur-lex.europa.eu/legal-content/EN/ TXT/PDF/?uri=CELEX:52014DC0332. Strictly speaking,
job quality is not the same as job match quality. Job quality focuses on job characteristics, and it is a

part of job match quality
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studies that aim to estimate the effect of training on job match quality face two
challenges. First, there is no unanimous definition of job match quality, and second,
it is difficult to identify a causal effect of training on job match quality.

The quality of a job match indicates how well the characteristics of a worker match
those of a job. Job match quality can be defined either from the worker’s perspective
(Kalleberg and Vaisey 2005, Clark 2015), or from the firm’s perspective (Jones et al.
2009), using objective measures (Gaure et al. 2012, Lachowska et al. 2016, Le
Barbanchon 2016) or subjective measures (Gottschalk and Maloney 1985, Clark
2005, Ferreira and Taylor 2011).

In this study, we use a measure of workers’ perceived job match quality that captures
the multidimensional quality of a job match. Following the example of Ferreira and
Taylor (2011), we use factor analysis to derive a continuous measure of job match
quality from five job match-related questions. Our measure is a combination of
educational match, skill match, and satisfaction with the job. The use of job
satisfaction as a measure of job match quality goes back to Ferreira and Taylor (2011)
and Barmby et al. (2012). Our measure is correlated with observed job characteristics
and educational background, and it predicts on-the-job search even after controlling
for observed job characteristics, education, and individual fixed effects.

We use a broad concept of training — any course or educational program important
for work or profession. This includes training on the job as well as off the job. Our
aim is to estimate the causal effect of training on job match quality. Training can
affect job match quality in multiple ways. First, training can increase human capital
and individual productivity, as implied by human capital theory (Becker 1962). This
could improve the perceived job match quality through a wage increase. Even
without a wage increase, training could still improve the perceived match quality by
filling gaps in knowledge and skills and by making employees feel more competent
at their jobs. Second, training may have an indirect impact on match quality through
job changes. Training can influence the probability of matching to a new job with
higher requirements and usually also with higher wages, as implied by the theory of



career mobility (Sicherman and Galor 1990),* which could lead to a change in the
perceived match quality after switching to a new job.’

We estimate a dynamic linear panel data model, using eight years of data from the
Dutch LISS data (Longitudinal Internet Studies for the Social sciences). A challenge
for estimating the causal effect of training on job match quality is that training can
be endogenous to job match quality. One reason is the presence of time persistent
unobserved factors that drive participation in training and job match quality in
related ways. For example, more ambitious people may select themselves into
training and may also be more likely to find a better matched job. In our panel data
models, we account for this using fixed individual effects, allowed to be correlated
with training and other regressors. Second, training can be directly affected by job
match quality if, for example, training aims at making up for the lack of skills
required for the current job (i.e., the imperfect nature of the job match) or if training
is taken because employees are dissatisfied with their job and wish to improve their
labour market opportunities. We address the potential endogeneity of training
exploiting the timing of events, assuming that shocks in job match quality are not
correlated to past training (or other events in the past). This implies that we can use
lagged variables of training as instruments for current training and apply GMM.

We find positive effects of training on job match quality both in the short-run and
long-run. This finding is robust to alternative definitions of job match quality and
training. We then explore possible pathways. First, since training for different
purposes has different content and possibly different effects on job match quality, we
estimate a model that allows for heterogeneous effects of training. Our results
indicate that the effect of training is largest for training aimed at human capital
improvement, in accordance with human capital theory. We also find some evidence

4 Note that human capital theory and career mobility theory are not mutually exclusive. The key
distinction is that the original human capital theory only considers wage as the return of human capital
investment, whilst care mobility theory provides additional dimensions of return, i.e. inter- or intra-
firms occupational upgrading.

5 Similar mechanisms of how training can influence job match quality can also be derived from a search
and matching framework (see, e.g., Mortensen 1978, Jovanovic 1979, or Topel and Ward 1992). On
the one hand, match quality is revealed to both workers and firms as time elapses. If training affects
productivity through human capital build-up then it would affect the perceived quality of the work-
firm match. On the other hand, training could increase the search ability of the worker (e.g. training
on CV writing skills leads to higher success rate of matching with any new job), or increase the
probability of matching to jobs with higher quality (e.g. certificates allow workers to send signals to
more challenging and better paid jobs).
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supporting the theory of career mobility: We find that training for the purpose of a
job change immediately increases the probability to change jobs. However, these
new jobs are as often better matches as worse matches. On the other hand, for those
who do not change jobs immediately but in the next period, training for job change
purposes significantly improves job match quality. Finally, we find no evidence that
training for other purposes (mainly training referred to as “required for my job”) has
any effects on either job match quality or the likelihood to switch jobs.

Our study makes two contributions to the literature. First, we provide evidence for a
causal effect of training on job match quality based on a dynamic panel data model.
Existing empirical studies either focus on the association between training and match
quality (Chiang et al. 2005, Jones et al. 2009, Han et al. 2014),° or they identify a
causal effect using different identifying assumptions than we use. For example, some
previous studies assume that training is exogenous after conditioning on a set of
observed characteristics (Georgellis and Lange 2007, Messinis and Olekalns 2008,
Burgard and Gorlitz 2014, Pagan-Rodriguez 2015). In contrast, our study addresses
the endogeneity of training exploiting the timing of events based on a dynamic panel
data model.

Furthermore, we examine the mechanisms underlying the effect of training on match
quality. For this purpose, we provide evidence for a causal effect of training on job
changes and on job match quality after a job change. A previous study by Dekker et
al. (2002) examines how training influences upward and lateral job mobility.
However, limited by the cross-sectional nature of their data, they are not able to
address the potential endogeneity in training. In contrast, this endogeneity can be
accounted for with our empirical strategy.

Our paper continues as follows: Section 2.2 describes the data and the measurement
of main variables. Section 2.3 presents the main empirical analysis for the effect of
training on job match quality. Section 2.4 presents a more detailed analysis aimed at
identifying mechanisms that explain this effect. Section 2.5 lists sensitivity analyses.
Section 2.6 concludes.

6 Studies on job assistance programs sometimes use objective one-dimensional measures, e.g. job
duration (Blundell et al. 2004) and wage (Crépon et al. 2013) etc., to indicate the quality of a job
match. This is not our focus. The job match quality of our interest is from a subjective and multi-
dimensional perspective.
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2.2 Data and Measurement

We use data from the LISS panel (Longitudinal Internet Studies for the Social
Sciences) administered by CentERdata affiliated with Tilburg University, which
provides a representative sample of approximately 5,000 Dutch households.” We
combine LISS Panel Background Information and the module of Working and
Schooling Survey (2008-2015, eight waves). The latter is a longitudinal survey on
labour market participation, job characteristics, pensions, schooling and training
courses, etc.® The dataset is ideal for our analysis. It provides information about the
match between the job and an individual’s education and skills, which is rare in other
longitudinal household datasets. Furthermore, the panel is long enough to estimate
dynamic linear panel data models.

We apply some restrictions to our sample. We only keep individuals doing paid work
and drop logically inconsistent observations.” We only keep workers appearing in
the dataset for at least two consecutive years, since we need information on at least
one lag in the econometric model.'® We drop observations with missing values in
main explanatory variables, e.g. training and job changes. The remaining sample size
is 4905 individuals and 21,992 individual-year observations. The structure of the
resulting unbalanced panel is listed in the Appendix Table 2.A.1.

Perceived Job Match Quality

From a worker’s perspective, a measure of job match quality should be able to
capture how “good” the job match is. This is a multidimensional concept, not only
determined by contracted job characteristics (e.g. wage, hours of work etc.) and
education background of the worker, but also influenced by match-specific
characteristics only perceived by the worker like stressfulness, working atmosphere,

7 See https://www.lissdata.nl/lissdata/about-panel for detailed information of the LISS Panel.

8 See http://www.lissdata.nl/dataarchive/study units/view/1 for more modules of the LISS Panel.

° For example, for the variable “year when entering the current job” (used to construct an indicator for
changing jobs) in 2008, an individual reported entering the current job in 2006. But in 2010, she
reported entering the current job in 1984. Observations with such logically inconsistent answers are
dropped.

10 We start with 12,328 individuals and 48,752 individual-year observations. Keeping individuals
doing paid work reduces the sample to 29,016 observations (8,748 individuals). By dropping
logically inconsistent observations, we are left with 25,850 observations (8,092 individuals). Keeping
those who appear in the dataset for at least two consecutive years reduces the sample to 22,454
observations (5,023 individuals).
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self-realization etc. To capture observed and unobserved aspects of job match quality,
there are two ways to construct a measure of workers’ perceived job match quality.
First, workers could be asked many detailed questions on satisfaction with pay, hours
of work, future prospects, work pressure, job content, interpersonal relationships etc.,
and all these aspects of the job could be aggregated into a single measure. The
practical problem with this method is that researchers can hardly be exhaustive in
including all the relevant job aspects. Usually in survey data, questions on
satisfaction cover a limited number of job aspects. The alternative is to ask more
general questions about how good the job match is, assuming that respondents will
aggregate the more detailed observed and unobserved aspects of job match quality

themselves.
Table 2.1: Five Job-Match Related Variables
Variable Overall In Year 2011
Obs Mean Std. Dev Obs Mean Std. Dev

Educational match 21992 5.633 2.524 2462 5763 2425
Skill match 21992 6.407 1.865 2462 6.485 1.798
Satisfaction with type of work 21793  6.627 1.551 2433  6.601 1.589
Satisfaction with career 21732 6.292 1.528 2434  6.277 1.555
Satisfaction with current work 21800 6.448 1.511 2438 6.42 1.53

We choose the second method and use five job match-related questions: (1) one
question about educational match: “how does your highest level of education suit the
work that you now perform”. (2) One question about skill match: “how do your
knowledge and skills suit the work you do”. (3-5) Three questions about overall
satisfaction of the job match: “How satisfied are you with the type of work that you
do / your career so far / your current work™.!! Table 2.1 shows some sample statistics
for these five variables on a scale from 0 to 9.'2 For each of the five variables, a
higher value points at better job match quality. On average, the educational match
(question 1) is evaluated substantially worse than the other four aspects of job match
quality.

1 In sensitivity analysis (Section 2.5) we use a larger set of survey questions to construct an index of
job match quality. The main results remain the same.

12 The original variables range from 0 (worst) to 10 (best) in all years except 2011, when they range
from 0 to 9. For all years except 2011 we combined the two lowest scores (which are rarely reported)
and recoded scores from 0 to 9, leading to very similar distributions in all years.

9



Table 2.2 shows that there are high positive correlations among the answers to the
five questions; the high value of Cronbach’s alpha of 0.807 > 0.7 confirms their high
internal consistency, as an indicator of an underlying factor. Following Ferreira and
Taylor (2011), we therefore use factor analysis to derive a continuous measure of job
match quality from the five job match-related variables. The first latent factor (the
linear combination of the five variables that explains the most variation in the pooled
data) is a summary measure of the perceived quality of the job match.!* Table 2.3
lists the factor loadings, which indicate the relative importance of each of the five
questions.'*

Table 2.2: Correlations of Job-Match Related Variables

Educational Satisfaction with Satisfaction  Satisfaction with
match Skill match  types of work with career current work
Educational match 1.000
Skill match 0.609 1.000
Satisfaction of type of work ~ 0.340 0.425 1.000
Satisfaction of career 0.352 0.415 0.692 1.000
Satisfaction of current work ~ 0.286 0.374 0.825 0.736 1.000

Table 2.3: Factor Loadings

Factor loadings

Educational match 0.104
Skill match 0.126
Satisfaction with type of work  0.364
Satisfaction with career 0.254

Satisfaction with current work  0.289

13 The factor extraction method is iterated principal factor (IPF); the maximum-likelihood factor
method gave very similar results. We only retain the first factor because this is the only one with
eigenvalue larger than 1 (the eigenvalues of the five factors are 2.669, 0.549, -0.051, -0.121, and -
0.205.)

14 The highest factor loading in Table 2.3 is 0.364. The literature does not reach a consensus on the
suggested criteria for factor loadings. For example, Hair et al. (1998) suggest a minimum factor
loading of 0.3 for a sample of size 350. Stevens (1992) suggests 0.4 irrespective of the sample size.
Child (2006) relaxes it to 0.2. These criteria are often used for selecting variables for extraction. In
our study, we do not use a data-driven approach to select variables. Instead, we select variables based
on economic intuition. In our case, the factor loadings show the relative importance of each variable
to the latent factor.
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The constructed index of job match quality gives higher weights to satisfaction with
work and career than to self-reported level of educational and skill match. In
sensitivity analysis, we also use a simple average of the five components of job
match quality, and the main results are robust to the weighting.

With the loadings of the first factor, we predict the dependent variable for each
individual and rescale it to obtain our final index of job match quality on a continuous
scale from O to 1, with mean 0.711 and standard deviation 0.149. Figure 2.1 displays
the distribution of the index, which is asymmetric and left-skewed, with a small
minority of workers with very low job match quality. In a sensitivity check (Section
2.5), we will analyse the influence of these very low values on our results.

4 6
Match quality

Figure 2.1: Distribution of Job Match Quality

To validate our constructed measure of job match quality, we first investigate how it
relates to education and job characteristics (Appendix Table 2.A.2, Column 1).
Controlling for individual fixed effects, job match quality is influenced by field of
study, type of contract, income level," job sector, supervision level, working hours,
tenure, and commuting time. Secondly, we check whether our index of job match
quality is predictive of a worker’s on-the-job search behaviour (Table 2.A.2, Column
2). Controlling for individual unobserved heterogeneity and all the observed

15 Unfortunately, we do not have wage information in the data. Instead, we look at the level of net
income. Income level is defined as: 0:”No income”; 1:”EUR 500 or less™; 2:”501 to 1000”; 3: “1001
to 15007; 4: “1501 to 2000”; 5:72001 to 2500”; 6:”2501 to 3000”; 7:3001 to 3500; 8:°3501 to
40007; 9:74001 to 4500”; 10:74501 to 5000”; 11:5001 to 7500”; 12:”More than 7500”.
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education and job characteristics, we still find that higher job match quality predicts
lower incidence of on-the-job search.'® This implies that our constructed measure of
job match quality is able to capture at least part of the unobserved quality of a match
from a worker’s perspective. Moreover, it confirms that how people feel about job
matches actually matters for their labour market behaviour.

Training

We use the following question to construct a dummy variable for training in our main
estimation:

“Have you, in the past 12 months, followed any educational programs or courses or
are you presently following one or more educational programs or courses? This
concerns educational programs or courses that are important for your work or
profession. (1 yes. 2 no.) ”

The definition of training here is broader than in the previous literature, and it
includes both on-the-job training and off-the-job training. Due to the flexible Dutch
education system, many people take part in formal education programs while
working, e.g., a part-time vocational education program, or a night university
program to get certificates for a profession etc. We allow for a variety of learning
activities as long as they are considered as important for work or profession.

The status of receiving training or not is updated each year. There are 8096
individual-year observations taking training. A respondent could take multiple
training programs. Respondents taking training were asked to report at most three
training programs in the last 12 months. 3297 and 1091 out of 8096 observations
reported to participate in a second and a third training program, respectively. In a
sensitivity analysis, we constructed two mutually exclusive dummy variables
“receiving a single training program” and “receiving multiple training programs”.
We find that the effect of “multiple training” is not significantly different from that
of “single training”. Therefore, we do not use the number of training programs in our
analysis. As a measure of training intensity, we also constructed “total days of
training per year”. It is the sum of the days spent in all three training programs (if
applicable) per individual-year.!” Conditional on participating in training, the

16 The dummy variable for on-the-job search is constructed from the question: “I perform paid work,
but am looking for more or other work. (0 no. 1 yes.)”
17 Days of training is calculated using the survey question “What is the official duration of this program
12



average total days of training per individual and year is 69 days. 70% of the
observations have less than 30 days of training per year. Notably, about 19% of
individuals who participated in training followed educational programs with a
duration of at least 260 days (one year in our definition). An example for such a long-
term educational program could be a part-time training program to become a yoga
teacher. In Section 2.4 below, we also look at different types of training.

Job Change Incidence

Since there is no direct information about job changes in the survey, we construct a
dummy variable for job change J;;, which indicates whether individual i starts a new
job in year ¢, inferred from “the year when entering the current job”. J;; equals 1 if
“the year when entering the current job” changes compared to the last period.

Table 2.4: Descriptive Statistics

Variables Mean Std. Dev

Dependent variable

Job match quality 0.711 0.149
Job change incidence 0.061 0.240
Treatment

Training 0.368  0.482

Total days of training per year
» S o 68.880 116.137
(conditional on participating in training)

Single training 0.215  0.411
Multiple training 0.151 0.358
Demographics

Female 0.515  0.500
Age in years 44257 11.309
Disabled 0.011  0.103
Individuals 4,905
Observations 21,992

Table 2.4 presents the main descriptive statistics of our estimation sample. The
sample size is 21,992 observations. About 52% of our sample are women. The

or course? __ (part-days/days/weeks/months/years).” On average, the days of the first, second and
third training are 58, 21 and 15 days. For the total days of training, we add up the days of the three
training programs. The maximum possible total days of training per year is 3X260 = 780 days.

13



Match quality

average age is 44 years. Training is quite common in the Netherlands, with an
incidence rate of 36.8% per year. On average, about 6.1% of all workers change jobs

in a given year.

Figure 2.2 shows the average match quality over years relative to the year in which
an individual receives training. If an individual received training in multiple years,
each episode of training is considered separately. The plot on the left defines years
between two trainings as “years after training”. For example, if we denote receiving
training in a year as “1” and no training as “0” and an individual’s training sequence
from year 2008 to 2015 is: “0, 1, 0, 0, 1, 1, 0, 0”, then for this sequence the year
relative to training is “t-1, t, t+1, t+2, t, t, t+1, t+2”. We compute average match
quality for all observations at each year relative to training, for example at “t+1”,
“t+2”, and so on. The plot on the right defines years between trainings as “years
before training”. Then for the example above the training sequence “0, 1, 0, 0, 1, 1,
0, 0” corresponds to “t-1, t, t-2, t-1, t, t, t+1, t+2”,

(a) Treating periods between trainings as post-training (b) Treating periods between trainings as pre-training
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Figure 2.2: Match Quality Over Years Relative to Training

The two plots in Figure 2.2 show the same pattern. There is no dip in job match
quality immediately before training. Job match quality is flat in the years before and
after training, with an increase in the year of training only, suggesting that training
only has a short-run effect on job match quality. This small and instantaneous
increase in match quality does not necessarily reflect the causal impact of training,
as we will further discuss in the next section.
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2.3 The Effect of Training on Job Match Quality

The primary interest of this paper is to understand the causal effect of training on job
match quality. As already discussed in Section 2.1, training may be endogenous. A
first potential source of endogeneity is the presence of unobserved individual
characteristics that simultaneously drive participation in training and perceived job
match quality. Another potential source of endogeneity can be unobserved employer
policy if, for example, some firms deliberately hire employees that first need to be
trained before they are ready for the job. Moreover, there might be reverse causality
between training and match quality - individuals who experience an unexpected
change in the quality of their match may change their participation in training in the
same year.

In order to address the above issues, we specify the following dynamic linear panel
data model:

M = Z?=1 OiMie_j +yTie + XiB + a; + ;¢ (2.1)
Fort=4to8andi=1... N."®

M;, is the constructed index of job match quality. The M;,_; are lagged dependent
variables, with “state dependence” coefficients 6,." They capture dynamics in M,
e.g. due to partial adjustment. For example, a worker with low perceived job match
quality last year (low M;,_;) who did not change jobs, is likely to still have low
perceived quality this year (low M;,).

T, is a dummy variable for training. Note that T, measures the training
participation in the time interval between ¢-7 and ¢(the past 12 months), while M;,
is the job match quality measured at time £*° The parameter y is the short run
treatment effect of training on job match quality. Effects in the longer run also depend
on the ;. A more general Local Average Treatment Effect (LATE) interpretation of
y does not seem possible, since there is no good reason why the monotonicity
condition should be satisfied.”'

18 Observations in years 2008 to 2011 are dropped due to the inclusion of lagged dependent variables.
19 QOur choice of using three lags is based upon specification tests; specifications with one or two lags
are rejected by the Arellano-Bond serial correlation test.
20 In an alternative specification, we added lagged training T;;_, but this was not significant.
21 (The change in) past training is used as an instrument for (the change in) current training. The effect
15



X;: 1s avector of control variables, including age, age squared, and dummy variables
for work disability and calendar years. Since they cannot be chosen by the worker, it
seems plausible to assume that they are strictly exogenous (i.e., independent of all
&, s = 1,...,T). We do not control for current education or job characteristics because
they may change as the result of training. Past education and job characteristics are
captured in Mj_;.

The «; refer to individual fixed effects, capturing time invariant unobserved
heterogeneity such as genetic traits and personality. The ¢;, are idiosyncratic error
terms, assumed to be independently and identically distributed. We assume that ¢;; is
an “innovation”, independent of everything that happened before time period £
including Ty, ..., T;;_,- This seems plausible, since individuals cannot make training
decisions that anticipate unpredictable future shocks in job match quality. On the
other hand, this assumption allows for an arbitrary correlation between ¢; and
training in current and future periods. In other words, past or current shocks to match
quality may influence training participation in the same time period or in later time
periods. In this way, we exploit the timing of events for identification. The
identifying assumptions are supported by the usual tests for misspecification: Both
the Sargan test based upon over-identifying restrictions and the Arellano-Bond test
for autocorrelation in the error terms lead to the conclusion that the assumption
cannot be rejected.

The dynamic panel data model introduced above is estimated with system GMM
estimation (Blundell and Bond, 1998) with finite sample correction for the variance
of linear efficient two-step GMM estimators (Windmeijer, 2005).>> The instruments
for the differenced equation are M;,_, to M;,_,, and AX;, fort= 5 to 8. Since the
error term in the differenced equation is ¢, - ;,_;, these instruments are valid if &;;
is indeed independent of everything before time period ¢ The instruments for the
level equation are AT;,_, and AM;,_, for t =4 to 8. Their use relies on auxiliary
stationarity assumptions, see Blundell and Bond (1998). Table 2.A.4 in the Appendix

shows how sensitive the estimated coefficient of training 7 is when we vary the
instruments of training and lagged dependent variables. For all GMM

of past training on current training may be positive in some cases (habit formation, advantages of
continuous learning) but negative in others (firms may stimulate different workers for training each
year).
22 Arellano-Bond GMM estimates (Arellano and Bond, 1991) give similar results.
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Table 2.5: The Effect of Training on Job Match Quality

(1) 2) (3) 4) 5 (6)
Methods OLS FE-FD
OLS FE-FD Reduced Reduced GMM-SYS GMM-SYS

Full Sample Full Sample Sample Sample

Match quality (t-1) 0.398%** 0.391%**
(0.043) (0.044)
Match quality (t-2) 0.141%** 0.137%**
(0.031) (0.032)
Match quality (t-3) 0.045%* 0.046%*
(0.023) (0.023)
Training 0.032%** 0.008*** 0.028***  0.005* 0.007* 0.045%*
(0.002) (0.002) (0.003) (0.003)  (0.004) (0.019)
Time fixed effects Yes Yes Yes Yes Yes Yes
Other controls Yes Yes Yes Yes Yes Yes
Training endogenous  No No No No No Yes
Specification tests p-value p-value
m2 test (p-value) 0.102 0.141
m3 test (p-value) 0.276 0.295
Sargan test (p-value) 0.081 0.186
Individuals 4896 4896 1900 1900 2336 2336
Observations 21677 21677 7077 7077 6890 6890

Note:*Significant at 10%; ** at 5%; *** at 1%. Numbers in parentheses are robust standard errors in columns (1)
and (3), and WC-robust standard errors in columns (2), (4), (5) to (6) (Windmeijer, 2005). For the specification tests,
the p values are reported. Column (1) and (2) are based on the whole sample. Column (1) shows the pooled OLS
estimates. Column (2) shows the two-step GMM fixed effects (first difference) estimates. Column (3) and (4) show
the same specifications as column (1) and (2) but for a sample that is comparable to columns (5) and (6). Columns
(5) and (6) show system GMM two-step estimates. In column (5), training is taken as exogenous. The instruments
for differenced equation are Mj., to M;.7, and the differenced exogenous variables (including training). The
instruments for the level equation are AM;..;. In column (6) training is treated as endogenous. The instruments for
differenced equation are Ti.,, M. to M7, and the differenced exogenous variables. The instruments for the level
equation are ATj.; and AM;.;. The specification tests m2 and m3 are the Arellano-Bond tests for 2" and 3" order
autocorrelation in the differenced error terms. See Table 2.A.3 for the complete version of Table 2.5. Other controls
include age, age squared, and dummy variables for work disability. Additionally, a dummy for female is included in
other controls for Columns with OLS estimation.

estimation results, we report the p-values of the Sargan test and the Arellano-Bond
autocorrelation test for the validity of the model assumptions. In all cases presented,
the p-values imply that the model assumptions are not rejected using tests of size o

=0.05.
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We cannot directly compare this number 0.007 with 0.008 in Column 2 because the
inclusion of lagged dependent variables results in a smaller sample. We therefore
construct a comparable sample keeping individuals observed for at least 2
consecutive years for first-differencing, and dropping observations from year 2008
to 2011 for the lagged dependent variables.?® Based on this reduced sample we run
the same estimation as in Columns 1 and 2, which yields the results in Columns 3
and 4, respectively. The estimates for y are slightly smaller than for the full sample
(cf. Col. 1). Column 4 shows that the estimate of y in a static fixed effects model
on the smaller sample is only 0.005 (standard error 0.003), which is smaller than the
0.007 estimate (standard error 0.004) in Column 5. This suggests that omitting
lagged dependent variables tends to bias the effect of training downwards.

Column 6 presents the estimates based on the assumptions, instruments and moments
discussed in the previous section, allowing training to be endogenous and
instrumenting training with past training. This is our preferred specification. The
estimated effect of training increases to 0.045. A possible explanation for the large
change compared to Col. 5 could be that workers who suffer from a poor current job
match are inclined to take training in the same year to improve job match quality.
This would make training contemporaneously endogenous. Ignoring this
endogeneity (“reverse causality”) will lead to underestimation of the effect of

training.*

The significant lag terms show that there is positive state dependence in the dynamic
adjustment process of job match quality. The short-term effect of training on job

match quality is 0.045. The long-run effect is v = 0.045

1—(01+0,+603)  1—(0.391+0.137+0.046)

0.106, more than twice as large. This means that if an individual permanently
changes from no training to training in each year (e.g. life-long learning), perceived
job match quality improves by approximately 70% of one standard deviation of the
index in the long run.

23 The sample size for the comparable sample is not exactly the same as in Columns 5 and 6. This is
due to differences in reporting sample sizes across STATA commands. For example, individuals with
only one year of observation, which do not contribute to the first-differencing estimation results, are
not automatically dropped from the sample. In spite of the slight difference, we show in Table 2.A.9
that the descriptive statistics for the reduced sample are similar to those in Table 2.4.

24 A Hausman specification test on the training coefficient shows that the specification estimated in
Column 5 is rejected against the more general specification in Column 6 (p-value 0.041).
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The only control variable of substantive interest is the dummy variable “disabled”
(see Table 2.A.3). Keeping other variables constant, having a disability significantly
reduces the perceived match.

2.4 Mechanisms

As discussed in Section 2.1, there are many different types of training, and these may
have different effects on job match quality. To understand why we found substantial
positive overall effects of training on job match quality, we distinguish different
types of training according to the purpose for which the training is taken. We
consider training to improve human capital (Becker, 1962), training taken to improve
labour market opportunities (the “career mobility theory” of Sicherman and Galor,
1990), and training taken for other purposes. We also investigate whether the types
of training work through their intended mechanism.

We use the following survey question asked to all workers who took some training:
“What was your main reason to start following this program or course?”” The answers
“1 to stay up-to-date in my profession (3773 observations)” and “2 to gain promotion
(493 obs.)” are categorized as “training for human capital build-up”. The answer “3
to increase my chances of getting another job (657 obs.)” is categorized as “training
for job change”. The remaining reasons are categorized as “other training”.> The
majority participates in training for human capital build-up purpose (4266 out of
8044). Around 8% of all training is taken for the purpose of changing jobs.?®

To estimate separate effects of training for the three purposes, we replaced the
training variable with three indicators for the three types of training, and estimated a
model similar to the main estimation (Table 2.5, Column 6), allowing for the

25 The remaining answers are “4 required by my job (2219 obs.)”, “5 required by CWI/ UWV / Public
Employment Service (15 obs.)” “6 required by municipality or social service (15 obs.)”, “7 am still
of school age (34 obs.)”, “8 am still completing my school career (147 obs.)”, 9 for another reason
(691 obs.)”. In an alternative estimation, we drop the 211 observations in answer 5, 6, 7 and 8. This
makes hardly any difference for the results.

%6 Ifa respondent took several training programs in a given year, this classification is based on the first
reported training. This assumes that the first training is the most important training, which is
supported by the fact that the average duration of the first training per year is 58 days, compared to
21 days for the second and 15 days for the third training. In Table 2.A.5, we present the results of a
sensitivity check with a non-mutually exclusive way of defining type of training, treating different
training programs equally. In this case, for an individual who participates both in job change training
and other training, both type-of-training variables will take value 1. The results retain the same
pattern.
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endogeneity of training and its purpose. We make essentially the same identifying
assumptions as before (Table 2.5, Column 6) — shocks in job match quality are not
related to past training (or purpose of training) or past job match quality. Results are
summarized in Table 2.6, Column 1.’

We find that training for human capital improvement has a large and significant
effect, improving job match quality in the short run by 0.079 (53% of a standard
deviation) and in the long-run by 0.171.2% Since this is also the most common
purpose of training, this finding implies that training for human capital improvement
largely explains the positive training effects we found in Section 2.3. The effect of
training for job change is not significantly different from zero, but also not
significantly different from the effect of training for human capital improvement.
The effect of other training (mainly training “required by my job”) is even smaller
and also insignificant.

In the other columns of Table 2.6, we analyse whether training for a given purpose
indeed affects job match quality through the intended mechanism, with a focus on
changing jobs or not. We use the same type of dynamic panel data model as in our
main estimation, accounting for the dynamics of job match quality, for fixed
individual effects, and for endogeneity of the training variables (cf. the model in
column 6 of Table 2.5). We do not include the second and third lags of job match
quality because they are jointly insignificant.

Column 2 considers the intermediate step: it explains the likelihood of a job change,
one possible pathway to improve job match quality. It shows that training for job
change purposes tends to achieve its goal: it substantially increases the probability
to switch jobs. The effect of other training on job change incidence is also positive
and significant. But the training for human capital improvement has no such effects.
This is in line with Cheng and Waldenberger (2013) who find that the effect of
training on job change depends on the type of training, though their distinction
between training types is different: They find that training for specific skills is
associated with lower turnover intentions, while training for general skills is

27 We also tried adding lags of the training variables but their coefficients were very small and jointly
insignificant.
28 Calculated as 0.079/ (1-0.367-0.127-0.044).
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Table 2.6: Effect of Training by Purpose and Effect of Training through Job

Change
GMM-SYS 1) 2) 3)
Dependent variable Match quality Job Change Incidence  Job Change Outcome
Match quality (t-1) 0.367%** -0.225%%* -0.334%%*
(0.087) (0.056) (0.105)
Match quality (t-2) 0.127%%%*
(0.048)
Match quality (t-3) 0.044*
(0.023)
Human capital build-up training 0.079%** -0.049 0.080
(0.025) (0.051) (0.069)
Human capital build-up training (t-1) -0.006
(0.014)
Job change training 0.019 0.237* -0.057
(0.050) (0.122) (0.105)
Job change training (t-1) 0.060%*
(0.029)
Other training 0.014 0.124%* 0.081
(0.030) (0.052) (0.058)
Other training (t-1) -0.007
(0.014)
Time fixed effects Yes Yes Yes
Other controls Yes Yes Yes
Training endogenous Yes Yes Yes
Specification tests p-value p-value p-value
m2 test 0.137 0.332 0.677
m3 test 0.243 0.554 0.661
Sargan test 0.592 0.201 0.154
Individuals 2,336 4867 4,823
Observations 6,890 15666 15,495

Note:*Significant at 10%; ** at 5%; *** at 1%. Numbers in parentheses are WC-robust standard errors. For the
specification tests, the p values are reported. All columns are estimated with system GMM estimator. In column (1)
and (2), the instruments are similar to those in column (6) of Table 2.5, except that all the instruments of training are
replaced with instruments of three types of training: “human capital build-up training”, “job change training”, and
“other training”. In column (3), Tjj> to Tjj.; and M. to M7 are used as instruments for differenced equation. In all
columns, we use differenced exogenous variable as instruments for differenced equation. And we use ATj.; and
AM;., for the level equation. The specification tests m2 and m3 are the Arellano-Bond tests for 2" and 3" order
autocorrelation in the differenced error terms. Other controls are the same as those in Table 2.5. In Column (3) we
drop 315 observations with missing values for job match quality.
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associated with higher turnover intentions. Column 2 also shows that a higher past
job match quality significantly lowers the probability to change jobs.

The final column in Table 2.6 analyses whether training helps to find not only a new
job but also a better match.?’ This question is related to the topic of Dekker et al.
(2002), who study how training influences upward mobility (job-to-job moves that
result in an increase in job level) and lateral mobility (moves without change of job
level). They use cross-sectional data and include training participation as an
exogenous variable, controlling for many other individual and job characteristics

Our dynamic linear panel data model is similar to the earlier models (e.g., column 6
in Table 2.5) and accounts for potential endogeneity in training in the same way.
Moreover, based upon preliminary estimation results, we added past training
participation as explanatory variables. The dependent variable is a constructed
variable “job change outcome” O, interacting the job change incidence dummy
with the sign of the change of job match quality (-1 for a deterioration, O for no
change, 1 for an improvement). It equals 0 when individual i does not change jobs
in year t, or changes to a job but retains the same level of job match quality. Itis —1
when the worker changes to a new job with lower job match quality and 1 when the
worker changes to a job with higher match quality.*® We therefor do not condition
on job changes, but explain the joint outcome of whether someone changes jobs or

not and if so, how this changes job match quality.

Most of the time, no job change takes place (20,357 observations). Of the 1320
observed job changes, 61.4% are changes to a better match (810 observations with
0;; = 1) and 36.4% to a worse match (480 observations with 0;, = —1), while the
remaining 2.2% change to a new job with the same perceived match quality (30

observations).

The estimated coefficient of training in this model can be interpreted as the effect of

training on the difference between the probabilities of changing to a job with better

31

quality and changing to a job with worse quality.”’ As expected, the estimated

29 Previous studies on how job changes influence mismatch (Congregado et al. 2016) or job satisfaction
(Zhou et al. 2017) give mixed results. Congregado et al. find hardly any effect, while Zhou et al.
(2017) find a positive short-run effect on job satisfaction. These studies did not address the role of
training.

30 Here we drop 315 observations with missing values for job match quality.

31 Because in linear model, E(0;) =1-P(0;; =1)+0-P(0;; =0)—1-P(0;; =—-1)=P(0;; =1) —
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coefficient of the lagged job match quality is negative, because the higher the match
quality in the old job, the less likely is a change to a job with even higher match
quality.

The immediate effect of job-change training is not significant, but job-change
training does have a significant positive effect on the job change outcome one year
later. The estimated coefficient means that participating in job-change training in the
last period will increase the probability difference by 0.060, raising the probability
of getting a new job with a better match, and/or reducing the probability of getting a
worse matched new job. This finding is in line with career mobility theory. Training
for other purposes than changing jobs (training for human capital improvement or
other purposes) has no significant effect, as expected.*?

Combining results in columns 2 and 3 suggests that taking job-change training will
increase the probability to change jobs immediately, but there is no evidence that
these immediate changes tend to lead to better job matches. For those who take some
time and change jobs in the next period, job change training tends to lead to a better-
matched job.

2.5 Sensitivity Analysis

One concern might be the unbalanced panel structure caused by sample attrition. To
investigate if our results are influenced by sample attrition, we further restrict the
sample to observations that are in the data for at least five consecutive years. The
resulting sample is more balanced but also more selective (see Table 2.A.8 in the
Appendix).* We reconstructed (and rescaled) the dependent variable for this new
sample and performed the same system-GMM estimation; see Column 1 of Table
2.7. The estimated effect of training is slightly smaller than the original estimate,
possibly because the new sample leaves out individuals with more unstable
employment status who may potentially benefit more from training. The same
reasoning suggests that, due to attrition, the estimated effect of training according to

P(0;; = —1). Separate estimates for the effects on improvement and deterioration through job
change give less precise and insignificant results.
32 The coefficients of the four training dummy variables are jointly insignificant.
33 The new sample has fewer workers engaged in temporary jobs, unskilled jobs, and self-employment.
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our preferred estimates in Table 2.5, Column 6 also slightly underestimates the effect
in the complete population.

Another concern is the skewed distribution of the dependent variable. In response to
this concern, we truncate the distribution of job match quality at 0.42116.3* We do
the same estimation with the truncated sample. Column 2 of Table 2.7 shows that the
effect of training remains positive and significant, though it is slightly reduced in
magnitude. This makes sense since truncation removes the most mismatched
workers, who may benefit most from training.

Third, we check if the results are sensitive to which components we include to
construct our measure of job match quality. Besides the five variables used in the
main body of the paper, we further include “satisfaction with earnings”, “satisfaction
with working hours” and “satisfaction with the general atmosphere among your
colleagues”. These three variables focus on satisfaction with specific job
characteristics, rather than the overall perception of the quality of the match and
seem less directly affected by training. Table 2.B.1 in the Appendix displays their
summary statistics, showing that average satisfaction with wages or earnings is lower
than other satisfaction averages. Table 2.B.2 shows that they are positively correlated
among each other and with the other five variables used to construct the index, but
the correlations tend to be somewhat weaker than those among the five original
variables. Table 2.B.3 presents the new factor loadings, showing that the three new
variables give positive but lower weights, indicating that they are conceptually
farther away from the underlying perceived job match quality. Figure 2.B.1 shows
that the new measure constructed with extra components has a similar distribution
as in Figure 2.1. The main estimation results using the new job match quality index
are in column 3 of Table 2.7. The short-term effect of training is slightly smaller than
in Table 2.5, but remains significant.

Next, we check which of the 5 components that we use to construct job match quality
are driving the results. Table 2.A.10 shows results of the same model as in the last
column of Table 2.5, separately for each of the 5 variable that are included in our
composite measure of job match quality. Note that the variables are scaled differently,
so all the estimated coefficients are about ten times larger. Training has a large and

34 This is calculated as mean — (max — mean) of the dependent variable: 0.71058 - (1 - 0.71058) =
0.42116.
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significant effect on satisfaction metrics, especially for satisfaction with current work
and satisfaction with career, but training has also a large and significant effect on
educational match. This could be related to the fact that quite a few training programs
are formal education (e.g. one year part-time vocational education program).

Table 2.7: Sensitivity Analysis

GMM-SYS @) 2) 3) “ ®)
Dependent variable Match quality Match quality =~ Match quality Match quality

(5 consecutive yrs) (Truncated) (8 components)  (Alternative treatment)
Match quality (t-1) 0.374*** 0.327*** 0.400%** 0.396%**  (0.381***

(0.044) (0.074) (0.047) (0.081) (0.099)
Match quality (t-2) 0.130%*** 0.120** 0.155%** 0.142%**  (.133**

(0.031) (0.050) (0.036) (0.046) (0.060)
Match quality (t-3) 0.041* 0.027 0.060** 0.046* 0.045%*

(0.022) (0.027) (0.025) (0.024) (0.024)
Training 0.037* 0.034* 0.039**

(0.021) (0.019) (0.018)
Days of training 0.0002**

(0.0001)
Single training 0.047
(0.035)
Multiple training 0.035
(0.032)

Time fixed effects Yes Yes Yes Yes Yes
Other controls Yes Yes Yes Yes Yes
Training endogenous  Yes Yes Yes Yes Yes
Specification tests p-value p-value p-value p-value p-value
m?2 test 0.131 0.294 0.277 0.126 0.198
m3 test 0.270 0.162 0.272 0.228 0.311
Sargan test 0.120 0.175 0.418 0.179 0.393
Individuals 1600 2188 2061 2336 2336
Observations 6154 6326 5901 6890 6890

Note:*Significant at 10%; ** at 5%; *** at 1%. Numbers in parentheses are WC-robust standard errors. P-value for
the specification tests. All the model specifications and instrument choices are the same as those in the main
estimation; see notes to Table 2.5.
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The fifth robustness check is to use alternative treatment variables. In column 4 of
Table 2.7, the variable “days of training” is constructed as the total days of all
training programs that a worker received in the last 12 months. We assume the effect
of training is linear in days and additive across multiple programs. The estimated
coefficient shows that one day of training significantly increases the job match
quality by 0.0002. On average, workers taking training take about 69 days, giving a
much smaller effect (0.0002x69~0.014) than the main estimate of 0.045 in Table 2.5.
In additional analysis (not presented), we find that training programs lasting no
longer than seven days (the majority of cases) are the most effective ones, indicating
that the effect of training might be concave in the duration of the training.

In column 5, we construct two mutually exclusive dummy variables “receiving a
single training program” and “receiving multiple training programs”. The estimated
coefficients on these two variables are not significantly different from each other,
which indicates that it is the participation in training or not that really matters and
not the number of training programs taken.

The final robustness checks use alternative definitions of type of training, job change
outcomes, and job match quality. In Table 2.A.5, we utilize information on multiple
training programs to construct a non-mutually exclusive classification of training:
For an individual who participates in job change training as well as other training,
both types of training variable will take the value 1. In Table 2.A.6, job change
outcome (0;;) is a continuous variable defined as the interaction of the job change
incidence J;; with the improvement of job match quality AM;, (instead of its sign).
In Table 2.A.7, we take the simple average of the five job-match related variables to
construct an alternative index “new job match quality” instead of the index using
factor analysis.*® In all cases, the results and patterns are quite similar to those in the
main analysis.

2.6 Conclusion

In recent years, researchers and policy makers have increasingly become aware of
the importance of job match quality. Previous studies find a positive relation between
training and job match quality. We add to the literature by estimating the causal effect

35 For the 315 observations who have one or several missing values in these five job-match related
variables, we take the average of the available variables.
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of training on job match quality using a different identification strategy, exploiting
the timing of events in a dynamic panel data framework. We find that training has a
positive short-run effect of approximately 0.045 (30% of a standard deviation of the
job match quality index) and a long-run effect of 0.106 (71% of a standard deviation).
This result is mainly driven by training programs aimed at building up additional
human capital. To investigate the role of job changes in explaining the effect of
training on job match quality, we explicitly incorporate job changes in the model,
and find that training for job change purposes immediately increases the probability
of changing a job, while training for other purposes has no such positive effect. These
immediate job changes are equally likely to end up in a worse matched new job and
in a better-matched new job. For those who change jobs one year later, however,
training for job change purposes tends to lead to a job with a better match quality.

Our findings confirm that training helps to improve job match quality. This opens
possibilities for policy makers who aim at improving job match quality to design
policies with respect to training. Well-designed policies that encourage training
could be instrumental to reach the European Union’s strategic goal to “improve job
match quality.” Our findings suggest that training programs aimed at investing in
workers’ human capital are the most efficient way.
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Appendix 2.A Tables

Table 2.A.1: Panel Structure

Years of observation  Individual records Years of observation  Individual records
Frequencies Percentage Frequencies Percentage

2008-2015 812 16.55 2008-2012/2014-2015 37 0.75
2008-2009 554 11.29 2012-2013/2015 34 0.69
2014-2015 553 11.27 2008-2010/2012 33 0.67
2008-2010 357 7.28 2009-2015 31 0.63
2012-2015 268 5.46 2008-2009/2011 30 0.61
2008-2011 181 3.69 2010-2013 29 0.59
2010-2015 135 2.75 2011-2015 28 0.57
2008-2014 121 247 2008-2012/2015 23 0.47
2008-2013 119 243 2010-2014 22 0.45
2008-2012 118 241 2008-2010/2012-2013 21 0.43
2010-2011 101 2.06 2008/2010-2011 20 0.41
2012-2013 89 1.81 2008/2010-2015 20 0.41
2008-2010/2012-2015 69 1.41 2008-2012/2014 20 0.41
2013-2015 67 1.37 2008-2009/2011-2012 18 0.37
2008-2013/2015 66 1.35 2012/2014-2015 17 0.35
2009-2010 60 1.22 2008-2011/2013-2014 17 0.35
2008-2011/2013-2015 57 1.16 2008-2011/2013 15 0.31
2012-2014 55 1.12 2013-2014 14 0.29
2010-2012 43 0.88 2011-2012 13 0.27
2008-2009/2011-2015 38 0.77 2008-2009/2011-2013 13 0.27
other 141 Trajectories 587 11.97

Total N =4905 100
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Table 2.A.2: Validation of Job Match Quality

(1) (2)
FE-Within FE-Within
Dependent variable Match quality On-Job-Search
Match quality -0.436%**
(0.020)
Field of study: General -0.002 -0.011
(0.006) (0.015)
Field of study: Education 0.002 -0.020
(0.010) (0.024)
Field of study: Humanity -0.018* -0.020
(0.011) (0.027)
Field of study: Social science 0.002 -0.003
(0.004) (0.011)
Field of study: Science and Technology  -0.003 -0.030
(0.010) (0.024)
Field of study: Engineering -0.007 -0.007
(0.007) (0.017)
Field of study: Agriculture 0.015 -0.071**
(0.014) (0.034)
Field of study: Health 0.012* 0.002
(0.007) (0.018)
Field of study: Service 0.008 -0.002
(0.005) (0.013)
Level of education: Low/mid secondary  -0.014 0.030
(0.013) (0.033)
Level of education: High secondary level -0.009 0.054
(0.014) (0.035)
Level of education: MBO -0.012 0.086%**
(0.013) (0.033)
Level of education: HBO -0.017 0.086**
(0.014) (0.033)
Level of education: WO -0.016 0.101***
(0.015) (0.036)
Age -0.004%** -0.014%%*
(0.001) (0.004)
Age? 0.000*** 0.000**
(0.000) (0.000)
Disabled -0.013 0.063**
(0.010) (0.025)
Self-employed 0.043%** 0.095%%*%*
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(0.008) (0.019)

Temporary job -0.009** 0.028**%*
(0.004) (0.009)
Income level 0.005*** -0.008**
(0.001) (0.003)
Public sector -0.000 -0.008
(0.006) (0.014)
Job sector: Mining -0.003 -0.002
(0.010) (0.023)
Job sector: Utility -0.015 -0.111%%*
(0.016) (0.040)
Job sector: Construction 0.004 -0.002
(0.015) (0.036)
Job sector: Retail -0.008 -0.034
(0.008) (0.021)
Job sector: Hospitality and Catering 0.000 0.076**
(0.013) (0.031)
Job sector: Transportation -0.004 0.009
(0.011) (0.027)
Job sector: Finance -0.014 0.007
(0.011) (0.027)
Job sector: Business -0.007 -0.037*
(0.008) (0.020)
Job sector: Government 0.042%** -0.026
(0.010) (0.024)
Job sector: Education 0.058*** 0.028
(0.011) (0.027)
Job sector: Health 0.009 0.070%***
(0.008) (0.020)
Job sector: Entertainment 0.011 -0.050**
(0.010) (0.025)
Supervision level: High academic level ~ 0.030** -0.045
(0.013) (0.031)
Supervision level: High supervision level 0.036*** -0.023
(0.012) (0.029)
Supervision level: Mid academic level 0.013 0.002
(0.011) (0.026)
Supervision level: Mid supervision level -0.014 0.006
(0.011) (0.027)
Supervision level: Mental level -0.029%%** 0.017
(0.011) (0.027)
Supervision level: Skill manual level -0.038*** 0.039
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(0.013) (0.032)

Supervision level: Semi-skill level -0.091%%** 0.002
(0.013) (0.031)
Supervision level: Unskill manual level =~ -0.187%%* 0.043
(0.013) (0.032)
Hours of working 0.000%** -0.000*
(0.000) (0.000)
Job tenure -0.002%%*%* 0.002%%*%*
(0.000) (0.001)
Commuting time -0.000** 0.001***
(0.000) (0.000)
Constant 0.819*** 0.711%**
(0.036) (0.089)
Individuals 4,679 4,679
Observations 20,380 20,380
R-squared 0.049 0.046

Note:*Significant at 10%; ** at 5%; *** at 1%. Numbers in parentheses are standard errors. Outcome variable “On
job search” is a binary indicator for being employed, but looking for another job. Both specifications use within
group individual fixed effects estimators.
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Table 2.A.3: The Effect of Training on Job Match Quality
(Complete Version of Table 2.5)

(D 2) (3) 4) (®))] (6)
Methods OLS FD-FE- OLS FD-FE- GMM- GMM-
Match quality (t-1) 0.398***  (,39]***
(0.043) (0.044)
Match quality (t-2) 0.141%*%*  (.137%**
(0.031) (0.032)
Match quality (t-3) 0.045%* 0.046**
(0.023) (0.023)
Training 0.032%**  ().008%** 0.028***  (.005* 0.007* 0.045%%*
(0.002) (0.002) (0.003) (0.003) (0.004) (0.019)
Female 0.002 0.003
(0.002) (0.003)
Age -0.002**  -0.006* - -0.001 -0.004 -0.003
(0.001) (0.003) (0.001) (0.004) (0.005) (0.005)
Age? 0.000%**  0.000* 0.000%**  0.000 0.000 0.000
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
Disabled - -0.025* -0.041**  -0.056%** -0.056* -0.053*
(0.010) (0.014) (0.021) (0.019) (0.030) (0.030)
Year 2009 0.005 0.007%*%*%*
(0.004) (0.002)
Year 2010 -0.001 -0.004*
(0.004) (0.002)
Year 2011 0.000 0.000
(0.004) (0.003)
Year 2012 0.001 0.000 0.007 0.001 0.001
(0.004) (0.002) (0.005) (0.003) (0.003)
Year 2013 0.003 0.001 0.009**  0.002 0.006** 0.004
(0.004) (0.002) (0.004) (0.002) (0.002) (0.003)
Year 2014 -0.009**  -0.009%** -0.008*%**
(0.004) (0.002) (0.002)
Year 2015 -0.002 0.007 0.011***  0.008**
(0.004) (0.005) (0.004) (0.004)
Constant 0.696%** () 838%** 0.759%** () 73Q%** 0.449%*** (0, 382%**
(0.015) (0.070) (0.027) (0.107) (0.138) (0.146)
Specification tests p-value p-value
m2 test 0.102 0.141
m3 test 0.276 0.295
Sargan test 0.081 0.186
Individuals 4,896 4,896 1,900 1,900 2,336 2,336
Observations 21,677 21,677 7,077 7,077 6,890 6,890
R-squared 0.024 0.020

Note:*Significant at 10%; ** at 5%; *** at 1%. Numbers in parentheses are robust standard errors. For the
specification tests, the p values are reported.
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Table 2.A.4: Estimated Coefficient of Training with Alternative Instrument

Choice
GMMLSYS Instruments of Lagged Dep. Var.
2t02 | 2to3 | 2to4 |2to5 2t06 2to7
2t02 | 0.035 | 0.038* | 0.036* | 0.042** | 0.045%** | 0.045%*
2to3 | 0.030 | 0.030 | 0.030 | 0.035* | 0.037** | 0.036**
Instruments of Lagged | 2to4 | 0.031* | 0.032* | 0.031* | 0.037** | 0.038** | 0.038**
Training 2t05 | 0.028 | 0.029* | 0.029 | 0.034** | 0.035** | 0.035%*
2t06 | 0.029 | 0.029* | 0.028 | 0.033* | 0.033* | 0.033**
2t07 | 0.029 | 0.029* | 0.028 | 0.034** | 0.034** | 0.033**

Note:*Significant at 10%; ** at 5%; *** at 1%. The varying instruments are for the differenced equation. The
moments for the level equation are lagged differenced training and lagged differenced match quality all the time.
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Table 2.A.5: Non-mutually Exclusive Classification of Training

() (@) 3)
Dependent variable Match Quality  Job Change Incidence  Job Change Outcome
Match quality (t-1) 0.378%** -0.230%** -0.330%**
(0.075) (0.051) (0.055)
Match quality (t-2) 0.132%**
(0.046)
Match quality (t-3) 0.046**
(0.023)
Human capital build-up training 0.043* -0.068 0.015
(0.025) (0.050) (0.058)
Human capital build-up training (t-1) -0.001
(0.011)
Job change training 0.007 0.216* -0.193*
(0.048) (0.123) (0.104)
Job change training (t-1) 0.066**
(0.028)
Other training -0.009 0.120%** 0.034
(0.027) (0.046) (0.049)
Other training (t-1) -0.003
(0.012)
Time fixed effects Yes Yes Yes
Other controls Yes Yes Yes
Training endogenous Yes Yes Yes
Specification tests p-value p-value p-value
m?2 test 0.131 0.345 0.702
m3 test 0.303 0.691 0.718
Sargan test 0.776 0.154 0.205
Individuals 2,336 4867 4,823
Observations 6,890 15666 15,495

Note:*Significant at 10%; ** at 5%; *** at 1%. Numbers in parentheses are WC-robust standard errors. For the
specification tests, the p values are reported. The estimation strategy, other controls, and instrument choice are the
same as those in Table 2.6 except that in column (1) Mj., to Mj.s are used as instruments for the differenced equation.
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Table 2.A.6: Alternative Definition of Job Change Outcome

Dependent variable Job change outcome
Match quality (t-1) -0.066%**
(0.020)
Human capital build-up training 0.002
(0.008)
Human capital build-up training (t-1)  0.001
(0.002)
Job change training -0.009
(0.017)
Job change training (t-1) 0.012%%*
(0.005)
Other training 0.009
(0.009)
Other training (t-1) 0.000
(0.002)
Time fixed effects Yes
Other controls Yes
Training endogenous Yes
Specification tests p-value
m2 test 0.444
m3 test 0.344
Sargan test 0.544
Individuals 4,823
Observations 15,495

Note:*Significant at 10%; ** at 5%; *** at 1%. Numbers in parentheses are WC-robust standard errors. Job change
outcome (0;;) is a continuous variable defined as the interaction of an indicator for changing jobs J;; and the
improvement of job match quality AM;,. For the specification tests, the p values are reported. The estimation strategy,
other controls, and instrument choice are the same as those in column (3) of Table 2.6.
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Table 2.A.7: Constructing Job Match Quality with Simple Average of

Components
(1) (2) (3) (4) (5)
New Match New Match Job Change Job Change New Job
Dependent variable Quality Quality Incidence Outcome Change
Match quality (t-1) 0.374%%* 0.365%%* -0.024%** -0.035%** -0.053%**
(0.043) (0.043) (0.006) (0.009) (0.018)
Match quality (t-2) 0.139%** 0.136***
(0.030) (0.030)
Match quality (t-3) 0.055*** 0.053**
(0.021) (0.021)
Training 0.389%**
(0.166)
Human capital build-up training 0.589%%** -0.080 -0.027 -0.045
(0.209) (0.051) (0.067) (0.075)
Human capital build-up training (t-1) 0.008 0.017
(0.014) (0.015)
Job change training 0.243 0.221%* -0.150 -0.087
(0.409) (0.124) (0.114) (0.130)
Job change training (t-1) 0.086*** 0.079*
(0.030) (0.041)
Other training 0.260 0.102* 0.038 -0.002
(0.220) (0.054) (0.074) (0.091)
Other training (t-1) 0.010 0.019
(0.015) (0.017)
Time fixed effects Yes Yes Yes Yes Yes
Other controls Yes Yes Yes Yes Yes
Training endogenous Yes Yes Yes Yes Yes
Specification tests p-value p-value p-value p-value p-value
m2 test 0.440 0.418 0.282 0.454 0.952
m3 test 0.569 0.518 0.385 0.396 0.452
Sargan test 0.339 0.789 0.218 0.123 0.319
Individuals 2,404 2,404 4,905 4,905 4,905
Observations 7,131 7,131 15,865 15,865 15,865

Note:*Significant at 10%; ** at 5%; *** at 1%. Numbers in parentheses are WC-robust standard errors. For the
specification tests, the p values are reported. The newly constructed dependent variable job match quality ranges
from 0 to 10. The estimation strategy, other controls, and instrument choice are the same as those in main estimations.
Column (5) is using job change incidence interacting with the improvement of job match quality AM; to construct
job change outcome O

36



Table 2.A.8: The Panel Structure with Alternative Sample Restriction

Years of observation  Individual records Years of observation Individual records
Frequencies Percentage Frequencies Percentage
2008-2015 812 49.66 2008-2012/2015 23 1.41
2010-2015 135 8.26 2010-2014 22 1.35
2008-2014 121 7.40 2008/2010-2015 20 1.22
2008-2013 119 7.28 2008-2012/2014 20 1.22
2008-2012 118 7.22 2009-2014 12 0.73
2008-2013/2015 66 4.04 2009/2011-2015 8 0.49
2008-2009/2011-2015 38 2.32 2008/2011-2015 7 0.43
2008-2012/2014-2015 37 2.26 2009-2013 6 0.37
2009-2015 31 1.90 2009-2013/2015 6 0.37
2011-2015 28 1.71 2008/2010-2014 6 0.37
Total N=1635 100
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Table 2.A.9: Descriptive Statistics for the SYS-GMM Sample

Variables Mean Std. Dev

Dependent variable

Job match quality 0.717  0.135
Job change incidence 0.049 0.215
Treatment

Training 0.341 0.474

Total days of training per year

(conditional on participating in training) 59.423 112.416

Single training 0.204  0.403
Multiple training 0.136  0.343
Demographics

Female 0.502  0.500
Age in years 46.237 10.755
Disabled 0.007  0.086
Individuals 1900
Observations 7077

38



Table 2.A.10: Effect of Training on Each Match-Related Variable

() (@) 3 “ (&)
Educational Skill Satisfaction with ~ Satisfaction Satisfaction with
Dependent variable
Match Match type of work with career current work
DV (t-1) 0.205%** 0.167%%* (.345%** 0.208%** 0.314%**
(0.054) (0.048)  (0.041) (0.044) (0.041)
DV (t-2) 0.105%** 0.051 0.126%** 0.138%** 0.118***
(0.038) (0.034)  (0.033) (0.035) (0.032)
DV (t-3) 0.065%** 0.055%*  0.047* 0.083%** 0.044*
(0.023) (0.027)  (0.024) (0.024) (0.025)
Training 0.644%* -0.008 0.369 0.414%* 0.600%**
(0.278) 0.277)  (0.258) (0.222) (0.231)

Time fixed effects Yes
Other controls Yes

Training endogenous ~ Yes

Specification tests P-value

M2 test (p-value) 0.842 0.342 0.066 0.561 0.765
M3 test (p-value) 0.702 0.373 0.337 0.209 0.443
Sargan test (p-value) 0.380 0.082 0.146 0.061 0.416
Individuals 2,404 2,404 2,358 2,351 2,363
Observations 7,131 7,131 6,968 6,936 6,989

Note:*Significant at 10%; ** at 5%; *** at 1%. Numbers in parentheses are WC-robust standard errors.
Specifications and estimation method are the same as Table 2.5 Column (6) except that the dependent variable are
the original match-related variables.
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Appendix 2.B Alternative Way to Construct Job Match Quality

Table 2.B.1: Extra Job Satisfaction Variables (Scale: 0-9)

Variable (Corrected) Obs Mean Std. Dev
Satisfaction with wage 21573 5.738 1.808
Satisfaction with working hours 21741 6.543 1.620
Satisfaction with atmosphere 19879 6.616 1.452

Table 2.B.2: Correlations of Job-Match Related Variables

Type of Current Working
Education  Skill Career Wage Atmosphere

work work hours

Education 1.000

Skill 0.604 1.000

Type of work 0.348 0.431 1.000

Career 0.357 0.418  0.691 1.000

Current work 0.291 0379 0.822 0.736  1.000

Wage 0.218 0.245  0.396 0.496  0.454 1.000

Working hours  0.145 0.197 0.418 0.401  0.456 0.373  1.000

Atmosphere 0.166 0233  0.487 0.493  0.572 0.279 0.339 1.000

Table 2.B.3: Factor Loadings

Factor loadings

Educational match

Skill match

Satisfaction of type of work
Satisfaction with career
Satisfaction with current work
Satisfaction with wage
Satisfaction with working hours

Satisfaction with atmosphere

0.071
0.084
0.222
0.258
0.369
0.070
0.068
0.057
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4 8
Match quality

Figure 2.B.1: Distribution of Alternative Job Match Quality Index
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Chapter 3

The Effect of Retirement on Healthcare Utilization: Evidence from
China3¢

3.1 Introduction

China is aging rapidly. The number of persons above age 65 grew from 100 million
in 2005 to 143 million in 2015 (National Bureau of Statistics of China 2016). At the
same time, the Chinese statutory retirement ages (SRAs) of 60 years for men and 50
or 55 years for women are among the lowest in the world. The increasing number of
retired people imposes large costs on public and private budgets. This has led to an
ongoing debate about increasing retirement ages. In order to understand the full
consequences of retirement policies, we have to take into account the effect of
retirement on healthcare utilization. For example, if retirement increases healthcare
utilization then this further adds to the costs of retirement.

In this study, we investigate the effect of retirement on healthcare utilization in urban
China. The direction of this effect is far from obvious. Economic theory makes
ambiguous predictions (Galama et al. 2013, Kuhn et al. 2015). On the one hand,
retirement might increase healthcare utilization because of reduced time cost of using
healthcare services or a negative effect of retirement on health (e.g. cognitive decline,
obesity). On the other hand, retirement might decrease healthcare utilization because
of lower income after retirement in the presence of high co-payments, or because
people switch to a healthier lifestyle.’’

36 This chapter is the same as the published version in Journal of Health Economics. It is coauthored
with Martin Salm and Arthur van Soest. The authors thank the China Health and Retirement
Longitudinal Study (CHARLS) team for providing the data. We are very grateful for many helpful
comments of the editor and two anonymous referees. We also thank Vellore Arthi, Bart Bronnenberg,
Meltem Daysal, Max Groneck, Jan Kabatek, Peter Eibich, Tunga Kantarci, Tobias Klein, Lei Lei,
Carol Propper, Renata Rabovi¢, Hans Henrik Sievertsen, Moritz Suppliet, Agne Suziedelyte, Yan Xu,
seminar participants at Tilburg University, and conference participants at the 4th SDU Workshop on
Applied Microeconomics, the 31st Annual Conference of ESPE, Netspar Pension Day 2017, and the
12th European Conference on Health Economics (EuHEA) for their helpful comments and
suggestions.

37 A growing literature discusses the causal effect of retirement on physical and mental health (e.g.
Mein et al. 2003, Neuman 2008, Lei et al. 2011, Coe and Zamarro 2011, Behncke 2012, Bonsang et
al. 2012, Coe et al. 2012, Hernaes et al. 2013, van der Heide 2013, Atalay and Barrett 2014, Insler
2014, Iparraguirre 2014, Eibich 2015, Che and Li 2018, Hagen 2018, Shai 2018), as well as the effect
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The empirical evidence for the effect of retirement on healthcare utilization is also
mixed. Previous studies based on data from developed countries find either
negative effects (Bejarano et al. 2014, Eibich 2015, Coe and Zamarro 2015a,
Gretting and Lillebe 2017, Shai 2018), or no significant effects (Laaksonen et al.
2012, F¢é and Hollingsworth 2012, Hagen 2018).

A fundamental challenge in estimating the causal effect of retirement on healthcare
utilization is that retirement can be endogenous to health, and therefore also to
healthcare utilization. People in poor health might be more likely to retire early. One
approach to address this endogeneity problem is to use SRAs as a source of
exogenous variation in retirement (Neuman 2008, Lei et al. 2011, Bonsang et al.
2012, Insler 2014, Eibich 2015, Coe and Zamarro 2015b, Godard 2016). This
approach can be implemented with a fuzzy regression discontinuity design,
comparing individuals of ages just below and just above their SRA.

We employ this method to examine the effect of retirement on healthcare utilization
based on the 2011 and 2013 waves of the “China Health and Retirement Longitudinal
Study” (CHARLS). We exploit the discontinuity in retirement rates at the SRA in
urban China. At the SRA, the probability of being retired increases by around 30
percentage points. We can exclude the possibility that changes in healthcare
utilization at the SRA are due to factors other than retirement, such as changes in
health insurance. Therefore, the assumptions of a fuzzy regression discontinuity
approach are met allowing us to estimate the causal effect of retirement on healthcare
utilization.

We find that retirement increases healthcare utilization. Specifically, retirement
significantly increases the number of doctor visits, the number of hospital stays,
yearly out of pocket expenditures for inpatient care, and monthly out of pocket
expenditures for self-treatment. This finding is robust to alternative specifications
such as different parametric functional forms of age or different age bandwidths for
choosing the sample. For men, we also find a marginally significant positive effect
of retirement on the incidence of outpatient care and a strong and significant positive
effect on out-of-pocket inpatient cost.

of retirement on health behaviors (e.g. Lang et al. 2007, Zantinge et al. 2014, Bertoni et al. 2016, Coe
and Zamarro 2015b, Kim et al. 2016, Godard 2016). Retirement can have health-preserving and
health-damaging effects and the evidence on which effect dominates is inconclusive.
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To better understand our findings, we explore three possible mechanisms. The first
possible explanation is deteriorating health after retirement. We find negative effects
on objective measures of physical functioning and an increase in self-reported
incidence of chronic diseases. A second explanation could be the reduced
opportunity cost of time after retirement. We find that the increase in inpatient care
use is mainly driven by retirees who previously worked in the private sector, where
it might be more difficult to take time off for medical care. This relates to China’s
institutional feature that employment protection practices are much less generous
compared to developed countries, leading to higher opportunity costs of time. A third
potential mechanism relates to income, but we do not find a significant income drop
at retirement.

For the low educated, there is no income drop at retirement either, but we do find
that retirement leads to a significant increase in the likelihood of foregoing inpatient
care of 20%-points, even though it was suggested by a physician. Our interpretation
is that for this group, retirement releases the time constraint but financial barriers, in
particular the high copayments that form another institutional feature typical for
China, still prevents many people from using care. This finding implies that
policymakers should pay attention to keeping medical care affordable for retirees
with lower socio-economic status.

Our study contributes to the growing literature on the effects of retirement on health
and healthcare utilization. To the best of our knowledge, it provides the first evidence
of an effect of retirement on healthcare utilization from a developing country.*® Our
results strongly differ from existing evidence for developed countries. The analysis
of the mechanisms underlying the effect of retirement on healthcare utilization in
relation to institutional characteristics will also be informative for other developing
countries with low employment protection and high co-payments.

The remainder of the paper is organized as follows: Section 3.2 introduces the
institutional background. Section 3.3 describes the data. Section 3.4 presents the
empirical strategy. Section 3.5 shows our main results, and Section 3.6 explores the
possible mechanisms. Section 3.7 provides sensitivity analyses, while Section 3.8
discusses the role of institutions and policy implications.

38 Lei et al. (2011) examine the effect of retirement on health in China.

47



3.2 Institutional Background and International Comparison

Statutory Retirement Ages in Urban China

The statutory (full) retirement age in China is 60 years for men, 55 years for female
civil servants, and 50 years for other female employees. China has the lowest
retirement ages in the world, even though its population is aging fast as a result of
birth control policies and increasing life expectancy. For historical reasons, SRAs
only apply to urban China.*® Retirement arrangements were introduced to protect
urban employees in the 1950s when the only employers were either the government
or state-owned companies and institutions. Private sector and self-employment
entered after the economic reforms in the 1980s. Retirement arrangements were
adapted to cover urban workers in these “new” sectors, but still do not apply to rural
China. Farmers usually continue working as long as their health permits. In this study,
we therefore restrict our analysis to urban residents.

In principle, employees are required to retire at their SRA, but deviations are possible:
(1) Employees are allowed to retire five years earlier than the full retirement age if
their jobs are dangerous or harmful to health, or if a medical exam proves that they
are too ill to continue working.*® (2) Retirement at the SRA is not as strictly enforced
in the private sector, self-employment, and temporary employment as in the public
sector and state-owned companies. Therefore, “compliance” with the SRA is not
perfect: a substantial number of people still works for pay after reaching the SRA.
However, as we show later in this study, we do observe a discontinuity in the
retirement rate at this age.

Pension and “Processed Retirement”’

Urban employees are required to participate in pension programs. This policy is
strictly enforced in the public sector, state-owned enterprises, and big companies in
the private sector. Deviations exist in small private companies and in informal
employment.

Employees are eligible to claim a pension when they reach their SRA and “process”
retirement. The pension income varies in amount and composition, depending on

39 In 2011 the labor force in China included 359 million people in urban areas and 405 million people
in rural areas (National Bureau of Statistics of China 2016).
40 In our sample, around 22% of retirees took early retirement.
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pension program, years of contribution, and occupation. The actual pension income
can be lower or higher than the pre-retirement wage.

“Processed retirement” means that an employee reaching the SRA leaves the current
job after going through all the formalities with employer and local government. A
difference from many other countries is that people can still continue working after
“processing retirement”. They can work for a new employer or even for the former
employer with a temporary contract, while at the same time claiming pension (and
health insurance benefits) from the former employer. This fact complicates the
definition of retirement, which we will further discuss in Section 3.3.

Health Insurance System

Health insurance in urban China is organized independently from retirement
arrangements: Eligibility for public health insurance does not depend on retirement
status or pension claiming. Public health insurance programs cover more than 95%
of the overall population. Private health insurance programs are much less
prevalent.*! There are different types of public health insurance programs, as seen
in Figure 3.B.1.* An individual’s type depends on occupation and residential status,

and it is not easy to switch types.

Health insurance programs differ in generosity, but generally require high patient
copayments. The two major urban insurance programs, covering 75% of our sample,
are the Urban Employee’s Basic Medical Insurance (UEBMI) for urban employees
and the Urban Resident Basic Medical Insurance (URBMI) for urban residents
without formal employment. These plans have copayments of at least 35% and at

least 45% for inpatient care, respectively.

Despite differences across insurance programs, the covered benefits and the
copayment rates within the same health insurance program remain the same before
and after retirement. Moreover, individuals do not change program when they retire.

International Comparison

41 In our sample, coverage by private health insurance programs is about 5%. Such programs usually
provide supplementary insurance to public health insurance plans. Eligibility and benefits are
independent of retirement status.

4 Figures 3.B.1 — 3.B.10 are in the Appendix.
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Table 3.1 compares labor market characteristics in urban China with selected
developed countries (US, Germany) and less developed countries (Malaysia and
Brazil). In urban China, sometimes referred to as “the world’s factory”, the share of
employment in mining, manufacturing, utilities and construction sectors was above
50% in 2012, higher than in any of the other countries. Compared to the US and
Germany, working hours in urban China are substantially longer, indicating that
visiting a clinic or hospital will be difficult without absence from work, creating a
potential impediment to seeking healthcare before retirement.

Table 3.1: International Comparison on Labor Market Characteristics

Employment in Share of out-
sectors of mining, of-pocket
manufacturing, Share of out-of-  health
utilities, and Hours of  Monthly pocket expenditure
construction Work earnings expenditure per capita

Constant 2011 % of total health % of monthly

% Weekly PPP $ expenditure earnings
Urban China 52.75 46 1106 55.3 6.4
The United
Sates 18.50 36 4417(in 2010) 117 1.8 (in 2010)
Germany 30.20 36 4762 11.9 1.1
Malaysia 28.57 46 1317 32.7 1.9
Brazil 23.01 39 907 30.6 (in 2009) 33
Year 2012 2012 2012 2010 2012

Notes: Years are chosen as close as possible to 2012, given data availability. Figures are from International Labour
Organization (2018) unless mentioned otherwise. In column (4), “Share of out-of-pocket expenditure” refers to out-
of-pocket expenditure as a percentage of total health expenditure. Monthly earnings in US dollars are converted
using 2011 purchasing power parities (PPPs). For urban China, employment in sectors of mining, manufacturing,
utilities, and construction is computed using figures of “Number of Employed Persons in Urban Units” and “Number
of Engaged Persons in Urban Private Enterprises and Self-employed Individuals” in 2012 from National Bureau of
Statistics of China (2016). In column (5), “share of out-of-pocket health expenditure per capita” refers to out-of-
pocket health expenditure per capita as a percentage of monthly earnings. For urban China, this figure is computed
using figures of monthly “per capita health expenditure in urban areas (yuan)” in 2012 from National Bureau of
Statistics of China (2016), divided by “monthly earning in urban China (yuan)” in 2012 from International Labour
Organization (2018). For the other countries, “share of out-of-pocket health expenditure per capita” is computed
using “out-of-pocket expenditure as percentage of current health expenditure (CHE)” and monthly “current health
expenditure (CHE) per capita in US$” from World Health Organization (2018), together with “monthly earnings in
in US$” from International Labour Organization (2018).

Wages in urban China are similar to those in Malaysia and Brazil, but much lower

than in the US or Germany. After adjusting for purchasing power differences,
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monthly earnings are around one fourth of those in the US and Germany. Due to high
copayments, the share of healthcare expenditures that patients pay out of pocket is
high, about 5 times larger than in the US and Germany and almost twice that in
Malaysia or Brazil. Accordingly, the share of out-of-pocket expenditure as a
percentage of monthly earnings in urban China is also much higher than in the other
countries. This may be another reason for not seeking health care, both before and
after retirement.

3.3 Data

The data we use come from “The China Health and Retirement Longitudinal Study”
(CHARLS).® This dataset is ideal for our study because it collects rich information
about retirement, healthcare utilization, health, income and expenditures, health
insurance status, and demographic characteristics, from a nationally representative
sample of 17,500 individuals aged 45 or older and their spouses. Interviews are
repeated every two years. We use information from the first two waves of the survey
in 2011 and 2013.

We restrict the sample to urban residents aged between 40 and 75.* This reduces
the sample size from 36,338 to 7,286 individual-year observations. We further
exclude the self-employed since they do not process retirement, and we exclude
those who neither work nor report “processed retirement”.*> 4 This reduces the
sample size to 5,438 observations. Finally, we exclude observations with missing
information on retirement status, age, or gender, leaving us with a sample of 5,178
individual-year observations for 3,511 individuals. Around half of the individuals in
our sample are observed in both waves (see Table 3.2). In Section 3.7 we test whether

43 CHARLS is harmonized with the Health and Retirement Study (HRS), the English Longitudinal
Study of Aging (ELSA), and the Survey of Health, Aging and Retirement in Europe (SHARE). For
more details, see http://charls.ccer.edu.cn/en/page/about/CHARLS.

4 We define urban and rural using “Hukou”, a household registration system that distinguishes “Urban
Hukou” and “Rural Hukou”.

45 “Working” refers to either engaging in agricultural work (including farming, forestry, fishing, and
husbandry for one’s own family or others) for more than 10 days per year, or performing any of the
following activities for at least one hour per week: earning a wage, running one’s own business or
helping in a family business, etc. “Working” does not include activities without pay, such as
housework or voluntary work.

46 Those who neither work nor report “processed retirement” account for around 1/6 of the sample.

51


http://charls.ccer.edu.cn/en/page/about/CHARLS

the results are sensitive to sample attrition by excluding those who only appear in
the first wave.

Table 3.2: Panel Structure

Years of observation Individual records
Frequencies Percentage
2011 and 2013 1667 47.48
2011 825 23.50
2013 1019 29.02
Total N=3511 100
Retirement

There are three common ways to define retirement: (1) self-reported “processed
retirement”. This is not ideal because many people still work for pay after processing
retirement from their “career jobs” (20% of individuals in our sample continue
working after processing retirement). (2) Neither working for pay nor searching for
a paid job. This is not ideal either, because some people have never had a paid job at
all and did not “retire” from work. (3) Both “processed retirement” and not working
for a paid job anymore. We adopt this third definition because we consider
“retirement” as a change from working to non-working. In additional analyses, we
show how alternative definitions of retirement influence the results.

Normalized Age

Figure 3.1 shows the “retirement rate” (the sample fraction of individuals in
retirement) by age and gender. It shows a clear discontinuity at age 50 for women
and at age 60 for men, the SRAs. There are also substantial increases in retirement
rates at other ages (e.g. 51 for women and 56 for men), but these are not related to
formal retirement rules.

For female civil servants, the SRA is 55. In Figure 3.1 we do not see a clear
discontinuity in retirement rates for women at age 55, since civil servants are a
relatively small group, and the distinction between civil servants and other public
sector employees is poorly measured in our data. We therefore proxy the SRA to age
50 for all women.
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Figure 3.1: Retirement Rate by Age

Workers can retire (at most) 5 years before the SRA if their jobs are dangerous,
health-damaging, or extremely onerous. Therefore early retirement starts at age 45
for female workers and 55 for male workers. While we do not use early retirement
ages in our main analysis, we add a dummy for having reached the early retirement
age as an additional instrument as a sensitivity check. This also allows us to test the

validity of our instruments.

We define the normalized age a as the actual age minus the corresponding SRA for
each gender: a = age — 60 for men, and a = age — 50 for women. This is the
assignment variable for the fuzzy regression discontinuity design in our main

analysis.
Outcome Variables

We consider the following outcome variables in our main analysis: (1) Outpatient
incidence: a dummy indicating whether the respondent used outpatient care in the
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past month or not.*’ (2) # Doctor visits: number of doctor visits in the past month.*®
(3) Outpatient cost: the out-of-pocket expenditure for outpatient care in the past
month. The expenditures in tables and graphs are in RMB or CNY (both mean
Chinese Yuan). In the text, we translate them into US dollars using the exchange rate:
1 USD= 6.5 CNY. (4) Inpatient incidence: a dummy indicating whether the
respondent received inpatient care in the past year or not. (5) # Hospital stays: the
number of times the respondent received inpatient care during the past year. (6)
Inpatient cost: the out-of-pocket expenditure for inpatient care in the past year.* (7)
Self-treatment incidence: a dummy indicating whether the respondent treated herself
in the past month or not.>® (8) Self-treatment cost: the out-of-pocket expenditure for
self-treatment in the past month. (9) Health check incidence: a dummy indicating
whether the respondent did any health check in the past 2 years or not. (10) Forgone
outpatient incidence: a dummy indicating whether the respondent was sick but did
not seek outpatient care in the past month or not. (11) Forgone inpatient incidence:
dummy indicating whether or not a doctor had suggested that the respondent needed
inpatient care but the respondent was not hospitalized in the past year. (12) Self-
reported health: self-reported health status on a scale from 1 to 5, with 1: excellent;
2: very good; 3: good; 4: fair; 5: poor.>!

Control Variables

47 There are no general practitioners in China. To see a doctor, one usually needs to go to a hospital or
clinic. According to the survey question, outpatient care refers to visiting a public hospital, private
hospital, public health center, clinic, or health worker’s or doctor’s practice, or to home visits by a
health worker or doctor.

48 More precisely: the total number of visits to general hospitals, specialized hospitals, Chinese
medicine hospitals (“Zhongyi”), community healthcare centers, township hospitals, healthcare posts,
private clinics, and other healthcare organizations.

49 Inpatient expenditures include fees paid to the hospital, including ward fees but excluding wages
paid to a hired nurse, transportation costs, and accommodation costs for the respondent herself or for
family members.

50 Self-treatment refers to treatment without resorting to professional medical care, such as over-the-
counter drugs, traditional herbs or medication, tonic/health supplement, and the use of healthcare
equipment.

51 We do not look at dentist visits as outcome variable in our main analysis. Summary statistics and
estimation results of dentist visits are available in Tables 3.A.12 and 3.A.14. We do not find a
significant effect of retirement on dentist visits. Questions about dentist visits are only included in the
second wave. Dentists work in outpatient care departments in hospitals. As for other outpatient care,
patients do not have to make an appointment, and waiting times tend to be short.
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We control for predetermined variables such as individual’s gender, a third-degree
age polynomial, living with or without a partner,® and education level. Age is
constructed from information about birth year and month. Education level is
categorized as low (at most elementary education),® middle (finished middle school,
high school, or vocational school), or high (“two-/three-year college/associate
degree”, “four-year college/bachelor degree”, master degree, or doctoral degree). In
additional analysis and sensitivity analysis, we also study mechanisms related to
variables like BMI, chronic disease, etc.

Summary Statistics

Table 3.3 presents summary statistics. The sample consists of 5,178 observations.
About 55% of them are men. The average age is 59 years old. 52.8% have both
processed retirement and stopped working. The vast majority (86.6%) have a partner.
The middle education group is the largest (61.1%), while 28.1% of the sample
belongs to the low education group and only a small minority are highly educated.
The average individual yearly income is about $4000 with a standard deviation of
$2700; 94.9% of individuals in our sample are covered by health insurance, and 61.6%
are enrolled in a pension plan.>*

The probability of having used outpatient care last month is close to 20%, while the
probability for having used inpatient care last year is only 12.8%. On average, people
visit a doctor once every two months and stay in hospital once every five years.
Average out-of-pocket expenditures on outpatient care (monthly) and inpatient care
(yearly) are $8 and $41, respectively.” Self-treatment is very common: Almost 60%

32 In our sample, 95.62% of respondents have no further household members other than their spouse.
Results are essentially unchanged if we add the number of household members other than the spouse
as additional control.

33 The low education group includes illiterates, those who did not finish primary school but are capable
of reading and/or writing, those who have been to home school, and those who finished elementary
school.

54 The survey question in 2011 asks respondents whether they are claiming a pension. In 2013, the
question changed to “whether they are either claiming or accumulating a pension”. We try to use other
questions in 2011 to retrieve the information about whether the respondent is accumulating a pension
in government/institution/new rural/other pension programs. However, we cannot exclude the
possibility of some measurement error if contributors to some pension programs are left out. Adding
pension claiming as a control variable does not influence the estimation results.

5> These average amounts are unconditional. The averages conditional on being positive are: out-of-
pocket expenditure on outpatient care (monthly) $117; inpatient care (yearly) $1405; monthly out-of-
pocket cost of self-treatment $40.
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Table 3.3: Summary Statistics

Variable Obs. Mean Std. dev. | Variable Obs. Mean Std. dev.
Outcome Variables Other Variables
Outpatient Enrolled in pension
5162 0.193 0.395 5151  0.616 0.486
incidence plan
# Doctor visits 5162 0.431 1.61 Medical Insurance 5178  0.949 0.219
Outpatient cost 5178  51.882 434556 | Mechanism Variables
Inpatient incidence 5176  0.128 0.334 Mental health 4616  11.951 4.032
# Hospital stays 5173  0.184 0.622 Life Satisfaction 4572 2.861 0.645
Inpatient cost 5178  266.37  2655.498 | Individual income 4293 25444.61 17857.99
Self-treatment
5163 0.58 0.494 Chronic disease 5178  0.657 0.475
incidence
Self-treatment cost 5178  114.524 342.017 | Smoking 4650  0.25 0.433
Health check
5178  0.62 0.485
incidence
Forgone outpatient
o 5178 0.073 0.26 Physical Functioning Variables
incidence
Forgone inpatient
5178 0.043 0.203 BMI 3314 24.692 3.980
incidence
Systolic blood
Self-reported health 4454  3.674 0.891 3340 131.055  20.926
pressure
Diastolic blood
Treatment Variable 3339 77272 13.016
pressure
Retirement 5178  0.528 0.499 Diabetes 4972 0.109 0.311
Control Variables Cancer 4982  0.012 0.108
Male 5178  0.551 0.497 Stomach disease 4993  0.169 0.375
Age in years 5178  58.871 8.438
Has a partner 5178  0.866 0.341 Instrument Variable
Low education 5178  0.281 0.449 Age > 60 (or 50) 5178  0.651 0.477
Middle education 5178  0.611 0.488
High education 5178  0.107 0.309

Notes: Mental health: index for mental health problems, ranging from 8 to 32. Life satisfaction: scale from 1

(completely satisfied) to 5 (not at all satisfied). See text and Appendix 3.C for detailed variable definitions.
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of respondents report that they have used it last month. The average monthly out-of-
pocket cost of self-treatment is about $18. Approximately 62% had a health check in
the last two years. During the past year, 7.3% of respondents have foregone
outpatient care and 4.3% have foregone inpatient care even though such care was
recommended by a physician.

In Table 3.A.1°° we show additional summary statistics for individuals who are just
below and just above the SRAs. Retired individuals just above the SRA use
substantially more health care than people just below SRA or those just above SRA
who have not yet retired. For example, they have substantially more hospital stays
and inpatient care incidences and much higher outpatient and inpatient costs.
Whether these differences reflect causal effects of retirement on healthcare use is
what we will analyze in the next section, but the data already suggest that some
mechanisms are more likely than others. For example, individual income is slightly
higher among the non-retirees above the age cut-off than among retirees, while
health expenditures are much higher for the retirees, suggesting that income is not a
major channel. On the other hand, non-retirees above the age cut-off more often
forego outpatient and inpatient care than retirees, suggesting that, controlling for
diagnosis, current workers less often use (or postpone) health care, possibly since
their higher opportunity cost of time.’

Table 3.A.1 also shows summary statistics for individuals who were below the SRA
and working in the first wave and above SRA and retired in the second wave
(columns 5 and 6). For this (small) sample of compliers, socio-economic
characteristics such as education level do not differ markedly from the general
population in the full sample, and their healthcare utilization before retirement is
generally not higher than for others of the same age. This suggests that compliers did
not already use more medical treatment before they retired.

36 Tables 3.A.1 —3.A.16 are in the Appendix.

57 Note that the age difference between columns (2) and (3) is substantial. This is due to the large
difference between SRA for men and women and the difference in the fractions of retirees just above
the age cut-off among men and women.
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3.4 Empirical Strategy

Our aim is to estimate the causal effect of retirement on healthcare utilization. We
start with a linear model:

Hy = TRy + Xi\f + & (3.1

H;, is one of the 12 outcome variables measuring healthcare utilization (or health)
ofindividual i in wave ¢. R;, is the binary variable for retirement and 7 is the causal
effect of retirement on the outcome, the main parameter of interest. X;, is a vector
of predetermined variables including gender, age, age®, age?, living with a partner,
education level, and a constant.

If we assume that ¢;; is an idiosyncratic shock that is uncorrelated with R;, and
X;. , then OLS gives a consistent estimate of 7. But this assumption may not be valid,
since retirement might be endogenous to healthcare use. For example, both
retirement decisions and healthcare utilization might be influenced by an unobserved
component of health or another unobserved factor.

To correct for potential endogeneity of retirement, instrumental variables estimation
(Coe and Zamarro 2015a) and a fuzzy regression discontinuity design (Fé and
Hollingsworth 2012, Eibich 2015) are two frequently used methods in the existing
literature. We use a nonparametric fuzzy regression discontinuity (RD) design for
our main analysis, avoiding restrictive assumptions on functional form. As a
robustness check, we present results with linear IV regressions (Section 3.7), using
a binary variable Z;; for being at or above the SRA (60 for men and 50 for women)

as an instrument for retirement.
Fuzzy Regression Discontinuity Design

The regression discontinuity design exploits the SRA as a source of exogenous
variation in retirement status. Since not all individuals retire exactly at their SRA,
this RD framework is fuzzy (Lee and Lemieux 2010). The treatment effect can be
estimated as the ratio of the jump in the outcome variable H and the jump in the
probability of being retired at the SRA, as shown in equation (3.2):

lim E[H|a=0+¢]-lim E[H|a=0+¢]
elo 10

T = 2
FRD lim E[R|a=0+¢&]-lim E[R|a=0+¢] (3 )
elo &to
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Here a is the normalized age (as defined in Section 3.3) which is zero at the cutoff
point. tgg, is the local average treatment effect (LATE), the effect on compliers at
the cutoff point. In our context, it is the average change in healthcare utilization for
those who retire exactly at the SRA.

A valid fuzzy RD design relies on two main assumptions (Imbens and Lemieux
2008). The first assumption requires a discontinuity in the probability of treatment
at the cutoff point:

limPr(R=1la=0+¢) # limPr(R=1la=0+¢)
elo 10

This assumption is verified in Figure 3.2, which shows how retirement rates vary
with age. We can see a discontinuity at the SRA (a = 0) where the probability of
being retired increases by around 30 percentage points.

RD Plot of Retirement Rate by Normalized Age

-20 -10 0 10 20 30

Sample average within bin
95% confidence interval

Palynomial fit of order 4

Figure 3.2: Retirement Rate by Normalized Age

The second assumption requires continuity in potential outcomes as a function of the
assignment variable around the cutoff point. This implies that in the absence of
retirement, healthcare utilization should not change at the cutoff point. In other words,
“all other factors” driving healthcare utilization must be continuous at the cutoff
point (see, e.g., Hahn, Todd, and van der Klaauw, 2001). Though we cannot test this
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assumption directly, we check in Section 3.7 whether relevant variables change
significantly at the age cutoff, considering, e.g. participation in pension and health
insurance programs and switches between health insurance programs. The untreated
group in our study includes individuals who process retirement, but continue
working. We test whether income, working hours, and healthcare utilizations change
significantly at the full retirement age for those who continue working, and find no
effect. We also examine whether healthcare utilization changes at the SRAs in rural
areas. This is a falsification test since the SRAs do not apply to rural China. In
addition, in a sensitivity analysis we employ a different definition of retirement
which includes all people who have processed retirement. We find that results are
similar compared to the baseline estimates.

Nonparametric Estimation

The LATE parameter tpgp can be estimated parametrically or non-parametrically.
In our main analysis, we choose nonparametric estimation to avoid assuming a
particular functional form of the assignment variable. We present parametric
estimates as a robustness check in Section 3.7.

The nonparametric estimation uses local linear regressions (Fan 1992) to estimate
the elements of equation (3.2). The estimate of Tpgp is then computed as in
equation (3.3):

~ _ Ba+)—fp_(b)
trro (D) = 2 o ) (3-3)

Here fig,(b) is the estimate of lilr(r)lE [H|la = 0 + ¢], the healthcare utilization just
&

above the cutoff point. Similarly, fg,_(b), fg.(b), and f[z_(b) are estimates of the
corresponding terms in equation (3.2). For a given bandwidth b, [y, (b) is
computed using a triangular kernel-weighted linear regression of H using
observations to the right of the age cutoff. The intercept of this local linear regression
is iy (b). The other three terms in equation (3.3) are computed similarly.

Following Lee and Lemieux (2010) we “residualize” the outcome variables. We
regress outcome variables on age polynomials (age, age?, and age®) and other control
variables, and then conduct the nonparametric RD analysis described above based
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on the residuals.®® Residualizing is not necessary for consistency, but reduces the
variance. In Section 3.7 we show that estimation results are very similar without
residualizing. Figure 3.B.2 displays how the ‘“residualized” outcome variables
change with normalized age. It suggests that several types of healthcare use increase
abruptly at retirement.

In order to choose the bandwidth b of the kernel function, we use a data driven
method suggested by Calonico et al. (2014; 2016). We select b based on two
separate MSE-optimal bandwidth selectors (below and above the cutoff). We use a
robust variance estimator clustered at the individual level in order to account for the
correlation of error terms across waves for the same individual >

We report two types of estimates: “conventional” estimates using conventional
coefficient and variance estimators, and “bias-corrected” estimates using a bias-
corrected coefficient estimator and a robust variance estimator. According to
Calonico et al. (2014; 2016), the latter corrects for the possible bias of g, (b)
caused by potential misspecification of the local linear regression with a limited

sample size.

3.5 Main Results

The OLS estimates for t (Table 3.4 Column 1) indicate that retirement is associated
with a deterioration of self-reported health (a positive effect means a health decline)

and an increase in the utilization of most types of healthcare.

Columns (2) and (3) of Table 3.4 report conventional and bias-corrected RD
estimates, respectively. These estimates are close to each other. The remaining
columns show the RD results by gender, which are sometimes very imprecise, due
to limited sample sizes.® Furthermore, coefficients for men and women are not
significantly different from each other (see test statistics in Table 3.A.7). We will
therefore mainly focus on columns (2) and (3).

%8 We also tried age and age®. The results are very similar.

59 We use a cluster-robust nearest neighbor variance estimator with three nearest neighbors. We also
tried alternative variance estimators like heteroskedasticity-robust nearest neighbor variance
estimator; the results are very similar.

60 Figure 3.B.6 shows plots of retirement rates for men and women separately. In both plots, there is a
clear discontinuity in the probability of being retired at the cutoff point.
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The overall conclusion is that almost all RD estimates imply a positive effect of
healthcare utilization at retirement. The point estimates are typically larger than with
OLS, but also much less precise. This applies in particular to the estimated effects
on costs (for inpatient, outpatient and self-treatment). The most robust finding is the
significant positive effect on the number of doctor visits, for men as well as women.
Retirement increases the number of doctor visits by almost one per month for women
and more than one per month for men. Since the mean number of doctor visits in the
sample is only 0.43, these are quite large effects. Retirement raises the number of
hospital stays per year by around 0.4 (60% of one standard deviation). Retirement
also leads to an increase in the out-of-pocket amount spent on self-treatment
(informal healthcare use) by about 177 RMB/month ($27/month) - 52% of a standard
deviation and around 8% of annual income. These two effects are marginally
significant in the pooled sample.

For men, we find a marginally significant positive effect of retirement on the
incidence of outpatient care, while this effect is insignificant and even negative for
women. Perhaps this is because men tend to work more hours than women, raising
their opportunity cost of time when still working. For men, we also find a strong and
significant effect on out-of-pocket inpatient cost, which amounts to about 6.8% of
average individual annual income. This effect is smaller and insignificant for women.
The other effects are less robust or insignificant. In spite of this, the fact that almost
all point estimates are positive suggests that there is a general pattern that health care
use increases at retirement.

In China, visiting a doctor by itself is not expensive, with a “regular outpatient
registration fee” of only about 7 to 15 RMB ($1 to $2). This again suggests that
particularly for the number of doctor visits the main mechanism may not relate to
the monetary costs of health care; it is more likely that the large opportunity cost of
time before retirement plays a decisive role. On the other hand, we find essentially
no effect of retirement on the probability of a health check. Although retirees should
have more time to invest in preventive care, health checks are rather costly for
retirees as they are usually not covered by health insurance.
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Table 3.4: Main Results

Dependent OLS RD Male Female

Variable Conventional  Robust Conventional Robust Conventional Robust
€)) (2) (3) “) (5) (6) ()

Outpatient

incidence 0.032%* 0.104 0.103 0.380* 0.392* -0.298 -0.526
(0.014) (0.149) (0.183) (0.201) (0.227) (0.506) (0.712)

# Doctor visits 0.059 0.816* 0.887* 1.162%* 1.140* 0.829%*%* 0.900%%*%*
(0.066) (0.433) (0.508) (0.532) (0.592) (0.176) (0.207)

Outpatient cost 48.688*** 0.289 -19.655 529.88* 578.11 -1523 -2469.7
(17.365) (231.81) (292.76) (299.13) (358.5) (1410.3) (1834)

Inpatient

incidence 0.065%** 0.163 0.208 0.103 0.142 0.204* 0.158
(0.012) (0.131) (0.159) (0.174) (0.214) (0.111) (0.120)

# Hospital stays 0.112%*%** 0.409* 0.491* 0.411 0.437 0.416 0.493
(0.020) (0.225) (0.261) (0.283) (0.330) (0.485) (0.659)

Inpatient cost 277.027**%*  1517.6%** 1660.4** 1925.7** 1741.9* 824.61 1227.7
(90.850) (610.66) (690.43) (805.45) (897.69) (709.59) (838.04)

Self-treatment

incidence 0.052%** 0.096 0.102 0.048 -0.035 1.531 2.562
(0.018) (0.198) (0.241) (0.303) (0.353) (1.650) (2.213)

Self-treatment

cost 59.403*** 177.29** 170.06 75.08 68.069 481.8 607.12
(11.383) (90.01) (107.36) (92.86) (108.09) (399.95) (480.68)

Health check

incidence 0.030* -0.051 -0.040 0.150 0.093 -0.167 -0.126
(0.018) (0.187) (0.229) (0.253) (0.317) (0.127) (0.139)

Forgone

outpatient

incidence -0.011 0.004 0.010 0.022 0.011 0.049 0.049
(0.009) (0.110) (0.135) (0.115) (0.145) (0.075) (0.075)

Forgone inpatient

incidence 0.001 0.079 0.068 0.028 0.045 0.192 0.292
(0.008) (0.068) (0.083) (0.071) (0.082) (0.195) (0.238)

Self-reported

health 0.143%** 0.069 0.060 0.104 0.087 0.245 0.448**
(0.035) (0.395) (0.491) (0.499) (0.623) (0.237) (0.227)

Covariates Yes Residualized Residualized Residualized

Observations 5,178 5,178 2,851 2,327

Notes:*Significant at 10%; ** at 5%; *** at 1%. In column (1), numbers in parentheses show robust standard errors
clustered at the person level. Table 3.A.2 shows full results. In columns (2) and (3), numbers in parentheses show
robust standard errors clustered at the person level. “Conventional” refers to estimates using conventional coefficient
and variance estimators, and “Robust” refers to estimates using bias-corrected coefficient estimators and robust
variance estimators. Full results with first stage results and information on bandwidth are shown in Table 3.A.3. The
number of observations varies slightly across outcome variables due to missing values. Numbers of observations for
each outcome variable are reported in Tables 3.A.2 and 3.A.3. Columns (4) to (7) are the same nonparametric RD
estimates but separately for men and women. For details and full table, see Table 3.A.7. Covariates refer to age
polynomials (age, age’, and age®), binary variables for male, having a partner, having mid-education, and having
high education. For “residualized” outcome variables, we regress outcome variables on the covariates, and then
conduct the nonparametric RD analysis described above based on the residuals.
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3.6 Mechanisms

We consider three mechanisms that may explain how retirement affects healthcare
utilization: health, time, and income. We also look at possible longer term effects of
retirement.

Health and Health Behavior

It is not clear a priori how retirement influences health. On the one hand, retirement
can have a negative effect on health if retirees are more often physically inactive, or
if retirement comes with the loss of valuable social contacts, identity, and self-esteem.
On the other hand, the effect can be positive if retirees use their additional time for
health enhancing activities or if retirement ends strenuous or dangerous working
conditions. Our data concern several measures of health, including self-reported
overall health. Since self-reported health may systematically differ before and after
retirement due to, e.g., justification bias (Currie and Madrian 1999, McGarry 2004),
we also use objective health measures (e.g. biomarkers for BMI and blood pressure).

Table 3.5 shows RD estimates of the effect of retirement on several measures of
health, health behavior, and well-being. We find significant negative effects of
retirement on several measures of health: a significant increase in systolic blood
pressure, which can be associated with hypertension among the elderly; significant
increases in self-reported incidence of diabetes and stomach disease, and even a
marginally significant positive effect on the incidence of cancer. These effects could
reflect causal effects of retirement on genuine health, but it could also be that
retirement makes it more likely that health problems are diagnosed, since, as we saw
before, retirement increases the probability of visiting a doctor or hospital. The
increase in the incidence of self-reported chronic diseases could be explained by bad
health conditions and habits already developed before retirement but without being
diagnosed, and not so much by retirement per se changing the disease occurrence.
Furthermore, we find that retirement significantly increases mortality (defined as the
probability of death between the two waves) by 2% (see Table 3.A.14), even though
this is driven by a small number of deaths.

The effects on other health variables are insignificant. Retirement has an
insignificant effect on an indicator whether patients have any of a broader range of
chronic diseases (e.g. arthritis, stroke, chronic lung diseases etc.). We also find an

64



insignificant deterioration of self-reported health (Table 3.4) and life satisfaction
(Table 3.5). Based on a larger sample, Lei et al. (2011) found that retirement leads to
significantly worse self-reported health and subjective well-being; perhaps our
insignificant findings are due to the smaller sample and less precise estimates.

Table 3.5: The Effect of Retirement on Mechanism Variables: RD estimates

Dependent variable Mechanisms
Conventional Robust
log(1+annual income) -0.044 -0.126
(0.341) (0.411)
Mental Health -1.220 -1.637
(1.535) (1.885)
Life Satisfaction 0.152 0.119
(0.319) (0.402)
Smoking -0.096 -0.163
(0.256) (0.306)
Chronic disease 0.184 0.139
(0.198) (0.241)
BMI 4.346%* 5.637%*
(1.884) (2.384)
Systolic blood pressure 71 (27 ** 24.963*
(10.446) (13.157)
Diastolic blood pressure ~ 7.556 8.560
(6.618) (8.144)
Diabetes 0.229%: 0.263%*
(0.099) (0.117)
Cancer 0.062 0.083*
(0.039) (0.046)
Stomach disease 0.391%* 0.461%*
(0.167) (0.199)
Residualized No
Observations 5,178

Notes: See Table 3.3, Section 3.3 and Appendix 3.C for variable definitions. *Significant at 10%; ** at 5%; *** at
1%. Numbers in parentheses are robust standard errors clustered at the person level. “Conventional:” estimates using
conventional coefficient and variance estimators; “Robust:” estimates using bias-corrected coefficient estimators
and robust variance estimators.
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We find that retirement does not improve health behaviors: it has no significant effect
on the incidence of smoking, and BMI even increases with retirement (Table 3.5).
This could be the result of the sudden cessation of intensive work while keeping the
same eating habits. As shown in Figure 3.B.10, with a very stable level of food
consumption and physical activities, retirees did not substitute work with more
calorie-burning exercising. Physical inactivity after retirement could lead to health
deterioration and hence more healthcare use.

In summary, our results on the effect of retirement on health should be interpreted
with caution. While we find an effect of retirement on high blood pressure and on
BM]I, it is not clear whether this would immediately translate into higher health care
expenditures. Also, the effect of retirement on self-reported chronic diseases could
potentially be explained by more physician visits rather than by an effect of
retirement per se on chronic diseases.

Time

A second mechanism could be time. The opportunity cost of the time spent on
medical care is reduced after retirement, which provides incentives to increase
healthcare utilization. Before retirement, taking sick leave could imply a loss of
income or even a risk of job loss. According to the Labor Law of the People's
Republic of China, a worker with a non-work-related disease is entitled to sick leave
for a period between 3 to 24 months, depending on years of employment. A longer
sick leave gives the employer the right to terminate the contract. Even within the sick
leave period, the salary can be reduced substantially, to 80% of the local minimum
wage (Mayer Brown JSM 2008).°! Taking sick leave can also have a negative impact
on variable wage components such as an end-of-month bonus. This is different from
the European context, where income and job loss are less of a concern when taking
sick leave.

The opportunity cost of sick leave can be especially high in small private companies
and for temporary employment, where the law is less strictly enforced and employers
are less cooperative with respect to sick leave. This gives workers incentives to
postpone medical care, especially time-consuming inpatient care. After retirement,

61 80% of the local minimum wage varied across provinces from about $100 to $200 per month in the
year 2013.
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when workers no longer have to worry about income and job loss, they can spend
more time on queuing for an available ward and staying in hospital.

This mechanism is not directly testable, but we provide some indirect evidence. We
would expect that opportunity costs of sick leave are higher for retirees from small
private companies or temporary jobs than for those who work for government, public
institutions or state-owned companies. If the time mechanism is relevant, we expect
a larger increase in inpatient care use at retirement for employees outside the public
sector and in less protected jobs. Separate estimates in Table 3.6 indeed show that
this is the case.®

The reduced opportunity cost of time after retirement can potentially also explain the
increase in self-reported incidence of diabetes and stomach disease: It is possible that
a worker’s health has deteriorated already before retirement, but a formal diagnosis
is only given after retirement when the worker has time to seek treatment. However,
this explanation does not apply to our results for biomarkers which are not self-
reported.

Income

A third possible mechanism relates to income. If income falls at retirement, this may
have a negative effect on healthcare utilization due to high co-payments. However,
we do not find a significant change in income at retirement (Table 3.5 and Figure
3.B.3), and retirees actually use more instead of less healthcare after retirement. This
suggests that income is not the main mechanism.

Income does matter, however, to individuals with lower socio-economic status for
whom the income constraint can be binding. We split the sample into groups with a
low level of education and a middle or high level of education.®* People born before
the 1970s with a middle education would be able to get a skilled job and earn an

62 We have 2020 observations for workers who currently work for or are retired from government,
public institutions or state-owned enterprises (“public”’) and 3158 other observations (“private”). The
first stage plots in Figure B.4 show that the discontinuity in the public sector is larger than in the
private sector, in line with the fact that retirement at the SRA is more common in the public than in
the private sector.

63 Figure 3.B.4 shows the first stage plot by education groups. We observe clear discontinuities in all
three groups. There are 1454 observations in the low education group, 3165 in middle education group
and 553 observations in the high education group. Because most sample respondents are born before
the Cultural Revolution, high education is rare. We therefore merge middle and high levels of
education.
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average wage. In contrast, the low educated usually earn a lower income in a
strenuous unskilled job.®* Table 3.6 presents the estimation results for the two
education groups, showing that the effect of retirement on healthcare utilization,
especially hospital stays and out-of-pocket inpatient expenditure is larger for people
with low education than for people with high or middle education. At the same time,
the incidence of forgoing inpatient care increases by more than 20%-points at
retirement for the low education group, and by only about 6 or 7%-points for the
middle and high education group.

Longer Term Effects

Our regression discontinuity estimates measure the immediate effect of retirement
on health care utilization at the SRA. To analyze the effect of retirement on health
care costs in the longer run, we examine the effects on health investment behavior
and consider the possibility that individuals postpone healthcare use from (shortly)
before until after retirement (“demand-shifting”).

Higher health care utilization after retirement can reduce health care expenditures in
the long term if it is aimed at preventive care. This is not what we find: Only 10% of
outpatient care is preventive care (Table 3.A.12), and there is no significant effect of
retirement on preventive outpatient care. Furthermore, higher self-treatment
expenditures after retirement are largely explained by a higher consumption of “over
the counter medicines” which commonly does not aim at health prevention (Table
3.A.13, Table 3.A.14, and Figure 3.B.11). In addition, the incidence of health checks
does not significantly increase at retirement (Table 3.4), and health behaviors such
as BMI or smoking do not improve at retirement (Table 3.5).

The increase in health care utilization after retirement can be short lived if it is
explained by pent-up demand or by shifting treatment from before to after retirement,
due to the high opportunity cost of time while still working. In Figure 3.B.2 we show
health care utilization at different ages around the SRA. For inpatient care costs, we
see that expenditures decrease for ages just below the SRA, increase at the SRA, and
then decrease again, suggesting that there could indeed be demand shifting. Yet,
we do not see such a pattern for other health care utilization variables.

64 The correlation between the level of education and individual income is around 0.4.
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Table 3.6: The Effect of Retirement on Healthcare Use by Groups

Public sector Private sector Low education Mid & high edu.
Dependent Convt. Robust Convt. Robust Convt. Robust Convt. Robust
variable (@)) 2 3 4 ) (©6) (@) (¥
gl‘éfgzﬁggt 0.115 0.109 0.052 0.064 0.317 0.296 0.046 0.034
(0.144)  (0.180) (0.213)  (0.257) (0.310)  (0.398) (0.157)  (0.190)
# Doctor visits 0.626*  0.611 0.325 0.456 1.264 1.408 0.267 0.294
(0.346)  (0.405) (0.536)  (0.637) (0.844)  (1.016) (0.377)  (0.435)
Outpatient cost 77545 -112.56 75733 108.22 53077 73237 233.54 34243
(126.33)  (154.17) (411.43)  (516.87) (411.88)  (583.32) (283.94)  (352.58)
Inpatient incidence ~ 0.042 0.075 0315%  0.356% 0.379 0.434 0.099 0.144
(0.136)  (0.171) 0.175)  (0.211) 0.291)  (0.369) (0.149)  (0.183)
# Hospital stays 0.063 0.099 0.836%*  0.973%* 0.908*  1.042% 0.275 0.339
(0.166)  (0.208) 0368)  (0.429) (0.501)  (0.621) (0.203)  (0.238)
Inpatient cost 49533 527.51 24922%  2965* 4510.4%  4962.1% 1084%%  1297.1%*
(347.96)  (371.45) (1398.8)  (1562.2) (2622.9)  (2785.6) (506.63)  (543.05)
lsneclfdtergz‘zmem 0.051  0.063 0.158 0.154 0.483 0.575 0.030  0.004
0.226)  (0.281) (0.303)  (0.374) (0.470)  (0.594) 0.216)  (0.257)
Self-treatment cost ~ 87.616  102.92 234.65 23248 180.15  197.82 169.37% 15538
(93.067)  (112.36) (142.93)  (163.08) (149.54)  (179.02) (98.453)  (117.21)
ﬁi?g:n‘z}emk 20132 -0.157 0.220 0.319 -0.038 -0.187 0.016 0.084
0.205)  (0.257) (0.330)  (0.394) (0.484)  (0.591) 0.199)  (0.235)
Forgone outpatient ) 34 0.053 0.034 0.040 0.0323  -0.012 20.009  0.003
incidence
(0.109)  (0.133) (0.145)  (0.178) 0.227)  (0.307) (0.098)  (0.119)
fnocri%‘:;‘zénpa“em 0.074 0.072 0.066 0.073 0.168 0.209* 0.050 0.062
0.062)  (0.077) (0.115)  (0.138) (0.103)  (0.123) 0.066)  (0.079)
Self-reported health  -0.294  -0.425 0.580 0.640 0.013 -0.001 0.134 0.118
(0.340)  (0.411) 0.758)  (0.917) (0.829)  (1.062) 0.422)  (0.510)
Residualized Yes Yes Yes Yes
Observations 2,020 3,158 1,454 3,718

Notes:*Significant at 10%; ** at 5%; *** at 1%. Numbers in parentheses are robust standard errors clustered at the
person level. “Convt.” refers to estimates using conventional coefficient and variance estimators, and “Robust” refers
to estimates using bias-corrected coefficient estimators and robust variance estimators. We choose separate
bandwidths for the region to the left and to the right of the cutoff point for all outcome variables except for “Inpatient
cost” for the low education group. For the latter, due to a small number of observations to the left of the cutoff point,
we use a common bandwidth on both sides of the cutoff point. For “residualized” outcome variables, we regress
outcome variables on age polynomials (age, age?, and age®), binary variables for male, having a partner, having mid-
education, and having high education, and then conduct the nonparametric RD analysis described above based on
the residuals.
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As a formal test for demand shifting we apply a donut-hole regression discontinuity
design (see Shigeoka 2014), which boils down to not using the years just before and
after SRA. Table 3.A.11 shows how parametric and nonparametric estimates change.
For inpatient care costs, the positive effect of retirement disappears, but for other
variables, the results remain qualitatively unchanged. Especially for self-treatment
cost and incidence of forgone inpatient care, the effects are very stable as we drop
more years of observations around the SRA cutoff point. This suggests that while we
do find some evidence of demand shifting for inpatient care costs, the increased
health care use after retirement cannot be attributed solely to demand shifting or
pent-up demand.

3.7 Sensitivity Analysis and Specification Checks

Functional Form Assumptions

In addition to the nonparametric fuzzy RD estimation approach presented above we
also used alternative parametric estimation approaches. These methods use Z;;, the
indicator of individual i being at or above the SRA at time t, as instrumental
variable for retirement R;. We restrict the sample to 10 years below and above the
SRAs to reduce the impact of observations far away from the age cutoff.®

In our first robustness check we control for a cubic function of age that is the same
function on both sides of the cutoff point as shown in equation (3.1). Column (1) of
Table 3.7 presents the results. They are similar to the nonparametric RD estimates in
Table 3.4.

In column (2) of Table 3.7, we present IV estimates for the alternative specification
in equation (3.4):
Hy = 81a; + 8,08 + V1@ * Rie +v2a% - Ry + TRy + X + & (3.4)

Here a; Ry, a%-R;, and R; are instrumented by a; -Z;, a%-Z,, and Z;
respectively. This model assumes a quadratic form of normalized age a; and allows
for different age trends below and above the age cutoff, in contrast to the

65 For the parametric estimations in Section 3.7, we also estimated specifications which restricted the
sample to 5 years below and above the age cutoff. The qualitative results do not change.
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specification in column (1). Column (2) shows that estimation results are similar to
the main results.

Column (3) shows non-parametric RD estimation results without residualizing the
covariates. These results are very close to the main estimates in column (2) of Table
3.4.

Alternative Estimation Methods

We estimated a specification with fixed effects instrumental variables estimation (see
columns 1 and 2 in appendix Table 3.A.15). The coefficients point in the same
direction as in the baseline specification and are even larger in absolute size. But the
standard errors are also very large. This is not surprising because the identification
of this model relies on a small number of individuals who are below the SRA and
working in the first wave and above the SRA and retired in the second wave.

In addition, we estimated a model which includes additional instrumental variables
for being above the early retirement age (45 years for females and 55 years for males).
Results shown in column (3) of Table 3.A.15 are almost identical to the baseline
estimates in column (1) of Table 3.7. Adding additional instrumental variables allows
us to test the joint validity of the instruments using over-identifying restrictions. The
null hypothesis that the instruments are valid is never rejected.

Columns (4) and (5) of Table 3.A.15 show separate estimates for men and women.
They are qualitative similar to the non-parametric RD estimates, but much less
precise due to the smaller number of observations.

Attrition

We examine to what extent our estimation results are affected by sample attrition. It
is possible that some individuals left the sample in the second wave for reasons that
are related to health or healthcare use. This motivates two robustness checks: 1)
excluding individuals who are only observed in the first wave, keeping those
observed in both waves or in the second wave only. 2) using the balanced sample of
individuals observed in both waves. We use the same nonparametric estimation
approach as in our main specification. The results in columns (5) to (8) of Table 3.7
are very similar to those in the main estimation in Table 3.4. The main finding that
retirement increases inpatient care utilization remains.
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Table 3.7: Alternative Estimation Approaches and Sub-Samples

Dependent Parametric Parametri Both-wavers + only in
variable RD 1 cRD2 Nonparametric RD the second wave Only both-wavers
+10 years +10 years  Convt. Robust Convt. Robust Convt. Robust
Q)] @) 3) “) (5) (6) ©) (®)
Outpatient 0.095 0.036 0.104 0.109 0.158 0.195 0.114 0.173
incidence (0.081) (0.121) (0.148) (0.183) (0.182) (0.224) (0.213)  (0.265)
# Doctor 0.341 0.242 0.767* 0.839* 1.221** 1.412%* 1.867* 2.387**
visits (0.287) (0.372) (0.411) (0.486) (0.591) (0.676) (0.992)  (1.138)
Outpatient 153.283 122.235 -1.005 -20.508 35.312 28.911 251.67 343.58
cost (111.622) (220.788) (234.18) (294.64) (242.6) (303.3) (384.9)  (484.77)
Inpatient 0.127%* 0.119 0.165 0.195 0.167 0.206 0.376* 0.507**
incidence (0.066) (0.099) (0.124) (0.152) (0.157) (0.194) (0.218)  (0.258)
# Hospital 0.238%* 0.346** 0.398* 0.460* 0.445%* 0.539%* 0.778**  1.011**
stays (0.105) (0.157) (0.223) (0.257) (0.226) (0.266) (0.387)  (0.445)
Inpatient 556.356 1,425.696%*  1513** 1592.4%* 1557.7%* 1699.9%*  2515%*  3172.1%%*
cost (451.243) (693.242) (598.34) (677.91) (613.19) (687.01) (1092.3)  (1201.3)
Self-treatment ~ 0.254** 0.119 0.098 0.093 0.121 0.130 -0.002 -0.027
incidence (0.110) (0.174) (0.200) (0.243) (0.183) (0.222) (0.263)  (0.318)
Self-treatment ~ 178.762*%**  214.480%**  175.55%* 166.5 161.1 165.92 192.13 195.6
cost (62.585) (79.955) (84.241) (102.67) (108.83) (134.22) (131.78)  (156.57)
Health check  -0.026 -0.028 -0.049 -0.017 -0.070 -0.158 0.323 0.438
incidence (0.105) (0.160) (0.198) (0.241) (0.247) (0.301) (0.265)  (0.313)
Forgone OP -0.007 0.017 0.005 0.011 0.026 0.046 -0.027 -0.029
incidence (0.056) (0.087) (0.111) (0.136) (0.112) (0.140) (0.150)  (0.183)
Forgone IP 0.084** 0.083 0.081 0.070 0.093 0.099 0.108 0.120
incidence (0.044) (0.067) (0.069) (0.084) (0.079) (0.093) (0.119) (0.142)
Self-reported ~ 0.380%* 0.166 0.054 0.002 -0.154 -0.168 -0.488 -0.663
health (0.205) (0.305) (0.398) (0.507) (0.408) (0.513) (0.437)  (0.524)
Covariates Yes Yes No Residualized Residualized
Age poly. 3 2 No 3 (residualized) 3 (residualized)
Observations 3,542 3,542 5,178 4,353 3,334

Notes:*Significant at 10%; ** at 5%; *** at 1%. In columns (1) and (2) numbers in parentheses show robust standard
errors clustered at the person level. First stage results are shown in Table 3.A.4; full results for Column (1) are shown
in Table 3.A.5 and for Column (2) in Table 3.A.6. In columns (3) to (8) numbers in parentheses show robust standard
errors clustered at the person level. “Convt:” estimates using conventional coefficient and variance estimator;
“Robust:” estimates using bias-corrected coefficient estimators and robust variance estimators. Covariates refer to
age polynomials (age, age?, and age®), binary variables for male, having a partner, having mid-education, and having
high education. “OP” refers to outpatient care. “IP” refers to inpatient care. “Age poly.” Refers to the order of age
polynomials. For “residualized” outcome variables, we regress outcome variables on the covariates, and then
conduct the nonparametric RD analysis described above based on the residuals.
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Alternative Definitions of Retirement

In order to check whether estimation results are sensitive to the definition of
retirement, we use two alternative definitions of retirement. Firstly, following Coe
and Zamarro (2015a) we define a person as retired if she no longer works in a paid
job. This definition is less restrictive than before since it does not require that the
respondent has “processed” retirement. It adds the self-employed and those who
neither work nor report “processed retirement” to the estimation sample and excludes
those who report that they never worked for at least three months during their
lifetime.®® The resulting sample size is 7021 observations. Figure 3.B.5 (A) shows
the first stage plot for the new definition of retirement. The discontinuity at the age
cutoff is still noticeable although its magnitude is reduced to around 0.2. Columns
(1) and (2) of Table 3.8 display results using the new retirement variable. The
magnitude of the effect of retirement is even larger than in Table 3.4. This could be
explained by the composition of the new sample which includes a higher share of
lower educated people for whom the effect of retirement on health care utilization is
larger (cf. Section 3.6).

Secondly, we define retirement based on “processed retirement” only, regardless
whether an individual continues working or not. Figure 3.B.5 (B) plots the first stage
for this definition. The discontinuity in retirement rates at the age cutoff is around
0.4. Columns (3) and (4) of Table 3.8 show that the estimated effects are slightly
smaller, but similar to the results in the main analysis.

Specifications Checks

We check the requirement that other variables do not change discontinuously at the
cutoff point. Table 3.A.8 and Figure 3.B.7 confirm that participation rates in pension
or health insurance plans do not change significantly at the age cutoff, and the
number of switches between different types of health insurance programs does not
increase either. Table 3.A.9 shows that for individuals who continue working after
their SRA, there are no discontinuities in income, working hours, or healthcare
utilizations at the SRA. These results also address the concern that reaching certain
ages may have a direct psychological impact, which may lead to an increase in

66 Work includes agricultural work, paid employment, self-employment, and unpaid work in family
businesses.
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Table 3.8: Alternative Retirement Definitions and Placebo Tests

Dependent Retirement definition 1 ~ Retirement def. 2 Placebo tests for different age cutoffs
variable (Stop working) (Processed retirement) (Nonparametric RD-Conventional)

Convent.  Robust Convent.  Robust Cutoff: -1 +1 -5 +5

M @ 3) “4) &) (6) Q) ®)
Outpatient -0.031 -0.088 0.136 0.142 -0.367 -0.069 -0.754 -0.584
incidence (0.192) (0.231) (0.153) (0.185) (0.461) (0.337)  (1.092)  (1.467)
# Doctor 0.735 0.721 0.852* 0.953* -3.768 -0.053 -1.496 -4.099
visits (0.667) (0.806) (0.466) (0.561) (3.476) (0.967)  (3.113)  (4.422)
Outpatient 29.756 21.968 -7.159 -29.312 778.55 4619.7 1501.8 -2486.3
cost (314.75)  (404.04) (180.72) (233.12) (632.97)  (8052.4) (3103.3) (3762.9)
Inpatient 0.407 0.496* 0.125 0.146 0.256 0.224 -1.640 -0.902
incidence (0.248) (0.291) (0.085) (0.101) (0.364) (0.257)  (2.669)  (1.633)
# Hospital 1.091** 1.335%* 0.309** 0.366%* 0.541 0.977 -1.459 -1.646
stays (0.513) (0.592) (0.139) (0.163) (0.504) (1.166)  (3.566)  (1.794)
Inpatient 3903.8*%*%  4706.9**  1064.9%*  1182.7** 996.72 -1250.5 18596 -9123.6
cost (1835.8)  (2036.6) (418.38) (504.95) (2458.4)  (1664.9) (42007) (11549)
Self-treatment  0.254 0.297 0.109 0.138 -0.426 0.438 -2.107 -2.442
incidence (0.292) (0.354) (0.160) (0.201) (0.744) (0.541) (2.971) (3.524)
Self-treatment  66.514 52.949 141.64* 145.02 -64.284 -35.004 12237 -1055.9
cost (182.28)  (229.32) (80.455) (95.385) (423.35)  (225.2)  (3553.9) (1496.9)
Health check  -0.098 -0.105 -0.021 -0.002 0.207 0.327 -2.368 1.809
incidence (0.241) (0.296) (0.122) (0.148) (0.429) (0.839)  (2.875)  (2.478)
Forgone OP 0.077 0.093 0.003 0.008 0.084 -0.362 0.504 0.414
incidence (0.150) (0.185) (0.081) (0.101) (0.390) (1.069)  (1.582)  (0.895)
Forgone IP 0.080 0.065 0.070 0.058 0.069 0.389 1.853 -0.134
incidence (0.094) (0.114) (0.060) (0.073) (0.260) (0.464) (5.419)  (0.498)
Self-reported ~ 0.633 0.713 0.063 0.052 1.360 -10.472  2.087 1.202
health (0.532) (0.634) (0.301) (0.371) (1.137) (50.922) (5.820)  (1.304)
Residualized Yes Yes Yes
Observations 7,021 5,178 5,178

Notes:*Significant at 10%; ** at 5%; *** at 1%. Numbers in parentheses show robust standard errors clustered at
the person level. “Convent.:” estimates using conventional coefficient and variance estimators; “Robust:” estimates
using bias-corrected coefficient estimators and robust variance estimators. “OP” refers to outpatient care. “IP” refers
to inpatient care. For “residualized” outcome variables, we regress outcome variables on age polynomials (age, age?,
and age?), binary variables for male, having a partner, having mid-education, and having high education, and then
conduct the nonparametric RD analysis described above based on the residuals.

healthcare utilization irrespective of employment status (Behncki 2012). Reaching
such milestones is unlikely to explain our results since there is no change in
healthcare utilization at the SRA for individuals who do not retire. Columns (5) to
(8) of Table 3.8 show placebo tests at other nearby cutoff points, -1, +1, -5 and +5.
As expected, there is no effect at other cutoff points. We also performed a
falsification test based on a sample of rural residents (20,657 observations). Figures
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3.B.8 and 3.B.9 show retirement rates and healthcare utilization by normalized age.®’
As expected, in the absence of a statutory retirement age, we observe no
discontinuity in either the probability of being retired or the outcome variables.

As a final check we examine how estimates change if we perform the same
nonparametric estimation as in our main analysis but use alternative bandwidths
(assuming the same bandwidth for observations below and above the cutoff). The
results are robust to bandwidth choice (Table 3.A.10).

3.8 Discussion

This paper studies the causal effect of retirement on healthcare utilization in China.
We find that retirement increases healthcare utilization. The size of this effect is
substantial. For example, the effect of retirement on inpatient care costs for men is
equivalent to around 6.8% of average individual annual income. One possible
mechanism is deteriorating health. We find evidence of this in objective measures of
physical functioning such as high blood pressure and BMI. Moreover, we find a
higher incidence of self-reported diseases after retirement, possibly because
retirement makes it more likely that health problems are diagnosed. Arguably, the
main mechanism explaining our findings is more time available for medical care
after retirement. For the sample as a whole, income is not the dominating channel,
yet people with low education are more likely to forego inpatient care recommended
by a physician after retirement.

Our findings contrast with previous studies using data from developed countries.
They tend to find that retirement reduces the use of outpatient care and has no
significant effect on the use of inpatient care. The difference can be explained by
differences in institutional characteristics. Labor market institutions and economic
conditions can influence healthcare utilization. In a labor market where employment
protection is weaker, the opportunity cost of healthcare utilization can be high.
Moreover, in a developing country, a larger proportion of people tends to be engaged
in arduous or unskilled jobs where their employers are often less cooperative with
medical leave because they can easily find a substitute if a worker stays away from
his work for a considerable time. These institutional characteristics may well

67 Retirement is now defined as having stopped with work, since “processed retirement” only applies
to urban areas.
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translate into underinvestment in health before retirement, and an increase in
healthcare utilization after retirement when time constraints are relaxed.

The characteristics of the Chinese healthcare system also contribute to the different
results. One possible explanation is the absence of primary care physicians as
gatekeepers. Coe and Zamarro (2015a) point out that healthcare systems with
primary care physicians as gatekeepers can be effective at decreasing healthcare
utilization after retirement. In China, the main constraint on healthcare utilization are
high copayments. They push up out-of-pocket healthcare expenditure and constrain
inpatient care use of individuals with low socio-economic status.

Our results relate to the policy debate on whether and when to raise the retirement
age in China. With an increasing life expectancy and the one-child policy, China is
quickly depleting its demographic dividend and facing overwhelming pressure on
the social security and medical care systems. In spite of that, China still has the
world’s youngest retirement ages. Our findings imply that retirement increases
healthcare use. At least in the short run, this would mean that raising the SRAs would
reduce expenditures on the public health insurance in urban China. On the other hand,
raising retirement ages might have negative effects on health if workers postpone
necessary treatment due to time constraints. An increase in retirement ages should
therefore go along with more facilitation of preventive care and more efforts to
reduce employees’ opportunity costs of seeking medical treatment. Moreover, policy
makers should not ignore that high co-payments can imply financial barriers to
medical care and lead to more forgone inpatient care for the low socioeconomic
status group. Last but not least, our findings on the incidence of outpatient care and
the cost of inpatient care stem mainly from men. One has to be careful when

interpreting the results and making policy suggestions for outpatient care for women.

Our findings may be relevant for other developing countries with a rapidly increasing
urban population engaged in arduous jobs in industrial sectors, where employment
protection are relatively weak and health insurance is not generous.

For future research, one interesting next step would be to examine the long-run
impact of retirement on healthcare utilization in more depth. Another direction of
future research could be to investigate how the effect of retirement on healthcare
utilization changes as the working population becomes more educated and better
paid in the future.
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Appendix 3.A Tables

Table 3.A.1: Additional Summary Statistics

Below age cutoffs: Above age cutoffs: Above age cutoffs: Compliers below age Compliers above age
[-2, 0) Not retire [0, 2) Retire [0, 2) cutoffs cutoffs

Variable Mean Std. dev. Mean Std. dev. Mean Std. dev. Mean Std. dev. Mean Std. dev.
Outpatient incidence 0.154 0.361 0.158 0.366 0.186 0.390 0.118 0.327 0.206 0.410
# Doctor visits 0.310 1.222 0.333 0.969 0.394 1.282 0.176 0.521 0.294 0.629
Outpatient cost 52.790 411.390 49.497 286.059 125.475 1044.241 10.794 44.014 60.588 342.840
Inpatient incidence 0.082 0.275 0.095 0.294 0.169 0.375 0.059 0.239 0.176 0.387
# Hospital stays 0.092 0.329 0.117 0.400 0.274 0.768 0.059 0.239 0.382 1.129
Inpatient cost 34.653 511.687 50.279 477.279 815.527  4604.855 0 0 1926.471 7885.672
Self-treatment incidence 0.552 0.498 0.592 0.493 0.608 0.489 0.676 0.475 0.706 0.462
Self-treatment cost 65.905 169.341 76.531 162.527 145.979 340.948 93.724 129.145 117.794 245.743
Health check incidence 0.599 0.491 0.570 0.496 0.608 0.489 0.794 0.410 0.618 0.493
Forgone outpatient incidence 0.074 0.263 0.089 0.286 0.063 0.244 0.088 0.288 0.088 0.288
Forgone inpatient incidence 0.027 0.163 0.056 0.230 0.046 0.211 0 0 0.088 0.288
Self-reported health 3.573 0.888 3.689 0.850 3.779 0.845 3.778 0.801 3.875 0.660
Retirement 0.218 0.413 0 0 1 0 0 0 1 0
Male 0.535 0.499 0.475 0.501 0.646 0.479 0.676 0.475 0.676 0.475
Age 53.854 5.041 55.196 5.099 57.004 4.829 55.353 4.867 57.382 4.948
Partner 0.906 0.292 0.916 0.278 0.895 0.308 0.912 0.288 0.912 0.288
Low education 0.198 0.399 0.307 0.463 0.165 0.372 0.147 0.359 0.147 0.359
Middle education 0.698 0.460 0.615 0.488 0.772 0.420 0.853 0.359 0.853 0.359
High education 0.101 0.302 0.078 0.269 0.063 0.244 0 0 0 0
Pension 0.634 0.482 0.629 0.484 0.626 0.485 0.588 0.500 0.912 0.288
Medical Insurance 0.958 0.201 0.944 0.230 0.945 0.228 0.941 0.239 1 0
Mental health 11.772 3.864 11.944 3.584 11.281 3.453 11.613 4.112 10.548 2.644
Life Satisfaction 2.885 0.632 2.987 0.703 2.868 0.601 2.621 0.775 2.839 0.523
Individual income 25808.21 17933.66 26520.03 16372.82 25634.26 14790.84 25537.38 12398.23 36183.03 14294.31
Chronic disease 0.550 0.498 0.575 0.496 0.646 0.479 0.5 0.508 0.559 0.504
Smoking 0.253 0.435 0.232 0.423 0.271 0.445 0.185 0.396 0.185 0.396
BMI 24.437 3.905 24.753 4.106 25.173 4.460 26.046 5.487 26.259 3.091
Systolic blood pressure 125.294 20.244 126.801 20.861 129.803 19.999 128.258 18.587 136.246 21.404
Diastolic blood pressure 77.491 12.452 76.720 12.208 79.598 12.007 79.485 10.520 84.652 10.981
Diabetes 0.062 0.242 0.076 0.265 0.128 0.335 0.176 0.387 0.206 0.410
Cancer 0.005 0.072 0.017 0.131 0.026 0.161 0.029 0.171 0.059 0.239
Stomach disease 0.151 0.359 0.253 0.436 0.162 0.369 0.088 0.288 0.088 0.288
Observations 404 179 237 34 34

Notes: “Below age cutoffs: [-2, 0)” refers to those who are 2 years below the statutory full retirement ages. “Above
age cutoffs: Not retire [0, 2)” refers to those who are 2 years above the statutory full retirement ages but not retired
(retire defined as processed retirement and stop working). “Above age cutoffs: Retire [0, 2)” refers to those who are
2 years above the statutory full retirement ages and retired. In last four columns, “Compliers” refers to those
individuals who were below retirement age and working in the first wave and above retirement age and retired in
the second wave. For the compliers, the sample mean of variable “Pension” changes substantially across waves.
This is not because of retirement (And we verified that controlling for pension or not does not influence the IV fixed
effects estimation results), but because of the measurement error caused by the change of survey question used to
construct this variable. See footnote 54 for the details.
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Table 3.A.2: Full Version of Column (1) Table 3.4 (OLS Estimates)

(C)) 2 3) (©) (5) (6) @) ®) ) 10 (1) (12)
Dependent Outpatient #Dr. Outpatient  Inpatient # Inpatient Self- Self- Health Forgone Forgone Self-
variable incidence visits cost incidence  Hospital cost treatment  treatment check outpatient  inpatient  reported
stays cost incidence incidence incidence health
incidence
Retirement 0.032%* 0.059 48.688* % (.065%**  0.112%**  277.027%**  (.052%%*  59.403%** 0.030 -0.011 0.001 0.143 %%
(0.014) (0.066) (17.365) (0.012) (0.020) (90.850) (0.018) (11.383) (0.018) (0.009) (0.008) (0.035)
Age -0.054 -0.316 94.132 0.131* 0.210 143.994 -0.261%* 27.139 -0.205* 0.042 -0.000 0.494%*
(0.098)  (0.332)  (78.008)  (0.078)  (0.156)  (503.128)  (0.124)  (67.710)  (0.117)  (0.060)  (0.043)  (0.248)
Age? 0.001 0.006 -1.545 -0.002* -0.004 -2.122 0.005%* -0.485 0.003* -0.001 0.000 -0.008*
0.002)  (0.006) (1.332) (0.001)  (0.003) (8.753) (0.002) (1.171) (0.002)  (0.001)  (0.001)  (0.004)
Age? -0.000 -0.000 0.008 0.000* 0.000 0.010 -0.000%** 0.003 -0.000 0.000 -0.000 0.000*
(0.000) (0.000) (0.007) (0.000) (0.000) (0.050) (0.000) (0.007) (0.000) (0.000) (0.000) (0.000)
Male -0.063*** - -17.377 0.026**  0.043** 139.935* - -20.743* - -0.004 -0.011 -0.025
0.190%** 0.053%** 0.047%%*
(0.013) (0.057) (13.036) (0.011) (0.020) (80.205) (0.016) (10.803) (0.015) (0.008) (0.007) (0.031)
Partner 0.012 0.029 -10.746 0.030**  0.070*** 129.789 0.036* 20.263 0.056%*** -0.010 -0.000 0.047
(0.017) (0.066) (15.627) (0.014) (0.023) (98.268) (0.021) (12.486) (0.021) (0.011) (0.008) (0.042)
Middle 0.011 0.002 -11.502 -0.005 -0.022 -37.462 0.009 22.200% 0.105%**  -0.018* -0.001 -
education 0.113%**
(0.014) (0.064) (16.242) (0.012) (0.024) (101.177) (0.018) (11.954) (0.017) (0.009) (0.007) (0.035)
High 0.006 -0.041 -17.119 -0.022 -0.067**  -202.541** -0.000 42.183%%  (0.292%**  -0.029%* -0.015 -
education 0.300%***
(0.021) (0.073) (17.550) (0.018) (0.028) (84.043) (0.027) (19.196) (0.024) (0.013) (0.010) (0.055)
Constant 1.203 5.824 -1,806.230 -2.398 -3.794 -3,262.560  5.273%* -483.612 4.512%* -0.709 -0.064 -6.643
(1.892) (6.210)  (1,499.083)  (1.476) (2.905)  (9,490.451)  (2.401)  (1,284.186)  (2.266) (1.162) (0.809) (4.810)
Observations 5,162 5,162 5,178 5,176 5,173 5,178 5,163 5,178 5,178 5,178 5,178 4,454
R-squared 0.016 0.009 0.004 0.030 0.030 0.005 0.018 0.017 0.035 0.002 0.004 0.042

Note:*Significant at 10%; ** at 5%; *** at 1%. Numbers in parentheses show robust standard errors clustered at the
person level.
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Table 3.A.3: Full Version of Column (2) Table 3.4 (Nonparametric Fuzzy RD

Estimates)
First-stage Treatment Cutoffc =0 Left of ¢ Right of ¢ First-stage Treatment Cutoffc =0 Left of ¢ Right of ¢
Outpatient # Doctor
Outcome Retirement Incidence # obs 1803 3359 Outcome Retirement visits # obs 1803 3359
Convnt. 0.296%** 0.104 BW loc. poly. (h) | 3.643 6.428 Convnt. 0.286%*%* 0.816* BW loc. poly. (h) | 3.245 5.175
(0.052) (0.149) BW bias (b) 7.503 8.453 (0.057) (0.433) BW bias (b) 7.611 7.835
Robust 0.287%+** 0.103 rho (h/b) 0.486 0.760 Robust 0.28]%** 0.887* rho (h/b) 0.426 0.661
(0.062) (0.183) # clusters 861 1323 (0.065) (0.508) # clusters 861 1215
First-stage Treatment Cutoffc =0 Left of ¢ Right of ¢ First-stage Treatment Cutoffc =0 Left of ¢ Right of ¢
Outpatient Inpatient
Outcome Retirement Cost # obs 1809 3369 Outcome Retirement incidence # obs 1808 3368
Convnt. 0.307%%* 0.289 BW loc. poly. (h) 3.808 9.113 Convnt. 0.297%%* 0.163 BW loc. poly. (h) 3.232 7.954
(0.050) (231.81) BW bias (b) 7.456 10.489 (0.055) (0.131) BW bias (b) 7.211 9.406
Robust 0.292%** -19.655 rho (h/b) 0.511 0.869 Robust 0.284%%* 0.208 rho (h/b) 0.448 0.846
(0.060) (292.76) # clusters 863 1551 (0.066) (0.159) # clusters 862 1457
First-stage Treatment Cutoffc =0 Left of ¢ Right of ¢ First-stage Treatment Cutoffc =0 Left of ¢ Right of ¢
#Hospital Inpatient
Outcome Retirement _ stays # obs 1808 3365 Outcome Retirement  cost # obs 1809 3369
Convnt. 0.285%%* 0.409* BW loc. poly. (h) 2.709 6.836 Convnt. 0.291%%* 1517.6%* BW loc. poly. (h) 2.238 7.362
(0.071) (0.225) BW bias (b) 6.542 8.215 (0.070) (610.66) BW bias (b) 6.900 8.303
Robust 0.273%** 0.491* rho (h/b) 0.414 0.832 Robust 0.276%** 1660.4** rho (h/b) 0.324 0.887
(0.080) (0.261) # clusters 809 1328 (0.079) (690.43) # clusters 810 1328
First-stage Treatment Cutoffc=0 Left of ¢ Right of ¢ First-stage Treatment Cutoffc =0 Left of ¢ Right of ¢
Self- Self-
treatment treatment
Outcome Retirement incidence # obs 1800 3363 Outcome Retirement cost #obs 1809 3369
Convnt. 0.303%** 0.096 BW loc. poly. (h) 3.760 8.486 Convnt. 0.285%* 177.29%* BW loc. poly. (h) 3.210 5.443
(0.050) (0.198) BW bias (b) 7.862 10.938 (0.057) (90.01) BW bias (b) 7.306 8.209
Robust 0.289%** 0.102 rho (h/b) 0.478 0.776 Robust 0.280%** 170.06 rho (h/b) 0.439 0.663
(0.060) (0.241) # clusters 861 1548 (0.066) (107.36) # clusters 863 1328
First-stage Treatment Cutoffc=0 Left of ¢ Right of ¢ First-stage Treatment Cutoffc=0 Left of ¢ Right of ¢
Health Forgone
check outpatient
Outcome Retirement incidence # obs 1809 3369 Outcome Retirement incidence # obs 1809 3369
Convnt. 0.309%** -0.051 BW loc. poly. (h) | 3.737 9.594 Convnt. 0.295%** 0.004 BW loc. poly. (h) | 3.654 6.934
(0.050) (0.187) BW bias (b) 7.568 11.922 (0.051) (0.110) BW bias (b) 7.528 8.707
Robust 0.296%*** -0.040 rho (h/b) 0.494 0.805 Robust 0.284%%** 0.010 rho (h/b) 0.485 0.796
(0.060) (0.229) # clusters 863 1644 (0.061) (0.135) # clusters 863 1328
First-stage Treatment Cutoffc =0 Left of ¢ Right of ¢ First-stage Treatment Cutoffc =0 Left of ¢ Right of ¢
Forgone Self-
inpatient reported
Outcome Retirement incidence # obs 1809 3369 Outcome Retirement health # obs 1583 2871
Convnt. 0.305%** 0.079 BW loc. poly. (h) 3.631 8.932 Convnt. 0.204%3* 0.069 BW loc. poly. (h) 3.467 6.484
(0.051) (0.068) BW bias (b) 7.610 10.744 (0.057) (0.395) BW bias (b) 7.227 8.858
Robust 0.2927%** 0.068 rho (h/b) 0.477 0.831 Robust 0.290%** 0.060 rho (h/b) 0.480 0.732
(0.061) (0.083) # clusters 863 1551 (0.069) (0.491) # clusters 774 1226

Notes: *Significant at 10%; ** at 5%; *** at 1%. Numbers in parentheses show robust standard errors clustered at
the person level. “Convnt.” refers to estimates using conventional coefficient and variance estimators, and “Robust”

refers to estimates using bias-corrected coefficient estimators and robust variance estimators.
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Table 3.A.4: First Stage Results for Linear-IV Regression with Restricted
Sample (10 yrs)
Dependent variable Retirement
Age>60 (or50)  0.302%%*

(0.030)
Age -0.413%**
(0.159)
Age? 0.009%**
(0.003)
Age’ -0.000%**
(0.000)
Male -0.212%**
(0.027)
Partner -0.019
(0.024)
Middle education 0.142%**
(0.021)
High education 0.091***
(0.028)
F-Statistic 249.42
P-value (0.000)
Observations 3528

Note: *Significant at 10%; ** at 5%; *** at 1%. Numbers in parentheses show robust standard errors
clustered at the person level.
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Table 3.A.5 Linear-IV Estimates with Restricted Sample (10 yrs)

M @ ® @ G © @) ®) ©) (10) an (12)
Outcome Outpatient #Dr. Outpatient Inpatient # Hospital Inpatient Self- Self- Health Forgone Forgone Self-
variable incidence visits cost incidence stays cost treatment treatment check outpatient inpatient reported
incidence cost incidence incidence incidence health
Retire 0.095 0.341 153.283 0.127* 0.238%* 556.356 0.254%* 178.762%** -0.026 -0.007 0.084* 0.380*
-ment (0.081) (0.287) (110.622) (0.066) (0.105) (451.243) (0.110) (62.585) (0.105) (0.056) (0.044) (0.205)
Age 0.052 -0.463 76.474 0.108 0.225 -372.360 0.163 462.955% % -0.172 0.116 -0.006 0.990%*
(0.170) (0.494) (119.049) (0.133) (0.212) (642.504) (0.229) (152.032) (0.211) (0.115) (0.076) (0.446)
Age? -0.001 0.008 -1.368 -0.002 -0.005 6.614 -0.003 -8.591 *** 0.003 -0.002 0.000 -0.017**
(0.003) (0.009) (2.125) (0.002) (0.004) (11.675) (0.004) (2.798) (0.004) (0.002) (0.001) (0.008)
Age? 0.000 -0.000 0.007 0.000 0.000 -0.041 0.000 0.052%%%* -0.000 0.000 -0.000 0.000%*
(0.000) (0.000) (0.012) (0.000) (0.000) (0.070) (0.000) (0.017) (0.000) (0.000) (0.000) (0.000)
Male -0.079** -0.145 15.421 0.059* 0.125%* 326.950 -0.001 27.261 -0.025 -0.007 0.013 -0.016
(0.040) (0.159) (55.569) (0.031) (0.049) (238.652) (0.052) (28.696) (0.050) (0.027) (0.021) (0.099)
Partner 0.013 0.142%%* 18.042 0.009 0.017 2.166 0.009 -2.325 0.052%* -0.015 0.005 -0.021
(0.021) (0.049) (21.558) (0.017) (0.027) (149.531) (0.027) (15.863) (0.028) (0.015) (0.011) (0.053)
Middle
Education -0.018 -0.177** -37.807 -0.025 -0.056* -208.508 -0.020 -4.203 0.109%** -0.022 -0.015 -0.137%**
(0.020) (0.088) (31.651) (0.018) (0.031) (159.223) (0.027) (16.035) (0.026) (0.014) (0.011) (0.051)
High
Education -0.028 -0.255%** -46.692* -0.043** -0.087** -296.568%* -0.053 9.297 0.301%** -0.042%* -0.025%* -0.367%**
(0.026) (0.084) (27.474) (0.022) (0.035) (133.579) (0.036) (24.334) (0.032) (0.018) (0.012) (0.068)
Constant -0.829 8.606 -1,314.050 -1.732 -3.576 7,200.517 -1.925 -8,128.286%** 3.950 -1.940 0.167 -15.439%
(3.099) (8.969) (2,210.439) (2.401) (3.855) (11,681.496) (4.210) (2,726.937) (3.850) (2.095) (1.359) (8.181)
Obs. 3,528 3,528 3,542 3,541 3,541 3,542 3,530 3,542 3,542 3,542 3,542 3,078
R-squared 0.014 0.007 0.020 0.018 0.003 0.028 0.003 0.028

Note:*Significant at 10%; ** at 5%; *** at 1%. Numbers in parentheses show robust standard errors clustered at the
person level.
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Table 3.A.6: Parametric RD Estimation with Restricted Sample (10 yrs)

1) ) (3) “) [©)] (6) ()] ®) ©) (10) an (12)
# Forgone Self-
Dependent Outpatient #Dr. Outpatient Inpatient Hospital Inpatient Self- Self- Health Forgone inpatient reporte
variable incidence visits cost incidence stays cost treatment treatment check outpatient incidenc d
incidence cost incidence incidence e health
Retirement 0.036 0.242 122.235 0.119 0.346%* 1,425.696%* 0.119 214.480%**  -0.028 0.017 0.083 0.166
(0.121) (0.372) (220.788) (0.099) (0.157) (693.242) (0.174) (79.955) (0.160) (0.087) (0.067) (0.305)
Retirement
X
Normalized -
age -0.011 0.007 -77.074 -0.003 0.021 332.754 -0.122%%* -22.786 0.025 -0.003 0.020 0.235%%*
(0.038) (0.106) (59.463) (0.031) (0.052) (253.434) (0.056) (27.882) (0.052) (0.028) (0.020) (0.119)
Retirement
X
(Normalized
age)’ -0.001 -0.003 -0.490 0.000 0.004 20.833 -0.002 1.552 0.000 0.001 0.000 -0.005
(0.002) (0.006) (3.321) (0.002) (0.003) (13.478) (0.003) (1.644) (0.003) (0.002) (0.001) (0.005)
Normalized
age 0.014 0.013 30.172 -0.000 -0.028 -258.201%* 0.063* -0.072 -0.008 -0.002 -0.011 0.128*
(0.021) (0.051) (25.581) (0.017) (0.025) (125.746) (0.033) (14.113) (0.031) (0.017) (0.011) (0.065)
(Normalized
age)? 0.001 0.001 2.765 -0.000 -0.002 -21.049% 0.006** 0.475 -0.001 0.000 -0.001 0.011*
(0.002) (0.004) (1.989) (0.001) (0.002) (10.861) (0.003) (1.247) (0.003) (0.001) (0.001) (0.006)
Male -0.048%** -0.105* -47.027** 0.045%** 0.082%** 129.735 -0.029 -15.675 0.007 -0.014 -0.004 0.019
(0.018) (0.058) (19.898) (0.014) (0.026) (127.743) (0.027) (13.866) (0.023) (0.012) (0.011) (0.050)
Partner 0.012 0.140%** 18.876 0.009 0.020 3.358 0.016 0.311 0.054%%* -0.013 0.004 -0.007
(0.021) (0.049) (24.045) (0.017) (0.029) (169.000) (0.032) (16.471) (0.027) (0.015) (0.011) (0.066)
Middle
education 0.003 -0.157 14.472 -0.023 -0.099%* -617.584%* 0.081 -0.761 0.092 -0.026 -0.026 0.031
(0.041) (0.121) (56.309) (0.033) (0.052) (252.994) (0.062) (26.476) (0.056) (0.031) (0.021) (0.107)
High
education -0.007 -0.246* 24.597 -0.037 -0.120* -743.349%* 0.083 26.109 0.283%** -0.043 -0.043* -0.159
(0.047) (0.128) (51.349) (0.039) (0.062) (299.639) (0.073) (36.562) (0.065) (0.037) (0.023) (0.130)
3.626%*
Constant 0.173 %% 0.326%* 32.507 0.045 0.011 -75.654 0.487%%* 14.147 0.461 %% 0.108%** 0.021 *
(0.041) (0.127) (64.135) (0.032) (0.052) (191.036) (0.059) (31.702) (0.052) (0.028) (0.021) (0.113)
Observations 3,528 3,528 3,542 3,541 3,541 3,542 3,530 3,542 3,542 3,542 3,542 3,078

Note:*Significant at 10%; ** at 5%; *** at 1%. Numbers in parentheses show robust standard errors clustered at the
person level.
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Table 3.A.7: Nonparametric Fuzzy RD Estimates of Retirement Effect T by

Gender
Test if coefficients
Dependent variable Male Female are equal
Ho: Ho:

Convent.  Robust Convent.  Robust M=3) @4

[€)) 2) 3) “ P-value  P-value
Outpatient incidence 0.380%* 0.392%* -0.298 -0.526

(0.201) (0.227) (0.506) (0.712) 0.213 0.219
# Doctor visits 1.162%* 1.140* 0.829%**  (0.900***

(0.532) (0.592) (0.176) (0.207) 0.552 0.702
Outpatient cost 529.88%* 578.11 -1523 -2469.7

(299.13)  (358.5) (1410.3)  (1834) 0.154 0.103
Inpatient incidence 0.103 0.142 0.204* 0.158

(0.174) (0.214) (0.111) (0.120) 0.625 0.948
# Hospital stays 0.411 0.437 0.416 0.493

(0.283) (0.330) (0.485) (0.659) 0.993 0.939
Inpatient cost 1925.7**  1741.9* 824.61 1227.7

(805.45)  (897.69) (709.59)  (838.04) 0.305 0.675
Self-treatment incidence 0.048 -0.035 1.531 2.562

(0.303) (0.353) (1.650) (2.213) 0.377 0.259
Self-treatment cost 75.08 68.069 481.8 607.12

(92.86) (108.09) (399.95)  (480.68) 0.322 0.274
Health check incidence 0.150 0.093 -0.167 -0.126

(0.253) 0.317) (0.127) (0.139) 0.263 0.527
Forgone outpatient incidence 0.022 0.011 0.049 0.049

(0.115) (0.145) (0.075) (0.075) 0.844 0.816
Forgone inpatient incidence 0.028 0.045 0.192 0.292

(0.071) (0.082) (0.195) (0.238) 0.429 0.326
Self-reported health 0.104 0.087 0.245 0.448%*

(0.499) (0.623) (0.237) (0.227) 0.799 0.586
Residualized Yes Yes
Observations 2,851 2,327

Notes:*Significant at 10%; ** at 5%; *** at 1%. Numbers in parentheses show robust standard errors clustered at
the person level. “Convent.” refers to estimates using conventional coefficient and variance estimators, and “Robust”
refers to estimates using bias-corrected coefficient estimators and robust variance estimators. In columns (3) and (4),
we use a common bandwidth for the regions on both sides of the cutoff point in the estimation of “# hospital stays”,
“self-treatment incidence”, “inpatient incidence”, and “forgone outpatient incidence”. We do not residualize
outcome variable in the estimation of “# doctor visits” and “inpatient incidence”. And we use heteroskedasticity-
robust nearest neighbor variance estimator in the estimation of “forgone outpatient incidence”. Columns (5) and (6)
report the one-sided P-value from X? distribution with degree of freedom one. For “residualized” outcome
variables, we regress outcome variables on age polynomials (age, age2, and age3), binary variables for male, having
a partner, having mid-education, and having high education, and then conduct the nonparametric RD analysis
described above based on the residuals.
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Table 3.A.8: Potential Discontinuities in Other Variables

Dependent variable Nonparametric RD
Conventional Robust
Pension -0.168 -0.241
(0.205) (0.259)
Health insurance -0.064 -0.074
(0.088) (0.110)
Urban employee medical insurance -0.016 -0.020
(0.198) (0.240)
Urban resident medical insurance 0.080 0.130
(0.145) (0.175)
New cooperative medical insurance -0.082 -0.108
(0.120) (0.146)
Urban & rural resident medical insurance 0.024 0.026
(0.046) (0.056)
Government medical insurance 0.127 0.130
(0.082) (0.099)
Medical aid -0.023 -0.027
(0.038) (0.046)
Private medical insurance (employer) -0.019 -0.018
(0.057) (0.071)
Private medical insurance (employee) -0.011 0.013
(0.090) (0.112)
Urban non-employed health insurance 0.032 0.038
(0.021) (0.024)
Other medical insurance -0.026 -0.032
(0.043) (0.053)
No insurance 0.090 0.110
(0.085) (0.106)
Residualized No
Observations 5,178

Notes: Numbers in parentheses show robust standard errors clustered at the person level. “Conventional” refers to
estimates using conventional coefficient and variance estimators, and “Robust” refers to estimates using bias-
corrected coefficient estimators and robust variance estimators.
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Table 3.A.9: Potential Discontinuities at SRAs for Working Individuals

Dependent variable Working individuals
Conventional Robust
Outpatient incidence 0.046 0.059
(0.068) (0.083)
# Doctor visits 0.241 0.303
(0.192) (0.236)
Outpatient cost -12.371 -13.544
(41.461) (51.635)
Inpatient incidence 0.003 0.017
(0.047) (0.058)
# Hospital stays 0.017 0.040
(0.062) (0.076)
Inpatient cost 78.509 90.81
(58.455) (101.44)
Self-treatment incidence 0.034 0.036
(0.069) (0.081)
Self-treatment cost 0.767 -5.108
(25.871) (31.369)
Health check incidence -0.066 -0.068
(0.072) (0.089)
Forgone outpatient incidence 0.050 0.052
(0.037) (0.044)
Forgone inpatient incidence 0.045% 0.050
(0.027) (0.033)
Self-reported health -0.180 -0.203
(0.126) (0.150)
log(1+annual income) -0.149 -0.181
(0.142) (0.168)
Hours of working / year 74.22 159.16
(198.33) (234)
Residualized Yes
Observations 2,445

Notes: Numbers in parentheses show robust standard errors clustered at the person level. “Conventional” refers to
estimates using conventional coefficient and variance estimators, and “Robust” refers to estimates using bias-
corrected coefficient estimators and robust variance estimators. For “residualized” outcome variables, we regress
outcome variables on age polynomials (age, age2, and age3), binary variables for male, having a partner, having
mid-education, and having high education, and then conduct the nonparametric RD analysis described above based
on the residuals.
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Table 3.A.10: Nonparametric Estimates with Different Bandwidths

Dependent variable b=28 b=6 b=4
Convent. Robust Convent. Robust Convent. Robust
Q) 2) 3 4 %) (6)
Outpatient incidence 0.046 0.045 0.041 0.099 0.083 0.334
(0.100) (0.159) (0.117)  (0.206)  (0.160)  (0.402)
# Doctor visits 0.281 0.425 0.284 0.720 0.534 2.089
0.312) (0.366) 0.325)  (0.501)  (0.382)  (1.396)
Outpatient cost 87.946 54.834 84.166 65.89 107.2 -23.151
(178.26)  (290.81) (222) (362.1)  (308.65)  (522.74)
Inpatient incidence 0.116 0.208 0.154 0.233 0.188 0.109
(0.082) (0.133) 0.098)  (0.173)  (0.137)  (0.323)
# Hospital stays 0.312%%  0.502%%%  (.393%%%  (.508%*%  0.470%* 0.330
(0.128) (0.187) (0.148)  (0.253)  (0.204)  (0.459)
Inpatient cost 1312%%  1651.1%*% 1463.8%**  1494%  1720.7*%*  985.32
(520.35)  (614.38)  (524.29) (841.73)  (646.92)  (1301.5)
Self-treatment incidence 0.109 0.069 0.104 0.158 0.088 0.879
(0.141) (0.225) 0.166)  (0.289)  (0.226)  (0.585)
Self-treatment cost 176.23%%*  148.43 156.9%*  176.29 137.18 205.42
(60.907)  (94.142)  (69.279)  (109.43)  (87.292)  (213.41)
Health check incidence 0.020 0.064 0.059 -0.124 -0.019 0.036
(0.137) 0.217) 0.161)  (0.279)  (0.215)  (0.549)
Forgone outpatient incidence 0.026 0.021 0.028 0.018 0.004 0.059
0.072) (0.120) (0.086)  (0.153)  (0.119)  (0.296)
Forgone inpatient incidence 0.088* 0.087 0.088 0.081 0.098 0.210
(0.053) (0.079) 0.061)  (0.101)  (0.081)  (0.193)
Self-reported health 0.134 0.056 0.120 0.116 0.192 -0.823
(0.257) (0.416) (0.296)  (0.531)  (0.415)  (1.061)
Residualized Yes Yes Yes
Observations 5,178 5,178 5,178

Notes:*Significant at 10%; ** at 5%; *** at 1%. The model and estimation method are the same as in columns (2)
and (3) of Table 3.4. We use a common bandwidth b for the regions on both sides of the cutoff point. For
“residualized” outcome variables, we regress outcome variables on age polynomials (age, age2, and age3), binary
variables for male, having a partner, having mid-education, and having high education, and then conduct the
nonparametric RD analysis described above based on the residuals.
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Table 3.A.11: “Donut Hole” Regression Discontinuity Design

Dependent Parametric RD Nonparametric RD
variable Omitted ages:  Omitted ages: ~ Omitted ages: Omitted ages: a=0
a=0 a=1,0,1 a=-2,-1,0,1,2 Conventional = Robust
() @ ) (4) 5)
Outpatient
incidence 0.089 0.071 0.107 0.127 0.122
(0.086) (0.111) (0.144) (0.148) (0.180)
# Doctor visits 0.438 0.356 0.382 0.852%* 0.897
(0.318) (0.452) (0.426) (0.478) (0.565)
Outpatient cost 48.536 174.881%* 239.549%* -199.33 -266.74
(87.272) (94.601) (137.399) (193.26) (231.4)
Inpatient incidence 0.121* 0.064 0.071 0.194 0.229
(0.069) (0.083) (0.113) (0.125) (0.153)
# Hospital stays 0.246** 0.099 0.030 0.566%* 0.667**
(0.119) (0.149) (0.207) (0.270) (0.314)
Inpatient cost 844.174%* -236.441 -645.628 3421%* 3956.9%*
(495.762) (476.386) (821.740) (1607.5) (1837.3)
Self-treatment
incidence 0.132 0.140 0.313 0.115 0.118
(0.111) (0.132) (0.197) (0.197) (0.238)
Self-treatment cost 197.571%*+* 180.039** 241.556* 222.31%* 244.36**
(64.967) (85.634) (130.252) (92.793) (110.32)
Health check
incidence -0.091 -0.128 -0.185 -0.074 -0.071
(0.107) (0.131) (0.180) (0.184) (0.225)
Forgone outpatient
incidence -0.032 -0.052 -0.105 -0.0003 -0.001
(0.057) (0.069) (0.091) (0.098) (0.119)
Forgone inpatient
incidence 0.094** 0.113** 0.157** 0.040 0.021
(0.042) (0.051) (0.067) (0.068) (0.081)
Self-reported health 0.143 0.284 0.431 -0.019 -0.053
(0.223) (0.277) (0.410) (0.362) (0.447)
Covariates Yes Residualized
Observations 4,972 4,557 4,165 4,972

Notes: *Significant at 10%; ** at 5%; *** at 1%. The “omitted ages” is the “donut hole” which specifies the region
of observations that we drop for a donut hole RD design. For example, “a= -1, 0, 1” means that we drop observations
with normalized age -1, 0, and 1. In columns (1) to (3), we use the same model specification as in column (2) of
Table 3.7. Numbers in parentheses show robust standard errors clustered at the person level. In columns (4) and
(5), the model specification is the same as in columns (2) and (3) of Table 3.4. Covariates refer to age polynomials
(age, age2, and age3), binary variables for male, having a partner, having mid-education, and having high education.
For “residualized” outcome variables, we regress outcome variables on the covariates, and then conduct the
nonparametric RD analysis described above based on the residuals.
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Table 3.A.12: Summary Statistics on Additional Variables

Variable

Obs. Mean Std. dev.

Dentist visit incidence
# Dentist visits

Dental cost

Mortality

Preventive outpatient care incidence

2682 0.224 0.417
2670 0.570 1.675
2596 165.129  696.123
5178 0.007 0.081
5178 0.018 0.134

Table 3.A.13: Summary Statistics of Reasons for Self-treatment

N=5178 Average cost  Average cost (yuan) Obs. of
Std. dev in “()” (yuan) conditional on cost>0  positive cost
1. Consumed over-the-counter

modern medicines 60.243 217.682 (410.367) 1433

2. Consumed prescription

medicines 42.028 334.291 (509.761) 651

3. Consumed traditional herbs or

traditional medicines as treatment  41.996 453.980 (669.756) 479

4. Tonic/Health supplement 36.458 477.919 (738.355) 395

5. Use health care equipment 13.927 707.005 (846.543) 102

6. Other 41.968 462.139 (557.684) 18
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Table 3.A.14: The Effect of Retirement on Additional Variables

Dependent variable Mechanisms
Conventional Robust
Dentist visit incidence -0.081 -0.060
(0.204) (0.251)
# Dentist visits -0.194 0.119
(0.707) (0.859)
Dental cost -621.09 -749.12
(478.86) (582.5)
Mortality 0.022%* 0.025%*
(0.010) (0.011)
Preventive outpatient care incidence 0.029 0.029
(0.041) (0.049)
Self-treatment cost — OTC medicine 137.97** 142.9%*
(62.431) (75.472)
Self-treatment cost — Prescribed medicine -21.276 -28.707
(49.703) (60.868)
Self-treatment cost — Tradition herbs 54.585 52.686
(64.941) (80.103)
Self-treatment cost — Supplement 96.941* 100.82
(55.471) (64.924)
Self-treatment cost — Equipment 70.966 85.381
(52.271) (62.165)
Self-treatment cost — Other -8.593 -15.345%
(6.504) (8.440)
Residualized No
Observations 5,178 (2,682 for dental variables)

Notes:*Significant at 10%; ** at 5%; *** at 1%. Numbers in parentheses are robust standard errors clustered at the
person level. “Conventional” refers to estimates using conventional coefficient and variance estimators, and “Robust”
refers to estimates using bias-corrected coefficient estimators and robust variance estimators.
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Table 3.A.15: IV Fixed Effects Estimation and Using Early Retirement Ages as

v
Over-
identifying  Parametric  Parametric
Parametric  restrictions RD 1- RD1 -
Dependent variable IV-FE RD 1 test Male Female
(@)) 2 3) P-value “ (&)
Outpatient incidence 0.245 0.235 0.094 0.751 0.059 0.077
(0.313) (0.324) (0.081) (0.119) (0.229)
# Doctor visits 1.205 1.240 0.339 0.875 0.521 -0.140
(0.918) (0.970) (0.283) (0.463) (0.709)
Outpatient cost 392.290 382.587 151.095 0.361 422.845 -271.792
(502.342) (525.170) (109.275) (284.235)  (288.600)
Inpatient incidence 0.407 0.407 0.125% 0.364 0.090 0.144
(0.273) (0.281) (0.066) (0.120) (0.148)
# Hospital stays 0.850%* 0.813 0.233%* 0.107 0.365 0.160
(0.493) (0.501) (0.104) (0.224) (0.182)
Inpatient cost 2,817.574 2,819.489 552.870 0.859 1,365.368 91.622
(2,481.019) (2,530.206) (445.942) (1,000.655)  (737.963)
Self-treatment incidence -0.017 -0.038 0.254** 0.980 0.162 0.336
(0.396) (0.406) (0.110) (0.175) (0.292)
Self-treatment cost 51.118 37.929 179.533%*x* 0.675 182.578**  362.687**
(280.722) (282.275) (62.142) (89.436) (167.998)
Health check incidence -0.053 -0.072 -0.029 0.513 0.128 -0.424
(0.358) (0.369) (0.105) (0.167) 0.277)
Forgone outpatient incidence 0.121 0.155 -0.006 0.523 0.000 0.018
(0.241) (0.250) (0.056) (0.085) 0.157)
Forgone inpatient incidence 0.301 0.307 0.084%** 0.684 0.018 0.142
(0.191) (0.198) (0.044) (0.069) (0.131)
Self-reported health 0.912 1.014 0.380* 0.984 0.165 0.522
(0.830) (0.873) (0.205) (0.324) (0.464)
First-stage estimates of IV:
> full retirement ages 0.151*** 0.148*** 0.301*** 0.329%*** 0.219%***
(0.045) (0.045) (0.031) (0.053) (0.055)
> early retirement ages -0.011 0.032 -0.018
(0.025) (0.044) (0.051)
Covariates Yes Yes Yes Yes Yes
Age polynomial 2 3 3 3 3
Observations 3,334 3,334 3,542 2,050 1,492

Notes:*Significant at 10%; ** at 5%; *** at 1%. Numbers in parentheses show robust standard errors clustered at
the person level. Column (1) control for age polynomials up to the second degree (age, age?), and column (2) up to
the third degree (age, age’ and age®). Similar to column (1) of Table 3.7, we use the indicator of being at or above
the SRA as the instrumental variable for retirement. Column (3) to (5) have the same specification as column (1) of
Table 3.7 (£10 years) except for the instrumental variables. Besides the dummy variable being above full retirement
ages, we include an extra instrument variable being above early retirement ages. The column next to column (3)
show the P-value for the test of over-identifying restrictions. Column (4) and (5) are separate estimates for men and
women. Covariates refer to age polynomials (age, age2, and age3), binary variables for male, having a partner,
having mid-education, and having high education.
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Appendix 3.B Figures
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Figure 3.B.1: Health Insurance Coverage by Type of Insurance

(Source: own calculations from our sample)
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Age68

68 We use a uniform kernel to construct local-polynomial estimators, assuming equal weights for all

observations.
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Figure 3.B.9: (Continued)
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Figure 3.B.10: Food Consumption and Physical Activities by Normalized Age
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Appendix 3.C Variables Used in Further Analysis

In additional analysis, the variables that we used are defined as follows:

(1) Mental health: the total score on a scale from 8 to 32 is added up based upon 8
questions about negative feelings last week. The larger the mental health score, the
worse the respondent’s mental health.

(2) Life Satisfaction: self-reported life satisfaction on a scale from 1 to 5: 1:
completely satisfied; 2: very satisfied; 3: somewhat satisfied; 4: not very satisfied; 5:
not at all satisfied.

(3) Individual income (in RMB): individual yearly wage, pension and other income
(e.g. transfer payments from government etc.).

(4) Chronic disease: whether the respondent has any of the following diseases:
hypertension, dyslipidemia, diabetes, malignant tumor, chronic lung diseases, liver
disease, heart disease, stroke, kidney disease, digestive disease, psychiatric problems,
memory-related disease, arthritis or rheumatism, and asthma.

(5) Smoking: a dummy indicating whether the respondent smokes or not.

(6) BMI: Body Mass Index calculated with the formula: BMI = Weight in Kg /
(Height in cm)?.

(7) Systolic blood pressure, and (8) Diastolic blood pressure measured in mmHg.
Weight, height, and blood pressure are biomarkers which are measured during the
interview.

(9) Diabetes, (10) Cancer, and (11) Stomach diseases: self-reported incidence of
having diabetes, cancer, or stomach diseases.

(12) Pension: whether the respondent is accumulating or claiming a pension.

(13) Health insurance: whether the respondent is the policyholder/primary
beneficiary of any type of health insurance.

(14) Mortality: a binary indicator for death between the two waves.

Variables (15) — (17) are only available in the second wave.

(15) Incidence of dentist visits: a binary indicator for visiting dentists in the past year.
(16) Number of dentist visits: the number of dentists visits in the past year.

(17) Dental cost: the total out-of-pocket cost of the dental care in the past year.

(18) Incidence of preventive outpatient care: whether the last doctor visit in the past
month is for immunization, consultation or medical check-up.

(19) Incidence of working in public sector: whether currently work for or have retired
from a government organization, institution, or 100% State owned firm.
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Chapter 4

The Impact of a Disability Insurance Reform on Work Resumption
and Benefit Substitution in the Netherlands®

4.1 Introduction

In many western countries the number of disability benefit recipients and the share
of the disability insurance (DI) program in the total public expenditure have grown
in the past decades. During the past 50 years, benefit receipt in the Social Security
Disability Insurance (SSDI) rose from less than 1 to 5 percent in the United States,
and that in various DI programs rose from 1 percent to 7 percent in the United
Kingdom (Autor et al., 2019). The Netherlands, in the early 2000s, became one of
the countries with the highest fraction of disabled workers in the working population,
as the total number of disability benefit recipients reached almost one million
whereas the working population was around 7 million. During the period from 1990
to 2005, the total expenditure on disability benefits accounted for approximately 2.5
percent of the gross domestic product in the OECD countries, on average (OECD,
2010). The rapid expansion of DI programs raises concerns on the sustainability of

public finance and labor market participation.

Governments seek to DI reforms to reduce disability benefit claiming and increase
labor participation among the sick individuals. A large body of literature analysing
different designs of DI programs and reforms (e.g., Autor and Duggan, 2003;
Karlstrom et al., 2008; De Jong et al., 2011; Staubli, 2011; Campolieti and Riddell,
2012; Borghans et al., 2014; Burkhauser et al., 2014; Moore, 2015; Autor et al., 2016;
Gruber, 2000; Campolieti, 2004; Maestas and Song, 2011; Kostel and Mogstad, 2014;
Deshpande, 2016; Mullen and Staubli, 2016; Fevang et al., 2017; Koning and van
Sonsbeek, 2017; Ruh and Staubli, 2018) generally finds that restricting entitlement

% This chapter is coauthored with Tunga Kantarci and Jan-Maarten van Sonsbeek. This research is
supported by the Network for studies on Pensions, Aging and Retirement (Netspar) under grant number
LMVP 2014.03. Its contents are solely the responsibility of the authors and do not necessarily represent
the official views of Netspar. We thank the UWYV, and in particular Lucien Rondagh and Roel Ydema,
for providing the sickness data. We thank Jennifer Alonso-Garcia, Jochem de Bresser, Meltem Daysal,
Pilar Garcia-Goémez, Marike Knoef, Pierre Koning, Martin Salm, Jan van Ours, Arthur van Soest,
seminar participants at Tilburg University, and conference participants at the Netspar Pension Day 2018,
at the Netspar International Pension Workshop 2019, and at the 6th Workshop of the DGGO Health
Econometrics for their helpful comments.
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and reducing the benefit level increase labor participation and inflow into alternative
benefit programs but that these effects are heterogeneous across subgroups of sick
individuals.”

We add to this strand of the literature by providing new evidence from a DI reform
introduced in the Netherlands. In 2006, a new DI system, the Work and Income
According to Labor Capacity Act (WIA) came into effect, as a successor to the
Disability Insurance Act (WAO). The WIA reform introduces a basket of changes,
among other things, extending the sickness benefit scheme that precedes the
disability benefit scheme (i.e., the waiting period before sick individuals can apply
for the benefit) from one to two years, tightening the criteria to enter the disability
benefit scheme, and introducing financial incentives for work resumption at the more
advanced stage of the disability benefit scheme, etc. The measures of WIA reform
aims at providing strong incentives to facilitate the work resumption for sick
individuals. For example, employers are obliged to compensate employees for wage
loss during the waiting period for a maximum of two years instead of one year. To
contain financial cost, employers may try harder to urge their employees back to
work. Another example is that sick individuals with partial DI benefits in the new
system will have to utilise their remaining working capacity to keep the benefit level
from dropping.

However, concerns have been raised that the reform may also bring counter-
incentives. For example, employers may become reluctant to hire workers with
health problems as they have to bear a higher financial burden (Koning and
Lindeboom, 2015). Sick individuals may face larger human capital depreciation
during a longer waiting period, which may negatively influence their employment

70 Instead of exploiting exogenous variation in benefit rules due to policy reforms, Chen and van der
Klaauw (2008), Maestas et al. (2013), French and Song (2014), and Gelber et al. (2017) exploit
variation in benefit eligibility rules or benefit levels imbed in disability benefit programs to analyze the
causal effect of benefit incentives on benefit receipt and labor supply. A smaller literature investigates
how incentive changes on the employer side influence disability benefit receipt. For example, De Jong
and Lindeboom (2004) show that mandating firms to use preventive and reintegration measures to
reduce sickness absenteeism does not decrease absence rates. Koning (2009) and Groot and Koning
(2016) analyze the introduction and abolishment of experience rating for firms’ disability insurance
premium, and find that experience rating effectively decreases disability benefit receipt. Another strand
of the literature pays attention to the non-economic outcomes of disability reforms (Dahl and Gielen,
2018; Garcia-Gomez and Gielen, 2018). Garcia-Gomez and Gielen (2018), for example, find that
despite the gains in public finances, stricter eligibility criteria reduce life expectancy among women.
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potential.”! With mixed economic predictions, it is a priori unclear how WIA reform
would perform in reducing disability benefit claiming and encouraging work
resumption.

This paper examines the overall effect of the WIA reform, considering all the
measures of the reform as a whole, on sick individuals’ labor market participation
and social benefit claims, compared with the old DI system, WAO. Previous research
analysing the impact of the stricter rules of the WIA regime in comparison to the
rules of the older WAO regime is limited to Van Sonsbeek and Gradus (2013). Based
on data on disability applications, they find that the stricter eligibility criteria of the
WIA have led to a sharp fall in the number of new benefit claims, in addition to what
has already been achieved through previous reforms, generating large budgetary
savings for the government. The lack of research on the impact of the WIA reform
1s due to lack of data on sickness absence. The sickness benefit was reformed in 1994,
1996 and 2004 to mandate the employer to pay during the sickness period 70 percent
of the earnings before sickness. Since no sickness benefit is paid by the government,
but wage is paid by the employer, there is no registration of sickness absence by the
government since these reforms. New reintegration regulations for employers were
introduced in the sickness scheme in 2002 (“Gatekeeper protocol”). Only after this
year the government started to register sickness cases to monitor whether employers

comply with the new regulations. This has so far hampered evaluations of the

disability reform directed at the sickness absence period. The existing research on
the impact of the WIA reform is therefore limited in several respects. First, it is not
analyzed to which extent the decrease in disability benefit use led to an increase in
labor participation or use of benefits from alternative benefit programs such as the
unemployment benefit. Second, it is not known whether the effects of the WIA
reform are structural or fade in the long run, for example because people who do not
first enter the WIA later become more sick and still become incapacitated for work.

Third, little is known about how the effects of the WIA reform vary across subgroups

of sick individuals.

In this study we exploit unique administrative data from the Employee Insurance
Agency (UWYV) on individuals who fell sick in the third and fourth quarters of 2003
and the first quarter of 2004. The two groups of individuals who fell sick in the last

7t A related study from the US, Maestas et al. (2015), finds that longer processing times reduce the
employment and earnings of SSDI applicants for multiple years following the application.
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two quarters of 2003 are insured under the old WAO scheme but are subject to
different eligibility criteria, while the third group of individuals who fell sick in the
beginning of 2004 is insured under the WIA scheme and is subject to additional and
new eligibility criteria. To investigate the overall effect of the reform, we employ a
difference-in-difference approach, comparing the labor market and benefit claiming
behavior of the three groups of individuals before they fall sick and after they become
eligible for disability benefits. The three groups of sick individuals are comparable
in background characteristics, and economic shocks are likely to affect the behavior
of the three groups in similar ways since eligibility for different disability schemes
are determined by falling sick within very close proximity in time. This allows to
attribute the differences in the labor market and benefit claiming behavior across the
three groups to the differences in the rules of the disability benefit schemes that apply
to these groups.

The regression results show that the WIA reform substantially reduced disability
benefit receipt and the amount of disability benefits received. Individuals respond by
increasing their labor participation and earnings. They also increase their use of
unemployment benefit, and the amount they receive from unemployment benefit.
Use of general assistance and small benefits decreases but the effects are small. The
impact of the reform on disability benefit receipt and work resumption is persistent
over time, while the spillover effect on alternative social security programs dies out
in about seven years after individuals become eligible for disability benefits.

The reform is most effective among prime-aged workers and workers with regular
contracts. Older individuals are less able to compensate the decrease in disability
benefit receipt or income with higher labor participation or wages, whereas they
more often rely on unemployment benefit. However, individuals who are
unemployed at the time of falling sick are the worst affected by the WIA regime.
Their disability benefits drop substantially, and their probability of working and their
salary even decrease, compared with their counterparts insured under the WAO
regime. Their worsening prospect of work resumption is possibly due to a larger
scarring effect and more human capital loss as a result of staying in the waiting
period for an extra year in the new DI system. Their loss of disability benefits and
earnings is not compensated by increases in unemployment benefit or alternative
benefits, which raises equality concerns for this vulnerable labor market group.
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The paper proceeds as follows. Section 4.2 describes the institutional context.
Section 4.3 describes the data. Section 4.4 presents descriptive statistics. Section 4.5
describes the empirical strategy. Section 4.6 presents the baseline results. Section 4.7
analyzes effects over time. Section 4.8 studies heterogeneous effects of the reforms.
Section 4.9 presents sensitivity checks. Section 4.10 discusses policy implications
and concludes.

4.2 Institutional setting

The general procedures for a DI applicant in the WAQ system

Any individual insured with Dutch public DI enters the DI system as of the day of
falling sick. Individuals falling sick before 1 October 2003 are subject to the old DI
system, the Disability Insurance Act (WAO).”> The system comprises two stages
(schemes), the sickness benefit stage (a.k.a. the sickness scheme, or the waiting
period) and the DI benefit stage (disability scheme).

(1) Sickness benefit stage: An individual who earns wage or receives
unemployment benefit is first admitted to the sickness scheme if he is unable to
perform his work because of illness or injury irrespective of its cause. The maximum
duration of the sickness scheme is one year as long as the individual remains sick.
The employer is responsible to pay 70 percent of the former wage during the one
year duration of the scheme. Most employers, however, pay the full amount of the
former wage. For the unemployed sick individual in this stage, his unemployment
benefit will be replaced by the sickness benefit that amounts to 70 percent of his
former wage granted by the government.

The sick individual is invited to apply for the DI benefit at the end of the waiting
period.” Case workers and experts will assess the applicant’s health status and
potential earnings, and calculate the “disability grade” which reflects the individual’s
lost earning ability. The disability grade is determined by dividing the estimated
wage loss due to disability by the former wage, where estimated wage loss is given
by the difference between the former wage and the potential wage that the sick

72 WAO came into effect in 1967 to insure against loss of earnings due to long-term disability. The act

was amended several times but since the main amendments in 1993 it preserved its main features until

the WIA reform.

73 Sick individuals can file for DI application since 39 weeks as of falling sick. For WIA it is 87 weeks.
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individual can still earn. An ergonomist determines the potential wage by taking the
average of the highest wages the sick individual could still earn in three suitable
occupations. The individual will be admitted to the DI benefit scheme only if his
disability grade is at least 15 percent.

(2) DI benefit stage:

The DI benefit stage has two sub-stages. The individual is first entitled to the “Wage-
loss benefit” that replaces 70 percent of the former wage multiplied by the disability
grade. The duration of the benefit depends on the age of the individual and is limited
to a maximum of 6 years. When the Wage-loss benefit expires, the disabled
individual is entitled to the “Follow-up benefit” that is lower than the Wage-loss
benefit and pays the minimum wage and an additional amount that depends on the
former wage and the age at which the individual has become entitled to the benefit.
The benefit is paid as long as the individual is disabled but expires when the
individual becomes entitled to the state pension.

The transitional WAO system

Before the WAO was abolished entirely, however, a transitional DI system was
introduced on 1 October 2004 for people who have fallen sick during the period from
1 October 2003 until 31 December 2003.

The transitional DI system only changed one feature, compared to the old WAO
system: the criteria to enter the DI benefit scheme have been made stricter. In
particular, the transitional WAO has adopted a broader definition of what work can
still be done by the applicant. Under the new definition, it is easier to find potential
jobs that the individual can still perform. The wage loss due to disability can
therefore be smaller, and the “disability grade” can be systematically lower. As a
result, it is more difficult to reach the minimum disability grade to become eligible
for the disability benefit, or to reach a higher disability grade that leads to a higher
Wage-loss benefit.

The WIA system

The Work and Income Act (WIA) came into effect on 1 January 2006 for people who
have fallen sick from 1 January 2004 onwards. Besides inheriting the change made
in the transitional WAO system, the WIA system further introduced major changes
in both the sickness and disability schemes to facilitate work resumption.
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(1) Sickness benefit stage: The maximum duration of this stage extends from one
year to two years.”® The strong incentive for the employer to facilitate work
resumption is that the employer is obliged to compensate the employee for wage loss
during the two years period of the scheme. The compensation must amount to 70
percent of the former wage. Most employers, however, pay the full amount of the
former wage during the first year of sickness, and many pay more than 70 percent of
the former wage during the second year of sickness.

WIA system inherited the stricter eligibility criteria of the disability scheme of the
transitional WAO system that uses the broader definition of what work can still be
done by the applicant. In addition, it increased the minimum grade of disability
required to enter the DI scheme from 15 to 35 percent. Therefore, workers with
limited disability are expected to resume working with adaptations, or to apply for
unemployment benefit.

(2) DI benefit stage:

The WIA system introduced a distinction between full and partial disability, and
accordingly two specialised disability schemes. If the wage loss is more than 80
percent and there is no potential for any degree of recovery, the worker is admitted
to the Full Invalidity Benefit Regulation (IVA), and is entitled to a benefit that
replaces 75 percent of the former wage. Admission to the scheme is limited to a
selective group of impairments that are expected to be permanent so that moral
hazard is unlikely at least among this small group of workers.

If the wage loss is more than 35 percent and less than 80 percent, or if the wage loss
is more than 80 percent but there is still a potential for recovery, the worker is insured
under the Return to Work Regulation (WGA). The eligible worker is first entitled to
the “Wage-related benefit”. Like the Wage-loss benefit of the WAO, the Wage-
related benefit is related to the former wage. It replaces 70 percent of the former
wage multiplied by the disability grade if the individual utilises his remaining work
capacity to its full potential. The benefit has an unemployment benefit component
that compensates the individual if he is not able to utilise his remaining work

74 Strictly speaking, the extension of the sickness benefit from one to two years is not part of the WIA,
but is part of a separate law, called Verlenging Loondoorbetalingsverplichting bij Ziekte (VLZ).
However, both laws are part of the same package of reforms and their starting dates were synchronised
so that both laws are effective from 1 January 2004 onwards.
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capacity.” The duration of the benefit depends on the employment history, and is
limited to a maximum of 38 months.

When the Wage-related benefit expires, the disabled individual is entitled to one of
two types of benefits depending on whether he utilises more than 50 percent of his
remaining earning capacity. If the individual utilises at least 50 percent of his
remaining earning capacity, he is entitled to the “Wage-supplement benefit” which
replaces 70 percent of the former wage multiplied by the disability grade. If the
individual utilises less than 50 percent of his remaining earning capacity, he is
entitled to the less generous “Follow-up benefit” which replaces 70 percent of the
minimum wage multiplied by the disability grade. These mean that both the Wage-
supplement and the Follow-up benefits make flat rate payments and hence disregard
how much the individual is working below or above the threshold utilisation rate of
remaining work capacity.

Both benefits are paid as long as the individual is disabled but expire when the
individual becomes entitled to the state pension. At a given disability grade, the
difference between the Wage-related benefit and the Follow-up benefit is as large as
70 percent of the difference between the former wage and the minimum wage, giving
the partially disabled workers with higher former wages a stronger incentive to
utilise at least 50 percent of their remaining work capacity when the wage-related
benefit expires.

In addition, the WIA system extended the “experience rating” period. The experience
rating refers to the differentiation in the premium firms pay to the disability insurance
program. The premium amount is based on the costs of the disability benefits of the
employees from the past. Hence, firms with high disability costs are punished with
a higher premium. In the WAO, experience rating applied to employer contributions
to disability insurance for a period of 5 years for all disabled workers. In the WIA,
however, the experience rating period is extended to 10 years and applied to

7> During participation in the disability scheme, the individual is eligible for the unemployment benefit
(UB). The amount of the UB is a certain fraction of the remaining earning capacity. In the WAO, the
individual is required to file an application to claim the UB. Therefore the DI and UB are always
separate in WAO. In the WIA, however, the UB is integrated into the disability benefit, and therefore
no application for UB is required. In fact, the duration of the Wage-related benefit is determined by the
duration of the UB.
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employer contributions for disabled workers participating in the WGA, but not in the
IVA scheme.

The differences of the three DI systems are summarized in Table 4.1.

Table 4.1: Comparisons for different disability insurance systems

Disability insurance (DI) Transitional
systems WAO WAO WIA
. R before
fA[l)lPllca!)lli to individuals 1 Oct. grfrlgelc()zcgbgo as of 1 Jan. 2004
alling sick... 2003 .
Max. length
of the waiting | 1 year 2 years
period
Sickness | (ke e | havea
L)teaneeﬁt disability high Systematically harder to get a high DG
g grade (DG) DG
Min. DG
required for 15% 35%
DI
WGA: I\elﬁr:lanentl
partially disabled gisable 5 y
. Wage-loss benefit =
First-stage DI | 709, *previous wage*DG | Wage-related
benefit benefit=70%*previous
wage*DG + Unemployment
benefit component
Max. 6 years Max. 38 months
Wage supplement
Ifuse = Ifuse < 50% | /> /0*previous
DI 50% ofthe | of the wage;
benefit remaining remaining .
stage Follow-up benefit < working working Max.' until state
Second-stage | wage-loss benefit capacity: capacity: pension age
DI benefit Same as
Wage-related | Minimum
benefit in the | wage* DG
1st stage
I;gzx‘ until state pension Max. until state pension age
Experience
rating period 5 years 10 years

for the
employer
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4.3 Data

Data source

We use unique administrative data from the Employee Insurance Agency (UWV) on
three cohorts of sick people who face different criteria to enter the disability scheme
and different incentives to resume working if participating in the disability scheme.
In particular, the data contains information on individuals who fell sick in the third
quarter of 2003, fourth quarter of 2003, and the first quarter of 2004 and therefore
became eligible to participate in the WAO, transitional WAO, and the WIA schemes,
respectively.”® For these people we observe the beginning and ending dates of
sickness, gender, date of birth, etc. These people either earn wage or receive
unemployment benefit at the time they fall sick since people of other labor market
groups are not eligible to enter the sickness scheme. For people in employment, we
observe whether they hold a regular contract, temporary contract, or a contract
through a temporary work agency.

We merge the administrative data on sickness with administrative data on labor
participation, salary, and benefits, all available on a monthly basis from Statistics
Netherlands. The benefits are from various benefit schemes which include the
disability insurance (DI), unemployment benefit (UB), general assistance (GA) for
low-wage earners, and other benefits (OB) from a large number of smaller benefit
programs.”’ The data from Statistics Netherlands extend from January 1999 to
December 2015 and allow to study the differences in benefit claiming and labor
market behavior of the three cohorts of sick individuals over a long period of time.

76 According to the “Gatekeeper protocol”, it is not compulsory to report sickness cases that last shorter
than 13 weeks. So the administration data of sickness registration do not necessarily capture all the
short-term sickness cases.

77 'We also made two checks using available yearly data. First, we checked if the probability of being
self-employed and the self-employment earnings differ across cohort over calendar years. We find that
all the three cohorts has increasing possibility to be self-employed, and their self-employment earnings
are also increasing. But the increasing trend is no significantly different across cohorts. Second, we
check the receipt and yearly amount of other benefits lumped with the sickness benefit which was paid
by the government to sick individuals without an employer during the waiting period. We find that in
the second year of the waiting period (year 2005 to 2006) for the WIA cohort (1% quarter of 2004), the
receipt and amount of this broader definition of other benefits have a large increase due to the extension
of the waiting period and the mechanic increase of the sickness benefit. The analysis on these yearly
data are not included in the current analysis. But the descriptive plots of them can be found in Appendix
4.B.
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Sample restrictions

The initial sample of sick people consists of 51,319,668 observations for 251,567
individuals. We impose a number of restrictions on the initial sample.

First, we drop sickness cases last shorter than 180 days in the data to ensure that the
three cohorts of sick individuals are comparable in the number of days spent in
sickness. We drop sickness cases that are shorter than 90 days because only sickness
cases longer than that duration are mandatory to be reported, according to the
Gatekeeper Protocol. By checking the distribution of the sickness duration across
individuals falling sick in different months, we also detected that sickness cases
between 90 to 180 days are slightly under-reported among individuals who fell sick
in the third quarter of 2003, in particular, in July and August.”® To ensure a
comparable distribution of sickness duration across three cohorts of sick individuals,
we further drop the sickness cases that last shorter than 180 days. This restriction
leads to a sample of 19,690,488 observations for 96,522 individuals. Although this
restriction reduces more than half of the observations, the long sickness spells are of
the main interest as they account for a major share of benefits paid. On the other
hand, focusing on relatively long sickness cases may raise concerns on overlooking
behavioral responses early in the waiting period. In sensitivity analysis, we restrict
sample to alternative duration of sickness cases to see how this concern together with
the under-reporting issue would affect the results.

Second, we only keep individuals who do not have a record of DI benefit before.
Existing DI recipients can blur the definition of groups. For example, a partially
disabled individual with a WAO benefit can still fall sick when working part time
under the WIA regime (e.g. fall sick in the 1% quarter of 2004). Then it is less clear
if we should assign him to the WAO group or the WIA group. To abstract away from
the complications by the existing DI recipients, we only focus on newcomers to the
DI system. This restriction leads to a sample of 16,028,076 observations for 78,569
individuals.

Third, we drop individuals if they are participants of the disability schemes for the
self-employed (WAZ) or young people (WAJONG) since the institutional rules and
incentives for work resumption are very different for them. This restriction leads to

78 See Appendix 4.A for checks on the distribution of sickness duration across cohorts.
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a sample of 15,864,876 observations for 77,769 individuals and constitute the study
sample.

Treatment and control groups

As described above, sick individuals become eligible to participate in one of three
disability schemes depending on the date they fall sick. This allows to construct
control and treatment groups and compare their responses to the disability reform in
a quasi-experimental research design. In particular, we categorise the sick
individuals into three groups: the WAO group, the transitional WAO group, and the
WIA group, which consist of individuals who fell sick in the third quarter of 2003,
fourth quarter of 2003, and first quarter of 2004, respectively. We consider the WAO
group as the control group, and the transitional WAO and the WIA group as the
treatment group 1 and 2, respectively.

Note that the assigned group for a given individual is not changing over time. For an
individual who falls sick in the third quarter of 2003, he is forever in the WAO group,
even if he does not get a WAO benefit in the end, or even if he falls sick again years
later and enters the WIA scheme. This definition keeps groups comparable, but
influences the interpretation of comparison between control and treatment group.
Our WAO group has 26111 individuals. 9332 individuals have ever claimed DI
Among them, 2208 individuals have claimed WIA benefit for at least one month.
The majority of DI recipients in WAO group claim WAO benefit in most of the time.

Another complication to the definition of the control group is the “re-examinations”
of the WAO participants younger than age 50 on 1 July 2004 that have taken place
from 2004 until 2008 based on the eligibility criteria of the transitional WAO scheme
(Mandico et al., 2018). As a result of this re-examination, the majority of the control
group gradually subjects to the same rules as transitional WAO group.

Therefore, when we compare WIA group to the control group, what we capture is
not the “pure” difference between WIA and WAO system, but rather the difference
between WIA and a mixture of WAOQ, transitional WAO, and a small proportion of
WIA. The “pure” difference between WAO system and WIA system throughout the
sample periods would be larger in absence of these complications.

Outcome variables
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Based on the available data on labor and benefits, two sets of five outcome variables
are defined and used to compare behavioral responses of control and treatment
groups to the disability reform. The first set considers dummy variables indicating
the labor participation and the benefit receipt of disability benefit (DI),
unemployment benefit (UB), general assistance (GA), and other benefits (OB). The
second set considers monthly income from labor and the four benefit programs. The
income variables are unconditional on participation or receipt. That is, the income
equals O if there is no labor participation or benefit receipt.

However, there is a complication for the definitions of three variables: “Amount of
DI received”, “Receive UB or not”, and “Amount of UB received”. As described in
Section 4.2, for DI recipients, UB is integrated into the DI in the WIA, while this is
not the case in the WAQ. As a result, the amount of DI, as well as the receipt and the
amount of UB are no longer comparable across groups. We therefore use the
following adjusted definitions:

The amount of DI is defined as: the amount of DI and possibly also UB at the
same time. This means that for WAO recipients, this variable is the total amount of
DI plus UB, while for WIA recipients, this variable is just the amount of DI (the UB
component is already in the amount).” For an individual who does not have a DI,
the variable equals 0 no matter he has a UB or not.

The receipt of UB indicates the receipt of UB but not DI at the same time. The
amount of UB refers to the amount of UB without DI, i.e. it equals the amount of
UB when the “receipt of UB but not DI”” equals 1.

4.4 Descriptive statistics

Time trends in outcome variables

Figures 4.1a and 4.1b show the time profiles of labor participation and benefit receipt
and income for control and treatment groups over a period of 17 years from January
1999 to December 2015. A time profile of a given group is generated as follows.
First, within a group and in a given calendar month, the mean of the outcome variable
(dummy variable that indicates labor participation or receipt of a benefit, or income

79 This complication does not influence the receipt of DI. But strictly speaking, the receipt of DI can
also be interpreted as the receipt of DI and possibly UB.
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from work or benefits) is calculated. The set of means calculated for each month of
the 17 year period are then used to plot the time profile. In the plots vertical lines are
added at the first instance individuals could become entitled to the sickness and
disability benefits in the WAO, transitional WAO or WIA scheme.

The top left plot in Figure 4.1a shows the time profile of probability of receiving DI.
All groups do not receive a DI until waiting period expires.3’A large fraction of about
20 percent of the sick individuals in the WAO and the transitional WAO cohorts
claim DI when they become eligible for DI. This fraction shows no notable change
until the end of the study period. The time trends of the WIA and WAO groups are
similar, except in two respects. First, the inflow into the disability scheme for the
WIA group is not as immediate as it is for the WAO groups when individuals become
eligible for DI. It might be that stricter rules of the WIA make it difficult to claim the
DI at the first attempt. Second, the time trends for the WAO groups show a decrease
during the first year after they show a peak when these groups become eligible for
DI. It might be that the WAO recipients have better chances of recovery shortly after
entering the disability scheme. The WAO recipients are relatively healthier than the
WIA recipients since in the WIA the minimum disability grade to enter the disability
scheme is higher but also disability assessment is stricter.

Note that from year 2008 onwards, the lines for WAO and transitional WAO
gradually converge. This can be explained by the re-examinations of the WAO
participants from 2004 until 2008 based on the eligibility criteria of the transitional
WAO scheme, as mentioned in Section 4.3. Due to the re-examination, the majority
of the control group gradually became subject to the same rules as transitional WAO
group. And we indeed observe this in the plot.

The probability of working shows a strong time trend that is common to both the
control and treatment groups. It increases until the date individuals fall sick. This
pattern does not reflect behavioral responses but it reflects the fact that individuals
can enter the sickness scheme, and get reported as sick in the administrative data,
only if they are working or receiving the UB at the time they fall sick (Section 4.3).

80 A very small share receives DI slightly before the waiting period expires (the blue lines). In principal,
individuals can apply for DI since 39 weeks as of falling sick for WAO and transitional WAO, 87 weeks
for WIA. We allow for early recipients up to the earliest application time. Results are robust to dropping
these early recipients.
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Probability of receiving disability and possibly unemployment benefit Disability and possibly unemployment benefit received per month
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Figure 4.1a: Labor participation, benefit receipt (disability and unemployment),
labor income and benefit income for control and treatment groups over

calendar months

Note: In a given plot, a point on a given time profile represents the mean of the outcome variable (dummy variable
that indicates labor participation or benefit receipt, or income from work or benefits) within a group (control or
treatment) in a given calendar month. Around the mean is a 95 percent confidence interval. Disability benefit might
be supplemented with unemployment benefit. Unemployment benefit is defined so that receiving disability benefit
at the same time is not allowed. Each plot is based on the study sample of 15,864,876 observations for 77,769
individuals who fell sick during the period from July 2003 until March 2004. Vertical lines indicate the first instance
individuals could become entitled to the sickness (red) and disability (blue) benefits in the WAO, transitional WAO
and WIA schemes.
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Figure 4.1b: Benefit (general assistance and other benefits) receipt and income
for control and treatment groups over calendar months

Note: In a given plot, a point on a given time profile represents the mean of the outcome variable (dummy variable
that indicates receipt of a benefit, or income from benefits) within a group (control or treatment) in a given calendar
month. Around the mean is a 95 percent confidence interval. Each plot is based on the study sample of 15,864,876
observations for 77,769 individuals who fell sick during the period from July 2003 until March 2004. Vertical lines
indicate the first instance individuals could become entitled to the sickness (red) and disability (blue) benefits in the
WAO, transitional WAO and WIA schemes.

Before this time, these individuals can have another status outside the labor force
(e.g. study in school). The probability of working decreases dramatically during the
first year of sickness, remains fairly stable for about three years, but decreases further
throughout the remaining months of the study period (e.g. people can gradually retire
and exit labor market).

Unemployment benefit use is strongly related to the use of sickness and disability
benefits. For the WAO groups, during the sickness period UB use decreases sharply
because unemployed people who fall sick change their UB for sickness benefit. UB
use rebounds thereafter because many of these people recover during the sickness
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period. It peaks as individuals become eligible for DI because when the sickness
period ends, those who apply but get rejected to enter the disability scheme turn to
the UB. UB use decreases during the disability period. This is because UB is
temporary and ends after a maximum of 38 months. For the WIA group a similar
time trend is observed except that UB use increases further during the second year
of sickness before it peaks when individuals become eligible for DI since members
of this group have more time for recovery during the longer sickness period, and
change their sickness benefit for UB.

The probability of receiving general assistance increases steadily from the time
individuals fall sick. A similar but less pronounced increase is observed for the
probability of receiving other benefits from various small benefit programs from the
time individuals fall sick. These time patterns appear to be related to that of working.
As individuals work less due to sickness, their earnings decrease enough to become
entitled to these benefits.

In the right panels of Figures 4.1a and 4.1b, we show the time profiles of the means
of income from work and benefit programs. In a mean calculation, we allow for zero
income, therefore the effect on these income variables is a combination of effects on
extensive margin (participation/receipt) and intensive margin (income conditional on
participation/receipt). The time trends of the means of different types of income
resemble those of participation in the labor market and benefit receipt in the left
panels of the figures.

In most of the plots, the groups show similar time trend before falling sick. A closer
look into the pre-sickness period show that, the lines of WAO group is slightly lower
than other groups for the receipt and amount of GA between January 2002 and June
2003. And the lines of WAO group’s labor participation and the amount of UB are
slightly higher than other groups between January 2002 and January 2003, and
between January and June 2003, respectively. Though the magnitude of the
difference is very small, in section 4.9, we do robustness checks on this slightly
deviating time trend.

Descriptive statistics before, during, and after the waiting period
Table 4.2 summarizes the sample mean of background characteristics and outcomes

in control and treatment groups.
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Table 4.2: Sample means of background characteristics and outcomes

Before Waiting period After
Trans. Trans. Trans.

Groups WAO WAO WIA WAO WAO WIA WAO WAO WIA

@ 2 A “@ 3 © () ® (&)
Background
characteristics
Age of falling
sick 39.690 40.137 40.628
Female 0.441 0.437 0.440
Foreign-born 0.188 0.177 0.170
Work
characteristics
Regular
contract 0.581 0.574 0.593
Temporary
contract 0.138 0.130 0.119
Temporary
contract via
agency 0.048 0.049 0.034
Unemployed 0.188 0.204 0.213
Other 0.044 0.043 0.041
Labor participation and
benefit receipt
DI 0 0 0 0.002 0.001 0.000 0.198 0.191 0.141
Work 0.858 0.856 0.860 0.733 0.725 0.689 0.534 0.536 0.539
UB 0.033 0.036 0.037 0.030 0.030 0.058 0.064 0.065 0.069
GA 0.036 0.035 0.032 0.018 0.017 0.021 0.050 0.048 0.047
OB 0.008 0.008 0.008 0.009 0.011 0.014 0.017 0.018 0.012
Income from labor and
benefit programs
DI 0 0 1.528 1.241 0.214 253.895 250.790 212.504
Salary 1768.763 1792.750 1820.622 1731.049  1731.576  1650.255 1376.214  1407.520 1453.732
UB 40.620 43.528 45717 36.775 35.457 78.210 86.192 90.183 96.359
GA 27.657 26.730 25.061 12.260 11.763 15.194 47.287 44.936 44.009
OB 5.650 6.486 5.922 12.884 16.878 21.613 20.346 23.393 20.335
Individuals 26,111 26,217 25,441 26,111 26,217 25,441 26,111 26,217 25,441
Observations 1,439,381 1,518,527 1,551,421 313,332 314,604 610,584 3,573,931 3,515,137 3,027,959

Note: “Before” refers to the all the months from January 1999 to the month before falling sick. Each individual falls

sick in different month, therefore the lengths of the “Before” period are different for each individual. “Waiting period”

refers to the 12 months as of falling sick for WAO group and transitional WAO group, while 24 months as of falling
sick for WIA group. For WAO and transitional WAO, “After” means the 13" month as of falling sick and onwards
until December 2015. For WIA, it means the 25" month as of falling sick and onwards. The background
characteristics are collected when individuals fall sick. They are time invariant, and averaged across individuals,
rather than individual-calendar month observations.

The top panel of the table presents the sample means of a number of background
characteristics in control and treatment groups. A sample mean is calculated as the
average of a given characteristic of all individuals in a given group at the time these
individuals fall sick. In all groups, the average age of falling sick is almost 40, the
fraction of men is slightly higher than that of women, and the majority of the sample
is native-born. About 60 percent hold a regular work contract, less than 20 percent
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hold a temporary contract or a contract through a temporary work agency, and about
20 percent is unemployed. Sample means of background characteristics slightly
differ across groups. In our formal empirical analysis, we control for time-invariant
characteristics, through individual fixed effects.

The bottom panel of Table 4.2 presents the sample means of labor participation and
benefit receipt and income from labor and benefit programs for control and treatment
groups before falling sick, during the waiting period, and after the waiting period
expires.

“Before” refers to months from January 1999 to the month before falling sick. Each
individual fell sick in different months, therefore the lengths of the “Before” period
are different for each individual. “Waiting period” refers to the 12 months as of
falling sick for WAO group and transitional WAO group, while 24 months as of
falling sick for WIA group. “After” refers to months after the waiting period expires,
which is the institutional time when an individual becomes (potentially) eligible for
DI1.3" For WAO and transitional WAO, “After” means the 13th month as of falling
sick and onwards until December 2015. For WIA, it means the 25th month as of
falling sick and onwards.

During the “Before” period, the mean differences are small across groups. In the
formal empirical analysis, these mean differences in the “before” period can be
controlled for by using a difference-in-difference approach. In “After” periods where
people are eligible for DI, the probability of receiving DI for WIA is lower than WAO
and transitional WAO by 0.05. Salary and the amount of UB in WIA are slightly
larger than in WAO and transitional WAO, netting out the difference in the “Before”
period. For other variables, the differences are less noticeable.

Sample means differ across groups already in the waiting period, suggesting that
measures of the reform (e.g. extending the waiting period) may already play a role
in the waiting period. However, these group differences cannot be interpreted as the
effect of the reform during the waiting period, because the calendar month shocks in
WIA’s second year of waiting period does not happen in WAO and transitional WAO.

81 We use “potentially” because some individuals may recover before they can apply for DI, so that
eventually they are not really “eligible” for a DI. But the institutional time that they can be potentially
eligible for DI still applies to them.
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We need an empirical strategy that can account for effects of measures both within
and after the waiting period.

4.5 Empirical strategy

We use a difference-in-differences (DID) approach to identify the causal effects of
the transitional WAO and the WIA reforms on labor participation and benefit receipt
and on income from labor and benefit programs. The first difference is between
treatment and control groups. Treatment groups are those who fall sick in the last
quarter of 2003 or the first quarter of 2004, subject to WAO and transitional WIA
schemes. We compare them to individuals in the control group, who fall sick in the
third quarter of 2003, and are subject to a less restrictive benefit regime WAO.

The second difference is between “before” and “after”. Since individuals fall sick at
different calendar months from July 2003 to March 2004, we do not compare
individuals over calendar time. Instead, we compare people over “event time”. The
“before” period in “event time” refers to all months before an individual falls sick,
where all the DI systems are not yet available.

An intuitive definition of “after” period is “since the onset of sickness”, so that we
compare individuals at the same time elapsed since falling sick. However, this
method is problematic for WIA reform. Because WIA extends the waiting period
from one year to two years, the main incentive of receiving DI benefit kicks in one
year later than in (trans.) WAO group. Comparing people since falling sick will end
up comparing WIA people in the second year still waiting for DI application with
WAO people already claiming DI for half a year. This creates difficulties in
interpreting the effect of the reform.

To make sensible comparisons, we compare people at the end of the waiting period,
when DI incentives kick in for all groups. Figure 4.2 shows the conceptual plot for
this idea.

Had it not been the WIA reform, the potential outcome of the Treatment group 2
should have been parallel to that of the control group. And treatment group 2 would
have entered DI one year since falling sick just as WAO people do. Now under WIA
reform, WIA group has to stay in the waiting period for two years. The difference
between WIA people’s outcome at 2 years since sick (the black dot) and the WAO
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people’s outcome at 1 year since sick (the grey dot), is the joint effort of both
extending the waiting period, and other reform measures like tightening the criteria.
So comparing WIA people’s outcome since their two-year waiting period expires
with WAO people’s outcome since their one-year waiting period expires, gives the
total effect of reform measures both within and after the waiting period.

QOutcome T2 counterfactual

4

Before sick Fall sick Fall sick + 1 year Fall sick + 2 years  Relative time

Figure 4.2: Conceptual plot for the empirical design

Therefore we define “after” period as: one year since falling sick and onwards for
WAO and transitional WAQO; Two years since falling sick and onwards for WIA. In
other words, this “after” period starts when the waiting period expires, which is also
the institutional time of (potentially) being eligible for DI.

In order to compare individuals along event time, we drop the observations in the
“waiting period”, only keeping data in “before” and “after” periods.

We implement the DID comparison using the following regression:
Vie = y1(Treat]™®"s- WA0 x Post,) + y,(Treat]"' x Post,) + §Post, + A;y + a; + &, (4.1)
i indexes individuals.

t indexes the months of event time. ¢ indexes the months of the “before” period
with values from —61 to 0. E.g. ¢ = 0 means the last month before falling sick. 1 to
138 refer to the “after” period. E.g. t = 1 means the first month as of being
(potentially) eligible for DI. Due different lengths of waiting period, t = 1
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corresponds to the 25™ month since falling sick for WIA, the 13™ month since sick
for WAO and transitional WAO.

v;: 18 the outcome variable of interest.

A;¢ is a vector of calendar month dummies from January 1999 to December 2015.%?
It is individual and event-month specific because individuals enter the same calendar
month at different event months.®?

a; is an individual-specific, time-invariant intercept term.
g;; represents the individual-specific, time-varying shocks that are not observed.

Treat]™™s WA0 and Treat!’* are dummy variables that indicate the treatment
groups, i.e. the transitional WAO and the WIA groups, respectively. We do not
control for two treatment group dummies because they are time-invariant and
therefore absorbed individual fixed effects «;.

Post, is a dummy variable that indicates the “after” period.

We interact Treat!™®"s "4° and Treat}’'* with Post, to capture the mean
difference in the outcome variable between the treatment and control groups during
the “after” period compared to the mean difference between the two groups during
the “before” period. In this comparison, the latter difference aims to account for
differences between the groups due to factors other than the policy reform. y; and
y, are the coefficients of main interest and reflect the effects of the transitional WAO
and WIA reforms. Standard errors are adjusted for clustering at the individual level.

The assumptions needed to obtain unbiased estimates of these coefficients are (1)
“random” timing of falling sick: the time of falling sick are not correlated with
unobserved factors that both influence the assignment of the group and the outcome.
(2) Common trend assumption: the potential outcomes of treatment (in absence of
reforms) and control groups are parallel to each other. We provide evidence and
robustness checks for these assumptions in Section 4.9.

82 January 1999 is set as the base month. Due to dropping the data in waiting period, no observation is
in March to June 2004.
83 Strictly speaking, individuals that fall sick in the same month share the same A;;.
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4.6 Main results

Here we present the baseline DID estimates of the effects of the transitional WAO
and WIA reforms based on Equation (4.1). Panel A of Table 4.3 presents the results
for labor participation and benefit receipt, and Panel B of Table 4.3 presents the
results for income from labor and benefit programs. The estimated effects of the
transitional WAO and the WIA reforms are always interpreted as the effects of the
new rules of the transitional WAO and WIA regimes compared to the old rules of the
WAO regime.

The effects of transitional WAO and WIA show similar pattern: the receipt and the
amount of DI claim reduce, while labor participation and salary increase, as intended
by the policy design. But not everyone successfully resume working. The receipt and
amount of unemployment benefit (UB) also increase. The effect on general
assistance (GA) and other benefits (OB) are very limited.

Table 4.3: Main results

Panel A: DI receipt Labor Participation UB receipt GA receipt OB receipt
Trans. WAO X Post —0.008** 0.007** 0.003** —0.003* 0.001***
(0.003) (0.003) (0.001) (0.001) (0.001)
WIA X Post —0.058***  (.018%** 0.014*** —0.004*** —0.005***
(0.003) (0.004) (0.001) (0.002) (0.001)
Post 0.203*** —0.368*** 0.010*** 0.009%** 0.003***
(0.002) (0.003) (0.001) (0.001) (0.001)
Panel B: DI amount _ Salary UB amount GA amount OB amount
Trans. WAO X Post —5.528 19.284 5.319%** —2.841% 2.262*
(4.300) (12.802) (1.882) (1.487) (1.225)
WIA X Post —50.813%**  55659%** 22.824*** —4.898*** 0.248
(4.413) (13.332) (1.952) (1.550) (1.230)
Post 282.124%**  —389 573%** 17.368*** 19.042*** 11.393%**
(3.411) (11.262) (1.838) (1.371) (2.721)

Calendar month dummies Yes
Individual fixed effects Yes

Individuals 77,769
Observations 14,626,356

Notes: DI stands for disability insurance benefit with possibly unemployment benefit at the same time. UB stands
for unemployment benefit without disability benefit. GA and OB are general assistance and other benefits,
respectively. All regressions employ the linear regression model with fixed effects given by Eq. (4.1) and include
calendar month dummies with January 1999 as the base month. The “before” and “after” are periods of event time
and correspond to the months before individuals fall sick, and subsequently the months after individuals become
eligible for disability benefits. Standard errors, in parentheses, are adjusted for clustering at the individual level. ***,
** * indicate statistical significance at the 0.01, 0.05, 0.10 levels, respectively.
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The effects of transitional WAO reforms are much smaller than WIA reform, not
only because transitional WAO reform is only one reform measure nested in WIA
reform, but also because the re-examination during 2004 to 2008 assimilates the
WAO and transitional WAO group. Had there not been the re-examination, we would
see a larger effect of transitional WAO.

The transitional WAO reform reduces the probability of receiving DI by 0.8
percentage points, The WIA reform, as our main focus, reduces the probability of
receiving DI by 5.8 percentage points, on average, during the years after the reform
has come into effect. The reduction of 5.8 percentage points corresponds to a 28.6%
drop (0.058/0.203) in DI receipt for the control group. Van Sonsbeek and Gradus
(2013) also find large effect of WIA. They showed that due to the WIA reform the
number of disability benefit awards in the working population decreased by 40
percent at the onset of the reform, although the impact of the reform slightly
decreased over time.

A back-of-envelope calculation in Appendix 4.C show that half of the reduction of
DI receipt in WIA comes from the reduction of observations who claim partial DI
benefit while work. This is consistent with the policy design of limiting the access
to partial DI benefit and encouraging people with mild disability to work. The rest
comes from the reduction of people who claim DI benefit but do not work. They can
be permanent disabled people that no longer work, or people who claim partial DI
but cannot find a job for the remaining working capacity. The reduction of the latter
group can result in a larger inflow into unemployment benefit.

Both reforms increase labor participation. The probability of working is 0.7 and 1.8
percentage points higher for the transitional WAO and WIA group, respectively,
compared to the WAO group. Borghans et al. (2014) find that a 1993 Dutch DI
reform with more stringent re-examination rules increased the fraction employed by
2.9 percentage points. Though their findings were under a more lenient DI regime
where there was larger room for changes and they focus on individuals younger than
age 45, still the effect of WIA on labor participation is not particularly large
compared with the past Dutch DI reform. According to the back-of-envelope
calculation in the Appendix 4.C, the increase in probability of working of WIA
reform comes from a larger fraction of people working without having DI. But this
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increase is partially offset by the fact that fewer people can work while claiming
partial DI benefit.

Individuals who could not access the disability benefit might have turned to benefits
from other benefit programs. We find evidence that the reforms induced sick
individuals to turn to the unemployment benefit. Compared to the control group, both
treatment groups increase their UB receipt, and the magnitude of the effects are
slightly smaller than those of labor participation. Both treatment groups, however,
become less likely to claim general assistance. It might be that the income earned
above the subsistence minimum due to work resumption or benefit substitution limits
the access to GA. Another possibility is that there is less need for claiming GA on
top of the DI because the DI itself can more easily be topped up to the social
minimum income.® Similar reasons can explain the decrease in receiving other
benefits for the WIA group.

Earlier studies in other countries also find evidence that tightening the eligibility
criteria leads to more take-up of other benefits (Karlstrom et al., 2008; Staubli, 2011).
Studies on earlier disability insurance reforms in the Netherlands, however, show
mixed results. Borghans et al. (2014) find that the disability reform in 1993, which
is similar to the transitional WAO reform, led to more benefit claims from other
benefit programs, while for reforms on the employer side, Koning and van Vuuren
(2010) and De Jong et al. (2011) find that the experience rating reform in 1998 and
the “Gatekeeper protocol” reform in 2002 had no spillover effects on UB.

In terms of the amount of benefits and salary, compared to the WAO regime, under
the WIA regime individuals received 50.8 euros less disability benefits, while they
earned 55.7 euros more salary, and received 22.8 euros more unemployment benefits,
on average. This shows that, due to the WIA reform, the decrease in disability
benefits received is compensated by higher wages and higher unemployment

84 If the benefit received from a benefit scheme (sickness, disability, or unemployment scheme), or the
wage earned during the second year of sickness (in the WIA), is lower than the applicable social
minimum, it is supplemented up to the social minimum according to the Supplementary Benefits Act
(Toeslagenwet). The total of the benefit and the social minimum supplement cannot exceed the former
wage. If the individual is living with a partner, the supplement is granted if the total income of the
individual and the partner is below the social minimum. If the individual is living alone, the amount of
the supplement depends on whether the individual has children.
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benefits so that, on balance, individuals earn a higher income (22.8 euros), on
average.

A back-of-envelope calculation shows that the main contributor to the effect of WIA
reform on benefit and salary amount is at the extensive margin. According to Table
4.2, the amount of DI conditional on having a DI is 253.895/0.198 = 1282.3 and
212.504/0.141= 1507.1 for WAO and WIA, respectively. Conditional on having a
DI, the average amount of DI benefit is higher for WIA than WAO, which is
consistent with the fact that people have to be more severely disabled to get WIA
benefit. The reduction if DI benefit mainly comes from the reduction of receipt
(extensive margin). For the salary increase of 55.7 euros, the majority, roughly
0.018 x(1376.214/0.534)= 46.4 euros, comes from the increase in WIA’s labor
participation.®> For the increase of UB, 0.014%(86.192/0.064)= 18.9 euros out of
22.8 euros can be attributed to the increase at the extensive margin. Similar
calculations can be done for transitional WAO group and the effects are also mainly
from the extensive margin.

WIA reform reduces 4.9 euros of GA, and has almost no effect on other benefits.
While transitional WAO reform reduces 2.8 euros of GA and increases 2.3 euros of
OB. But the magnitude of effects on GA and OB is very small compared to programs
like UB and DI

4.7 Effect over time

As found in the literature, effects of DI reform can rebound or decrease over time
(e.g. Staubli, 2011; Borghans et al., 2014). To study how the effects of transitional
WAO and WIA reforms change over time, we consider the following regression:

Vie = 210y vu(Treat] ™ WA% 5 d;) + 310 vy (Treat™ x dy) + X120, 8idye + Ay +
a; + Eit (42)

Compared to Equation (4.1), the Post; dummy, which indicates the entire “after”
period, is replaced by 10 event year dummies, dy;, d;, ..., dqo¢, indicating the 1%,
2nd ., 10™ year since the “after” period begins. For example, d,, indicates the
second year from the time the individual becomes eligible for disability benefit.

85 1376.214/0.534 gives the average salary of WAO in the “after” period conditional on working.
Numbers are from Table 4.2.
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Similar to equation (4.1), the “before” period is chosen as the base period for
comparison. The interaction terms of treatment and event year dummies capture the
mean difference in the outcome variable between the treatment and control groups
in a given event year compared to the mean difference between the two groups in the
pre-sickness period. The coefficients of the interaction terms y;; and y,, are effects
of transitional WAO and WIA reforms over 10 event years, respectively. In Figures
4.3a and 4.3b, we present these coefficient estimates of treatment and event year
dummies interactions over the “after” period of ten event years based on the
regression given by Equation (4.2).

As a result of the re-examination during 2004 to 2008 discussed in section 4.3, the
impact of the transitional WAO reform on labor participation and benefit use is short-
lived, with effects all disappearing in 4 years since eligible for DI.

The WIA reform shows a substantial and persistent reduction in the receipt and
amount of DI.

The magnitude of the effect is the largest in the first year and shrinks to half in four
years, also related to the re-examination between 2004 and 2008. The effect remains
stable afterwards. The effects of WIA on labor participation and salary are significant
and persistent over time, while the effects on UB, GA, and OB are larger at the
beginning but become smaller and eventually statistically indistinguishable from
zero in about seven years. This can be a consequence of the unemployment benefit
being temporary. The effects on GA and OB, though statistically significant, have
rather limited economic significance compared to the magnitude of effects on DI and
UB.

4.8 Heterogeneous effects

Disability reforms can affect sick individuals with different background and labor
market characteristics differently.

Gender

Previous literature finds gender difference in effects of DI reform. For example,
women experienced a larger increase in the probability to start working and to
participate in other social benefit programs than men in the 1993 Dutch reform that
tightens the entrance criteria to DI scheme (Borghans et al., 2014). We check if
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Figure 4.3a: Effects of reforms over time on labor participation and benefit

receipt

Note: The plots present coefficient estimates of treatment and annual dummy interactions for control and treatment
during the “after” period from regressions of equation (4.2) for labor participation, benefit receipt (disability and
unemployment benefit), labor income and benefit income. Around each estimate is a 95 percent confidence interval.
Regressions are based on the data available on a monthly basis for the reform period of ten years. The “before”
period is the base for comparison for annual dummies. Labor participation, benefit receipt, labor income or benefit
income is the outcome, and annual dummies, treatment and annual dummy interactions, calendar months dummies
and time-invariant individual fixed effects are controls. Each regression uses 14,626,356 observations for 77,769
individuals who fell sick during the period from July 2003 until March 2004. Standard errors are adjusted for
clustering at the individual level.
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Figure 4.3b: Effects of reforms over time on salary and the amount of benefit

Note: The plots present coefficient estimates of treatment and annual dummy interactions for control and treatment
during the “after” period from regressions of equation (4.2) for benefit receipt (general assistance and other benefits)
and benefit income. Around each estimate is a 95 percent confidence interval. Regressions are based on the data
available on a monthly basis for the reform period of ten years. The “before” period is the base for comparison for
annual dummies. Benefit receipt or benefit income is the outcome, and annual dummies, treatment and annual
dummy interactions, calendar months dummies, and time-invariant individual fixed effects are controls. Each
regression uses 14,626,356 observations for 77,769 individuals who fell sick during the period from July 2003 until
March 2004. Standard errors are adjusted for clustering at the individual level.

transitional WAO and WIA reforms also display such gender difference. Table 4.4
splits out the main results in Table 4.3 by gender.

For transitional WAO reform we do not see a significant difference between men and
women. For WIA reform, the gender difference operates in the opposite way
compared to the 1993 reform. DI reduction and UB increase are larger among men
than women. This result is expected. Men earn, on average, higher wages than
women. In the Dutch disability scheme, a higher pre-disability wage means a higher
probability of getting a partial disability benefit. This is because the pre-disability
wage is compared to a (lower) fictitious new wage that can be earned given one’s
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disability. A higher pre-disability wage implies more alternative work opportunities

with lower fictitious new wages (Section 4.2).

Table 4.4: Main results by gender

Age of falling sick Female Male
Coefficient Trans. WAO WIA X Trans. WAO WIA X
estimates Post Post Post Post
DI receipt —0.006 —0.049%** —0.009** —0.066%**
(0.004) (0.004) (0.004) (0.004)
Labor Participation 0.009* 0.019%** 0.006 0.017***
(0.005) (0.005) (0.005) (0.005)
UB receipt 0.004* 0.013%%* 0.002 0.015%**
(0.002) (0.002) (0.002) (0.002)
GA receipt —0.002 —0.005** —0.004** —0.003*
(0.003) (0.003) (0.002) (0.002)
OB receipt 0.001 —0.003*** 0.001 —0.007%**
(0.001) (0.001) (0.001) (0.001)
—42.663*%* —57.375%*
DI amount -9.903* * -2.629 *
(5.551) (5.720) (6.288) (6.454)
Salary 21.049 45.298%** 20.141 64.482%**
(14.452) (15.289) (19.657) (20.395)
UB amount 5.544%** 15.630*** 5.125% 28.468***
(2.277) (2.358) (2.844) (2.953)
GA amount -1.970 —6.059%** —3.536** —3.996%%*
(2.637) (2.738) (1.662) (1.739)
OB amount 1.071 —1.547 3.138 1.642
(1.333) (1.312) (1.918) (1.939)
Individuals 6,429,372 8,196,984
Observations 34,186 43,583

Notes: All regressions employ the linear regression model given by Eq. (4.1). Standard errors, in parentheses, are
adjusted for clustering at the individual level. ***, ** * indicate statistical significance at the 0.01, 0.05, 0.10 levels,
respectively. P-values based on the Wald statistic for the equality of the estimated reform effects for men and women
are as follows. For the transitional WAO reform, the p-values are 0.596, 0.671, 0.480, 0.579, 1.000, 0.386, 0.970,
0.908, 0.615, and 0.376 for the ten outcome variables. For the WIA reform, the p-values are 0.003, 0.777, 0.480,
0.579, 0.005, 0.088, 0.452, 0.001, 0.525, and 0.173.

Age of falling sick

Age can also play a role. The elderly workers may have more difficulties in
recovering from diseases and resuming working. Table 4.5 shows results by three
age groups when individuals fell sick: individuals who are younger than 30, between
30 and 50, and older than 50.

Both reforms reduce DI more for older age group than other groups. This might
reflect a composition effect. Older individuals more often hold a regular work
contract (68.1 and 39.6 percent of the individuals in the oldest and youngest age
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groups, respectively) which might make it more difficult to access the disability
scheme for different reasons. For example, it might be easier to find potential jobs
that these individuals can still perform, leading to a smaller disability grade for them
(Section 4.2). However, this explanation is not supported by the results on labor
participation and unemployment benefit receipt. Older individuals appear to be less
able to compensate the decrease in disability benefit receipt or income with higher
labor participation or wages, whereas they more often rely on unemployment benefit.
Another possibility is that with the WIA reform employers have become reluctant to
allow access to disability insurance on the basis of the age of their employees. The
cost of a sick worker for the employer has increased since the introduction of
experience rating in 1998 which punishes firms with many employees on disability
benefits by charging them with a higher premium. Since older individuals are more
likely to fall sick, cost of a sick worker is higher if the share of older workers is
higher in the firm. Since the WIA reform extended the experience rating period from
5 to 10 years for partially disabled individuals (Section 4.2), employers might have
become selective in allowing their older workers to access disability benefits.

The effect of the WIA reform found for the younger age group (2.9 and 2.7
percentage points for the group younger than 30 and the group between 30 and 50,
respectively) is similar to the effect of the 1993 Dutch DI reform among the
individuals of a similar age group. Borghans et al. (2014) find that the 1993 reform
increased the probability of working by 2.9 percentage points for workers younger
than age 45. During the years before the 1993 reform was introduced, exceptionally
large numbers of people were receiving benefits due to the very generous disability
scheme. There was therefore much potential for strong labor supply responses to the
disability reform. We could expect that the potential for labor supply responses have
become smaller in the aftermath of the 1993 reform due to the stricter eligibility
criteria brought by this reform. The similar effect sizes of the 1993 and WIA reforms,
therefore, suggest that the effect of the WIA reform on labor participation for the
younger cohort is at least comparable to the 1993 reform.

Work status

Table 4.6 distinguishes results between individuals who hold a regular contract,
temporary contract or a contract through a temporary work agency, and who are
unemployed. Sick individuals with different work status can face difference
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incentives under the reform measures, e.g. a worker holding a permanent contract
with an employer actively urging him back to work may show different behavioral
response in work resumption from a saddened unemployed individual claiming
sickness benefit from the government.

Table 4.5: Main results by age of falling sick

Age of falling sick <30 [30,50) =50
Trans. Trans. Trans.

Coefficient WAOQO x WAOQO x WAO x WIA x

estimates Post WIA x Post Post WIA x Post Post Post

DI receipt —=0.000 —0.031*** -0.007* —0.064*** —0.019%*** —0.073***
(0.006) (0.006) (0.004) (0.004) (0.006) (0.006)

Labor

Participation 0.013* 0.029%*** 0.008* 0.027*** 0.017*** 0.022%**
(0.007) (0.008) (0.004) (0.004) (0.007) (0.007)

UB receipt —0.001 0.004** 0.002 0.012%** 0.008** 0.028***
(0.002) (0.002) (0.002) (0.002) (0.003) (0.003)

GA receipt -0.005 =0.010** —0.002 —0.002 —0.001 —0.002
(0.004) (0.004) (0.002) (0.002) (0.002) (0.002)

OB receipt 0.001 =0.001 0.001 —0.006*** 0.001 —0.007***
(0.001) (0.001) (0.001) (0.001) (0.002) (0.002)

—77.244%*

DI amount —3.668 —25.740%** —1.645 —53.891%**  —2327]1%* *
(7.015) (7.432) (5.828) (5.980) (9.920) (9.976)

Salary 41.470%  88.133*** 33.887** 100.694***  40.406 79.531***
(22.215) (24.291) (16.037) (16.480) (27.142) (27.567)

UB amount -0.236 6.450%** 5.110** 17.669%** 11.345%* 47.564%%*
(2.213) (2.318) (2.285) (2.354) (5.433) (5.545)

GA amount —4.872 —10.522%%* —2.136 —2.293 —0.862 —2.193
(3.953) (4.145) (2.054) (2.163) (2.035) (2.092)

OB amount 2.114* —0.204 1.767 —0.020 2.747 -0.214
(1.239) (1.209) (1.350) (1.289) (3.890) (3.949)

Individuals 2,830,800 8,217,612 3,577,944

Observations 15,031 43,695 19,043

Notes: All regressions employ the linear regression model given by Eq. (4.1). Standard errors, in parentheses, are
adjusted for clustering at the individual level. *** ** * indicate statistical significance at the 0.01, 0.05, 0.10 levels,
respectively. P-values based on the Wald statistic for the equality of the estimated reform effects for individuals who
fell sick between age 30 to 50 and those who fell sick before age 30 are as follows: for the transitional WAO reform,
the p-values are 0.332, 0.535, 0.289, 0.502, 1.000, 0.824, 0.782, 0.093, 0.539, and 0.850 for the ten outcome variables.
For the WIA reform, the p-values are 0.000, 0.823, 0.005, 0.074, 0.000, 0.003, 0.669, 0.001, 0.078, and 0.917. P-
values based on the Wald statistic for the equality of the estimated reform effects for individuals who fell sick older
than 50 and those who fell sick before age 30 are as follows: for the transitional WAO reform, the p-values are 0.025,
0.686,0.013, 0.371, 1.000, 0.107, 0.976, 0.048, 0.367, and 0.877 for the ten outcome variables. For the WIA reform,
the p-values are 0.000, 0.510, 0.000, 0.074, 0.007, 0.000, 0.815, 0.000, 0.073, and 0.998.

The effects of reforms show substantial heterogeneity with respect to work status.
Both reforms are least effective for the unemployed individuals, with least increase
in labor participation and most increase in the unemployment benefit.
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Table 4.6: Main results by work status

Age of falling sick  Regular Temp. Unemployed
Trans. Trans. Trans.

Coefficient WAOQO x WAOQO x WAOQO x

estimates Post WIA X Post Post WIA x Post Post WIA X Post

DI receipt —0.009** —0.058*** —0.016** —0.055%** —0.004 —0.068***
(0.004) (0.003) (0.008) (0.008) (0.008) (0.008)

Labor Participation 0.008* 0.032%%* 0.019%* 0.026%** —0.000 —0.027***
(0.004) (0.005) (0.008) (0.009) (0.008) (0.008)

UB receipt 0.001 0.005%** 0.007%* 0.023%** 0.007* 0.043%**
(0.001) (0.001) (0.003) (0.003) (0.004) (0.004)

GA receipt —0.001 —0.003* —0.009* —0.014*** —0.006 —0.003
(0.001) (0.001) (0.005) (0.005) (0.004) (0.005)

OB receipt 0.001 —0.006*** —0.002 0.002 0.003 —0.009***
(0.001) (0.001) (0.002) (0.002) (0.002) (0.002)

DI amount —4.681 —55.7753%%%* —12.497 —39.572%**  —9.387 —51.530%**
(5.231) (5.292) (10.595) (11.544) (11.194) (11.454)

Salary 30.114 125.315%** 45.490* 61.299** -9.080 —119.296%**
(18.607) (19.240) (25.687) (28.120) (23.914) (23.816)

UB amount 2.518 8.604*** 10.605***  32785%** 18.325***  70.116%**
(2.007) (2.140) (3.937) (4.301) (6.169) (6.107)

GA amount —1.532 —2.974%* —9.038* —15.257***  —5472 -3.515
(1.270) (1.345) (4.723) (5.062) (4.468) (4.631)

OB amount 3.493%%* —3.611%* -0.336 6.693%* 2.592 6.562%**
(1.753) (1.733) (2.254) (2.818) (2.677) (2.450)

Individuals 8,518,944 2,534,856 2,945,844

Observations 45,312 13,445 15,682

Notes: All regressions use model given by Eq. (4.1). Standard errors in parentheses are adjusted for clustering at the
individual level. ***, ** * indicate statistical significance at the 0.01, 0.05, 0.10 levels, respectively. P-values based
on the Wald statistic for the equality of the estimated reform effects for individuals hold a temporary work contract
and those who hold a regular work contract are as follows: for the transitional WAO reform, the p-values are 0.434,
0.219,0.058,0.117,0.180, 0.508, 0.628, 0.067, 0.125, and 0.180 for the ten outcome variables. For the WIA reform,
the p-values are 0.725, 0.560, 0.000, 0.031, 0.000, 0.203, 0.060, 0.000, 0.019, and 0.002. P-values based on the Wald
statistic for the equality of the estimated reform effects for individuals who are unemployed and those who hold a
regular work contract are as follows: for the transitional WAO reform, the p-values are 0.576, 0.371, 0.146, 0.225,
0.371, 0.703, 0.196, 0.015, 0.396, and 0.778 for the ten outcome variables. For the WIA reform, the p-values are
0.242, 0.000, 0.000, 1.000, 0.180, 0.738, 0.000, 0.000, 0.911, and 0.001.

In particular, we find the following two notable results: first, the WIA reform
decreases use of disability benefit among the unemployed individuals more than it
does among those who hold a temporary or regular contract. It might be that the
unemployed are more often sick, without necessarily having severe health problems,
and therefore are more likely to be affected by a stricter disability benefit regime.
Furthermore, the reform decreases labor participation and salary among the
unemployed but increases them among those with regular or temporary work
contracts. WIA reform brings a much larger increase in the receipt and amount of
UB for the unemployed individuals than those with regular and temporary contract.
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It might be that the work resumption incentives brought by the WIA reform lead
employers to reintegrate their employees back to their job while they prove
ineffective if there is no employer (Koning and Lindeboom, 2015). On the employees’
side, the incentives to resume working may be smaller for the unemployed
individuals insured under the WIA, compared to those insured under the WAO, since
they spend an additional year in the sickness scheme before they become eligible for
disability benefits. A longer unemployment spell may lead to more human capital
loss or have a stronger “scarring effect” for the sick unemployed individuals, and
decrease their prospects of finding a job (Arulampalam, 2001; Arulampalam et al.,
2001). These results suggest that the reforms risk making the individuals who are
unemployed particularly vulnerable to become disabled since they appear to have
limited access to the disability scheme and lack the incentives other groups have to

resume working.

A second notable result follows from comparing the results for workers with regular
and temporary contracts. Due to the WIA reform, individuals with regular contracts
show a slightly higher increase in labor participation compared to those with
temporary contracts. This is expected because these individuals have an employer to
return to after recovering from sickness within two years. However, these individuals
are far better in coping with the loss of disability benefit as they increase their salary
by a much larger amount and rely less on unemployment benefit. Possibly for the
same reason, resuming work with their own employer gives them more flexibility in
increasing their number of work hours to the former level compared to the
individuals with temporary contracts who usually have to resume working with a

new employer.
4.9 Sensitivity analyses

“Randomly” falling sick and the seasonality

One of the main assumptions for our empirical strategy is that sick individuals cannot
manipulate the date of falling sick to select themselves into the control or treatment
groups.

For transitional WAO this assumption is not likely to violate, because the stricter
criteria to become eligible for disability benefit after a sickness period of one year
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was announced much later, on 12 March 2004. This means that sickness reporting in
reaction or anticipation to the transitional reform is impossible.

For WIA reform, the government only presented a general policy program outlining,
among other targets, its plan to reform the WAO scheme on 15 September 2003. In
particular, it is announced that the sickness period will be extended from one to two
years, and a stricter disability insurance law will be introduced for the individuals
who fall sick from 1 January 2004. The details of the law were announced much later
on 18 August 2004. This means that, in Figure 4.4, which presents the distribution
of individuals by the month of falling sick, individuals who fall sick in the peak
month of September are unlikely to have selected themselves into the lenient WAO
scheme since they have little time to react to the planned reform announced in mid
September.

Distribution of individuals over the months they fall sick

Number of individuals
2,000 4,000 6,000 8,000 10,000
1

0

07.2003 08.2003 09.2003 10.2003 11.2003 12.2003 01.2004 02.2004 03.2004
Month when individuals fall sick

Figure 4.4: Distribution of individuals over the months they fall sick

If the individuals select themselves into transitional WAO to avoid a much stricter
WIA regime, we would expect a peak in December right before the WIA reform
commencing in January. However, we do not see such pattern in Figure 4.4. The
number of sickness cases slight drop in December which rather reflects the
seasonality of sickness cases.®

86 Van Sonsbeek and Gradus (2013) show that the DI inflow usually peaks in the first quarter and
reaches the trough in the third quarter. The pattern of DI inflow reflects a lagged pattern of sickness
cases.
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We further do a “donut-hole” regression, dropping individuals falling sick in
September and December, for two purposes: the first purpose is to check the strategic
behavior around the commencing dates of the two reforms. For those who
strategically select themselves into a more lenient system, we would expect these
people are more likely to utilize the DI system. By dropping individuals falling sick
right before the two reforms (i.e., September and December, we check if dropping
these people would change the estimation results. Seocondly, by removing
individuals in the peak and trough months, we also check if the results are robust to
the seasonaity of the sickness cases. The Panel (1) of Table 4.7 shows that the results
are rather robust to dropping individuals falling sick in special months.

Common trend assumption

Another main assumption of our identification strategy is that the potential outcomes
of control and treatment groups (in absence of reforms) share common trends. We
cannot directly test this assumption. But we can show evidence for parallel trends in
the pre-sickness period. As mentioned in Section 4.4, Figures 4.1a and Figure 4.1b
show that control and treatment groups share very similar time trends until
individuals fall sick in most cases. But the lines of WAO group is slightly lower than
other groups for the receipt and amount of general assistance between January 2002
and June 2003. And the lines of WAO group’s labor participation and the amount of
unemployment benefit are slightly higher than other groups between January 2002
and January 2003, and between January and June 2003, respectively.

Following Abrammitzky and Lavy (2014) we use regression analysis to show the
evidence and potential violation of the common pre-trend across groups. In particular,
we use pre-sickness data from January 1999 to June 2003 to estimate a regression
where labor participation, benefit receipt, labor income, or benefit income is the
outcome, and calendar month dummies, interactions of treatment and calendar
month dummies, and time-invariant individual fixed effects are controls. January
1999 is chosen as the base month for comparison. Coefficient estimates of interaction
terms that are not statistically different from zero provide evidence in favour of the
common trend assumption.
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Figures 4.5a and 4.5b plot the coefficient estimates of the treatment and calendar
month dummy interactions from regressions where labor participation, benefit
receipt, labor income, and benefit income are the outcomes.®’
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Figure 4.5a: Coefficient estimates of treatment groups and calendar month
interactions in the pre-sickness period

Note: Around each estimate is a 95 percent confidence interval. Regressions are based on pre-sickness data from
January 1999 to June 2003. January 1999 is the base month for comparison. Labor participation, salary, the receipt
or the amount of unemployment benefit is the outcome, and calendar month dummies, treatment and calendar month
dummy interactions, and time-invariant individual fixed effects are controls. Each regression uses 4,199,526
observations for 77,769 individuals who fell sick during the period from July 2003 until March 2004. Standard errors
are adjusted for clustering at the individual level.

87 We do not plot for the receipt and amount of DI because the outcomes equal 0 in the pre-sickness
period.
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Figure 4.5b: Coefficient estimates of treatment groups and calendar month
interactions in the pre-sickness period

Note: Around each estimate is a 95 percent confidence interval. Regressions are based on pre-sickness data from
January 1999 to June 2003. January 1999 is the base month for comparison. The receipt or the amount of general
assistance or other benefits is the outcome, and calendar month dummies, treatment and calendar month dummy
interactions, and time-invariant individual fixed effects are controls. Each regression uses 4,199,526 observations
for 77,769 individuals who fell sick during the period from July 2003 until March 2004. Standard errors are adjusted
for clustering at the individual level.

For both treatment groups, the coefficient estimates are not statistically different in
most months for most outcomes. However, for the receipt and amount of general
assistance, we do see a small differetial trend from January 2002 to June 2003. For
labor participation, coefficients deviate slightly from 0 between Januaray 2002 and
January 2003. And the curve of the amount of unemployment benefit also slightly
tilts down since January 2003. This pattern is consistent with the deviating curves of
the WAO group in Figure 4.1a and 4.1b.

To check how these differential trends matter, we do the following two sets of
sensitivy checks: the first set of analyses checks how much the differential trends in
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the pre-sickness periods matter to the estimation results. We only keep observations
from Januaray 1999 to December 2001 in the pre-sickness periods when we do not
observe violations of common trend. We run the same regressions as in the main
analysis based on the sample with restricted “pre-sickness” periods. Results are
summarized in Panel (2) of Table 4.7. They are very close to the main results in Table
4.3, indicating that results are robust to whether we include the periods with
differential trends or not. Another check is to explicitly control for differential
calendar time trends between the “problematic period”, that is, we add treatment
group indicators interacting with calendar month dummies from Janurary 2002 to
June 2003 as extra controls to Equation (4.1). Panel (3) of Table 4.7 shows the
estimation results. They are also very close to the main results in Table 4.3,
suggesting that the existence of the occasional diffferential trends does not influence
the estimation results.

Another concern is that the deviation from common trend at the end of the pre-
sickness period may influence the potential outcomes after falling sick. To address
this concern, we first check if the violation of common trend occurs randomly or
systematically across outcomes when using different subgroups of WAO as control
groups. Here subgroups refers to people falling sick in July, August, and September
of 2003. Like what we do for Figure 4.5a and 4.5b, we keep data from January 1999
to June 2003, and regress each outcome on individual fixed effects, calendar month
dummies, and calendar month dummies interacting with indicators for transitional
WAO (T1) and WIA (T2), respectively. Each set of regressions are done on three
samples where we use the July, August, and September group as the control group,
respectively. We test for the null hypotheses that (1) the coefficients of pre-
monthsxT1 all equal 0; (2) the coefficients of pre-monthsxT2 all equal 0. The F
statistics and the p-values are summarized in Table 4.8. If the null hypothesis is
rejected at the significance level of 0.05, we consider it as an indication of potential
violation of the common pre-trend. The shaded grids indicate samples where no
violation of common pre-trend is detected.

We find that the violation does not occur systematically across outcome variables
and across different subgroups of WAO as the control group.

Next, we pick the “safe control group” where we do not detect a differential pre-
trend for each outcome, i.c., the shaded groups in Table 4.8. For the receipt and
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amount of DI whose pre-trends are always 0, any subgroup can be considered as the
“safe group”. We just randomly pick August group as the control group for these two
outcome variables. Based on the selected control group, we estimate the same model
in Equation (1) and show results in Panel (1) of Table 4.9. The results are very similar
to the main results in Table 4.3. Estimations with subsamples that have parallel trend
between control and treatment groups give essentially the same results, suggesting
that results are robust to the existence of the slight differential trends in some of the
outcome variables.

Table 4.7: Sensitivity analysis on dropping special months and pre-sickness

trend
(2) Restricted "before" (3) Control for
(1) Donut-hole period differential trend
Trans. Trans. Trans.
Coefficient WAO x WIA x WAO x WAO x WIA x
estimates Post Post Post WIA x Post Post Post
DI receipt -0.012***  -0.060*** —0.008**  —0.059*** -0.008** -0.058***
(0.004) (0.003) (0.003) (0.003) (0.003) (0.003)
Labor Participation 0.014%** 0.025%** 0.005 0.015%** 0.005 0.015%**
(0.004) (0.004) (0.004) (0.004) (0.004) (0.004)
UB receipt 0.005%** 0.015%** 0.003** 0.013%** 0.002* 0.014%%**
(0.002) (0.002) (0.001) (0.001) (0.001) (0.001)
GA receipt -0.001 -0.004** -0.001 —0.002 -0.001 —0.002
(0.002) (0.002) (0.002) (0.002) (0.002) (0.002)
OB receipt 0.001 -0.005%** 0.001 —0.005*** 0.001 —0.005***
(0.001) (0.001) (0.001) (0.001) (0.001) (0.001)
DI amount -12.053%*  -52.3]9%** —5.618 —50.829%*x -5.49 -50.803***
(5.318) (5.106) (4.300) (4.414) (4.301) (4.413)
Salary 33.934%* 73.734%** 16.998 55.893 %%x 17.05 54.915%**
(16.124) (15.64) (13.296) (13.836) (13.153) (13.694)
UB amount 9.193%%** 24 271 *** 5.068+%x  20.480%%x 4.932%*% 22 160***
(2.347) (2.247) (1.827) (1.894) (1.825) (1.895)
GA amount -2.373 -5.053%%%* —1.236 —3.024% -1.400 -3.315%*
(1.835) (1.779) (1.608) (1.671) (1.580) (1.643)
OB amount 1.111 0.221 2.194+% —0.000 2.167* 0.157
(1.482) (1.415) (1.257) (1.239) (1.249) (1.235)
Individuals 11,145,396 12,916,711 14,626,356
Observations 59,639 77,769 77,769

Notes: All regressions employ the linear regression model given by Eq. (4.1) except for Panel (3). Standard errors,
in parentheses, are adjusted for clustering at the individual level. ***, ** * indicate statistical significance at the
0.01, 0.05, 0.10 levels, respectively. Panel (1) is based on a sample dropping individuals falling sick in September
and December 2003. Panel (2) is based on a sample with restricted pre-sickness period, i.e., in the pre-sickness
periods, only observations in Januaray 1999 to December 2001 are included. Panel (3) controls for differential
calendar time trends during the period from 01.2002 to 06.2003, that is, we add treatment group indicators interacting
with calendar month dummies from 01.2002 to 06.2003 as extra control to Equation (4.1).
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Table 4.8: Tests for common pre-trend with subgroups of the WAO as
alternative control groups

Control July group August group September group
F stat. p val. F stat. p val. F stat. p val.

Labor Participation
Pre-monthsxTrans. WAO  1.28* 0.0810 1.14 0.2213  1.07 0.3416

Pre-monthsxWIA 1.41** 0.0261 1.41%* 0.0267 1.32%* 0.0597
UB receipt

Pre-monthsxTrans. WAO 1.16 0.2027 1.04 0.3918 1.05 0.3715
Pre-monthsxWIA 1.29* 0.0749 1.27* 0.0911 0.74 0.9236
GA receipt

Pre-monthsxTrans. WAO  1.08 0.3155 0.94 0.5947 0.88 0.7107
Pre-monthsxWIA 1.11 0.2668 1.32% 0.0571 1.33* 0.0527
OB receipt

Pre-monthsxTrans. WAO  0.99 0.5022 1.29* 0.0776  0.73 0.9320
Pre-monthsxWIA 1.14 0.2215 1.38%%* 0.0349 0.95 0.5717
Salary

Pre-monthsxTrans. WAO 1.1 0.2932 1.28* 0.0822 1.27* 0.0914
Pre-monthsxWIA 1.11 0.2743 1.26* 0.0968 1.19 0.1652
UB amount

Pre-monthsxTrans. WAO  2.02***  (0.0000 1.36** 0.0414 0.94 0.6048
Pre-monthsxWIA 2.16**%* 0.0000 1.64*** 0.0023 0091 0.6533
GA amount

Pre-monthsxTrans. WAO 1.24 0.1151 1.60*** 0.0037 1.03 0.4172
Pre-monthsxWIA 1.21 0.1375 1.80*** 0.0003 1.36**  0.0408
OB amount

Pre-monthsxTrans. WAO 1.1 0.2949 1.06 0.3627 0.83 0.8041
Pre-monthsxWIA 1.25 0.1083 0.85 0.7683 1.06 0.3656

Note: *** ** * indicate statistical significance at the 0.01, 0.05, 0.10 levels. Each outcome is regressed on calendar
month dummies, calendar month dummies interacting with group indicators (Trans. WAO and WIA), and individual
fixed effects on a sample between January 1999 to June 2003 where the control group is the group falling sick in
July, August, and September respectively. We report the F stat and the p-value of the joint tests for the null hypotheses
that (1) the coefficients of pre-monthsxT1 all equal 0 (2) the coefficients of pre-monthsxT2 all equal 0. Shaded grids
are samples where no violation of common pre-trend is detected.

Alternative sample restrictions
As explained in Section 4.3 and Appendix 4.A, we restrict sample to sickness cases

longer than 180 days to ensure the comparability of groups, because there is under-
reporting of short cases especially in the WAO group.

However, restricting sample to relatively longer duration of 180 days may overlook
the behavioral responses early in the waiting period, that is, people may select
themselves into a shorter or longer stay in the sickness period, which will lead to an

under- or overestimation of the effects of the reforms. For example, healthier
individuals may think that two years of waiting period is too long and they will
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Table 4.9: Regressions with control groups where no differential trend is
detected and placebo test

(1) Safe control group (2) Placebo test
Coefficient Trans. WAO Chosen control Trans. WAO WIA X
. WIA x Post
estimates x Post group X Post Post
DI receipt -0.008#%*%* -0.060%** August -0.005 0.002
(0.004) (0.004) gt (0.005) (0.005)
Labor "
Participation -0.003 0.008 September -0.000 -0.009
(0.005) (0.005) (0.006) (0.006)
UB receipt 0.001 0.012%** September -0.002 -0.001
(0.002) (0.002) p (0.002) (0.002)
GA receipt -0.004 -0.005** Tul 0.002 0.000
(0.002) (0.002) y (0.003) (0.003)
OB receipt 0.001 -0.005%%*%* September 0.002 0.000
(0.001) (0.001) (0.001) (0.001)
DI amount -2.443 -48.631%** August -3.600 5.723
(6.169) (6.267) gt (7.332) (7.415)
Salary 73.793*** 110.880%** Tul 11.242 -21.101
(20.574) (21.004) Y (21.747) (21.608)
UB amount 2.737 20.385%** September -4.912 -1.774
(2.448) (2.508) (3.272) (3.173)
GA amount -3.100 -5.119%* Jul 1.757 1.265
(2.270) (2.320) y (2.612) (2.590)
OB amount 2.527 0.564 September 1.521 -0.046
(1.606) (1.623) p (1.960) (2.083)
July as control August as September as
control control
Individuals 11,006,388 11,210,676 11,635,380 5,013,312
Observations 58,915 59,979 62,191 26,111

Notes: All regressions employ the linear regression model given by Eq. (4.1). Standard errors, in parentheses, are
adjusted for clustering at the individual level. ***, ** * indicate statistical significance at the 0.01, 0.05, 0.10 levels,
respectively. Panel (1) is based on a sample with a selected subsample of WAO as the control group. The column
“chosen group” indicates which subsample is chosen as the control group. July, August, September refers to the
subgroup falling sick in July, August, and September of 2003. Panel (2) is based on WAO group only. The WAO

LIS

group is randomly divided into three “placebo groups”, “placebo control”, “placebo transitional WAO”, and
“placebo WIA”. The number of individuals for three “placebo groups” are 8703, 8704, and 8704, respectively. We
then estimate the same model as Equation (4.1) on the placebo sample.

recover before two years anyway. So they may decide to exit waiting period and
return to worker earlier in WIA than in WAO. In this case, dropping sickness cases
shorter than 180 days will drop more of such healthier guys in WIA than in WAO,
which will lead to an underestimation of the effects of the WIA reform. By the same
token, the effects of the reforms can be over-estimated if individuals under WIA are
inclined to stay longer in sickness period, being paid without working.

Here we examine how much the results would be influenced by the under-reporting

issue and the potential overlook of the behavioral responses early in the waiting
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period (self-selection issue). We estimate regressions given by Equation (4.1) on
three samples of individuals who have spent at least 90, 120, and 150 days in sickness.

Table 4.10: Main regressions with alternative sample restrictions

Sick at least for: 90 days 120 days 150 days
Trans. Trans. Trans.
WAOQO x WIA x WAOQO x WAOQO x WIA x
Coefficients: Post Post Post WIA X Post Post Post
DI receipt -0.021%** -0.052%** -0.014%** -0.050%** -0.010%** -0.053***
(0.002) (0.002) (0.002) (0.002) (0.003) (0.003)
Labor Participation  0.017*** 0.028*** 0.011%*%* 0.021%** 0.008** 0.018%***
(0.003) (0.003) (0.003) (0.003) (0.003) (0.003)
UB receipt 0.002* 0.010%** 0.002%** 0.011*** 0.003*** 0.013%%**
(0.001) (0.001) (0.001) (0.001) (0.001) (0.001)
GA receipt -0.001 -0.003*** -0.002 -0.004*** -0.002* -0.004***
(0.001) (0.001) (0.001) (0.001) (0.001) (0.001)
OB receipt 0.000 -0.004*** 0.000 -0.004*** 0.000 -0.004***
(0.001) (0.001) (0.001) (0.001) (0.001) (0.001)
DI amount -24.601%*%* 52 127%%* -14.913%**  46.730*** -8.820** 46.764%%*
(3.009) (3.084) (3.362) (3.462) (3.804) (3.914)
Salary 41.900%*** 77.722%%%* 23.891** 59.118%%** 16.38 53.001 ***
(10.100) (10.528) (10.895) (11.407) (11.799) (12.339)
UB amount 3.820%** 16.603*** 4.767*** 18.725%** 6.152%** 21.714%%*
(1.447) (1.489) (1.574) (1.627) (1.721) (1.783)
GA amount -1.167 -4.193*** -2.180%* -4.766*** -2.847** -4,952%**
(1.147) (1.187) (1.245) (1.297) (1.367) (1.426)
OB amount 0.977 -0.567 1.612* 0.095 2.009* 0.145
(0.883) (0.888) (0.971) (0.983) (1.081) (1.088)
Individuals 23,579,556 20,078,508 17,097,660
Observations 125,535 106,807 90,918

Notes: All regressions employ the linear regression model given by Eq. (4.1). Standard errors, in parentheses, are
adjusted for clustering at the individual level. ***, ** * indicate statistical significance at the 0.01, 0.05, 0.10 levels,
respectively. The three panels correspond to samples of sick individuals who are at least sick for 90, 120, and 150
days.

For the WIA reform, as we include shorter sickness cases into our sample, on one
hand, we expect the estimated effects to increase or decrease due to the alleviation
of the aforementioned self-selection issue. On the other hand, we expect more severe
under-reporting issue of short-term sickness, which will lead to further
overestimation of the effects. For the transitional WAO reform, we expect the effects
to be further overestimated as we allow for shorter sickness cases into the sample.
The transitional WAO group should be less influenced by the self-selection issue
than WIA group since transitional WAO reform did not change the length of the
sickness period. The under-reporting issue should dominate and blow up the

estimates.
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Estimation results shown in Tables 4.10 are rather consistent with our expectation.
Compared with the baseline results in Table 4.3, results are qualitatively similar for
the WIA reform in almost all outcomes. The only exceptions are the estimated effects
on labor participation and wage in the sample of individuals spending at least 90
days in sickness. The effects are larger, possibly due to a dominating under-reporting
issue. For transitional WAO reform which is supposed to be mainly influenced by
the under-reporting issue, we indeed observe the increasingly overestimation of the
effects on the receipt and amount of disability benefit and wage as we allow for
shorter sickness cases. For other variables, the results are rather robust.

To sum up, these results suggest that the baseline estimates of the effects are to a
large extent robust to the sampling of sick individuals with respect to the number of
days they spend in the sickness scheme.

Placebo test and Mortality effect

We run a placebo test to check if there is an “effect” when there is no reform. We
randomly divide WAO group into three “placebo groups”, “placebo control group”
with 8703 individuals, “placebo transitional WAO group”, and “placebo WIA group”,
both with 8704 individuals. We estimate the same model as in Table 4.3. Results are
shown in Panel (2) of Table 4.9. As expected, no effect is found in in any outcome

variable in the placebo sample.

We also check the mortality rates across groups. Note that individuals do not exit the
sample because of death. But checking mortality rates gives an idea of the extreme
health effect of the reform, and also partially explain why some individuals are
neither working nor claiming any benefits. We do not have direct information on
mortality. But the missing values in the dataset of demographic information usually
indicate death or moving abroad. This informaiton can therefore be seen as the upper
bound of the mortality. We found 150 individuals out of 26111 individuals (0.57%)
in WAO group “died” within the sample period. For transitional WAO gorup and
WIA, the number is 131 out of 26217 individuals (0.50%) and 125 out of 25441
(0.49%), respectively. The mortality rates are small and similar across groups.
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4.10 Conclusion

In the last decades disability insurance programs have grown in many western
countries. Governments implement social security reforms to reduce enrollment in
the disability insurance program and the cost of disability benefits. We evaluated a
major disability insurance reform in the Netherlands, WIA reform, that introduced a
basket of changes, including strong incentives for work resumption, tightening
entrance criteria, extending the waiting period, etc. Using unique administrative data
on agents who fall sick before and after the reform, we analyzed the effect of the
reform on individuals’ labor participation decisions and use of benefits from
alternative social security programs.

Difference-in-difference analyzes provide notable findings. WIA reform decreased
the amount and receipt of disability benefit substantially, and its impact had been
persistent during the ten years of the study period. It increased labor participation
and the unemployment benefit receipt to a sizable extent. On average, individuals
fully compensate lost disability benefits by the increase in the salary and the
unemployment benefit.

The impact of the WIA reform is substantially heterogeneous with respect to work
status and age. Individuals who are unemployed are much more limited in their
access to the disability insurance scheme and lack the incentives the group of
individuals with regular or temporary contracts have to resume working. WIA reform
even decreases the labor participation and income for the unemployed group. This
suggests that unemployed individuals, who are already a vulnerable labor market
group, face additional limitations in their access to the labor market when they fall
sick. Besides the unemployed, older individuals appear as a second vulnerable group.
They are less able to compensate the decrease in disability benefit receipt or income
with higher labor participation or wages, whereas they more often rely on
unemployment benefit.

These heterogeneous effects raise inequality concerns and call for extra attention to
the vulnerable labor market groups under such universal reform. For policy makers,
special care should be given to the naturally “left-out” group. Like in the WIA reform,
employers are supposed to play an important role in facilitating work resumption.
Then the unemployed individuals are natuarally “left out” by the policy design. Extra

measures need to be considered to protect them from welfare loss.
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In the future research, it would be interesting to investigate the effect of WIA reform
on individuals’ health and health care utilization. The effects of the reform could be
heterogeneous depending on the household structure. The within-household or inter-
generational spillover effect of the reform, and decomposing the effect of each policy
measure from the overall policy effect, would all be interesting next steps.
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Appendix 4.A The under-reporting of sickness cases shorter than 180

days

According to the “Gatekeeper Protocol”, sickness cases longer than 13 weeks must

be reported to UWV. For sickness cases shorter than longer than 90 days, there can

be under-reporting of cases. Figure 4.A.1 shows the distribution of the sickness

duration by the month of falling sick for cases between 0 to 360 days. Indeed the

distributions are not comparable for cases between 0 to 90 days. It seems that as of

December 2003, the share of sickness between 0 to 90 days suddenly increases,

suggesting that employers are suddenly more active in reporting short cases.
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Figure 4.A.1: Distribution of the sickness duration by the month of falling sick

for cases between 0 to 360 days

Note: group 1, 2, 3 refer to WAO, trans. WAO and WIA group, respectively.
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For sickness cases longer than 90 days, we expect to see similar distributions of
sickness duration across groups. Figure 4.A.2 shows the distribution of duration for
cases between 90 to 360 days across groups. Groups 2 and 3 (transitional WAO and
WIA groups) are indeed comparable. But group 1 (WAO group) has a slightly
smaller share of shorter cases compared with groups 2 and 3.

L

1 |
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Density

1M b ] 11 ) 400

Frequencies of sickness duration between 80 to 360 days by group
rapis by group

Figure 4.A.2: Distribution of the sickness duration across groups for cases
between 90 to 360 days

Note: group 1, 2, 3 refer to WAO, trans. WAO and WIA group, respectively.

Figure 4.A.3 shows a zoomed-in plot of the distribution of the sickness duration by
the month of falling sick for cases between 90 to 360 days. Distributions are
comparable as of October. For cases falling sick in July, August, and September, we
see a bulk of distribution “missing” at the left end (shorter than 180 days). The
missing short cases are more obvious in July and August. We also noticed that the
distributions are similar for cases longer than 180 days.

Table 4.A.1 shows the similar pattern that July and August may have “under-
reporting” of cases between 90 to 180 days, while the frequencies for cases longer
than 180 days are generally comparable across groups. (All the calculations in this
Appendix 4.A are based on the original sickness data, where no sample restriction is
imposed yet.)
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Note: group 1, 2, 3 refer to WAO, trans. WAO and WIA group, respectively.

Table 4.A.1: Frequencies of cases by duration and by months of falling sick

The month when
falling sick

Number of sickness cases between
90 to 180 days

Number of sickness cases longer
than 180 days

07.2003

1,970

9,109

08.2003

4248

10,284

09.2003

7,734

12,539

10. 2003

8,223

11,870

11.2003

7,495

11,216

12.2003

5,936

9,682

01.2004

7,883

12,052

02.2004

6,860

10,628

03. 2004

8,200

12,430
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Appendix 4.B Descriptive plots with yearly data
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Figure 4.B.1 Yearly average probability of being self-employed
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Figure 4.B.2 Yearly average self-employment earnings
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Appendix 4.C A back-of-envelope calculation to decompose effects of
WIA reform on the probability of claiming DI and the probability of
working

Table 4.C.1: Share of observations by working and DI claiming status by

group
Pre Post
85.8% of WAQ observations in the pre- 48.6% fo WAD observations in the post-periods only work, not claiming DI.
periods work 4.84% work and meanwhile receive DI.
WAO
. 14.9% does not work but receive DI,
14.2% do not work — —
31.6% does not work and have no DI,
85.6% of trans. WAO observations in 49.2% fo trans. WAQ observations in the post-periods only work, not claiming DI.
- the pre-periods work 4.38% work and meanwhile receive DI.
rans.
WAO o
o 14.7% does not work but receive DI.
14.4% do notwork — —
31.7% does not work and have no DI.
86% of WA observations in the pre- 51.7% fo WIA observations in the post-periods only work, not claiming DI.
periods work 2.12% work and meanwhile receive DI.
WIA

12% does not work but receive DI,

14% do not work B

34.2% does not work and have no DI.

Note: The shares are calculated using the number of observations in the corresponding work and DI
claim status in the corresponding period and group divided by total number of observations in the
corresponding period and group.

We only focus on WAO and WIA. WAO and transitional WAO can be calculated
similarly.

Given the probability of working in the pre-period is very similar for all groups, we
assume in the pre-period the probability of working is the same for all three groups.
And the probability of DI is 0 for all groups. Then we can simply use numbers in the
post-period to calculate where the effects come from.

(1) Where does the 5.8 percentage point of DI reduction come from?

DID estimates of the effect of WIA on prob. of DI = (WIA’s prob. of DI post —
WAQ’s prob. of DI post) — (WIA’s prob. of DI pre — WAQ’s prob. of DI pre) {this
pre-term is 0}

= WIA’s prob. of DI post — WAQO’s prob. of DI post
= (WIA’s prob. of DI post while working + WIA’s prob. of DI post while
Not working) — (WAO’s prob. of DI post while working + WAQ’s prob. of DI post

158

10

11
12



while Not working)

= (WIA-WAO)’s DI post while working — (WIA-WAOQO)’s DI post while
not working

=(2.12% - 4.84%) + (12% - 14.9%) = (-2.72%) + (-2.9%) = -5.62%

(2) Where does the 1.8 p.p. of increase in probability of work come from?

DID estimates of the effect of WIA on prob. of working = (WIA’s prob. of
work post — WAQO’s prob. of work post) — (WIA’s prob. of work pre — WAQO’s prob.
of work pre) {this pre-term is assumed to be 0}

= WIA’s prob. of work post — WAQO’s prob. of work post

= (WIA’s prob. of work post while claiming DI + WIA’s prob. of work
post while Not claiming DI) — (WAO’s prob. of work post while claiming DI +
WAQ’s prob. of work post while Not claiming DI)

=(WIA-WAO)’s work post while claiming DI — (WIA-WAO)’s work post
while Not claiming DI

=(2.12% - 4.84%) + (51.7% - 48.6%) = (-2.72%) + (3.1%) = 0.39%
Note that because we assume away the pre-difference in prob. of working. The 0.39

p-p- looks smaller than our DID estimates in main regression which is 1.8 p.p.

But the idea of the above calculation is:

(1) The 5.8 p.p. DI reduction come from two parts, 2.72 p.p. reduction of people
who claim DI and working, and 2.9 p.p. reduction of people who claim DI and
not working.

(2) But the increase in probability of working is small because on the one hand more
fraction of people work while having no DI (3.1 p.p.), but one the other hand,
this increase is partly off-set by the fact that fewer fraction of people can partially
work and partially claim DI.

Compared to WAO, WIA has:

3.15 p.p. more people only work and not claiming DI
2.72 p.p. fewer people work while claiming DI

2.9 p.p. fewer people does not work but claim DI

2.6 p.p. more people does not work and does not have DI
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Chapter 5

Measuring Non-cognitive Skills Exploiting Log-files on Online
Behavior3?

5.1 Introduction

Non-cognitive skills, such as social skills, perseverance, and deep learning, are
important components of individuals’ human capital. They appear to be good
predictors of schooling and labor market career success (see, e.g., Weiss 1988;
Heckman, Stixrud, and Urzua 2006; Duckworth et al. 2007). Moreover, their
malleability in early life opens the door for interventions through education policy
(Garcia 2016; West et al. 2016).

On the other hand, measuring non-cognitive skills is challenging. Conventional
measures based upon self-reports using Likert scales are criticized for the lack of
measurement comparability, in both the economics and the psychology literature.
Bond and Lang (2019) point out that measures reported in ordered intervals (e.g.
happiness) are only comparable across groups under a rather strong assumption that
all individuals share a common reporting scale. Similarly, van de Gaer et al. (2012)
show that self-reported Likert-scale measures are not necessarily comparable in
cross-cultural analysis due to heterogeneous reporting behavior. A classic example
comes from the motivation-achievement paradox. With data from the Programme
for International Student Assessment (PISA), students’ self-reported learning
motivation is often found to be positively related to academic achievement within
each participating country. However, when scores are aggregated at the country level
and the correlation is computed between countries’ average levels of motivation and
achievement, a negative correlation is found. For example, East Asian countries,
such as China, Korea, and Japan typically show Aigh scores on achievement in the
PISA studies, but tend to have /ow scores on learning motivation. Such a paradox is
partially attributable to the reference group effect, implying that respondents use
different implicit standards (influenced by their immediate social context) in their

8 This chapter is coauthored with Jia He. We thank PIAAC team and Leibniz Institute for Research
and Information in Education (DIPF) for providing the PIAAC log data. We thank Jochem de Bresser,
Marike Knoef, Jan van Ours, Arthur van Soest, and seminar participants at IAIR 2019 Shanghai
Conference and CIES 2019 San Francisco for their helpful comments.
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self-evaluations, or due to their different styles to present themselves (e.g., response
amplification through the tendency to endorse the end points of a scale, or response
moderation through the endorsement of the midpoint of a scale).

Various strategies have been proposed to alleviate measurement incomparability of
self-reported Likert-scale measures. Correction procedures such as anchoring
vignettes and alternative item formats such as forced-choice responses are employed
to enhance their comparability (e.g., Kapteyn, Smith, and van Soest 2007; Kyllonen
and Bertling 2014; Leising et al. 2015; Robert et al. 2015). Assessment by a third
party (e.g. peers) can be used to mitigate the effect of self-presentation styles (e.g.,
Konstabel, Aavik, and Allik 2006).

Another strand of the literature explores alternative measures of non-cognitive skills.
Heckman and Rubinstein (2001) use a behavioral indicator (the “General
Educational Development” testing program), as a proxy for (low) non-cognitive
skills. Lindqvist and Vestman (2011) utilize administrative records of suitability
assessment for military service as a measure of non-cognitive skills. Other
alternatives include behavioral observation and coding of survey respondents by
interviewers or experimenters (e.g., Renninger and Bachrach 2015) and measuring
non-cognitive skills on the basis of task performance (e.g., Reynolds et al. 2006).
These behavioral measures are more objective, therefore less plagued by
incomparable reporting styles. But they are usually context-specific and not easily
generalizable. Moreover, they can be more sensitive to incentives and situational
factors (Lundberg 2015).

We add to the literature by proposing a new source of behavioral measures: we
propose to use computer-generated logs to construct behavioral indicators for non-
cognitive skills. In computer-based assessments (such as the well-known PISA test),
log files record respondents’ sequences of actions like keystrokes and mouse clicks
etc., from which we extract behavioral measures to quantify certain non-cognitive
skills. The objective and unobtrusive nature of such measures makes them immune
to respondents’ self-presentation styles or to reference group effects. They thus hold
promise in validating self-report data and predicting achievement in a cross-group
(esp. cross-cultural) context.

We analyze two examples of non-cognitive skills that are considered important to
education policy: perseverance and deep learning (Garcia 2016). The latter refers to
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the ability of actively seeking meaning and integrating information in order to
understand the material that is taught (Marton and Sélj6 1976). We use the log files
from the Programme for International Student Assessment (PISA) and the
Programme for the International Assessment of Adult Competencies (PIAAC) to
construct our behavioral indicators for the two skills, respectively. We show that log-
based behavioral measures have higher cross-country comparability than self-
assessments, as they predict the performance of tests consistently at individual and
country levels, while conventional self-reported measures do not. We also discuss
the methodological implications of log-file based behavioral measures, and
encourage researchers to apply them in combination with conventional self-reported
measures.

5.2 Two Examples: Perseverance and Deep Learning

5.2.1 Example 1: Perseverance in PISA

Data source

We use the log data and background questionnaire of PISA in 2012. The PISA test
has a computer-based assessment targeting 15-year-old students in 42 countries. It
includes a cognitive test on math, digital reading, and problem solving, and a
background questionnaire on various attitudes and behaviors related to learning.
Data on the background questionnaire, cognitive tests, and log files of sampled
cognitive items are published for public research use on the OECD website (OECD
2013a, 2013b).

Sample restriction

To compare with our log-based behavioural measure, we need to construct a self-
reported measure of perseverance from Likert-scale items relating to perseverance.
In order to make sure the self-reported measure of perseverance measures the same
construct across countries, we perform a multi-group confirmatory factor analysis
and country-wise internal consistency checks. We find that the perseverance
construct is different in United Arab Emirates, Brazil, Bulgaria, Columbia, Hungary,
Malaysia, Montenegro, Slovenia and Serbia. We therefore drop observations from
these 9 countries, retaining a sample of 33 countries and 14,888 observations.
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Appendix 5.A provides details on the multi-group confirmatory factor analysis and
the sample restriction.

Measures for Perseverance

Self-reported perseverance: A continuous measure extracted with factor analysis
from 4 perseverance related items. These items are: “When confronted with a
problem I give up easily”, “I remain interested in the tasks that I start”, “I continue
working on tasks until everything is perfect”, and “When confronted with a problem
I do more than what is expected of me.” They all have the same response options
ranging from 1 (very much like me) to 5 (not at all like me). ® The value of self-
reported perseverance ranges from -2.26 to 1.67, with mean 0 and standard deviation
0.90.”° A larger value indicates a higher level of perseverance.

Log-file based behavioral measure of perseverance: We use the total number of
clicking the “RESET” button in the “Traffic” unit in the problem-solving cognitive
assessment as the behavioral measure of perseverance. The “Traffic” unit provides a
map connecting different areas with the following description:

“Here is a map of a system of roads that links the suburbs within a city. The map
shows the travel time in minutes at 7:00 am on each section of road. You can add a
road to your route by clicking on it. Clicking on a road highlights the road and adds
the time to the Total Time box. You can remove a road from your route by clicking on
it again. You can use the RESET button to remove all roads from your route.”

The map can be found in Figure 5.1. Respondents are asked to utilize the interactive
map to answer three questions: a calculation of the time needed for the shortest route
between two specific areas (Question 1), highlighting the shortest route from two
areas on the map (Question 2), and selecting the best place for three persons living
in different areas to meet, given that no one needs to travel more than 15 minutes
(Question 3). The answers to these questions are not obvious without trying different
routes. The respondent’s trials and errors until reaching the answer naturally proxy
the extent to which the respondent does not give up and persists in pursuing their
goal. Perseverance here is therefore operationalized as the total number of trials and

89 Ttem “I put off difficult problems” is dropped due to incomparability. See Appendix 5.A.
9 The standard deviation would be 0 if we extract the factor scores in a single CFA model, but we do
it in the metric invariance model of the multigroup CFA, where each country gets it is own mean of 0
and SD of 1, and pooling them together, the SD is slightly deviating from 1.
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errors by clicking the RESET button — we extract the number of resets for each
question and add them up to obtain the behavioral indicator of perseverance for each
individual. The average ranges from 1.98 in Croatia to 6.23 in South Korea.

TRAFFIC

Here is a map of a system of roads that links the suburbs within a city. The map shows the travel time in minutes at 7:00 am on each section
of road. You can add a road to your route by clicking on it. Clicking on a road highlights the road and adds the time to the Total Time box

You can remove a road from your route by clicking on it again. You can use the RESET button to remove all roads from your route

Diamond ()

Silver
D

Sakharov

) Einstein

Mandela
Total Time: El minutes RESET

Source: http://www.oecd.org/pisa/pisaproducts/pisa2012problemsolvingquestions.htm

Figure 5.1: Screenshot of the Map of the “Traffic” Unit
Outcome variable

Traffic Unit Performance: The total grades for three questions in the Traffic unit.
The value ranges from 0 to 3, one point for each correct answer. We use our measures
of perseverance to predict this Traffic Unit performance

Control variables

Math achievement score: a larger total number of resets may reflect a lower innate
ability or IQ instead of measuring a higher level of perseverance. We use individuals’
math achievement score as a proxy for the respondent’s ability. We randomly take
the first of the five plausible values of the math achievement scores provided in the
data.’’ Tt has a mean score of 503.82 and standard deviation of 98.52.

91 Plausible values are imputed values that can be used to estimate population characteristics correctly

(De Leeuw, Hox, and Dillman 2008). In PISA test, each student was given only a subset of the overall

cognitive test. To get a comparable math score and also to account for the missing data, PISA test
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Total time: respondent could simply have not enough time left for this unit and
decide to guess an answer. Then a lower number of resets associate with a low
performance score could be confounded by the strategic time planning. We therefore
extract and control for the total time spent on the Traffic unit in seconds. Average
time spent on the unit is 268.38 seconds and the standard deviation is 113.13 seconds.

Predictive performance

We expect a positive correlation between the level of perseverance and Traffic unit
performance. A good measure of perseverance should predict the test performance
consistently both at the individual level and at the country level.

Table 5.1: Perseverance and Performance at the Individual Level

6] 2 3 “ &) (6) (7 ®)
Outcome
variable Traffic unit performance
Self-reported
persev. measure  0.029%**  (0.057***  -0.005 -0.007
(0.008) (0.008) (0.007) (0.007)
Behavioral persev. 0.011%%*  0.009***  0.007***  (0.002%%*
measure (0.001) (0.001) (0.001) (0.001)
Math score 0.004***  0.004*** 0.004***  0.004***
(0.000) (0.000) (0.000) (0.000)
Total time 0.001*** 0.001***
(0.000) (0.000)
Country Fixed
Effects No Yes Yes Yes No Yes Yes Yes

Observations 14,826 14,826 14,826 14,826 14,888 14,888 14,888 14,888

Note: All the columns report OLS estimates of linear regression models. *Significant at 10%; ** at 5%; *** at 1%.
Numbers in parentheses are standard errors. A constant term is also included in all regressions. In columns (1) to (4),
there are fewer observations due to missing values in perseverance items.

Table 5.1 reports OLS estimates of linear regression models at the individual level.
Columns (1) and (5) both show a positive correlation between perseverance and
performance for both the self-assessment measure and the log-file based measure.
When adding country fixed effects in column (2) and (6), this positive correlation
remains for both measures. For the self-reported measure of perseverance in Column
(2), the coefficient becomes larger, possibly because utilizing the variation within a
country help to avoid the heterogeneous reporting behavior common to a country.
Columns (3), (4), (7), and (8) add controls for general cognitive ability (match

imputes and reports 5 plausible values of test scores for each individual. The results in our analysis are
insensitive to the choice of the plausible values.
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achievement score) and strategy (total time spent on the unit). The log-based
behavioral measure remains positively correlated with Traffic unit performance,
while self-reported perseverance no longer has a significantly positive coefficient.

We then aggregate all variables to the country level, i.e. each observation is the
country average of a variable. We perform similar regressions as in Table 5.1 at the
country level and report OLS estimates in Table 5.2. In column (1), the correlation
between the self-reported perseverance and the Traffic unit performance reverses
into negative. Similar to the “motivation-achievement paradox”, cross-country
comparisons of the self-reported measure may suffer from the reference group effect
and the bias from heterogeneity in reporting behavior, leading to a counter-intuitive
correlation pattern. On the other hand in column (4), the unobtrusive objective
behavioral measure, which is immune to such concerns, still consistently shows a
positive relationship with the test performance. Moreover, this positive correlation
is robust to adding controls for innate ability and strategic time planning (columns
(5) and (6)).

Table 5.2: Perseverance and Performance at the Country Level

) (@) 3 “4) ) (0)
Outcome variable Avg. Traffic unit performance
Avg. Self-reported pesev. -0.173*  -0.106 -0.104
measure (0.097)  (0.066) (0.070)
Avg. behavioral persev. 0.057**  0.029 0.053%*
measure (0.025)  (0.018) (0.022)
Avg. Math score 0.003***  (.003*** 0.003***  (0.001*
(0.000) (0.001) (0.000) (0.001)
Avg. Total time -0.000 -0.002*
(0.001) (0.001)
Observations 33 33 33 33 33 33

Note: All the columns report OLS estimates of linear regression models. *Significant at 10%; ** at 5%; *** at 1%.
Numbers in parentheses are standard errors. All variables are country averages. A constant term is also included in
all regressions.

5.2.2 Example 2: Deep Learning in PIAAC

To show that the predictive advantage of our proposed log-based behavioral measure
is not just by chance, we construct behavioral measures for another desirable non-
cognitive skill, namely deep learning, using a different data source and perform a
similar predictive exercises as in Example 1.
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Data source

We use the data of log files and cognitive test scores from PIAAC 2013. PIAAC has
a computer-based assessment in 24 countries targeting working adults aged between
16 and 65 years old. Data of the background questionnaire, cognitive test scores, and

log file data of the cognitive assessment in 16 countries are published for research
use (OECD, 2017).

Sample restriction

Given the booklet design (planned missing) in the cognitive assessment and the
availability of specific unit log file information, we restricted our analysis to
respondents in 13 countries with at least one valid response in the targeted log files
of problem solving tasks.”> These countries are Austria, Belgium, Germany, Estonia,
Finland, Ireland, Netherlands, Norway, Poland, Slovak Republic, UK, and USA. The
resulting total sample size is 20,167 observations.

Measures for deep learning

Self-reported deep learning: We use the deep learning strategy item “looking for
additional information” (I_Q04m) as the self-reported measure of deep learning. The
value ranges from low level of deep learning: 1 (not at all) to high level: 5 (to a high
extent). It is a Likert scale measure, but we treat it as continuous in the regressions.
The mean level of this variable is 4.05. We do not use other self-reported items (e.g.,
relate new ideas into real life, get to the bottom of things, like learning new things)
because each item in the scale refers to a very different strategy and a combination
of these items does not have a clear link to specific behavioural indicators.

Two Log-based behavioral measures of deep learning: We use the fotal numbers
of different page visits, extracted from log files of two problem solving units, to
construct two behavioral indicators of deep learning. The total number of different
page visits reflects the ability of looking for information on different websites in
order to make a sound judgment, thus serving as a plausible proxy for deep learning
skills. Behavioral measures of deep learning 1: The total number of different page
visits extracted from the task of “The Sprained Ankle - Reliable/Trustworthy Site”

92 Similar as PISA, each respondent in PIAAC only gets a subset of questions. So in some countries,
certain questions can be missing.
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(PS_u06b).”* This task shows links to five websites recommended by a friend on
how to treat sprained ankle. The respondents are supposed to read through these
websites and find the most reliable and trustworthy site. In addition to the one-page
content on each webpage, three webpages provide an additional tab for links to read
more about the site or the author. These additional webpages provide information
such as opinions expressed by individual writers, certified surgeon, or president of a
commercial equipment supplier, which can assist judgment on the credibility and
reliability of the sources. The variable has a mean of 4.51 page visits with a standard
deviation of 2.39 visits. Behavioral measures of deep learning 2: The total number
of different page visits extracted from the task of “The Digital Photography Book
Order” (PS_u07). This task provides six links to different vendors of or information
on digital photography books. Respondents are asked to buy a book for beginners
while staying within a budget of 40 USD in time for a friend's birthday in two weeks.
Respondents need to find the most suitable website and place an order. Some
websites have additional tabs to check availability, check shipping cost, etc. These
are necessary to make the correct decision on vendor choice. The variable has a mean
of 8.19 page visits with a standard deviation of 4.14 visits.

Outcome variables

The performance measures for two units: Score for “The Sprained Ankle” and
Score for “The Book Order”: Both units have only one correct answer. 1 as correct
and 0 as incorrect.

Control variable

Numeracy scale score: Similar to the math achievement score in Example 1, we
randomly take the first of the ten plausible values of the numeracy scale score
provided in the data, as the proxy for the respondent’s innate ability. It has a mean
score of 282.12 and standard deviation of 45.52.

Predictive Performance

We do similar predictive checks as in Example 1. We expect positive correlations
between the level of deep learning and the performance of “The Sprained Ankle”
and “The Book Order” units.

93 We cannot provide any screenshot of PIAAC questions due to confidentiality reasons.
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Table 5.3 reports regression results at individual level. In columns (1), (3), (5), and
(7) where the self-reported/behavioral measure of deep learning is the only regressor,
we do observe that both self-reported and behavioral measures are positively
associated with the two performance measures. Columns (2), (4), (6), and (8) add
further controls - country fixed effects and numeracy scores. Unlike in the PISA data,
we do not have total time here. But in Tables 5.1 and 5.2, results are generally
insensitive to controlling for total time, but rather sensitive to controlling for innate
ability. So we control for numeracy scores to proxy innate ability. We find that the
positive correlation between behavioral measures and performance measures is
robust to adding further controls, while the coefficient of self-reported deep learning
on the “Sprain Ankle” score is no longer significantly different from 0.

Table 5.3: Deep Learning and Performance at the Individual Level

1) (2) 3) “) (5) (6) (7 (®)
Outcome
variable "Sprain Ankle" score "Book Order" score
Self-reported
deep learning ~ 0.020***  (0.004 0.040*** 0.011***
(0.004) (0.004) (0.004) (0.004)
Behavioral
deep learning
measure 1 0.052%** 0.037%%**
(0.001) (0.002)
Behavioral
deep learning
measure 2 0.079%** 0.072%%**
(0.001) (0.001)

Numeracy 0.003**
score * 0.002%%** 0.005%** 0.001***

(0.000) (0.000) (0.000) (0.000)
Country Fixed
Effects No Yes No Yes No Yes No Yes
Observations 20,015 20,015 19,996 19,996 20,167 20,167 20,149 20,149

Note: All the columns report OLS estimates of linear regression models. *Significant at 10%; ** at 5%; *** at 1%.
Numbers in parentheses are standard errors. A constant term is also included in all regressions. In columns (1) to (4),
(7), and (8), there are fewer observations.

Aggregating variables to the country level, we only have 13 observations. As seen
in Table 5.4, none of the self-reported measures are significant, possibly due to the
small sample size. On the other hand, we still observe a significant positive relation
between behavioral measures and performance measures, indicating that our log-
based behavioral measures have better predictive performance than the self-reported

measure.
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Table 5.4: Deep Learning and Performance at the Country Level

(1 @ 3 “4) ®) (©6) 0 ®)

Outcome variable Avg. "Sprain Ankle" score Avg. "Book Order" score
Avg. Self-reported dp. Irn.  0.011 -0.006 -0.035 0.020
(0.151) (0.165) (0.119)  (0.118)
Avg. Behavioral dp. Irn.1 0.066* 0.104%*
(0.034)  (0.037)
Avg. Behavioral dp. Irn.2 0.045%*  0.042%*
(0.015)  (0.018)
Avg. Numeracy score -0.001 -0.003* 0.002 0.000
(0.002) (0.002) (0.002) (0.001)
Observations 13 13 13 13 13 13 13 13

Note: All the columns report OLS estimates of linear regression models. *Significant at 10%; ** at 5%; *** at 1%.
Numbers in parentheses are standard errors. All variables are aggregated at the country average level. A constant
term is also included in all regressions.

5.3 Discussion

We set out to introduce an innovative source of behavioral measures, using log-file
data to construct behavioral measures. Log-based behavioral measures are
unobtrusive to collect and immune to self-presentation styles and reference group
effects. We compare them with self-reported measures for predictive performance in
cross-cultural contexts, using existing data from the large scale PISA and PIAAC
studies. We show that log-based behavioral measures have better predictive
performance than self-assessments, as they consistently have power to predict the
test performance both at individual and country level, whereas self-reported
measures produce weaker, and sometimes counter-intuitive correlations, especially
at the country level.

Complementing Self-Reports with Unobtrusive Behavioral Measures

Log-based behavioral measures have clear advantages over self-reports and lab-
based performance tasks. First, they are less sensitive to self-presentation styles and
thus more objective; second, they occur in a natural environment instead of in
contrived lab-settings and are thus unobtrusive, and third, they are easy to implement
(with well-developed and validated tasks) in computer-based assessment, allowing
to reach a number of respondents significantly larger than could be achieved in lab
settings. The log-based behavioral measures will be especially useful in cross-
group/country studies, particularly for data where vignette questions to correct for
differences in subjective response scales used in self-assessments are not available.
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Log-based behavioral measures can also be used to cross-check the validity of the
self-reported measures.

Still, log-based behavioral measures are limited by their availability and specificity.
First, they are, obviously, only available when log-file data are available. Given the
progress of online data collection methods and the increasing number of new
released datasets, we expect to see more log-file data becoming available in the
future. Second, the log-based behavioral measure is restricted by the specificity of
the task and usually only speaks to one facet of non-cognitive skills, which may limit
the generalization of the empirical findings. This limitation of specificity also applies
to other behavioral measures (including observational behaviors and lab-based
performance task measures). Self-reported measures, on the other hand, can easily
capture the multi-dimensional nature of non-cognitive skills, either by asking
respondents to give overall rating of non-cognitive skills, or by using dimension
reduction techniques to construct a measure from multiple Likert-scale items. It
therefore makes sense to use both log-based behavioral measures and self-reported
measures complementarily.

Future Directions

Our study is a first step to investigate the potential of this type of measures. We use
test performance as the outcome variable. A natural next step would be to investigate
the relationship between log-based behavioral measures and education or even labor
market outcomes (e.g. linking PISA data to education and labor market related
administrative data to investigate the long-run effects of non-cognitive skills).
Furthermore, all of our behavioral measures are one-dimensional indicators from the
domain of problem-solving. Future studies can design and validate a large variety of
tasks in different domains (e.g., reading, numeracy, problem solving) and extract
multiple indicators. Dimension reduction techniques can then be considered for
constructing a multifaceted log-based behavioral measure.

174



Appendix 5.A Details on Sample Restrictions of Example 1

Construct Equivalence Check for the Self-Reported Perseverance Scale

For self-reported Likert measures in large-scale assessments, an empirical demonstration of
construct equivalence is generally required. Construct equivalence indicates that the same
theoretical construct is measured across countries. Without construct equivalence, there is no
basis for any cross-cultural comparison of a self-reported measure using a Likert scale
(Meredith, 1993).

To check the construct equivalence of our self-reported scale of perseverance, a multigroup
confirmatory factor analysis was first conducted with all five perseverance items in all 42
countries, using robust maximum likelihood estimation in Mplus 7 (Muthen & Muthen,
1998-2012). The configural invariance model showed very poor model fit [y* (210, N
=19,382) =6620.71, p < .01, CFI = .63, RMSEA =.26)], indicating that these items do not
measure the same construct across all countries. Therefore, they do not provide a basis for

any quantitative comparison.
Sample Restriction

To enable valid comparisons, it is necessary to identify a cluster of countries and a subset of
items that show a higher level of comparability (i.e., metric invariance, which implies that
factor loadings across countries are identical. With metric equivalence, associations of
constructs can be compared across countries, but scale mean scores cannot.). A careful check
of factor analysis solution and internal consistency per country revealed that items loaded
very differently in nine countries: close-to-zero and reversed loadings in United Arab
Emirates, Brazil, Bulgaria, Columbia, Hungary, Malaysia, Montenegro, Slovenia and Serbia).
The fact that these countries the self-assessment does not measure the same concept in these
countries was also confirmed by the low internal consistency in these countries (with
Cronbach’s Alpha values ranging from .51 to .59, below 0.7). The poor psychometric
properties may in part be attributable to the unfamiliarity of computerized assessment among
students in these countries. It was identified that the item “I put off difficult problems”
showed sharply varying factor loadings in different countries, possibly due to the different
understanding of the translation of “put off”. Therefore, these nine countries and this item

were excluded from the main analysis.
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