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ABSTRACT

In this thesis, I analyze workers’ earnings dynamics through different angles. In the first chapter,
I estimate explicit age-varying distributions of idiosyncratic persistent and transitory earnings
shocks over workers’ life-cycles using a German administrative data set. Large positive shocks,
both transitory and persistent, are characteristic for the first eight years of the working life. After
the age of 50, large negative shocks become a major source of earnings risk. Between the ages of
30 and 50, most shocks are small and transitory. Large persistent positive shocks that occur early
in the working life help to rationalize large wealth and consumption shares of the top one percent
in an incomplete markets model. In the second chapter, I estimate an earnings and job mobility
model before and after the Hartz reforms in Germany. After the Hartz reforms, full-time work fell
and part-time, marginal employment and concurrent employment rose. Wage inequality increases
at the bottom of the distribution. This comes as a result of lower full-time wages for males and
the rise of part-time work. With the empirical model I then simulate employment and earnings
trajectories and obtain lifetime values of earnings. This estimation shows that there is an increase
in the inequality of lifetime values stemming at the bottom of the distribution. Generally, both
lower wages and a larger hazard of falling and remaining in part-time employment explain the
lower lifetime earnings. However, for males, lower wages has twice the impact in the decrease of
earnings than the new employment transitions after the Hartz reforms. In the third chapter, I
study the process of human capital accumulation on the job. This has important implications
for life-cycle inequality and cross-country differences in earnings. Using a novel dataset from
Chile I document a significant gap in wage growth measured using job ad information versus the
one observed in surveys of workers. I develop a lifecycle structural model where workers face
frictional labour markets, uncertainty with respect to match quality with firms and uncertainty
about human capital accumulation on the job. I quantify how much of the gap in job ad wage
growth vs workers’ survey wage growth is due to job market frictions (time not working) versus
learning frictions. I find that failure to learn is the main reason behind the gap.
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CHAPTER 1. MODELING LIFE-CYCLE EARNINGS RISK WITH POSITIVE AND NEGATIVE
SHOCKS

1.1 Introduction

Individual earnings risk changes over the life-cycle. During the early stage of the working life,
finding all-year-round employment and moving up the job-ladder are associated with large
individual earnings fluctuations.! During prime-age (ages 30-50), workers settle into more stable
employment and large earnings changes become less frequent. Once closer to retirement, periods
of non-employment and losing a high-tenured job become major risks.?2 Karahan and Ozkan
(2013), Blundell et al. (2015), and Lopez-Daneri (2016) study this age variation in terms of
changing variances of idiosyncratic transitory and persistent earnings shocks. This paper also
decomposes male earnings changes into transitory and persistent earnings shocks, but it goes
beyond age-variations in the second moment of these shocks. In particular, it estimates explicitly
age-varying distributions of positive and negative earnings shocks. We find that the probabilities
to experience large positive and large negative earnings shocks vary substantially with age, and
this age-variation furthers our understanding of households’ consumption and savings decisions.

Using German administrative individual earnings data, we first document that moments of
positive and negative residual earnings growth behave very differently from each other over the
life-cycle. Positive residual earnings growth is relatively rare before the age of 30, but growth rates
are large on average and highly dispersed.? The relatively frequent negative residual earning
growth is small on average leading to a positively skewed distribution of residual earnings
growth. The average size and the dispersion of positive residual earning growth fall throughout
the life-cycle, and the average size and the dispersion of negative residual earnings growth grow
throughout the life-cycle. Brought by less frequent large positive residual earnings growth and
more frequent large negative residual earnings growth, the distribution of residual earnings
growth becomes negatively skewed from age 40 onwards. After the age of 50, negative residual
earnings growth is 10% larger on average and its variance is 60% larger than at age 25. In
contrast, positive residual earnings growth is 70% smaller on average and its variance is 70%
smaller than at age 25. Finally, the first autocovariance of positive growth is small relative to the
first autocovariance of negative growth throughout the life-cycle.

Using simulated methods of moments, we estimate a parametric model that maps the distri-
bution of residual earnings growth into age-varying distributions of transitory and persistent
earnings shocks. We obtain these distributions explicitly by modeling shocks as a mixture of
specified parametric distributions, similar to Geweke and Keane (2000), Bonhomme and Robin
(2010), and Guvenen et al. (2016). To be specific, we parametrize residual log earnings as a
mixture of three components that, given our decomposition of the data, have a natural interpre-
tation: a positive, a negative, and a mean-zero component. The latter is a transitory normally

distributed shock. In addition to this shock, with age-varying probabilities, workers draw either

1ee Topel and Ward (1992).

2See Jung and Kuhn (2015).

30n average, earnings rise when young and decline when old. We study deviations from this predictable age
pattern.



1.1. INTRODUCTION

an innovation to their positive component, an innovation to their negative component, or no
further shock. An innovation to the positive (negative) component is a combination of a transi-
tory and a persistent log-normally distributed shock. Hence, persistent and transitory shocks
are partially correlated in our model which deviates from the more standard zero-correlation
assumption in the literature. A positive correlation allows the model to be consistent with the
earnings dynamics occurring around two prominent (observable) persistent labor market shocks:
unemployment and job-to-job transitions. That is, earnings are lowest on average in the year of
an unemployment spell but return partially to their former level afterward (see also Jacobson
et al. (1993)). Similarly, average earnings are highest in the year of a job-to-job transition but
reverse somewhat thereafter. To capture the age-varying frequency and severity of these and
other earnings shocks, we allow the means and variances of the parametric shock distributions
to vary with age. These age variations in the shocks underlying the three components, together
with the age-varying sampling probabilities of the three components, allow the model to generate

rich age-variations in the overall distributions of transitory and persistent earnings shocks.

We find that at prime-age, most workers experience only small transitory shocks. At age
40, only 33% of workers experience any persistent earnings shocks during a given year. These
probabilities are much higher, around 58 percent, at ages 25 and 55. Turning to the properties of
these persistent shocks, we find that the autocorrelations of persistent positive and persistent
negative shocks are above 0.97, i.e., these shocks are close to permanent. The probability to
draw a positive persistent shock increases from 11% at age 25 to 44% at age 55. Nevertheless,
experiencing a positive persistent increase in log earnings of more than 0.2 is 7 times more likely
at age 25 than at age 55. The reason is that the mean and the variance of persistent positive
shocks are about 5 times larger at age 25 than at age 55. Persistent negative shocks show the
exact opposite life-cycle behavior of positive shocks. They are small, have little dispersion, and
occur with relatively high frequency early in life, and become rare, large on average, and more
dispersed late in life. To put these findings in perspective to the U-shaped variance of persistent
shocks over the life-cycle found by Karahan and Ozkan (2013), our results imply that the initial
decrease is entirely driven by positive persistent shocks becoming less dispersed and the later

increase is entirely driven by negative persistent shocks becoming more dispersed.

Transitory shocks to the positive and negative components are large and highly dispersed.
On a life-time average basis, the variance of transitory negative shocks is 2.6 times larger than
the variance of transitory positive shocks. Moreover, it is 11 times larger than the variance
of persistent negative shocks. As a consequence, most large negative shocks are transitory. A
negative change in log earnings of more than 0.2 is in 71% of the cases due to a transitory
shock. The corresponding number for positive shocks is only 55%. The difference is even more
pronounced early in life. At age 25, 94% of all negative changes in log earnings of more than 0.2
are the result of a transitory shock. In contrast, 50% of all positive changes in log earnings of

more than 0.2 result from persistent shocks at age 25.
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CHAPTER 1. MODELING LIFE-CYCLE EARNINGS RISK WITH POSITIVE AND NEGATIVE
SHOCKS

Next, we introduce this estimated earnings risk into an Aiyagari (1994) type model to study
the implications of age-varying, non-normally distributed risk for consumption and savings deci-
sions. We contrast the results to the widely used age-invariant risk model (AIRM) with mean-zero
normally distributed transitory and persistent shocks. Compared to this latter model, the large
but rare persistent positive shocks early in life imply, as in the data, a relatively high dispersion
in the right tail of the cross-sectional earnings distribution. A few lucky workers, therefore,
accumulate large wealth holdings for life-cycle purposes, particularly to finance consumption
during retirement, and hold a relatively large share of the overall wealth. This channel has a
strong amplification mechanism for cross-sectional wealth inequality because these shocks occur
early in life; thus, they imply large cross-sectional differences in lifetime earnings. Compared to
the AIRM, the share of wealth holdings by the top 1% more than doubles, bringing the model

closer to the data.

Similar to wealth inequality, consumption inequality is more pronounced in the right tail of
the cross-sectional distribution in our model than in the AIRM. That is, the ratio of consumption
of the top 1% relative to the median worker is relatively high and it grows relatively rapidly over
the life-cycle. This shift of resources away from the median and towards the highest lifetime
consumption workers reduces welfare in our model relative to the AIRM. Counteracting this
effect, consumption inequality at the bottom of the distribution is somewhat lower in our age-
varying risk model. Measuring welfare in terms of the consumption an unborn household is
willing to pay to insure against idiosyncratic earnings heterogeneity, we find that the former
effect dominates, that is, the welfare costs of incomplete insurance markets are higher in the

age-varying risk model.

Age-varying non-normally distributed risk also helps to explain the dynamics of cross-
sectional consumption inequality over the life-cycle. In specific, large negative tail shocks late
in life increase the desired stock of workers’ precautionary savings. We show that more precau-
tionary savings and a shift towards more persistent and positive shocks increase the speed at
which consumption dispersion increases late in life. As a result, the cross-sectional variance of
log consumption grows close to linear in age, which is consistent with the German data analyzed
by Fuchs-Schiindeln et al. (2010).

Our findings contribute to the recent macroeconomic literature that studies the implications
of non-normally distributed shocks for individuals’ savings and consumption. Civale et al. (2017)
show that wealth inequality decreases when earnings shocks become more negatively skewed.
Castanieda et al. (2003) calibrate the earnings process such that it matches the observed right tail
of the wealth distribution which implies a “superstar" earnings state. The large and persistent
positive shocks we find early in the life-cycle have qualitatively the same effect. De Nardi et al.
(2019) use a two-step approach to study higher-order earnings risk. First, they estimate the model
proposed by Arellano et al. (2015) and, thereafter, estimate Markov processes on simulated data

resulting from step one. Importantly, this approach allows for non-linear log earnings dynamics

4



1.2. DATA AND SAMPLE CONSTRUCTION

that imply shocks being less persistent; therefore, less costly in terms of welfare. Our finding that
a shift of resources towards the right tail of the earnings distribution increases the welfare costs
relative to an age-invariant risk model is complementary to theirs.

The rest of the paper is organized as follows. Section 1.2 describes the German data set.
Section 1.3 presents the moments of residual earnings growth over the life-cycle. Section 1.4
describes the econometric model. Finally, Section 1.5 introduces our earnings process into a

life-cycle savings model.

1.2 Data and Sample Construction

1.2.1 Data Description

Our data source is the Sample of Integrated Labour Market Biographies (SIAB) for the years
1975-2010. The data originates from the German notification procedure for social security. This
requires employers to report their employees’ working spells, earnings, and some socioeconomic
information. The data covers the population of German employment except for civil servants,
the self-employed, and regular students (about 20% of the employment-population). From this
population, the German employment agency draws a 2% random sample of individuals’ careers.
In total, the data has information on 1,594,466 individuals and 41,390,318 unique person-
year records. Thus, SIAB provides a large number of career-long earnings profiles with little
measurement error.

We focus on the earnings risk of workers with a high attachment to the labor force and
abstract from any employment decisions resulting from earnings shocks. We drop workers in an
apprenticeship, partial retirement, marginal part-time workers (geringfiigig Beschdftigte), and
part-time workers not eligible for unemployment benefits. Moreover, we only consider German
male workers to avoid female decisions over maternity leave.* We define a worker as employed
within a year when he is contracted for at least 90 days of that year. Hence, our analysis abstracts
from earnings shocks arising from long-term unemployment. Following the literature that focuses
on workers with a high attachment to the labor market, we keep for each individual the longest
spell of earnings with at least 7 years of observations (see Meghir and Pistaferri (2004), Guvenen
(2009) and Hryshko (2012)).

To avoid misinterpreting predictable earnings changes as shocks, the age range under consid-
eration is of some importance. For the time period of our sample, a high school degree takes up to
13 years of schooling and male workers are obliged to perform 1 year of military service. Most
workers enter professional training (2-3 years) thereafter. Hence, we expect workers to have made
a full transition to the labor market by the age of 24. The intended retirement age in Germany
used to be 65. Yet, Arnds and Bonin (2002) show that early retirement schemes lead to an average

retirement age around the age of 60. Moreover, generous unemployment benefits for high tenured

4The moments for females are available from the authors upon request.
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workers often lead to an effective retirement age of 55. To avoid these endogenous decisions, we
restrict the panel to workers aged 24 to 55. Finally, we discard workers in East-Germany as those
observations are only available after 1991. Our final sample contains information for 251,352
individuals with a total of 3,566,212 person-year observations.

For each calendar year, we aggregate an individual’s earnings across all job spells. We deflate
earnings using the German consumer price index of 2010.5 Changes in real earnings may arise
from inflation, a change in working hours, a change in employer, an unemployment spell, bonuses,
promotions, etc. Workers entering the sample for the first time are statistically expected to enter
in the middle of the year. Daly et al. (2016) show that this may lead to a bias in the estimates
of permanent shocks. To avoid this bias, we assume that earnings in the months preceding
the first employment spell are the same as the observed months in that year. Similarly, we
assume that earnings in the months following the last employment spell are the same as the
observed months in that year. Following Dustmann et al. (2009), we drop real daily-earnings
that are below 5 euros. Daily-earnings are top-coded by the limit liable to social security. On
average, this affects around 6% of observations per year. We follow Daly et al. (2016) and impute
daily earnings from an extrapolated Pareto density fitted to the non-top-coded upper-end of the
observed distribution for each year. Alternatively, we could drop workers affected by top-coding.
The moments of residual earnings growth are almost identical for the two approaches. We opt
for the former because it allows us to infer the entire cross-sectional earnings distribution of the
German employment-population.®

Our interest is in annual earnings changes that are idiosyncratic to the individual. To this
end, we remove predictable changes from earnings growth by running cross-sectional regressions
for each workers’ age. The regressions control for an education dummy, year dummies, region of
residence, and 14 major industries. Next, we assign each individual to a birth cohort defined as
being born in a seven-year interval starting in 1923. Figure 1.A2 in the Appendix shows, using
as an example the variance of residual earnings over the life-cycle, that the data features both
a calendar time and a cohort effect. The latter may partially arise from the data not reporting
one time payments before 1984. Following Blundell et al. (2015), we average all data moments
across cohorts to eliminate these types of time effects, assigning equal weight to all cohorts.
Therefore, our results can be interpreted as the risk a typical cohort is facing. To compute the
cross-sectional earnings inequality over the life-cycle, we follow Deaton and Paxson (1994) and
regress the cross-sectional variance of log earnings on a full set of age and cohort dummies. We
compute the cross-sectional variance at age 24 as the mean of the cohorts’ intercepts.

Figure 1.A3 in the Appendix compares the resulting life-cycle moments of the variance,
skewness, and kurtosis of earnings growth to those reported in Guvenen et al. (2016) for the

US. The life-cycle behavior of these moments is remarkably similar across the two countries, yet,

5We obtain the consumer price index from OECD data; https://data.oecd.org/price/inflation-cpi.htm.
6By doing so, we assume earnings growth behaves similarly for the top decile of the German earnings distribution
relative to the rest of the distribution.
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Notes: Panel (a) displays the cross-sectional variance of log earnings by age. It displays the age coefficients of a
regression of the variance of log earnings on a cohort and age dummies. Panel (b) displays the variance of residual
earnings growth across ages. The dashed lines display block-bootstrapped 95% confidence intervals.

Figure 1.1: Variance of Residual Earnings and Earnings Growth

there are some differences in their levels. The age-averaged variance of earnings growth is two to
three times larger in the US. For one, Guvenen et al. (2016) impose a $1500 lower income limit
to enter into their sample which is less stringent than the limit implied by our restrictions on
minimum wages and working days.” Moreover, the US data includes income from operating a
business that is more volatile than employees’ earnings. Yet, there are also some institutional
differences between the countries worth highlighting. For many German sectors, wage floors
are centrally bargained implying more nominal wage rigidity. Moreover, Germany has strong
employment protection for high tenured workers that leads to a lower probability of becoming
unemployed but also to a lower probability of finding a new job. Bachmann et al. (2013) show
that both the German accession and separation rate of workers within establishments are only
60% of the US level, yet such switches are a major source of earnings volatility. This latter fact
also contributes to skewness being less negative on average in Germany. We find that skewness
becomes more negative as we loosen the requirement for the number of days worked to enter
into the sample, i.e., negative skewness is strongly driven by workers reducing their amount of
working days from one year to the next. In Germany, there are fewer of such non-employment

events.

1.3 Moments of Residual Earnings Growth

This section highlights the salient features of residual earnings dynamics over the life-cycle.

Figure 1.1a displays the cross-sectional variance of residual log earnings across ages, Var(y; 1),

"Lowering the work requirement to 65 days increases the variance of residual earnings growth from 0.089 to
0.098.
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where i denotes the individual and % denotes age. The variance is falling for the first three
years and reaches a low of 0.09. Inequality accelerates up to age 40 when its growth slows
down somewhat. In total, between the ages of 27 and 55, residual earnings inequality more
than doubles. Guvenen et al. (2016) show that cross-sectional inequality also doubles over the
life-cycle in the US. However, the cross-sectional variance of earnings at labor market entry is
substantially higher in the US (0.47 at age 27).

We now turn to the dynamics in residual earnings that create this life-cycle pattern in
inequality. A common way to identify earnings shocks is to study the covariance structure of
residual earnings growth (we use interchangeably the terms growth/innovations/changes), g; 5.
Figure 1.1b plots its cross-sectional variance over the life-cycle. The variance declines by almost
43% between the age of 24 and age 55 with most of the decline, close to 80%, occurring before the
age of 30.

To better understand the changes in the distribution of residual earnings growth that lead to
the decreasing variance, we study separately positive, g: »» and negative, gin residual earnings
growth. Figure 1.2a displays the conditional variances of these innovations, Var(g; s1g; n, < 0).
The figure shows that the decline in the variance of residual earnings growth up to age 30 results
from positive changes becoming less dispersed. In contrast, the variance of negative residual
earnings growth slightly increases during these years. Afterward, the variance of positive growth
continues to decline and the variance of negative growth continues to increase. The latter is more
than 60% larger at age 55 than at age 25.

Figure 1.2b shows that the average sizes of conditional residual earnings growths closely
track their variances. Positive residual earnings growth is large on average early in life, and it
becomes smaller throughout the life-cycle. Mean negative residual earnings growth is almost
constant until the age of 50 and becomes larger in absolute size thereafter. Figure 1.2¢ plots the
probability to observe a positive innovation at each age, Prob(g; , > 0). Its behavior over the
life-cycle reconciles the different means of conditional growths with the mean-zero unconditional
growth. Early in life, close to 70% of innovations are negative, but the probability of a positive
change is increasing throughout the working life and reaches 62% at the age of 55. Average
positive growth becoming more likely with age implies that the distribution of earnings growth
becomes more negatively skewed as workers age. Figure 1.2d shows that the distribution is
initially positively skewed, and skewness turns negative around the age of 40.8 Note that this
decline in skewness is driven by simultaneous changes in both tails of the distribution over the
life-cycle. That is, we observe a simultaneous decline in the occurrence of large positive residual
earnings growth and a rise in the occurrence of large negative residual earnings growth.

Guvenen et al. (2016) highlight that US earnings growth features fat tail behavior. We find
a similar magnitude of kurtosis in the German data.® What is more, Figure 1.3a shows that

kurtosis increases in a concave fashion throughout the life-cycle. At its peak, it is 5 times larger

8To avoid outliers affecting the skewness, we use Kelly’s measure of skewness.
9To avoid outliers affecting the kurtosis, we use Crow-Siddiqui’s measure of kurtosis (Crow and Siddiqui (1967)).
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the fraction of residual earnings growth that is positive at each age. Panel (d) displays Kelly’s skewness measure of
residual earnings growth across ages. The dashed lines display block-bootstrapped 95% confidence intervals.

Figure 1.2: Variances and Means of Conditional Residual Earnings Growth

than what is suggested by a normal distribution. The large kurtosis implies that a substantial
fraction of workers experiences very small residual earnings changes. To put this into perspective,
Figure 1.3b displays the fraction of residual earnings growth by age that is above 5 percent (in
absolute value). In the cross-section, 48 percent of workers experience a residual log earnings
change of less than 5 percent. Figure 1.3b also displays the fraction of workers with an earnings
change of more than five percent that is implied by a normal distribution with the same variance
as the data. In that case, only 13 percent of workers would experience such a small change. What
is more, in the data, the share of workers experiencing small residual earnings changes has a
strong age dimension. At age 40, 50 percent of workers experience residual earnings changes of

magnitude smaller than 5 percent. In contrast, between the ages of 25 and 30, only 21 percent

9
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Notes: Panel (a) displays the Crow-Siquiddi’s measure of kurtosis of residual earnings growth across ages. The gray
dotted line is the kurtosis of a normal distribution. Panel (b) displays the fraction of residual earnings growth that is
larger than 5% in absolute value. The gray dotted line shows the fraction that would result from a normal distribution
with the same variance as the data at each age. The dashed lines display block-bootstrapped 95% confidence intervals.

Figure 1.3: Kurtosis of Residual Earnings Growth

of innovations are smaller than 5 percent, a change of almost 30 percentage points. Under the
assumption of normally distributed earnings growth, the change in the fraction would only be 3.9
percentage points.

So far, we have not addressed the persistence of earnings changes. The literature commonly
differentiates between persistent (e.g., promotions, large health shocks) and transitory (e.g.,
bonuses, temporary sickness) changes. To understand the persistence of earnings changes, we
study the first and second conditional autocovariances. A negative first autocovariance of residual
earnings growth implies that part of the contemporaneous growth is offset the following year,
i.e., it provides information regarding the amount of mean reversion. The second autocovariance
identifies whether this mean reversion lasts longer than one year. Figures 1.4a and 1.4b display
the conditional first and second autocovariances of residual earnings growth, respectively. The
first autocovariance of positive growth is small relative to the first autocovariance of negative
growth. Neither shows a pronounced life-cycle pattern. The second autocovariance is negative for
both types of earnings changes, but it is small in size after the age of 30 in either case. Figure 1.4c
displays the age-averaged (unconditional) autocovariance at longer leads. All autocovariances
after lead two oscillate around zero suggesting that the mean reversion of earnings changes takes

place during the first two years.

1.3.1 Sources of Earnings Innovations

Taken together, the data suggest that positive (negative) residual earnings fluctuations are

particularly large before the age of 30 (after the age of 50). We end this section by briefly showing
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Figure 1.4: Autocovariances of Residual Earnings Growth

that two observable labor market events, job-to-job transitions and non-employment spells are
quantitatively important to understand these large labor earnings changes. Appendix 1.7.1

displays in more detail the earnings changes accompanying these labor market events.

First, we consider workers younger than age 30. We define a large positive innovation as
a positive change in residual log earnings of at least 0.2 (or approximately 22%). Consistent
with the job-ladder effects documented by Topel and Ward (1992), we find that in 32% of cases
where we observe a large positive earnings change early in life, the individual changes his
establishment. Topel and Ward (1992) also show that young workers’ careers are characterized
by repeated non-employment spells between jobs. In this vein, we ask how many of the large
positive innovations in the data coincide with workers increasing the number of working days
during a year. We define a “substantial” increase in working days as an increase in contracted
days by more than 30 days from one year to the next. Around 29% of large positive earnings

innovations early in life are associated with such an increase in working days.

Turning to workers older than age 50, we define a large negative innovation as a negative
change in residual log earnings of at least -0.2 (or approximately -19%). Jacobson et al. (1993)
show that reemployment earnings are substantially lower after losing a highly tenured job. To
understand the importance of this effect for elderly workers in Germany, we calculate the share of
large negative earnings changes associated with the worker changing his establishment. We find
that the worker changes establishments in only 7% of cases where we observe a large negative
innovation. Put differently, losing a high paying job and reentering with a lower-paying job is not
a common phenomenon for elderly German workers. Instead, large negative residual earnings
changes are predominantly associated with a reduction in working days. Workers reduce their
amount of working days by at least 30 per year in 57% of the cases where we observe a large

negative earnings change.
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1.4 A Time Series Model of Earnings Dynamics

1.4.1 Model

We model residual log earnings as the sum of permanent initial inequality and a stochastic

component:

Yi,h = a; + Uih , (1.1
~ ~—~—
initial heterogeneity stochastic component

where a; ~ N(O, 0(21). a; is the only source of deterministic unobserved inequality between work-
ers in our model. Appendix 1.7.5 shows that our results are mostly invariant when including
deterministic heterogeneity in individual earnings growth.

We want our model to capture the rich dynamics of positive and negative residual earnings
growth over the life-cycle. We achieve this by modeling shocks to the stochastic component of
residual earnings as an age-varying mixture of several specified parametric distributions. To be
specific, we let u; j, consist of a mean zero component and, following our analysis above, a positive

and a negative component that all have age-varying properties:

+ —
uin= W, + W, + L?’h , (1.2)
positive negative mean zero

where (7, ~N (0,0'?n) is a transitory shock to earnings that realizes for each individual at every
age. The positive component, W;r , and the negative component, W, , contain both a persistent

and a transitory part:

+ + + - _ - -
Wi,h = w;, F Tin Wi’h = w;, + Tin 1.3)
—— —~— —~—— —~—
persistent transitory persistent transitory
VRN N J P J—J JJ =
w; = p'w;, o +&, for j=—+ v/=il, 070, ) forj=—+ (1.4)

Thus, innovations to the positive and the negative components are a combination of a per-
sistent, f{ 5> and a transitory, L{ ;, Shock. These shocks have by assumption the same sign which
deviates f;"om the independence assumption common in the literature. This structure captures
a wide range of economic phenomena. For example, consider the case of workers losing their
job shown in Appendix 1.7.1. Average residual earnings are lowest, probably resulting from
a reduction in the number of days worked, in the year of displacement, recuperate somewhat
afterward, but they stay persistently lower than before the displacement. The model will identify
this as an innovation to the negative component of log earnings. The initial reduction in working
days will be identified as the transitory shock. The longer-lasting earnings loss will be identified
as the persistent shock. The appendix also shows that job-to-job transitions display a similar pat-

tern. Earnings are highest in the year of a job-to-job transition, possibly due to signing bonuses,

12
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but reverse on average towards their old level thereafter. Such a move up the job ladder will
be identified as a shock to the positive component. The initial overshooting of earnings will be
identified as the transitory shock and the longer-lasting earnings increase will be identified as
the persistent shock. Note that the model does, nevertheless, not impose a perfect correlation
between persistent and transitory shocks because the mean zero shocks, LZ 5> realize additionally
at each age.

We let the probability to receive innovations to the positive and negative components vary
with age. Mutually exclusive, and at each age, an individual draws with probability p, an
innovation to his negative component, (both ¢ inh, 5)» and with probability p,; an innovation to
second order polynomials in age for these probabilities:!

his positive component, (both ¢ Lz' 5)- With probability 1— p;; —p,, he draws neither.!? We specify

1

pl =6, +8),h+8,, k% for j=—,+; h=0at age 24. (1.5)

Different from most of the literature on earnings dynamics, we explicitly specify the shock

distributions. The persistent and the transitory shocks to the positive and negative components

follow age-varying log-normal distributions:'2
$in~ exp(N(uZ,ag,h)), Sin™ —exp(N(,u,‘L,U?,,h)) (1.6)
i)~ exp(N (i, 0% ), 17, ~—exp(N(u, 07 1)) (1.7

The log-normal specification allows the model to match the fat tails of the residual earnings
growth distribution. To provide intuition for this, Figure 1.A4 plots the density function of
earnings growth. We do not impose it, but it is natural to think of the mean zero component
as mostly representing small changes in real earnings that are close to zero (inflation, small
changes in hours, etc...), thus, capturing in part the many earnings changes close to zero. In
contrast, the positive and negative components mostly allow the model to match the fat tails of
the distribution.3

To accommodate for the age-variation in the variances of positive and negative residual
earnings growth, the dispersion parameters in equations (1.6) and (1.7) vary with age in a linear

fashion:

Okih=Yari TYprh for j=—,+ and k=¢,;; h=0 at age 24. (1.8)

101 particular, we obtain a draw from a uniform distribution, s; 5 ~U(0,1), for each worker at each age, and
assign the innovation to the negative component of that worker if s; 5 € [0, p;t]. Similarly, we assign an innovation to
the positive component of that worker if s; , € (p},, p;; + p}, 1. Finally, we assign no innovation to these components if
Sih€ (pz +p]_l,1].

11We find that moving to a third order polynomial provides little improvement in the model fit to the data.

12T keep the number of parameters manageable, we impose the same location parameters for transitory and
persistent shocks.

13The log-normal assumption is also more convenient for the estimation of the model than a symmetric distribution.
With the log-normal specification, the tail of the positive (negative) shock distribution does not cross into the
negative (positive) domain, providing stability in the implied moments of the process, particularly the conditional
autocovariances.
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Also, to allow for age-varying conditional means, the location parameters of these shocks are

age-varying:
uileé+x1ih for j=—,+ ;A =0 at age 24. (1.9

Different from Karahan and Ozkan (2013) and Blundell et al. (2015), we do not allow the
variances of shocks to change arbitrarily with age but, to keep the number of parameters
manageable, restrict the age variations to be linear. In our framework, age variations in the
unconditional distributions of transitory and persistent shocks arise from the age-variations
in the parametric shock distributions (equations (1.8) and (1.9)) together with the age-varying
sampling probabilities of the three components of log earnings (equation (1.5)). Figure 1.A5 in
the Appendix shows that, as a result, the model generates non-linear moments, among them the
variance of residual earnings growth, that are very similar to the data.

As workers accumulate different shocks over their life-cycles, the process implies that the
variance of log residual earnings is increasing over the life-cycle. However, Figure 1.1a shows
that residual earnings inequality is decreasing during the initial years. We interpret this initial

decline as resulting from heterogeneity in the initial transitory components:

] o ~ exp(N(zj, o)), for j=—,+. (1.10)

1.4.2 Identification

We estimate the model by the method of simulated moments (MSM) and use the block boot-
strapping procedure suggested by Horowitz (2003) to obtain standard errors that we report in
Table 1.A4. We target three main sets of empirical moments over the life-cycle: (i) moments
of unconditional residual earnings growth: the mean, skewness, kurtosis, fraction of shocks
above 5%, and the autocovariance function; (ii) moments of conditional positive and negative
residual earnings growth: the means, variances, share of positive changes, and the first and
second autocovariances; and (iii) the variance of residual log earnings. In our main specification,
we estimate 28 parameters using 461 moments. Sections 1.7.2 and 1.7.4 in the Appendix describe
further details about the estimation procedure and the set of moments.'*

The matrix of first derivatives (evaluated at the minimum) of the moment conditions with
respect to the parameter vector has full rank suggesting that our selected data moments do
identify the model. The Online Appendix provides a visualization of this test. It displays the

partial impact of each parameter on each moment evaluated at the minimum. Most parameters

14Ty estimate earnings shocks from residual earnings growth, we require that the information set of the econo-
metrician is the same as that of the worker. Quite likely, it is impossible for the worker to predict wage changes
conditional on all the observables that we use in our regressions; therefore, we may underestimate earnings risk.
However, our moments are almost unchanged when excluding some of the observables. At the same time, a worker
may have more information than the econometrician about the path of his earnings, thus, leading to an overstatement
of risk.
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affect all moments simultaneously. To gain some intuition for the identification, we briefly discuss
here which moments are the most affected by the different parameters.

As shown, e.g., by Hryshko (2012) the variance and first two autocovariances of earnings
growth identify the variance of persistent and transitory shocks and the persistence parameter of
transitory shocks in a model with one persistent and one transitory mean-zero shock. Moreover,
the distant lags of the autocovariance function of earnings growth identify the autocorrelation
parameter of persistent shocks. The intuition extends straightforwardly to our model with condi-
tional shocks. The conditional variances and autocovariances, together with the unconditional
autocovariance, identify the parameters p™*, p_,9+,8_,ya’k i, for j=—,+ and & =,¢. Additionally,
the conditional means of these changes contain information about the location parameters Aé, /1{;,
for j=—,+.

Storesletten et al. (2004) show that the cross-sectional dispersion of residual log earnings
across ages contains information on the model parameters in a model with one persistent and one
transitory mean-zero shock. Again, the intuition carries over to our model and provides additional
identification. The cross-sectional variance of residual log earnings early in life identifies initial
heterogeneity. The initial changes in cross-sectional inequality identify how much of this initial
inequality is permanent, o, or transitory, /lé and Oé, for j = —,+. The increase in inequality over
the life-cycle contains information on the size of positive and negative persistent shocks, and the
shape of the increase contains information on their persistence parameters.

Finally, the fraction of positive shocks over the life-cycle, skewness, the share of shocks above
5%, and kurtosis identify the variance of the mean zero component and the sampling probabilities,
8%y B
positive shocks. This implies a higher fraction of those and a more negatively skewed distribution

for j = —,+. To see the latter point, consider an increase in the sampling probability of

of earnings growth. To understand the relationship with kurtosis, we show in the next section
that the mean zero transitory shocks, 1, have little variance. Hence, these shocks allow the model
to create a large share of shocks centered around zero, thereby, given a fixed variance, a large
kurtosis in earnings growth. Put differently, lower probabilities to draw any persistent shock

imply more kurtosis.

1.4.3 Description of the Empirical Results

Table 1.1 reports selected parameter estimates for the process described by Equations (1.1) to
(1.10). Table 1.A3 in the Appendix reports the remaining parameters. Column (1) is the full
specification of the econometric model. We estimate the autocorrelation coefficients of positive
and negative persistent shocks to be close to a unit-root process. The age-averaged means of
positive and negative persistent shocks are similar, but their life-cycle behaviors differ (cf. Figure
1.5a). Positive shocks decrease in size throughout the life-cycle, but negative persistent shocks
are smallest early in life and become larger on average with age. Figure 1.5b shows that the

variances of these two shocks differ in their size and their behavior over the life-cycle. Positive
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Table 1.1: Parameter Estimates of the Labor Income Process

Model: 1) (2) (3) (4) (5)
Full No No Macro  Micro

Parameters Model h L

o~ 0.9788 0.1357 0.4179 0.9685 0.9902

ot 0.9767 -0.2057 0.2411

0~ 0.0452 -0.1014 -

o+ 0.1530 0.9995 - ; ;

Oq 0.0238 0.3486 0.3249 0.0302 -

o} - - - 0.2364 0.1744

of: - - - 0.1074 0.1674

Obj. Function 82.70 196.05 138.79 - -

Notes: The table displays selected parameter estimates of the
earnings process described by Equations (1.1)-(1.10). The remain-
ing parameter estimates are displayed in Table 1.A3. Table 1.A4
displays standard errors. The process is estimated by the method
of simulated moments. We use the sample from SIAB described
in Section 1.2. Column (1) is the full model. Columns (2)-(3) shut
down age-dependence and transitory shocks, respectively. The
last two columns display parameter estimates of the model in
equation (1.11).

persistent shocks are heavily dispersed early in life. Their variance decreases from 0.08 at age 24
to 0.02 at age 55. In contrast, the variance of negative persistent shocks is close to zero early in
life and reaches 0.035 at age 55. Figure 1.5e shows that early in life, about 43% of workers receive
a negative persistent shock and this probability is decreasing to 13% late in life. In contrast,
the probability to receive a persistent positive shock is increasing throughout life. The joint
probability to receive any persistent shock during a year is U-shaped over the life-cycle and is
particularly low around the age of 40 when 67% of workers receive no such shock. That is, they
only receive a transitory mean-zero shock. The variance of these latter shocks is close to zero for
most of the life-cycle. Put differently, during ages when individuals are unlikely to receive shocks
to their positive or negative component, they face little earnings risk.

Unlike transitory mean-zero shocks, transitory shocks to the positive and negative components
do present major earnings risks. Figures 1.5¢ and 1.5d show that particularly negative transitory
shocks are large on average and highly dispersed throughout the life-cycle. In fact, Figure 1.5f
shows that most large negative shocks, defined as a log earnings decrease of at least 0.2, are
transitory. Early in life, almost all large negative shocks are transitory. The share declines with
age and reaches close to 50% at age 55. Likewise, most large positive shocks are transitory, yet,

the share of large positive shocks explained by transitory shocks is somewhat smaller than in
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Notes: The figures display age specific estimates from the earnings process described by Equations (1.1)-
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probabilities of drawing a shock to the positive and negative components. Panel (f) displays the fraction of shocks

above 0.2 that are transitory.

Figure 1.5: Model Predictions
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the case of large negative shocks. In contrast to large negative shocks, the share of large positive
shocks explained by transitory shocks is increasing with age. It increases from 50% at age 24 to
over 60% at age 55.

Figure 1.A5 in the Appendix compares the targeted moments in the model to the data.
Moreover, Table 1.A2 shows the loss function with respect to the different data moments. Overall,
the model fits the data moments closely. The main conceptual issue is that the model cannot
rationalize (by construction) a cross-sectional inequality that is decreasing for several years at

the beginning of the life-cycle.

1.4.4 Discussion of the Empirical Results

Age-varying distributions turn out to be key in fitting the moments of residual earnings growth
over the life-cycle. In Column (2), we restrict the means and variances of all shocks to constants
across ages. In this case, changes in the sampling probabilities of the age-invariant distributions
drive all the life-cycle dynamics. Relative to our full model, the loss function more than doubles.
Figure 1.A13 in the Online Appendix shows that the model generates little age variation in the
moments of residual earnings growth. In particular, the model fails to match the decrease in the
variance of positive shocks, the age variation in the share of positive shocks, and the resulting
decrease in skewness over the life-cycle.'®

Column (3) highlights the importance of distinguishing between persistent and transitory
shocks.’® Omitting transitory shocks provides a substantial worse model fit and raises the
objective function. The estimate for the autocorrelations of persistent shocks is substantially
lower without transitory shocks. The intuition is the following: when neglecting transitory
shocks, the moment estimator implies p << 1 to match the negative autocovariances of earnings
growth at lag one and two. Column (3) shows that particularly the estimated autocorrelation of
persistent positive shocks decreases. Similarly, Guvenen et al. (2016), who also estimate a model
with mixture probabilities, find that positive persistent shocks are only mildly persistent. They
allow, similar to us, for a purely transitory shock, but, different from us, they model the other
two components as pure AR(1) processes. We find that by modeling the positive and negative
components to be a combination of both transitory and persistent shocks, our model identifies
persistent shocks that are close to permanent and, at the same time, identifies most large shocks
as being purely transitory.

We find age variations in the variances of shocks that are similar to those in Karahan and
Ozkan (2013) using PSID data. Our specification allows for a deeper understanding of these
life-cycle variations. In particular, the decreasing dispersion in persistent shocks early in life is

entirely driven by a decreasing dispersion of positive shocks. Similarly, the increasing dispersion

15The poor life-cycle behavior of the model also implies counter-intuitive parameter estimates, e.g., persistent
shocks are estimated to be almost transitory.
16Figure 1.A14 in the Online Appendix displays all the model moments over the life-cycle.
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of persistent shocks late in life is entirely driven by an increasing variance of negative shocks.
Finally, the increasing variance in transitory shocks is mostly driven by an increasing variance
of negative transitory shocks. Our results regarding the persistence of a typical shock early in
a worker’s life-cycle are somewhat different from theirs, though. They find that a typical shock
is less persistent when young than at prime age. Instead, we find that the share of persistent

shocks is declining until prime-age (see Figure 1.5¢).

Finally, we compare the results to the earlier literature that models a single age-invariant
mean zero AR(1) shock process. To capture the decline in the variance of log earnings at young
ages, we extend this framework and allow for an age varying variance of transitory shocks at age
24:

Sin=ai+Zip+iin, EGp)=0, Vari,)=o? (1.11)
Zin=0Zip-1+&p,  EE)=0, Var((fi,h)=0§~ (1.12)
Jio=ai+lig+éin  Eli0) =0, Var(iz) =07, (1.13)

In this model, either the autocovariance function of residual earnings growth or the covari-
ance function of log residual earnings over the life-cycle identify the model moments. Heathcote
et al. (2010) show that what they refer to as Micro estimation (targeting the autocovariance
function of earnings growth) leads to substantially larger persistent shocks than a Macro estima-
tion (targeting covariances of cross-sectional inequality). As a consequence, simulations of the
Micro estimates lead to a too large increase in cross-sectional inequality over the life-cycle and
simulations of the Macro estimates imply a too negative first autocovariance of earnings growth,
i.e., too much of the average shock is off-set the following year.!” Columns (4) and (5) present
the parameter estimates resulting from GMM estimators of the two identification strategies.'®
As expected, the standard deviation of persistent shocks is about twice as large in the Micro

approach.

In the estimation of our full model, we target the autocovariance function of residual earnings
growth and the cross-sectional variance of residual log earnings over the life-cycle. Figure 1.A5
in the Appendix shows that our full model jointly matches these moments. The reason for the
relatively modest increase in earnings inequality over the life-cycle (compared to the Micro model)
is not that persistent shocks have little dispersion. Conditional on receiving such a shock, the
age-averaged variance is similar to the Micro estimation (0.0280). Instead, the fact that in a

given year a substantial fraction of workers receives no persistent shock is key.

17Daly et al. (2016) show that eliminating beginning and end of earnings spell observations helps to reconcile the
two approaches within this framework.

18For the Macro estimation, we use the variance and first ten covariances of log residual earnings. We have also
estimated a just identified model with only the first two covariances, and the results remain quantitatively very
similar.
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1.5 Life-Cycle Consumption and Savings Model

We now turn to the implications of our earnings process for consumption and wealth inequality
and the degree to which workers can insure against idiosyncratic earnings shocks. To this end, we
introduce the estimated earnings uncertainty into a structural model with incomplete insurance
markets.

For simplicity, we consider a partial equilibrium model with exogenous earnings and interest
rates. Individuals work for Hy years in the labor market and die with certainty at age H > Hyw.
They have CRRA preferences over consumption with a risk aversion parameter y, and they
discount the future with factor §. There exists a one-period risk free asset a that pays certain
returns 1+ r. Individuals face a zero borrowing constrained a1 = 0 and make consumption

decisions to maximize expected lifetime utility:
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where Y,i are post tax earnings of individual i at age ~A. During working life, log gross earnings

follow the sum of a common deterministic and an individual specific stochastic component:
E! =exp(dy +v;;) if h <Hy. (1.14)

The government reduces earnings inequality by applying a progressive income tax schedule.
We apply the statutory income and social security tax schedule from Germany to map gross
earnings into after tax income:

Y)=G(E}) if h < Hy. (1.15)

During retirement, workers face no further uncertainty and receive social security benefits. To
avoid keeping track of individuals’ average earnings, we assume social security benefits depend
only on the fixed type a;:1°

Y} =F(a;)if h > Hy. (1.16)

1.5.1 Calibration

We calibrate the coefficient of relative risk aversion and the interest rate outside of our data. The
former, v, is set to 1.5, consistent with Attanasio and Weber (1995). Following Siegel (2002), we
fix the value of r to imply a yearly interest rate of 4%. To ensure that households have on average

an adequate level of self-insurance, we match median wealth to earnings ratios using data for

19Bundesministerium (2015) shows that the retirement replacement rate has decreased over the last decades and
is projected to continue to do so. We assume households expect the replacement rate from 2010.
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Germany from the Eurosystem Household Finance and Consumption Survey (see Eurosystem
Household Finance and Consumption Network (2013)). To make the data comparable to the SIAB,
we restrict the sample to males aged 24-55, who are employees and have positive earnings.2°
We calibrate § to match a median wealth-to-earnings ratio of 4.3 at age 55 leading to a value of
0.9725. As in the data, we assign individuals’ initial assets equal to 71% of initial earnings.

Workers work until the age of 55 and, after that, spend twenty years in retirement. We
match average earnings during working life, dj,, by estimating cohort averaged age profiles as in
Deaton and Paxson (1994). In what we call the age-varying risk model (AVRM), the stochastic log
earnings component, v; 5, follows the process estimated in Column (1) of Table 1.1. For simplicity,
we impose 0 = 8~ = 0. We compare the implications of this model to those from the Macro
approach. To ensure that income inequality is the same in the two models, we estimate the latter
model on the variance and the first ten covariances of log earnings implied by the AVRM, instead
of the data. Figure 1.6b shows that the resulting variance of log earnings over the life-cycle
closely tracks the AVRM. We refer to this model as the age-invariant risk model (AIRM). As it
is common in the literature, we assume shocks follow normal distributions in the AIRM. We
assure that mean earnings are the same in both models at each age by adjusting the path of
deterministic earnings over the life-cycle accordingly in the AIRM. Finally, we recalibrate § to
match the median wealth-to-earnings ratio of 4.3 at age 55 which leads to a somewhat larger
value (0.9785) than in the AVRM.

1.5.2 Wealth Inequality

De Nardi et al. (2019) show that existing life-cycle models fail to rationalize sufficient cross-
sectional wealth inequality given the observed earnings inequality in the US data. Particularly,
the models imply too little wealth holdings by the very top of the wealth distribution. Wealth is
also top-concentrated in our German sample of workers: the top 1% own 18.5% of net wealth,
and the bottom 50% only own 6.8% of net wealth. The AVRM implies wealth shares of 8.8% and
13.6%, respectively. Therefore, wealth inequality is still much lower than in the data, but it is
higher than in the AIRM which implies wealth shares of 5.5% and 15.6%, respectively.?! Figure
1.6a shows the share of wealth held by the top 10% over the entire life-cycle. After age 35, the
share is around 0.37 in the AVRM, compared to 0.22 in the ATRM. The figure also highlights that
the model, in part, falls short of the data because the calibration restricts wealth inequality to
equal earnings inequality at age 24.

The models feature wealth heterogeneity for two reasons. The first is heterogeneity in life-
cycle savings. Retirement benefits are lower than average earnings; hence, workers accumulate

wealth to smooth consumption. Put differently, heterogeneity in lifetime earnings translate into

20The survey imposes that earnings are larger than 1100 Euro per year to be considered employed, which is
somewhat more than our restriction in SIAB.

210agetti and Nardi (2006) show that a model with entrepreneurial choice is one possibility to match the right tail
of the wealth distribution of workers because former entrepreneurs have high wealth holdings.
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Figure 1.6: Wealth and Earnings Inequality over the Life-Cycle

heterogeneity in retirement savings. This channel is particularly potent to explain large top

wealth inequality when large earnings differences at the top of the distribution arise early in the
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working life and are persistent; hence, they translate into large differences in lifetime earnings.
Figure 1.6¢ shows that top earnings (99th percentile) are much higher in the AVRM than in the
AIRM, and they match almost perfectly the data. At the beginning of the life-cycle, top earnings
are almost identical in the two models and the data, but they grow much more rapidly in the
AVRM than in the AIRM afterward. This rapid growth in top earnings results from the rare but
persistent and fat-tailed positive shocks early in life. Figure 1.6d shows that median earnings
are almost identical in the two models; thus, the top 1% have much higher earnings relative
to the median worker in the AVRM. Finally, Figure 1.6e shows that bottom earnings (the 10th
percentile of earnings) are higher and, thus, closer to median earnings in the AVRM (and in the
data) than in the AIRM, therefore, rationalizing that the two models feature the same variance
in log earnings over the life-cycle.

The second mechanism that generates wealth inequality is precautionary savings. Castafieda
et al. (2003) show that this mechanism contributes strongly to top wealth inequality when there
exists a “superstar” earnings state that occurs infrequently and is mildly persistent. When the
state is only mildly persistent, workers have incentives to save most of the temporary earnings
increase because their earnings are expected to soon be lower. Though rare and large positive
shocks early in life have some flavor of this type of shock, these shocks are highly persistent
in the AVRM. Given their persistent nature, households increase consumption and the effect
on precautionary savings is small. Large and persistent negative shocks late in life do increase
the need for precautionary savings. Yet, as Civale et al. (2017) show, negative skewness in the
shock distribution increase precautionary savings most at the left tail of the wealth distribution;
thus, they decrease wealth inequality. Consistent with this, the 10th percentile of the wealth
distribution is higher in the AVRM than in the AIRM, particularly after the age of 45.2? Measuring
overall wealth inequality by the Gini-coefficient of wealth, we find that the increase in top wealth
inequality outweighs the decrease in bottom inequality. That is, the Gini-coefficient of wealth is
0.54 in the AVRM and 0.49 in the AIRM (0.64 in the data).

1.5.3 Consumption Inequality and Insurance

Figures 1.7b to 1.7d compare the consumption distributions in the AVRM and the AIRM. Bottom
inequality (50/10 consumption ratio) grows by a similar amount in the two models over the
life-cycle. However, it is somewhat higher in the AIRM throughout the life-cycle. To understand
higher bottom inequality, the timing and composition of shocks play a key role. Regarding the
timing, note that at the beginning of life, when self-insurance is at its lowest, the AVRM features
relatively few large negative shocks and, thus, relatively few catastrophic events that lead to a
large downward consumption adjustment. Regarding the composition, remember that relatively

many large negative shocks are transitory and, thus, relatively easy to insure in the AVRM

22Consistent with precautionary savings being relatively unimportant for top wealth inequality, we find that
fixing earnings uncertainty beyond age 40 to the process workers face at age 40 leaves top wealth inequality almost
unchanged.
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Figure 1.7: Consumption Inequality over the Life-Cycle

and this is particularly the case at the beginning of the life-cycle. In contrast, in the AIRM, the
fraction of large shocks that are negative is age-invariant, and the fraction of large shocks that are
transitory is the same for positive and negative shocks.2? Upper consumption inequality (90/50
ratio) grows somewhat faster in the AVRM, but the overall level is similar in the two models.
The main difference between the two models is, again, top inequality (99/50 ratio). Mirroring
top earnings and wealth inequality, top consumption inequality grows much more rapidly with
age in the AVRM, and it is substantially higher on average than in the AIRM. That is, large
and persistent positive shocks early in life allow a few lucky workers to enjoy particularly high

consumption levels. Those in the top 1% consume 2.6 times more than the median at age 55 in

23We opt for a model with age-invariant shocks as the comparison to the AVRM because it is the most widely used
framework. Alternatively, one could estimate age-varying variances for transitory and persistent shocks and assume
that these shocks are normally distributed. This extension would allow the fraction of large shocks and the fraction
of large shocks that are transitory to vary, but, by assumption, these fractions would be the same for positive and
negative shocks.
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Figure 1.8: Consumption Equivalences

the AVRM, but only 1.9 times more in the AIRM.

These consumption dynamics have qualitative ambiguous effects on the welfare costs of
incomplete insurance markets. On the one hand, fewer catastrophic consumption events, i.e.,
less consumption inequality at the bottom of the distribution, imply lower welfare costs from
incomplete markets in the AVRM. On the other hand, more resources allocated to the top 1%
imply that the typical household has lower average consumption and, thus, implies higher
welfare costs arising from incomplete markets. Figure 1.8 displays these two effects graphically.
It displays the densities of lifetime consumption equivalences an individual worker is willing to
pay to receive the consumption stream from the social planner solution instead of his realized
stream.?* The figure shows that poor individual outcomes, values greater than zero, are more
likely in the AIRM. Put differently, even on a lifetime utility basis, the left tail of the consumption
distribution is more dispersed in the AIRM leading to lower welfare. At the same time, the
AVRM has a higher probability of lifetime utility outcomes that are much better than the social
planner solution (large negative values in the graph). An outcome that is better than 130% of
the social planner solution occurs with 2.5% in the AIRM and 3.6% in the AVRM. Again, this
is a different way of saying that the fatter right tail in the consumption distribution translates
to a fatter left tail in the distribution of lifetime consumption equivalences in the AVRM. Given
that the two models have the same amount of total labor income, the resources used to finance
these tail events must come from workers in the center of the distribution. Indeed, the center
of the distribution of willingnesses to pay is shifted to the right and is thinner in the AVRM
relative to the AIRM. This also manifests in a kurtosis of the distribution that is larger in the

former. Shifting resources from median lifetime consumption outcomes towards high lifetime

24We define the social planner solution as the discounted utility resulting from optimal choices when earnings are
pooled across all agents at each age, but they are not pooled across ages. That is, the social planner cannot use future
labor income to finance today’s consumption.
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consumption reduces welfare. We find that this effect dominates the effect of less catastrophic
outcomes, i.e., welfare is lower in the AVRM. An unborn worker is willing to pay 4.4% of lifetime
consumption to avoid the idiosyncratic earnings risk in the AVRM and 3.7% in the AIRM.

Finally, we inspect in more detail the differences between the two models concerning the
dynamics of cross-sectional consumption inequality over the life-cycle. Guvenen (2007) shows
that the shape of this moment is informative about the age-varying insurance that households
have against earnings risk. More specifically, he shows that standard earnings risk models
generate a concave profile of consumption inequality over the life-cycle because earnings shocks
become effectively more transitory as workers approach retirement. He shows that learning
about deterministic differences in individual earnings growth profiles can reconcile the model
with the more linear increase in US data.?’ Fuchs-Schindeln et al. (2010) find that the German
data also displays close to a linear increase in the variance of log consumption over the life-cycle.

Figure 1.7a shows that consumption inequality over the life-cycle also shows a concave shape
in the AIRM calibrated to German data. The model implies a total increase in the variance of
log consumption of 0.05 from age 25 to age 55 which is consistent with the consumption data
analyzed by Fuchs-Schindeln et al. (2010).26 The total increase in consumption inequality over
the life-cycle is similar in the AVRM, however, the shape of the increase is somewhat different. In
particular, after an initial fall, the increase is steeper than in the AIRM and shows less flattering
at old age.

To understand how age-varying risk affects cross-sectional consumption inequality over the
life-cycle, we compute at each age the average consumption responses to different shocks using a

linear regression:27

Alog(c;n) = pon+@e+ (& nl&in > 0)+@e- 1 (Ei plSin <O+ @i p (G plti 5 > 0)+@- (1 pltip <0)+G; 4.

Thus, 1 - ¢+, measures how much of a persistent positive shock does not translate into con-
sumption, i.e., how much of a shock is insured. We calculate these insurance coefficients for the
four types of shocks. In case of uncorrelated shocks, as in the AIRM, and without conditioning on
the sign of the shocks, these insurance coefficients are equal to those calculated by Kaplan and
Violante (2010).

Figure 1.9 shows that consumption responds more strongly to positive than to negative shocks,
particularly late in life. The asymmetry is larger in the AVRM because precautionary savings are
higher late in life. Hence, when a positive shock occurs, a worker requires fewer precautionary

savings for the rest of the working life; hence, he can consume these. The figure also shows that

25De Nardi et al. (2019) come to a different conclusion regarding the shape of this moment in US data. Their results
imply a concave shape.

26Similar to wealth data, consumption data is only available at the household level in Germany.

27n the AVRM, transitory shocks include those from the mean zero component of earnings, that tend to be small
and those draws from the positive and negative components that tend to be large. Because the former have almost no
dispersion and, thus, almost no quantitative effect on consumption, we only focus on the latter.
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Figure 1.9: Insurance against Shocks

consumption responds more to persistent than to transitory shocks in both models.?8 Remember
that the probability to receive a positive shock and the probability to receive a persistent shock are
increasing late in life in the AVRM. As a consequence, consumption responses become relatively

large in this model leading to a relatively rapidly growing consumption inequality.2?

1.6 Conclusion

This paper estimates explicit age-varying distributions of positive and negative (transitory and
persistent) earnings shocks in Germany. Early in the working life, workers experience rare but
large positive shocks, both transitory and persistent. As workers move into prime-age, earnings
risk decreases, both because earnings fluctuate less and fluctuations are more transitory on
average. For elderly workers, rare but large (persistent and transitory) negative earnings shocks
become a major source of risk. Our parametric earnings process is simple enough to introduce it
into a model of consumption decisions with incomplete financial markets. The age-varying risk
structure helps us to reconcile two stylized facts from the data. First, relative to a model with an

age-invariant AR(1) process and Gaussian shocks, wealth is more concentrated at the top of the

281n either model, average consumption responses are weaker than those found by Kaplan and Violante (2010)
for a US calibration. For one, the differences arise from their model featuring permanent shocks (shocks are highly
persistent in our case). Moreover, taxes are more progressive in Germany leading to smaller net earnings changes
and, thus, consumption changes, given a gross earnings change. Relative to their findings, consumption responds
particularly weak at the beginning of life. Different from them, workers start with positive assets in our model which
weakens consumption responses, particularly of persistent negative earnings shocks. Moreover, net income growth is
smaller in Germany over the life-cycle which weakens initial consumption responses to positive shocks.

29We find that when decreasing the variance of shocks after age 45 by 30% and recalibrating the location parameters
of the distributions to ensure that the conditional means of the shocks are unchanged results in a flattering in the
growth rate of consumption inequality late in life.
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wealth distribution. Large persistent positive shocks early in life imply high lifetime incomes for
a small group of workers. These workers have incentives to accumulate large savings for life-cycle
purposes. As a result, the share of wealth held by the top one percent increases by a factor of 1.6.
Second, cross-section consumption inequality grows relatively more rapidly close to retirement in
our model. This results from positive and persistent shocks becoming relatively more likely at
the end of working life and consumption responding relatively strongly to these types of shocks.
As individual consumption responses become stronger, the variance of consumption inequality
increases.

Our analysis restricts itself to male workers with a high attachment to the labor force, mainly,
because our data do not allow us to identify workers’ participation decisions upon shocks as in
Low et al. (2010). Studying age-varying, non-normally distributed earnings risk while allowing
at the same time for employment decisions resulting from shocks promises further insights into
the welfare costs of incomplete insurance markets. Similarly, little is known about the effects
that this richer risk structure has on joint household decisions of labor supply, consumption, and
fertility.

Age-varying risk also raises several questions regarding social insurance. On average, earn-
ings risk is negatively skewed, implying that insurance against catastrophic events is highly
valuable to society. Yet, early in life, when self-insurance is lowest, earnings risk is positively
skewed, thus, decreasing the need for insurance. What is more, most large shocks early in life are
transitory. The optimal size and design of the welfare state is, therefore, an even more complex
question than that of age-independent Gaussian shocks.?? Finally, the risk structure also has
implications on the level of attainable private (and public) insurance. Krueger and Perri (2006)
analyze privately efficient risk-sharing contracts. We show that prime-aged workers face little
risk; thus, they have little incentives to enter into any private risk-sharing contract or support

large public risk-sharing contracts.

30Golosov et al. (2016) is a recent example that studies optimal redistribution with non-normally distributed
earnings shocks.
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1.7. APPENDIX

1.7 Appendix

1.7.1 Residual Earnings Dynamics After Observable Events
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The figure displays mean residual log earnings around observable labor market events. We normalize mean residual
log earnings to zero in the year before the event. Panel (a) shows the case of workers becoming unemployed, and panel
(b) shows the case of a job-to-job transition that resulted in an earnings gain in year one. The dashed lines display
bootstrapped 95% confidence intervals.

Figure 1.A1l: Residual Log Earnings after Unemployment and Job-to-Job Transition

Figures 1.Ala and 1.A1b display residual log earnings around observable labor market events.
In constructing these figures, we first obtain residual log earnings by regressing for each age
the log earnings on workers’ observable characteristics. Next, we define an unemployment event
as a worker working less than 300 natural days in a given year while in the previous year he
has worked more than 300 natural days. Moreover, we define a job-to-job transition as a worker
working more than 300 natural days in two consecutive years while he changes his establishment.
Tjaden and Wellschmied (2014) show that about one third of job-to-job transitions result in a
downward move in the job ladder. To avoid this complication, we condition on job-to-job transitions
that lead to an earnings gain in the initial year. We normalize a worker’s residual log earnings to
zero in the year before the labor market event occurs and trace average residual log earnings for
the consecutive five years.

Figure 1.Ala shows that residual log earnings fall by about 0.57 log points in the year of
an unemployment spell. However, they partially recover during the consecutive years leaving a
worker with 8% lower earnings on average after 5 years. This pattern is qualitatively consistent
with the US data analyzed by Jacobson et al. (1993). The reduction in workdays during the first
year of unemployment contributes to the initially large decline in earnings. As workers find work
and reclimb the job-ladder, their earnings return towards their pre-unemployment level. Figure
1.A1b shows that job-to-job transitions show a similar pattern. On average, residual log earnings

rise by 0.14 log points in the year of the transition but fall during subsequent years resulting in
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an average increase in log earnings of 0.06 after 5 years. A possible explanation for the initial

overshooting of residual earnings are signing bonuses paid upon hiring.

1.7.2 Constructing the Moments

We model log earnings as the sum of deterministic and stochastic components that may depend
on cohort and time effects. Let Y/, , be the log earnings of individual ¢, at age &, belonging to the
birth cohort ¢, in year ¢:

Yi‘jh’t =fXins) +yf’h’t, (A.17)

where f(X; ;) is a function representing observable differences among workers (X; 5 ;) such as
education, region, age and industrial sector, and year effects. y;, , represents the unobserved

component of earnings. Rewriting the above process in first differences yields

AY, = A X n) +Ay] g, (A.18)

12

First, we remove predictable changes in log earnings, such as education, by running for each
age cross-sectional regressions. The regressions control for a dummy of workers’ education, year,

region of residence, and 14 major industries. Denote the corresponding residual by g‘l? bt
8int =DV hy (A.19)

So far, our specification allows the moments of residual earnings growth to be calendar year
and birth cohort specific. As an illustration of such effects, Figure 1.A2 shows the variance of
residual earnings growth for each of our 9 cohorts. There are two salient features. First, there
is a calendar year effect with large variances for all cohorts about 5 years after the German
reunification. For example, for the 5th birth cohort, born between 1951-1957 (green line) the
German reunification occurs at ages 34-40, and the time effect increases the variances after
age 45. Second, there is also a visible cohort effect, with later cohorts facing substantial higher
variances than earlier cohorts. We follow Blundell et al. (2015) and eliminate these effects by
averaging all moments (variance, skewness, kurtosis, etc.) across cohorts, assigning equal weight
to each. Therefore, our results can be interpreted as the risk a typical cohort faces.

To compute the cross-sectional earnings inequality over the life-cycle, Var(y; 5), we follow
Deaton and Paxson (1994) and regress the cross-sectional variance of log earnings on a full set of

age and cohort dummies. We compute the intercept (age 24) as the mean effect across cohorts.
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Notes: Figure 1.A2 displays the variance of residual earnings growth by age and birth cohorts. Birth cohorts 1-9
belong to years of birth 1923-1929,1930-1936,...,1980-1986, respectively.

Figure 1.A2: By Cohort Variance of Residual Earnings Growth
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1.7.3 US Comparison
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Panels (a), (b), and (c) display, respectively, the variance, skewness and kurtosis of residual earnings growth by
age for the US and Germany. Section 1.2 describes the German data. For the US, we compute for each age groups
(25-29,...,50-54) the average over the percentiles reported in Guvenen et al. (2016).

Figure 1.A3: US and German Higher Order Moments

Figure 1.A3 compares the variance, skewness and kurtosis of residual earnings growth. The
German data refers to labor earnings from the SIAB sample described in Section 1.2. For the
US, we compute for each age groups (25-29,...,50-54) the average over the percentiles reported in
Guvenen et al. (2016). Different from the SIAB data, the latter includes self-employment income.

1.7.4 Moments Selection and Estimation

We simulate life-cycle employment histories for 20,000 workers who enter the labor market at

the age of 24 and work until the age of 55. The resulting simulated minimum distance estimator

is given by:
0 =argminF(©0)IF(0) (A.20)
0
F©), = f"(g)—_m", (A.21)
Wp

where f,,(0) is the n" model moment, and m,, is the corresponding n‘* data moment. Similar
to Guvenen et al. (2016), we employ moment specific adjustment factors, w,. We use these
adjustment factors to jointly deal with two issues presented by the data. First, the moments are
measured on different scales. For example, kurtosis is in absolute value about 500 times larger
than the first autocovariance. If we had minimized the sum of absolute squared deviations (v, = 1),
the optimization would not have had put any emphasis on moments with low absolute sizes. At
the same time, we have several moments which are close to zero, such as the autocovariance
function, but fluctuate substantially in relative terms from one age to the next. Hence, if we had
minimized the sum of relative squared deviations (w, = abs(m,)), the optimization would have
concentrated almost exclusively on these large relative deviations close to zero that are likely the

result of a small sample.
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Using moment specific adjustment factors allows us to use absolute deviations but reduce
the emphasis on moments with large absolute numbers. Unfortunately, it gives us a degree of
discretion. We choose the adjustment factors in an iterative fashion such that the implied loss
function displayed in Table 1.A2 is consistent with the model fit we observe in Figure 1.A5. We
opt to give the variance of log earnings over the life-cycle and the mean earnings growth by age
(which is zero by construction in the data) somewhat larger weights as we want to ensure a good
fit with these moments. We keep the adjustment factors fixed when estimating restricted versions
of the model.

Most sets of moments contain 31 year moments. This is the case for the skewness, kurtosis,
fraction of positive shocks, fraction of shocks above 5%, unconditional mean, unconditional
autocovariance, conditional mean and conditional variance. This amounts to 31 x 10 = 310
moments. The conditional first autocovariance are observed for 30 years. These amount to
30 x 2 = 60 moments. The conditional second autocovariance are observed for 29 years, amounting
to 29 x 2 = 58 moments. The variance of log earnings amount to 32 moments. Lastly, the initial
mean of log residual earnings at age 24 amounts to 1 moment. The total number of moments
that we target is then N =310+ 60+ 58 +32+1=461.

Given our large parameter set, the issue of finding a global minimum arises. We first obtain
reasonable starting values by experimenting with different combinations of parameters. We
tested different global minimum algorithms and a pattern search algorithm performed best in
finding a minimum. Provided the optimal parameters, we compare the minimum to (possibly)
other minima where we start the algorithm from different starting points. We find that the
pattern search algorithm, in general, is able to converge to the same minimum from different

starting points.

We obtain standard errors by 100 block bootstraps. Using a global search algorithm in each
iteration is infeasible numerically. Therefore, we use a local optimizer, a sequential quadratic
programming algorithm. Implicitly, we assume that a change in the data sample does not lead to

a too large change in our estimates, therefore, possibly downward biasing the standard errors.

1.7.5 Growth Rate Heterogeneity

Our baseline specification omits heterogeneity in individual earnings growth rates. Guvenen
(2009) (and the citations within) show that this type of heterogeneity is potentially an important
source of individual earnings dynamics. In particular, this line of literature finds that the increase
in the cross-sectional inequality of earnings over the life-cycle is driven partly by this type of
heterogeneity. Moreover, this literature finds that shocks to earnings, instead of featuring a
close to permanent component as in our baseline results, are only mildly persistent. To show the

robustness of our results, we estimate the following augmented version of the model:

33



CHAPTER 1. MODELING LIFE-CYCLE EARNINGS RISK WITH POSITIVE AND NEGATIVE
SHOCKS

Table 1.A1: Growth Rate Heterogeneity

o ot 0~ ot Og Ox
0.9795 0.9767 0.0497 0.1516 0.0224 0.0025
Obj. Function 81.95

Notes: The table displays selected parameter estimates
of the earnings process described by Equation (A.22).
The process is estimated by the method of simulated
moments. We use the sample from SIAB described in

Section 1.2.
Yih = a;+xih + Uin , (A.22)
o g ~ . v
initial heterogeneity stochastic component

where a; ~ N(O,ai), K; ~ N(O,a%), and COV(a;,x;) = 0. Our moments identify 0,2( in two distinct
ways. First, Guvenen (2009) shows that heterogeneous growth rates imply that the cross-sectional
variance of residual earnings growth increases in a convex fashion over the life-cycle. Second,
Hryshko (2012) shows that the the autocovariance function of residual earnings growth converges

at distant lags towards o2.

Table 1.A1 shows the results from estimating this model. The resulting change in the objective
function is small, and we find little unobserved heterogeneity in individual earnings growth
rates. Within two standard errors, the variance is smaller than 0.000013 which is by an order of
magnitude smaller than the values found by the literature that estimates this parameter jointly
with modestly persistent earnings shocks. These results are consistent with those in Blundell et al.
(2015) who, similar to us, identify the parameter from the autocovariance function of earnings
growth with sufficient long lags. The tight estimate of the parameter may be surprising at first,
given the large noise in this moment even in administrative data (see Figure 1.4c). Hryshko
(2012) uses simulation exercises to show that a minimum distant estimator closely identifies o2

when it takes all, though noisy, autocovariances into account.

In a simpler model, Hryshko (2012) also shows that omitting transitory shocks downward
biases the estimate for persistent shocks and upward biases O’%. Following this idea, we reestimate
the model without transitory shocks.?! We find much lower AR(1) estimates and a larger estimate
of profile heterogeneity, o, = 0.0112. The intuition is simple. When neglecting transitory shocks,
the moments estimator implies p << 1 to match the negative autocovariance function at lag one.
Yet, p << 1 alone implies that the autocovariance function is negative at intermediate lags. To

obtain an autocovariance function which is closer to zero at those lags, o, >> 0 is required.

31The results are available upon request from the authors.
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1.7.6 Estimation Results

1.8 Online Appendix

1.8.1 Identification

In the following, we provide additional intuition for the identification of the parameters discussed

in Section 4.4 of the paper. To this end, we perform two related simulation exercises. First, we
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Figure 1.A4a displays the kernel distribution of residual earnings growth at the age of 36 in our data described in
Section 1.2. Figure 1.A4b displays the densities of shocks from the model described in Section 3.3 at age 36. We weigh
the individual densities with the probability that each shock occurs.

Figure 1.A4: Density of Residual Earnings Growth
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Figure 1.A5: Model Fit - Column (1), Table 1.1
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highlight the relationship between a particular model parameter and the different data moments.
To this end, we simulate a 1% change in a model parameter from its optimum holding all other
parameters fixed and plot the resulting change in the age averaged model moments relative to
their minimum.3? Second, to highlight those moments providing most of the identification of a
particular parameter, we plot the non-aged average change in those model moments as a response
to a change in the model parameter from its optimum. In this exercise, we select changes in

parameter values at discretion to make the effects best visible.
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Panel A displays the moment responses to a 1% increase in the standard deviation of permanent heterogeneity,
G . The order of the moments is: Kelly’s skewness, fraction of positive earnings growth, kurtosis, the fraction of
earnings growth larger than 0.05, mean positive earnings growth, mean negative earnings growth, variance of
positive earnings growth, variance of negative earnings growth, first covariance of positive earnings growth, first
covariance of negative earnings growth, second covariance of positive earnings growth, second covariance of negative
earnings growth, the unconditional autocovariance, and the variance of log earnings. Panel B displays the simulated
cross-sectional inequality resulting from a ten-fold increase relative to the optimum.

Figure 1.A6: Permanent initial heterogeneity

32A1 parameter changes affect the mean of log earnings and log earnings growth, and we choose to omit these
responses in our graph for illustration purposes.
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(c) Sensitivity (d) Simulation

Panels A and C display the moments response to a 1% increase of the autocorrelation parameters, 6 and -,
respectively. The order of the moments is: Kelly’s skewness, fraction of positive earnings growth, kurtosis, the fraction
of earnings growth larger than 0.05, mean positive earnings growth, mean negative earnings growth, variance of
positive earnings growth, variance of negative earnings growth, first covariance of positive earnings growth, first
covariance of negative earnings growth, second covariance of positive earnings growth, second covariance of negative
earnings growth, the unconditional autocovariance, and the variance of log earnings. Panels B and D display the
simulated cross-sectional inequality of selected parameter values that are of moderate persistence (p = 0.8).

Figure 1.A7: Autocorrelation of persistent shocks
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Panels A and C display the moments response to a 1% increase in the parameters guiding the persistence of transitory
shocks, 8% and 07, respectively. The order of the moments is: Kelly’s skewness, fraction of positive earnings growth,
kurtosis, the fraction of earnings growth larger than 0.05, mean positive earnings growth, mean negative earnings
growth, variance of positive earnings growth, variance of negative earnings growth, first covariance of positive
earnings growth, first covariance of negative earnings growth, second covariance of positive earnings growth, second
covariance of negative earnings growth, the unconditional autocovariance, and the variance of log earnings. Panels B
and D display the simulated positive and negative first autocovariances, respectively, resulting from increasing and
decreasing these parameters.

Figure 1.A8: Persistence of transitory shocks
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(c) Sensitivity (d) Simulation
Panels A and C display the moments response to a 1% decrease in the parameters guiding the variances of persistent
shocks, )7; b and a 1% increase of )?g,a, respectively. The order of the moments is: Kelly’s skewness, fraction of positive
earnings é*rowth, kurtosis, the fraction of earnings growth larger than 0.05, mean positive earnings growth, mean
negative earnings growth, variance of positive earnings growth, variance of negative earnings growth, first covariance
of positive earnings growth, first covariance of negative earnings growth, second covariance of positive earnings
growth, second covariance of negative earnings growth, the unconditional autocovariance, and the variance of log
earnings. Panels B and D display the simulated positive and negative variance, respectively, resulting from increasing

and decreasing these parameters.

Figure 1.A9: Variance of persistent shocks
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(d) Simulation

Panels A and C display the moments response to a 1% increase in the parameters guiding the variances of transitory
shocks, 7, ,+ and Jq,~, respectively. The order of the moments is: Kelly’s skewness, fraction of positive earnings
growth, kurtosis, the fraction of earnings growth larger than 0.05, mean positive earnings growth, mean negative
earnings growth, variance of positive earnings growth, variance of negative earnings growth, first covariance of
positive earnings growth, first covariance of negative earnings growth, second covariance of positive earnings
growth, second covariance of negative earnings growth, the unconditional autocovariance, and the variance of log
earnings. Panels B and D display the simulated positive and negative first autocovariance, respectively, resulting from

increasing and decreasing these parameters.

Figure 1.A10: Variances of transitory shocks

43



CHAPTER 1. MODELING LIFE-CYCLE EARNINGS RISK WITH POSITIVE AND NEGATIVE
SHOCKS

+
a

Rel. Loss Change: A

0.06 - =3 )

0.04 - 3

0.02- l 0.05 -

o1 — | . . | - 0 | | | |
%\L Q@ @Mﬁ \6’\ yp FR 04\ 0 25 30 35 40 45 50 55
S (\
& % Age
(a) Sensitivity (b) Simulation
0.045 e —_— 0
-0.05
.’<_Q 0.035 - 0.1
>
o ="-0.15
8 Y
o < 2028 T T
2 =
S g -0.25
o = —Model
4 -0.3 —~—/\[) -0.05
0351 o\ +0.03
04 ‘ ‘ ‘ \
25 30 35 40 45 50 55
Age
(c) Sensitivity (d) Simulation

Panels A and C display the moments response to a 1% increase in the parameters guiding the means of shocks, ;1;;
and /All;, respectively. The order of the moments is: Kelly’s skewness, fraction of positive earnings growth, kurtosis, the
fraction of earnings growth larger than 0.05, mean positive earnings growth, mean negative earnings growth, variance
of positive earnings growth, variance of negative earnings growth, first covariance of positive earnings growth, first
covariance of negative earnings growth, second covariance of positive earnings growth, second covariance of negative
earnings growth, the unconditional autocovariance, and the variance of log earnings. Panels B and D display the
simulated positive and negative mean, respectively, resulting from increasing and decreasing these parameters.

Figure 1.A11: Means of shocks
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Panels A and C display the moments response to a 1% increase in the parameters guiding the sampling probabilities
of shocks, 35 and 6 1> respectively. The order of the moments is: Kelly’s skewness, fraction of positive earnings growth,
kurtosis, the fraction of earnings growth larger than 0.05, mean positive earnings growth, mean negative earnings
growth, variance of positive earnings growth, variance of negative earnings growth, first covariance of positive
earnings growth, first covariance of negative earnings growth, second covariance of positive earnings growth, second
covariance of negative earnings growth, the unconditional autocovariance, and the variance of log earnings. Panels B
and D display selected parameters guiding the probability of positive and negative shocks and the corresponding
simulated fraction of positive innovations and kurtosis.

Figure 1.A12: Sampling probabilities
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Figure 1.A13: Model Fit - Column (2) of Table 1 in the Paper
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CHAPTER

LIFETIME EARNINGS INEQUALITY AND MARGINAL EMPLOYMENT IN
GERMANY

Additional acknowledgments: I thank Annette Bergemann, Etienne Lalé, Hélene Turon, Sekyu
Choi, Diego Lara de Andrés and participants of the Economics Department at the University of

Bristol for helpful comments and suggestions.

2.1 Introduction

During the second half of the XX** century, individuals entering the labour market in Germany
experienced larger lifetime earnings inequality than their predecessors. Bonke et al. (2015)
document a striking secular rise of intergenerational inequality in lifetime earnings!: West
German men born in the early 1960s were likely to experience about 85% more lifetime inequality
than their fathers.? This increase in lifetime earnings inequality has happened both at the upper
tail and at the bottom tail of the earnings distribution, although the rise has been larger at the
bottom.

In line with the dramatic rise of intragenerational inequality in lifetime earnings in Germany,
there has been a rapid escalation of atypical work arrangements for newer cohorts entering the
labour market: (i) the fraction of part-time employees has increased in a linear fashion from 11

percent in 1985 to 22 percent in 2010, (ii) the share of workers with working time accounts®

1As opposed to “intragenerational”, which refers to within a generation, “intergenerational” refers between
generations. One generation after another.

2Measured in Gini coefficients on lifetime earnings.

3The concept of flexible working time accounts (WTAs) is to establish labor-self accounts, and labors can save their
working hours, just like saving money, into their own accounts. The working hours in their accounts are their assets,
so that employers and workers both sides can increase or decrease the work required by each other without affecting
the salaries and welfare. Burda and Hunt (2011) argue that up to 40% of the ,Aumissing,Au decline in employment in
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rose between 1998 to 2005 from 33 to 48 percent, and (iii) the number of marginal part-time
work (‘mini-jobs’) has increased in recent years, reaching the second most important form of
employment with around half of the establishments using some type of marginal employment.*
These changes in the labour market occurred after the implementation of the Hartz reforms,
named after Peter Hartz, the head of the committee which recommended changes to the German
labour system. The reforms increased the efficiency of the job search process, cut unemployment
benefits for long term unemployed (reducing reservation wages)® and allowed more flexible forms
of employment.

In this paper, I study how more flexible forms of labour contracts affect the distribution of
lifetime earnings. As opposed to cross-sectional studies, I opt for a cohort-based analysis of the
mobility experienced over long panels as it helps to understand the consequences of introducing
more flexible forms of employment. Thus, my goal is to develop a methodology targeting lifetime
earnings using employment transitions and wage mobility in a model that captures positional
earnings mobility, employment risk, and that allows for an assessment of how different forms of
employment affect the degree of inequality in lifetime earnings.

The expansion in alternative work arrangements has mixed implications for workers. On
one hand, flexible working time contributes to the decentralization of employment relations
on multiple levels, decreasing the bargaining power of workers and individualizing working
conditions.® This is often seen as a more precarious and lower paid work than regular open-
ended employment. On the other hand, flexible working time serves as an alternative to forced
redundancies and can be used by employees as a mean to insure against unemployment and
labour income risk. Workers under marginal employment can use their flexible working time to
embark on training programs, having more time and being better prepared to search for stable
jobs. Flexible work arrangements may thus act as as a stepping stone to permanent work.”

Not much is known about the impact that new, flexible forms of employment have on lifetime
earnings inequality. Bonke et al. (2015) show that the increase in lifetime earnings inequality
in Germany has been greater at the bottom of the distribution. However, their data set does
not contain information about the attachment of workers to the labour market, so they cannot
distinguish between inequality in wages and inequality in hours worked. The way in which
flexible employment status can explain the rise of intragenerational lifetime earnings inequality
is a priori unclear and merits an in-depth investigation.

Studies on lifetime earnings are scarce since only a few countries provide access to sufficiently

long panel data sets. In this paper, I use the German R-SIAB 7514 data set, which is one of those

Germany for the recession period (2008-2009) can be largely explained by the WTAs. Balleer et al. (2017) call into
question that WTAs were the key driver of the unusually small increase in German unemployment in the Great
Recession.
40ECD Data, Gross and Schwarz (2006), Bechmann et al. (2010), Carrillo-Tudela et al. (2015), Galassi (2017).
5The reduction of reservation wages after a cut in unemployment benefits is the hypothesis of Burda and Hunt
(2011) and Lietzmann et al. (2016), among others. It is also consistent with the model estimation of Price (2016).
6For empirical evidence that suggests those conclusions, see Addison et al. (2015) and Dustmann et al. (2014).
7Berg (2008), Seifert (2006), Caliendo et al. (2016), Booth et al. (2002).
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exceptions. The sample size is large and earnings are precisely measured (administrative records).
The data set provides information on earnings for as long as an individual is subject to social
security records. Individuals may appear from several days up to entire lifetime earnings. The
data set also provides unique information regarding the intensity of attachment of workers to
the labour market, as in full-time work, part-time work, marginal employment or unemployment
spells, something that is key to quantify the contribution of employment status on lifetime
earnings inequality. Finally, panels are sufficiently long, which is a necessary condition to avoid
the bias that results from omitting unobserved heterogeneity in employment continuity.®

In the data, I show that full-time employment, as a fraction of total gender-specific employ-
ment, decreases during the sample period. Male full-time employment decreased from 97% in
1999 to 86% in 2014. Female full-time employment decreased from around 65% in 1999 to 47%
in 2014. Part-time, marginal employment and concurrent employment increase throughout the
sample period. Concurrent employment appears as a new form of employment after the Hartz
reforms in 2003. It is close to 0% in 1999 and around 4% (6%) for male (female) workers in 2014.
Also, there is significant heterogeneity between males and females: while males concentrate
around full-time employment , females take more part-time employment.®

The empirical model that I estimate captures these employment dynamics, but also the
different wage dynamics after the Hartz reforms. Wages in full-time decrease, earnings in
marginal employment increase, and persistence in the earnings rank decreases, generating
more transitions along the earnings distribution. Making use of the estimated model, I simulate
employment and earnings trajectories and obtain lifetime values of earnings.'? This estimation
shows that there is a shift to the left (lower earnings) in the distribution of lifetime values after
the Hartz reforms, for both males and females. For females, both lower wages and a larger hazard
of falling and remaining in flexible forms of employment explain the lower lifetime earnings. For
males, the lower lifetime earnings comes as a result of significantly lower wages in full time
employment. Because in the empirical model I have the contribution of the employment state
and the wage separately, I am able to decompose the contribution that each factor has on lifetime
earnings. In a counterfactual exercise I show that the new wage dynamics after the Hartz reforms
have twice the impact in lower lifetime earnings than the expansion of marginal employment
after the Hartz reforms.

The findings of this paper contribute to the vast literature on marginal employment in
Germany, but also to the less prolific literature in lifetime earnings inequality. Bonke et al. (2015)

show that lifetime earnings inequality has increased for male cohorts born in 1935-1969 in West

8See Addison and Surfield (2008) and Bowlus and Robin (2010).
9Taxation, unemployment benefits and social assistance in Germany is means tested at the household level. In my
analysis I can only look at individual earnings. In addition, I am unable to evaluate the interactions of these policy
reforms at the household level.
10The sample before the Hartz reforms uses 4 years of data, while the sample after the Hartz reforms uses 5 years
of data. When I construct lifetime values, I assume that the young person expects the old person’s labour market from
their corresponding sample.
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Germany (using VSKT records). They use monthly wages observations for full-time employment.
The rise in lifetime earnings inequality comes from both the bottom and the top of the distribution,
but the rise has been stronger at the bottom. Their proximate causes are: 1. Longer unemployment
spells of workers at the bottom of the distribution of younger cohorts contribute to explaining
20%-40% of the overall increase in lifetime earnings inequality, 2. 60%-80% of the overall increase
is due to an increase of intragenerational wage inequality. The question they do not address
is how part-time and marginal employment becoming more popular have affected long term
earnings. I show that higher persistence of flexible forms of employment plus lower wages in
full-time both contribute to the increase in bottom earnings inequality.

Carrillo-Tudela et al. (2018) do the most comprehensive and extensive analysis on cross-
sectional employment transitions after the Hartz reforms. They show that the increase in German
total employment during the great financial recession comes as a result in the increase of part-
time employment and concurrent employment. Mini jobs and full-time employment account for
the majority of concurrent employment observations. A large part of the increase in marginal
employment comes from full-timers taking up a marginal job as a secondary form of employment.
The majority of workers in exclusive marginal employment have a non-participation to mini-job
cycle (dead end). I make use of some their flow study and extend their work by putting a higher
emphasis to wage dynamics, combining the earnings and mobility process into an empirical model
and looking into the permanent lifetime earnings consequences of these different employment
dynamics.

Finally, I also contribute to the work of Dustmann et al. (2009). They show that cross-sectional
wage inequality increased between 1975-2004 in Germany. In particular, the decade of 1980
displays an increase in top inequality, while the decade of 1990 has both an increase in top
and bottom inequality. They suggest technological change (polarization) is behind the increase
in top inequality. On the contrary, supply shocks and labour market institutions (decrease in
unionization) can explain the increase in bottom inequality. I show that the period 1999-2014
displays an increase in bottom inequality. Most of this increase in inequality happens at the
bottom of the distribution for males in full-time.!!

There is, in fact, a vast literature studying the consequences of the Hartz reforms in Germany.
Krause and Uhlig (2012), Krebs and Scheffel (2013), Launov and Wilde (2013) and Bradley and
Kiigler (2019) are among those who calibrate macroeconomic search models simulating the effect
of the reforms with a focus on the effect on unemployment. Fahr and Sunde (2009), Klinger and
Rothe (2012) and Hertweck and Sigrist (2012) show the improvement of the matching process
after the Hartz I-III reforms by estimating matching functions. Gehrke et al. (2019) analyze the
role of different shocks and institutions during the Great Recession in Germany through the
lens of an estimated dynamic stochastic general equilibrium model. Engbom et al. (2015) use a

regression framework to identify the impact of the reforms on earnings, and Rothe et al. (2013)

1A a matter of fact, Dustmann et al. (2014) document that bottom wage inequality has been increasing in
Germany, although they do not disentangle the contribution by employment form.
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use a similar interval regression model during 1998-2010 in Germany. The interaction between
marginal employment, unemployment and full time employment transitions for different aspects
of the Hartz reforms are studied through diverse microeconometric models in Caliendo and
Wrohlich (2010), Caliendo et al. (2016) and Price (2016). The “churning” effect of the expansion of
earnings subject to marginal employment status is studied in Galassi (2017), Tazhitdinova (2017)
and Gudgeon and Trenkle (2019). Additionally, Méller (2010), Burda and Hunt (2011), Dustmann
et al. (2014) and Bellmann et al. (2016) address the ‘German labour market miracle’ during the
great recession.

My paper contributes to the literature on marginal employment in Germany by looking at
the long term effect in earnings of the Hartz reforms. The existing work on marginal employment
earnings (Dustmann et al. (2009) and Carrillo-Tudela et al. (2018)) has looked at the cross-
sectional changes in earnings but it does not construct a measure of the long term impact. Hence,
it is not clear whether the proliferation of marginal employment will lower long term earnings
(as it is a form of low-pay employment) or if the new wage dynamics after the Hartz reforms are
more important. With my empirical model, I am able to construct lifetime values and see the
change in the long term distribution of earnings. In addition, I can account for which of the effects,
either the new employment mobility or the new wage dynamics, is stronger in explaining the
new lifetime earnings distribution. The results of my approach and the counterfactual exercises
suggest that the new wage dynamics in full time employment (namely lower full time wages after
the Hartz reforms) are behind the lower long term distribution of earnings.

The rest of the paper is organized as follows. Section 2 describes the German data set. Section
3 presents the empirical model. Section 4 discusses the parameter estimates and model fit. Finally,
Section 5 uses the model to construct lifetime values and performs a counterfactual exercise by

changing the employment (wage) parameters of the model estimated before the Hartz reforms.

2.2 Data

2.2.1 Institutional framework

During the sample period, a series of reforms in the labour market were implemented in Germany.
The intention is to study the transitions and long term earnings before and after the implemen-
tations of these reforms. These reforms receive the name of Hartz reforms, named after Peter
Hartz, the head of the committee which recommended changes to the German labour system.
The reforms increased the efficiency of the job search process, cut unemployment benefits for long
term unemployed (reducing reservation wages) and allowed more flexible forms of employment.
Worldwide, the Hartz reforms are known for the introduction of marginal employment, which
partially explain the German labour market miracle during the Great Recession.'? I briefly

summarize descriptions of the reforms that otherwise are plentiful in the literature. The work of

128ee Burda and Hunt (2011) and Dustmann et al. (2014).
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Carrillo-Tudela et al. (2018) provides one of the most recent and complete description of these
reforms.13

The creation of marginal employment in Germany goes back to the 1960s. Back then, marginal
employment was envisaged to facilitate non-participants engage in some form of paid work. The
labour contracts under marginal employment are designed for low-pay employment and have
a cap on hours and pay. However, labour earnings under marginal employment are exempted
from income tax and social security contributions. Likewise, these earnings do not contribute
to the unemployment benefits and pension payments at retirement are reduced.'* Unemploy-
ment insurance in Germany consisted of three layers: unemployment benefits, unemployment
assistance and social assistance (a means-tested lump-sum transfer designed for those workers
that did not qualify for unemployment benefits or unemployment assistance). In April 1999, the
German Federal Employment Agency set the wage cap to 325 euros per month with a working
time restriction of 15 hours per week, and temporary employment contracts were restricted to a
two-month maximum, or 50 working days by year. Employees were exempted from social security
contributions and employers paid a fixed 22% rate. In the following paragraphs, I briefly detail
each implementation of the Hartz reforms.

The Hartz reforms were implemented gradually and in different stages. Hartz I, which was
introduced in January 1st, 2003, changed labour regulation in order to enhance temporary
employment, implemented occupational training programmes, introduced subsistence payments
on behalf of employment agencies, and created new forms of employment for elderly workers. It
also introduced the setup of the Personel Service Agencies (PSAs). These were placement-oriented
temporary employment agencies that increased the efficiency of the matching process.

Hartz II was introduced in different dates, on January 1st, 2003, and April 1st, 2003. This
staged defined formally two types of labour contracts under marginal employment: mini-jobs and
midi-jobs. Mini-jobs paid up to 400 euros per month (450 euros in 2013), while midi-jobs paid
between 400 and 800 euros per month. Hartz II introduced three legal modifications: (i) it lifted
the threshold for the minijobs’ maximal wage to 400 euros, (ii) it eliminated the cap on 15 working
hours per week, and (iii) it facilitated the adoption of marginal employment as a secondary form
of employment by extending the income tax and social security exemptions for mini-jobs held
as a secondary job. Hartz II also made it easier for firms to use marginal employment from
an administrative point of view. It facilitated the adoption of marginal employment and the

payments of the corresponding taxes and social security contributions.'® The social security

13The literature has discussed in detail these series of reforms. See Burda and Hunt (2011) and Engbom et al.
(2015) for a general discussion of all the reforms. Fichtl (2015) for more in-depth discussion of the technical details of
the reforms. Caliendo et al. (2016) for a discussion and an application on Hartz I-III reforms. Lietzmann et al. (2016)
and Price (2016) for a discussion and an application on the Hartz IV reform.

14Before the implementations of the Hartz reforms, unemployed workers who received benefits were allowed to
work in marginal employment to top up their benefits, as long as their jobs did not pay more than 165 euros per
month.

15The M inijobzentrale was created to serve as a unique legal entity responsible for registering marginally employed
workers. It also served to deal with all the tax and social security matters related to marginal employment.
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contribution of employers increased slightly to 23%. Employees only paid 2% income tax. For
midi-jobs, employees paid higher income tax and social security contributions. The aim of the
reform was to create incentives to take up marginal employment that led to regular employment
and to reduce unregistered work.

Hartz III, introduced in January 1st, 2004, restructured the Federal Employment Agency as
an entity improving the efficiency in job offer mediation to unemployed workers. The elements of
Hartz III increased the efficiency in the matching process and also restructured hiring subsidies
to incentivise employers to hire hard-to-place workers, such as older and disabled people.

The Hartz IV reform, introduced in January 1st, 2005, tightened conditions on unemployment
benefit recipients. In particular, it merged the long-term unemployment assistance benefits with
social assistance benefits into one new transfer (ALG II). ALG II benefits became means-tested
at the household level, affecting the eligibility of the long-term unemployed. On the contrary,
unemployment benefits remained largely unmodified. In other words, most workers who qualified
for unemployment assistance in the old system experienced a dramatic cut in benefits if they
remained in unemployment. In addition, Hartz IV could potentially cut benefits by 30% for 12
weeks if a person who was able to work refused to enter the activation program. It also cut
benefits if a suitable offer of work proposed by the case worker was rejected by the worker. In
practice, Hartz laws explicitly stated that about any work was then considered suitable. Hence,
refusal to accept employment led to benefit cuts. Finally, the Hartz IV reform also introduced the
so called One-Euro-jobs , which was a form of low pay employment intended to activate benefit
recipients by taking up at least some employment in exchange for the ALG II benefits. These
jobs paid one Euro per hour worked on top of the unemployment asistance, hoping to attract long

term unemployed workers into regular employment.

2.2.2 Data source

My data source is the Sample of Integrated Labour Market Biographies (SIAB) provided by the
Institute for Employment Research (IAB) for the years 1975-2014. The SIAB is a 2% random
sample drawn from the Integrated Employment Biographies (IEB). The variables captured in
this dataset include gender, year of birth, education, working spells recorded at the day level,
unemployment benefits and gross daily wages pertaining to jobs covered by social security. Civil
servants, self-employed and regular students are excluded from this dataset. East Germany
observations appear after 1991. In total, the raw dataset has information on 1,707,228 individuals
and 51,987,959 unique person-year records.

The dataset reports employment observations from either full-time or part-time spells, but
marginal employment is classified as a separate category since April 1999. This is why in my
analysis I restrict the data to the period 1999-2014. The datasets provides employment spells
with the starting and the ending date of the spell. Therefore, I am able to observe different

employment transitions for the individual within a year. I then construct monthly job spells with
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the aggregate individual’s earnings of the employment observations and deflate earnings using
the German consumer price index of 2010.18 The primary source of analysis is daily earnings,
which are top-coded by the limit liable to social security.l” I follow Daly et al. (2016) and impute
daily earnings from an extrapolated Pareto density fitted to the non-top-coded upper-end of the
observed distribution for each year, separately for year periods, gender, full-time and part-time
observations.

I keep workers with different employment status to allow for different attachment to the
labour market among workers. I only drop from the sample workers in apprenticeships and
partial retirement. Moreover, I consider different samples by gender. Furthermore, the age
consideration is of some importance. While young workers may be using marginal employment to
support their studies, elder workers may retire early due to generous unemployment benefits to
high tenured workers.!® Therefore, I keep workers between 22 and 56 years old in the sample.
Section 2.7.1 in the Appendix provides further details on the sample construction.

Following Carrillo-Tudela et al. (2018), I categorize workers by their employment type. I use
the following five categories: exclusive full-time, FT, exclusive part-time, PT, exclusive marginal
employment, ME, non-employment, NE, and concurrent employment, CE. Full-time and part-
time spells are specified in the SIAB data. The variable occupational status distinguishes between
full-time and part-time. The decisive factor is the ratio between the contracted hours and the
usual working hours in the establishment.!® Also, marginal employment is specified for mini-jobs
and midi-jobs (to be defined in the next subsection)?°. For non-employment, I assign to this state
workers receiving some form of unemployment benefit/assistance and those workers that are
not observed in unemployment or registered employment (non-participants). With this sample
selection, I can observe the transitions from non-employment to employment and whether the
policy change of marginal employment across samples have had a significant impact on non-
participants. Finally, concurrent employment are those employment observations where the
worker holds a marginal employment as a secondary form of employment, together with a main

full-time or part-time spell.

2.2.3 Descriptive statistics

One of the objectives of this paper is to estimate the separate contribution that wages, employment
status and transitions have had on cross-sectional and lifetime earnings inequality in Germany

before and after the Hartz I-IV reforms. The sample period comprises 16 years (1999-2014) and

16https://data.oecd.org/price/inflation-cpi.htm

17Tn the 1999-2002 (2005-2009) sample, 3% (2.3%) of the observations are top-coded.

185ee Arnds and Bonin (2002).

1970 the best of my knowledge, there is no misclassification between full-time, part-time and marginal employment
in the SIAB data.

20Technically, marginal employment relates to mini-jobs only. Mini-jobs are regulated in the Article 8, paragraph 1
in the German Social Code, Book IV midi-jobs are regulated in the Article 20 German Social Code, Book IV.
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Figure 2.1: Real Log Daily Wage Inequality

contains the Hartz reforms in the middle of the period (years 2003-2005), thus providing several

year-observations before and after the change in policy.

I start the analysis by having a look at the trends in wage inequality during the sample
period. I analyze changes in inequality at the bottom, the median and the top of the distribution.
Figure 2.1 plots the wage growth (log deviations) of the 15th, 50th and 85th percentiles of the
wage distribution relative to year 1999. I make a distinction by employment type and gender. For
men, the 15th percentile of wages for full-time employment decreased reaching a low of -25%.
The ratio between the 85th percentile and the 15th percentile (P85/P15 gap) in wages widened to
reach a 20% increase at the end of the period. Meanwhile, median wages (50th percentile) for
males in full-time remained stagnant. Part-time wages for males saw an increase at the bottom of
the distribution. The bottom 15th percentile in part-time reached about a 30% increase at the end
of the period. In contrast, marginal employment saw an increase at the top of the distribution.
Wages increased between 15-20% for the 85th and the 50th percentile at 2003-2004 years when
the Hartz reforms increased the maximum threshold for marginal employment. Thereafter, real

wages in marginal employment started declining due to inflation.

57



CHAPTER 2. LIFETIME EARNINGS INEQUALITY AND MARGINAL EMPLOYMENT IN
GERMANY

The picture is somewhat different for females. First, volatility is generally lower. Females
in full-time show a P85/P15 gap that never exceeds 10% during the period. Unlike men, women
in full-time do not see an increase in bottom inequality: both the 15th and 50th percentiles
in full-time remain around 0% during the period. Only top inequality in full-time eventually
increases to reach a 10% increase at the end of the period, 5 points larger than the increase for
males. The feature found for males, where there is an increase of bottom wages in part-time and
an increase of top wages in marginal employment is also present for females. The 15th percentile
for part-time wages increase around 15% at the 2003-2004 years, together with an increase of
20% for the 85th percentile of marginal employment wages. Only females present a widening of
marginal employment wages. The bottom 15th percentile of wages in marginal employment see a
total decrease around 10%.

The findings of widening bottom inequality in full-time for males are documented in Card
et al. (2013) for the 1996-2009 period.?! I have extended the analysis for part-time and marginal
employment and show that part-time wages concentrate as bottom wages increased during the
period, while marginal employment wage inequality increases (for females).

Next, I turn to the stock of employment. The aim is to observe the changes in employment stock
before and after the Hartz reforms. Figure 2.2 plots the trend of the stocks of the different forms
of employment: full-time, part-time, marginal employment and concurrent employment. The

figure shows the different evolution of employment by gender. The chart has several takeaways:

1. Full-time employment, as a fraction of total employment, decreases during the sample
period. Male full-time employment decreased from 97% in 1999 to 86% in 2014. Female
full-time employment decreased from around 65% in 1999 to 47% in 2014.

2. Part-time, marginal employment and concurrent employment increase throughout the

sample period.

3. Concurrent employment appears as a new form of employment after the Hartz reforms in
2003. It is close to 0% in 1999 and around 4% (6%) for male (female) workers in 2014.

4. There is significant heterogeneity between males and females: while males concentrate
around full-time employment (around 90% of employment stock), females take more flexible

forms of employment (only between 50-60% of full-time employment stock).

As shown by Galassi (2017) and Carrillo-Tudela et al. (2018), part-time and marginal em-
ployment contracts are predominantly both a female and a low education phenomenon for prime

age workers. Also, the closest group in worker characteristics to marginal employment workers

2lWage inequality is a larger, ongoing phenomenon in Germany. Also, wage flexibilization at the bottom of the
distribution for full-time employment is discussed as one possible explanation for the German labour market miracle
in the great recession (Burda and Hunt (2011)). See Dustmann et al. (2009) for a wage inequality study for the
1975-2004 period.
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Notes: the figure displays aggregate stocks of employed workers, separated by gender. The vertical blue lines denote
years 2003-2005 where the Hartz reforms took place.

Figure 2.2: Employment Stock

are non participants. Taken together, the employment stock figure depicts a labour market that
transits from a (close to) full-time labour market to a more flexible labour market after the

implementation of the Hartz reforms.

Another important aspect of the different labour market after the Hartz reforms is the
transitions between employment types. Figure 2.3 depicts monthly worker flows in and out of
each employment type, by gender and for different sample periods. I select years 1999-2002
to account for the labour market before the change in policies, and years 2005-2009 for the
labour market after. Rows refer to the employment type of the worker during the previous
month and columns refer to the destination state (current month). Each cell is an average for
the corresponding sample period. For example, 98% of the males in the 1999-2002 sample that
were in full-time (FT_1) the previous month remained in FT; the next month. Only 1% of male

workers in FT;_; in the previous month transited to non employment (NE/).

The tables illustrate the changes in labour market mobility before and after the policy change:
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Males:
1999-2002 2005-2009
FT PT MAE ME FT FT IWE ME CE
FT (1) a8 0 0 7| Friey 95 0 0 1 0
p—— 5 = ; PT (t-1) 1 36 0 2 1
(t-1) ME (t-1 3 1 &3 s 1
ME (t-1) 4 1 88 5 ME (-1 B 1 2 89 0
ME (t-1) 8 1 1 0| cE(t-1) 5 0 1 0 93
Females:
1999-2002 2005-2009
FT PT MIE NE FT PT ME ME e
FT (t-1) a5 0 5| FTit-1) 95 0 0 1 0
— . " PT(t-1] 0 98 0 1 0
(1) ME (t-1) 1 1 95 3 1
ME (t-1) 1 1 34 H NE (t-1) 4 2 4 aq 0
ME (t-1) & 2 3 0| ce -1 3 2 1 0 a4

Notes: the figure displays monthly average transitions in and out of each of the employment states for selected sample
years and by gender. For each table, rows correspond to the previous monthly employment state and columns
correspond to the current monthly employment state.

Figure 2.3: Worker Flows

i) Marginal employment becomes more persistent after the Hartz reforms. During the 1999-
2002 year sample, 88% (94%) of male (female) workers in marginal employment continued in
the same employment type next month. These rates increase to 89% (95%) for the 2005-2009

year sample.

ii) Marginal employment to non-employment transitions decreased after the Hartz reforms.
They go from 8% (4%) in years 1999-2002 to 6% (3%). More generally, there are lower flows

into non-employment after the Hartz reforms.

iii) There is more non-employent to marginal employment transitions after the Hartz reforms,
while transitions out of non-employment to other types are similar. The transitions out of
non-employment to marginal employment go from 1% (3%) in 1999-2002 years to 2% (4%) in
2005-2009 years for male (female) workers. Together with the previous results, this supports

the stepping stone hypothesis.

Finally, I study the persistence of earnings across all flows of employment states. This informs
of the correlation of workers’ earnings across different employment status. For instance, it is not
clear whether salaries in any of the flexible forms of employment will correlate with workers’
earnings in full-time employment. This persistence of earnings between a worker’s full-time job
and other forms of employment should play a big role in shaping the worker’s long term earnings,

especially when flexible forms of employment become more popular and their likelihood increases.
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Notes: The figure displays a scatter plot of log monthly earnings in the previous month (x-axis) against log monthly
earnings in the current month (y-axis) for male workers during the 2005-2009 period. Employment states are defined
in Section 2.2.2. For illustration purposes, only transitions into full-time are shown.

Figure 2.4: Autocorrelation, Male workers 2005-2009

Figure 2.4 plots selected scatter plots of log monthly earnings for different employment flows.
The graph shows flows into full-time only for simplicity. The x-axis represents earnings in the
previous month, and the y-axis earnings in the current month. The top-left graph shows log
monthly earnings for male workers that remain in full-time between any two consecutive months
during the 2005-2009 years. Figure 2.A3 in the Appendix shows the corresponding graph for
females. As expected, the correlation of monthly earnings for full-time transitions is high: the
coefficient is equal to 0.981.22 Figure 2.A4 in the Appendix shows that the autocorrelation of
earnings for workers remaining in their employment type is generally high. It amounts to 0.980

for part-time flows, 0.938 for marginal employment, and 0.980 for concurrent employment.

What is more interesting to observe is the correlation of earnings between other forms of em-

22This high correlation is in part by construction since in the SIAB data I observe working spells that last longer
than a month. In these cases, since daily wages are averaged across the entire employment period, correlation should
be 1.
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ployment and full-time employment. Figure 2.4 illustrates that part-time to full-time transitions
preserve a moderate persistence in earnings (0.681), marginal to full-time employment has the
lowest persistence (0.303) and concurrent to full-time employment has highest persistence (0.899).
The low correlation in earnings from marginal employment to full-time is expected given the
tight nominal thresholds that marginal employment has. However, the high correlation between
concurrent and full-time employment shows that earnings between these two employment states
are not very different. Carrillo-Tudela et al. (2018) show that workers at the medium/bottom
of the earnings distribution use secondary earnings as a form of topping-up their main earn-
ings stemming from full-time. They study a causal relationship and find evidence in favor of
this “moonlighting” effect. Therefore, a similar distribution of earnings between full-time and

concurrent employment is expected.

2.3 Model

In this section, I present the empirical model that will be estimated. The model has a mobility
process from which workers draw their employment state. Then there is a salary drawn from a
bivariate normal distribution. Worker characteristics and unobserved heterogeneity affect both
workers mobility and earnings. I follow Postel-Vinay and Turon (2005) and Dickson et al. (2014)
in building a likelihood function with contributions from the wage process, employment state and

unobserved heterogeneity, but I consider a larger number of employment types.

2.3.1 Main framework

I follow N workers, indexed i =1,..., N up to T consecutive months?3. My data has information
on employment spells and unemployment benefits/assistance. Unfortunately, I lack information
about the participation (labour force) decision at the worker level. That means I track workers
from their first to their last employment spell that is observed in the sample. For each individual
in the sample I observe the length of employment spells, earnings in that spell and worker
characteristics. A typical observation for any individual i will be represented as a vector x; =

(wi,ei,c‘i’,c?‘), where:

* w; =(wj1,...,w;r) is the observed sequence of individual i’s log monthly real wage flows.

* ¢e; =(ej1,...,e;7) is individual i’s observed sequence of employment states in the finite state
space E ={FT,PT,ME,CE,NE}, where FT stands for full-time, PT stands for part-time,
ME stands for marginal employment, CE stands for concurrent employment (multiple job
holding), and NE stands for non-employment. These employment states have been defined
in Section 2.2.2.

23up to 48 months for the 1999-2002 sample, and up to 60 months for the 2005-2009 and 2010-2014 samples.
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v
i12

model, I only consider labour market experience, ¢; = (exp;y,...,€xp;r).

*c;=(c c;p) is the observed varying sequence of individual i’s characteristics. In the

o c? is the observed set of individual i’s characteristics that are constant. I include education

and labour market cohort?.

In addition to the observed individual heterogeneity captured by c‘i’ and c?‘, I allow for unob-
served heterogeneity which may influence wages and/or the selection of employment states. 1
append a set &; of (time-invariant) unobserved characteristics. The goal is to estimate simultane-

ously transitions between different types of employment and earnings trajectories. I define the
likelihood of (x;,%;) as follows:

Li(xi, ki) =Ci(wile;,c;,ci k) - li(ejle],ci ki) Ci(kilcy)- Li(c)). (A1)

The likelihood for the typical individual is decomposed into four terms. Starting from the right,
¢(c?) is the sample distribution of observed individual fixed (unvarying) characteristics. This
distribution is observed in the data. Next, ¢;(k; Ic?) is the distribution of unobserved heterogeneity
given observed characteristics c!. Next, ¢;(e;|c/,c?,k?) is the contribution to the likelihood
function from job spells. Finally, ¢;(w; Iei,c’i’, c?,k?’) is the likelihood contribution from a sequence
of wage observations over job spells. Hence, individual i’s contribution to the complete likelihood
comes from three components, pertaining to wage history, labour market status history and
unobserved heterogeneity. The underlying assumption of the model is that dynamics of job spells
are independent of the wage sequence, given (c‘i’, c?,ki). In the following subsections, I provide

further details of each component of Equation (A.1).

2.3.2 Unobserved Heterogeneity

I consider two types of unobserved heterogeneity, k; = (k¢,k7’). The first type, k7, relates to
heterogeneity in terms of the propensity to be in each employment state (called mobility classes
hereafter). In particular, k7 is the unobserved factor that conditions the parameters relating to
employment state history. The second type, k’, relates to heterogeneity in terms of wage (called
wage classes hereafter) through its impact on wage levels and wage dynamics. &} conditions
the parameters relating to wage distribution.?® Both types of heterogeneity are time-invariant

individual random effects, which are independent one from each other.

241 abor market cohort is understood as the year in which the individual first entered the labour market. Therefore,
c’i’ is deterministic conditional on c?.

25This type of heterogeneity increases the persistence of income ranks, which is found to be underestimated
otherwise. See Shorrocks (1976).
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I refer to wage and mobility classes as I use a finite mixture approach to model unobserved het-
erogeneity where an individual can belong to one of K¢ employment classes and K wage classes.
The probability of belonging to any latent class depends on observed individual heterogeneity

(c’i’,c’i‘), as follows:

Ci(kilcy) =PrikY|c}}-Pr{ki|c}}. (A.2)

The previous two components are modeled as multinomial logits:

explc¥ w4l explc? w}]
Prik¢ = kS |c¥} = e# and Pr{k? = k¥|c!} = # (A.3)
pélexp[c;’iwg] pglexp[c;’iw;f’]

with (K¢, K") outcomes. (k{,kY’) are taken as the reference category; i.e. they are normalized

to zero.

2.3.3 Labor Market States

Transition probabilities between the five distinct labour market states are assumed to depend only
on the individual’s state at the previous month and on observed and unobserved heterogeneity -

i.e. labour market states are assumed to follow a (conditional) first order Markov chain:

11°~i»

T
tilelel, e k) = Cilesnlcly, e kO [ Cileisleir—1,¢5y, ¢ k). (A4)
=2

Specifically, the hazard rate for a worker to be in a employment state j can be expressed by

the following multinomial logit:

l; (elt|elt 1, lt’c k )__

ZﬂJ
nj=nle;;=lle;;—1=j,c;,,ci k) =explf; + ajk; +h(c},,c})y;l, (A.5)

where A(-) is a function of the observed covariates and y; is a conformable coefficient vector,
B, is the hazard intercept and ajk° is the unobservable component specified as the product of
the factor loading @ ; and the fundamental unobserved factor £°. ¢ i(eillc'i’t,c?,kf) is the initial

condition of individual i’s labour market history, which is specified as a multinomial logit:

explh(cyy,ct, kS)yel
Cileinlely, e k) = — TR (A6)

e:%‘TeXp[h(cll’ ke))/e]
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where e = {FT,PT,ME,CE,NE)?5.

2.3.4 Wage Process

t27 and assume wage

I consider log (real) wage w;; both in employment and in non-employmen
trajectories w; to be the realization of a first-order Markov process of continuous random variables
W;. I use the terms wage and monthly earnings interchangeably, but it should be understood as
the same measure of interest. The likelihood of a given wage trajectory over T periods will be

written as:

T
ti(wilej,cl,,ct k) = Ci(witleir, ¢ty et k) [ Ciwitlwir—1,eie,eie-1,¢5y, ¢ BY) (A7)
=2

o u o L liwis,wit-1leir,eit-1,¢},, ¢} kYY)
=li(witleir,cly, e k) [ ]
t=2

)

Ci(wit-1lejt-1,¢5,, ¢ kYY)

where ¢;(w;;_1|-) follows a univariate standard normal and ¢;(w;;,w;;—1|-) follows a bivariate
standard normal with correlation 7;; ;1 between employment states at dates ¢ and ¢ - 1.

I assume marginal wage distributions to be normal, conditional on observed and unobserved
individual heterogeneity. That is, both mean and variance are allowed to depend on observed and

unobserved heterogeneity as well as on current labour market status:

vou w 2
witlcit’cl‘ ,eit,k NJv(,‘*lityo'it , (AS)
_ vou . LW o vou . LW
,’tit - /J(cit’ci ’elt7ki ) and Oit = O-(Cityci 7elt7ki )7

v u w u v w
/“L(cit’ci ’eit’ki ): ci Ho +[cit * ey *x kl ]ﬂl)

v

o(ch, et eir, k) =\ fexplet oo +1et, x iy k¥ 1on),

where the notation x * y stands for all main effects and interactions of variables x and y and
both 3 and o1 are conformable coefficient vectors. I force the variance of log wage to be positive

by specifying it as an exponential.

Next, I normalized log wages; t0;; = w"‘(;t“’”. By doing so, the pair (i0;,10;;_1) is a Gaussian
13

vector with correlation matrix

26For the estimation of the 1999-2002 sample I do not include the CE state since it was not possible to observe in
the data given labour market institutions.

2TFor non-employment, I consider as wage the unemployment benefits/assistance of the worker. Otherwise, if the
worker is non-employed and does not receive unemployment benefits/assistance, the wage is set to missing.
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(A.9)

1 Titt—1 ]
Titt-1 1
7;tt-1 1s allowed to vary with observed and unobserved heterogeneity and with employment

status at dates ¢ and ¢ —1:

v u w
Titt-1=T(c;pC7 5 eit,ei-1,k;), (A.10)
v u w
T(Cit’ci ,eit’eit—laki ):
:—1+2A{c’i’t*k?"-fo+c§‘t*kli"-§1+eit*k'i”-§2+eit_1*k?’-fg}.

Letting Alx] = (1 +¢%)~! designate the logistic cdf, I apply the transformation —1 +2A to
constrain the correlation coefficient 7(-) between [—1,1]. Temporarily omitting any conditioning
variable, the likelihood of the typical individual’s wage trajectory w; defined in Equation (A.7)

becomes:

T
T 1 1:[2¢(Lbit,lf/it—1;rl~)
tiwily =[] =)< &

- 7 , (A.11)
=1 tl:lz(/’(wit—ll-)

where ¢(:;I'|) is the bivariate normal pdf with mean 0 and covariance matrix I'.

2.3.5 Likelihood Maximization

Since I do not know the unobserved characteristics for an individual i, the unconditional log-
likelihood contribution corresponds to the weighted sum of contributions corresponding to the

(K*¢,K") points of support. The sample log-likelihood is given by:

N k¢ KW¥
Ing=Y1In) Y Lix;,k&,E], (A.12)
i=1 kf:lk'f:l

where individual random effects k; = (k{,%}") are integrated out of the complete likelihood of

Equation (A.12). I obtain parameter estimates by maximizing the above log-likelihood function.

2.4 Results

In this section I present the parameter estimates and discuss the model fit with respect to the
data.
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2.4.1 Estimates

I start the discussion of parameter estimates with the parameters from the labour market status
component, ¢;(e;|c},c’,k?). Table 2.1 displays parameter estimates for the sample before the
Hartz reforms (years 1999-2002) and the sample after (years 2005-2009). The table displays
parameter estimates separately by gender. Remember that in Section 2.3.3 I stated that the
probability to belong to each employment state was modeled as a multinomial logit. The reference
probability is the probability to be in full-time employment, hence I estimate parameters for the
contribution of the remaining employment states, {PT.ME,NE,CE}, whenever possible.?® Each
column of the table correspond to the multinomial probability of current month’s employment
state. Rows correspond to the explanatory variables, where I control for labour market experience,
education and previous month employment state.

Looking at the constant parameters, the estimates show that part-time, marginal employment
and non-employment are less likely than full-time employment since their sign is negative, both
for males and females, for the 1999-2002 sample. Non-employment is the most likely labour
market state after full-time (the constant parameter is highest among {PT,ME,NE}. This feature
is sustained after the Hartz reforms in the 2005-2009 sample. After the reforms, concurrent
employment appears as a new form of employment, but it is nevertheless the least likely state;
its constant parameter estimate is the smallest among {PT,ME,NE,CE}.

Experience in the labour market is allowed to be quadratic to adopt non linearities over
workers’ life-cycle employment status. The estimates show, for example, that the likelihood of
part-time for females is concave through the life-cycle, while marginal employment for males is
convex, for both yearly samples. This denotes that female part-time likelihood reaches its peak in
the middle of the life-cycle, while male marginal employment reaches its bottom.2?

With respect to education variables, it is worth highlighting two salient effects. First, For
the 1999-2002 sample, higher educated males have a lower propensity to fall into any of the
{PT,ME,NE} states relative to females. This is shown comparing education parameter estimates
across gender. Second, after the Hartz reforms (sample 2005-2009), and for both males and
females, the effect that higher education has on any of these employment status diminishes. In
other words, higher educated male and female workers have a relatively higher likelihood to adopt
any of these employment states after the change in policy. This means that other employment
status rather than full time become more likely for higher educated individuals.

State dependence, which is denoted by controlling for each employment state {PT,ME,NE,CE}
at time ¢-1 with respect to the destination state at time ¢, can be studied in the model. In the
table, state dependence shows that remaining in the same state has the highest likelihood for
each employment status. For example, NE;_; — NE, transitions for males in 2005-2009 have a

parameter estimate of 5.79. This effect is larger than any other outflows from NE;_;. To finalize

28 A5 discussed previously, the sample 1999-2002 does not consider concurrent employment.
29 Again, there could be household decisions that I am not able to observe in my analysis.
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Table 2.1: Labour Market State Estimates

Males Females

1999-2002 PT; | ME; | NE; | CE; | PT; | ME; | NE; | CE;
Constant -6.17 | -5.74 | -2.56 - -6.18 | -5.90 | -3.05 -
Exper. (x100) 0.3 -5.8 | -2.3 - 9.1 4.0 1.6 -
Exper.2(x1000) | 0.2 1.5 0.7 - -1.3 | -05 | -0.2 -
High-School -4.74 | -4.87 | -3.68 - -2.09 | -3.45 | -1.83 -
College -4.26 | -4.41 | -3.54 - -2.27 | -3.88 | -1.82 -
PT; 1 9.00 | 344 | 3.17 - 9.00 | 3.06 | 3.96 -
ME;_; 3.69 | 9.00 | 3.60 - 3.55 | 9.00 | 4.21 -
NE;_ 3.34 | 4.34 | 5.55 - 4.18 | 5.28 | 6.64 -
k=2 4.85 | 4.60 | 3.00 - 3.11 | 4.02 | 1.45 -
2005-2009

Constant -5.96 | -5.24 | -2.66 | -6.04 | -5.49 | -5.08 | -2.76 | -5.63

Exper.(x100) -06 | -6.8 | -3.5 3.0 4.3 -04 | -0.7 1.0
Exper.2(x1000) | 0.4 1.6 0.9 -00 | -1.0 | -03 | -0.3 | -0.0

High-School -4.00 | -3.94 | -3.07 | -1.56 | -0.47 | -1.11 | -1.32 | -0.19
College -3.60 | -3.57 | -2.93 | -1.90 | -0.50 | -1.24 | -1.23 | -0.42
PT; 9.00 | 3.35 | 3.15 | 3.33 | 9.00 | 2.99 | 3.89 | 4.20
ME;_1 3.74 | 9.00 | 3.94 | 420 | 3.56 | 9.00 | 4.26 | 4.35
NE; ; 3.36 | 460 | 5.79 | 042 | 422 | 513 | 6.77 | 1.19
CE;1 3.27 | 448 | 0.74 | 8.07 | 3.96 | 4.11 | 1.27 | 8.62
k=2 419 | 369 | 249 | 230 | 293 | 3.28 | 2.31 | 2.39

Notes: the table displays parameter estimates from the employment com-
ponent of the model presented in Section 2.3.3. The model is estimated
separately by sample year and across gender. The omitted categories are
workers high-school dropouts in full time. Additional parameter estimates
of the initial state are displayed in Table 2.A1 in the Appendix.

with the parameters estimates for the mobility component, note that across all samples and
gender, the factor for unobserved heterogeneity for the mobility class k¢ = 2 is estimated with
a positive sign, indicating that mobility class 2¢ = 2 has a higher likelihood to fall into any
{PT,ME,NE,CE} states and hence lower probability to experience F'T employment.

Lastly, I discuss about the likelihood of finding full time employment coming from non-
employment and marginal employment. This is important to discriminate between a stepping
stone argument and a dead-end argument. Estimates comparisons before and after the Hartz
reforms should be taken considering that after the Hartz reforms there is a new form of employ-
ment: concurrent employment. Looking at rows {ME;_1,NE;_1} estimates for the 1999-2002 and
the 2005-2009 samples, it can be seen that there is barely no change within the estimates across
states {PT;,Md;,NE;}. Namely, the model generates similar outflows from {ME;_1,NE;_1} states
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Table 2.2: Wage Distribution Estimates

Males Females
1999-2002 7} o T 7} o T
Constant 7.13 | -0.50 | -8.00 | 7.03 | -0.50 | -7.97
High-School 0.22 - - 0.11 - -
College 0.56 - - 0.40 - -
Exper.(x100) 3.4 -1.7 0.7 2.7 -1.8 0.4
Exper.2(x1000) | -1.0 = = -0.0 = =
PT, -0.43 | -0.07 - -0.27 | -0.22 -
ME; -1.17 | 0.72 - -1.40 | 0.31 -
NE; -0.92 | 0.20 - -0.94 | 0.52 -
kY =2 0.04 | 0.22 | -4.23 | 0.09 | 0.18 | -4.00
2005-2009
Constant 6.74 | -1.00 | -3.83 | 6.69 | -1.15 | -3.81
High-School 0.30 - - 0.24 - -
College 0.60 - 2 0.43 - -
Exper.(x100) 3.6 0.2 -1.3 2.2 0.5 -2.3
Exper.2(x1000) | -1.0 = = -0.0 - -
PT, -0.45 | 0.23 - -0.17 | 0.27 -
ME; -1.48 | 0.57 - -1.34 | 0.06 -
NE; -0.85 | 1.11 - -0.88 | 1.23 -
CE; 0.11 | -0.20 - 0.12 | -0.17 -
kY =2 0.28 | -0.75 | -3.37 | 0.23 | -0.38 | -3.60

Notes: the table displays parameter estimates from the wage
component of the model presented in Section 2.3.4. The
model is estimated separately by sample year and across
gender. Additional parameter estimates from the autocorre-
lation function are displayed in Table 2.A2 in the Appendix.

into {PT; MdJ; NE;} before and after the Hartz reforms for both males and females. What is new
is that there are non-negligible outflows from ME;_; to CE; in the 2005-2009 sample. This means
that the stepping stone argument from marginal employment is shared into outflows to FT; and
CE;. In other words, marginal employment after the Hartz reforms serves as a stepping stone to
earn secondary earnings with another form of employment. Transitions from ME;_; to CE; are
larger than to NE;, which suggests that marginal employment has a stronger effect in engaging
workers into the labour market by holding multiple forms of employment than by using marginal
employment as a dead-end.

Table 2.2 provides parameter estimates for the wage component of the model presented in
section 2.3.4. Again, it is estimated separately by gender and before and after the Hartz reforms

(years 1999-2002 and 2005-2009). Only looking at the constant parameter of mean earnings,
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the table shows the gender gap, 7.13 vs 7.03 and 6.74 vs 6.69 in average log monthly earnings
estimated before and after the Hartz Reforms. Education parameters show that returns to higher
education amplify the gender gap; the effect that higher education has on males has a greater
impact on average monthly earnings for males relative to females.

Earnings profiles are estimated to be concave in labour market experience as expected, and as
can be observed by looking at the experience coefficients. Also, the effect that {PT,ME,NE} have
on wages is negative, with ME having the lowest loss in earnings.?? Noticeably, and in line with
the findings of Carrillo-Tudela et al. (2018), CE has a positive effect on earnings. They argue that
concurrent employment is used as a form to top up a worker’s earnings that is at the bottom of
the distribution. My model reflects that CE has a positive effect on earnings with the estimate
on earnings being positive.

In terms of volatility, before the Hartz reforms volatility decreases with age while after the
reforms volatility increases with age. This effect is net of the contribution of the expansion of
flexbile forms of employment, since I controlled for the contribution that each employment state
has on the dispersion of earnings. For example, {ME, NE} have larger dispersion on earnings
both before and after the Hartz reforms and on both males and females. Part-time earnings
become more volatile after the reforms, and the volatility of concurrent employment is relatively
small.

With regard to the autocorrelation of earnings, the life-cycle profile in the autocorrelation of
earnings changes significantly before and after the reform. Before the Hartz reforms, earnings
had a constant with high persistence (around 0.99 for both males and females) and it declined with
labour market experience. Instead, after the Hartz reforms the constant is of lower persistence
(around 0.90) and increases with experience. The contribution to the persistence from transitions
among different employment states can be seen in Table 2.A2 in the Appendix.

Finally, with respect to unobserved heterogeneity factors, it should be noted that the wage
class £ = 2 has a lower volatility in earnings across gender after the Hartz reforms. It also
generates slightly higher mean wages for both males and females across samples. Also, this wage
class k% =2 also acts increasing persistence for both males and females across samples.

In the Appendix, I present parameter estimates from unobserved heterogeneity in Table 2.A3
and from the composition of unobserved heterogeneity in Table 2.A4. Table 2.3.2 shows that
high-school and college individuals generally have a higher probability to belong to the mobility
class k¢ = 2, across samples. Males with higher experience also have a higher probability to
belong to this class. This is relevant since it has been shown that the mobility class 2¢ =2 has a
higher probability to experience flexible forms of employment {PT,ME,NE,CE}, as shown in Table
2.1.

Figure 2.A2 in the Appendix shows the gender wage gap distribution for different samples.

The figure shows the shift to the left (lower mean earnings) of the gender specific distributions

OME actually pays less than NE, since earnings observed for non-employment come from unemployment bene-
fits/assistance.
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Notes: the figure displays kernel density estimates of log monthly earnings simulated from the model. It displays
kernel density estimates of each employment state for all workers, before and after the Hartz reforms.

Figure 2.5: Cross-sectional Log Monthly Earnings

as the mean parameter of the respective distributions have fallen after the Hartz reforms. This
is reflected in the parameters estimates of the wage process from Table 2.2. Volatility has also
increased in the cross-sectional distribution after the Hartz reforms. This is in part because
experience profiles in volatility are increasing after the change in policy. Lastly, Figure 2.5 shows
the model cross-sectional kernel density estimates of the distributions of log monthly earnings
by employment state. The figure shows that there is larger dispersion within employment state
after the Hartz reforms and as can be observed from parameter estimates of the wage process
from Table 2.2.

2.4.2 Model Fit

In this subsection I simulate the model and compare against the data, in order to evaluate
the fit of the model. Figure 2.3 in Section 2.2.3 presented employment transitions in the data,
while Table 2.3 presents the employment transitions from the model. I compare the three main

takeaways from the data and the model that I summarize here:

i) Marginal employment becomes more persistent after the Hartz reforms. In the data, ME;_1 —
ME; goes from 87 (93) to 88 (94) percent monthly transitions for males (females) before and
after the Hartz reforms. In the model, these numbers are 85 (93) to 86 (93), close in levels

and generating higher persistence in ME after the reform (for males).

ii) Marginal employment to non-employment transitions decreased after the Hartz reforms.
More generally, there are lower flows into non-employment after the Hartz reforms. In the
data, ME;_ 1 — NE,; goes from 10 (5) to 8 (4) percent monthly transitions for males (females)
before and after the Hartz reforms. In the model, these numbers are 8 (4) to 6 (3), close in

levels and generating lower ME;_1 — NE, transitions after the reform.

iii) There is more non employent to marginal employment transitions after the Hartz reforms.
In the data, NE;_1 — ME; goes from 1 (3) to 2 (3) percent monthly transitions for males
(females) before and after the Hartz reforms. In the model, these numbers are 1 (3) to 2 (4),

close in levels and generating higher NE;_; — ME, transitions after the reform.
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Table 2.3: Model Job Mobility

Males Females
1999-2002 | FT; PT; ME; NE; CE; | FT; PT; ME; NE; CE;
FT;_4 98 0 0 1 - 97 0 0 2 -
PT;_; 4 92 0 4 - 1 97 0 1 -
ME;_; 5 1 85 8 - 2 1 93 4 -
NE;_1 8 1 1 89 - 5 2 3 89 -
2005-2009
FT; 1 96 0 0 1 0 96 0 0 0
PT;_ 3 92 0 2 1 1 96 0 0
ME;_; 4 1 86 6 1 1 1 93 3 1
NE; 1 8 1 2 87 0 4 2 4 88 0
CE;_1 5 0 1 0 91 3 1 0 92

Notes: the table displays employment transitions (in percentage x100) simu-
lated from the model, across different year samples and by gender. The data
counterpart is shown in Figure 2.3.

In general, the likelihood component of employment status is very flexible in matching the
data. The model is very close to the data. It matches the high persistence of any given employment
state, but also matches transitions to other employment status. A key element to obtain this
good fit is state dependence; namely, having as a factor in the likelihood the worker’s last month
employment status. The model generates high persistence of a worker’s current employment
status by giving more weight to the worker last month’s employment status. And when there
is a transition, the different weights to fall in each employment status generate the transition
outflows similar to the data. This goodness of fit is generated for all samples and gender. How
state dependence has changed before and after the Hartz reforms -how parameters have changed
from one labour market to another- is key in making the model replicate the data.

Next, I turn to earnings dynamics. Table 2.4 displays data quantiles transitions from the
monthly earnings distribution and the corresponding simulation from the model, across different
year samples and by gender. I compare two main takeaways from the data and the model that I

summarize here:

I) Persistence in the position of the ranking of workers’ earnings is increasing with the level of
earnings (especially for the 1999-2002 sample). The model is close the levels in the data and

generates the increasing pattern in the persistence of earnings.

II) After the Hartz reforms, persistence in the earnings rank decreases, generating more

transitions across the earnings distribution. The model generates lower persistence for
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males across the entire distribution. For females, it generates lower persistence of earnings
at the top of the distribution.

In general, the model fits well the mean log monthly earnings at the cross-section and
separated by employment state, for all samples and gender (see Figure 2.A1 in the Appendix).
The variance of log monthly earnings is, however, the most difficult moment to match with the
data. While the model is not far from the data, it is difficult to approximate. This is possibly due
to the distributional normality assumption in the model and the existence of outliers/noise in the
data. Finally, the persistence of earnings across states is generally satisfactory (see Figure 2.A4
in the Appendix). It matches best persistence for earnings across the same employment status
and it is somewhat less close to the data for transitions across employment states, also possibly
due to the existence of outliers/noise and a relatively smaller number of observations.

Two elements in the model help to generate the persistence of earnings: the autocorrelation
component and the latent factors of the unobserved heterogeneity component. While the model
does not have shocks depending on the position in the ranking of earnings, it is capable of
approximating the levels and the dynamics of earnings persistence along the ranking distribution.
For example, the observed high persistence of earnings at the top of the distribution in the data
are generated in the model from the realization of high earnings drawn from the bivariate normal
distribution. These high earnings realizations, together with a close to permanent autocorrelation
parameter, accumulate over time and are carried over to the successive periods. The high
persistence of earnings at the top of the distribution comes from workers who are in full-time and
remain in that state. This is because full-time employment has the highest mean earnings in
the model. Also, the less persistent earnings in the middle and at the bottom of the distribution
come as a result of having more transitions within employment states, with less persistence in
earnings carried over to the next period.

With the already satisfactory model fit, I did not further explore the possibility of using a
Markov process of higher order. Alternatively, I have neither explored adding more unobserved

heterogeneity, given that it would add model complexity.

2.5 Lifetime Values

In this section, I adopt a life-cycle approach to the labour market changes before and after the
Hartz reforms. To this end, I construct lifetime values before and after the Hartz reforms. The goal
is to analyze the differences in the distribution of lifetime values decomposing the employment
and wage effects. In order to do so, I will perform a series of counterfactual exercises.

The measure of lifetime value that I will use is simply the present discounted sum of future
earnings flows, taking into account labour market trajectories. This would be be the relevant mea-
sure if one assumes that individuals are risk neutral and can perfectly insure. I further assume

that the environment is the same, before and after Hartz reforms. Since samples are unbalanced,
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Notes: the figure displays kernel density estimates of lifetime earnings, across different year samples and by gender.

Figure 2.6: Lifetime Values Distributions

I assume that workers that are unobserved for a certain number of years in the sample will follow
the same process as those who are observed. Making use of the estimated parameters for the
wage distribution, employment status and unobserved heterogeneity, I simulate employment
and earnings trajectories for the individuals in the different samples along the working age. The
lifetime value at experience level ¢ of an individual’s simulated future earnings trajectory wgs; is

denoted as:

T
Vi(ws=e) = ), B° exp(ws), (A.13)

s=t

where f€(0,1) is a discount factor, exp(w;) is the earnings flow that the individual receives
at experience level s and the individual retires at period 7. Remember that w; is conditional
on the individual’s characteristics and labour market state as specified in Section 3.3. In this
context, the only parameter to be calibrated is 8, which I set to 1.00 to give equal weight to all
years through the life-cycle3!.

I assume the environment to be stationary. That is, individuals anticipate their life cycle
path and receive their earnings and changes to their labour market status given their current
state, but do not expect any of the parameters to be changed over the rest of their working life.
This assumption is most credible if the sample period from which I obtained the estimates of the
model is representative of an average state of the business cycle and the change in policy could
not be anticipated. As explained in Section 3.2, I took a sufficient number of years before and
after the change in policy to approximate such average state of the business cycle.

Figure 2.6 displays the histogram of the lifetime values before and after the Hartz reforms by

gender. In general, it can be seen that there is a shift to the left in the distribution of lifetime

31yUnlike Postel-Vinay and Turon (2005) and Dickson et al. (2014), I do not discount future income flows to construct
present discounted lifetime values in this exercise. By setting $=1.00, I give equal weight to all income streams to make
a steady-state comparison of two different stationary worlds: the labour market before and after the Hartz reforms.
For a comparison of present discounted lifetime values, see Figure 2.A7 in the Appendix which uses counterfactuals
introduced in the next subsection. Results are qualitatively similar.
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values after the Hartz reforms. The mean of lifetime values goes from 1.24 (0.79) to 1.10 (0.69)
million € for males (females) before and after the Hartz reforms.3?

Another noticeable aspect of the distributions is that females before the Hartz reforms have
a bimodal distribution, with the highest density concentrating around 0.5 million €. This is
expected given that the employment stocks in Figure 2.2 showed that the female sample is
more fragmented between those working in full-time and those in part-time, relative to males.
For males, the concentration of earnings around 0.5 million € is significantly lower relative
to females. After the Hartz reforms, the distribution of lifetime values for females somewhat
concentrates around its mean conforming a less bimodal distribution and closer to a unimodal
distribution. Therefore, the dispersion of lifetime values decreases for females after the Hartz
reforms. The standard deviation of female log lifetime values goes from 0.4848 to 0.4698. For
males, the dispersion of lifetime values increases after the Hartz reforms from a measure of
0.3508 to 0.3564.33

While for females the distribution of lifetime values is positively skewed both before and after
the Hartz reforms (with a skewness of 0.3564 vs 0.2749), male skewness changes its sign. Before
the Hartz reforms the distribution of lifetime earnings concentrates around 1.5 million €, with
a small left tail making the distribution negatively skewed (-0.6402). Instead, after the Hartz
reforms lifetime values shift to the left concentrating around 1 million €, and the distribution
becomes slightly positively skewed (0.0876).

In the model, I have two components that can rationalize the shift to the left in the distribution
of lifetime values: wage dynamics and employment transitions. The estimation of the model in
Section 2.4.1 after the Hartz reforms shows that

* lower wages

lower full-time incidence
* higher persistence in marginal employment

¢ less inflows into non employment

higher outflows from non employment

can explain the shift to the left in lifetime values. Therefore, it remains to assess the contri-
bution that each factor has had to generate the lower lifetime earnings. In other words, I want to
know if the expansion in marginal employment is what is driving long term earnings down, or
if, by contrary, lower wages play a bigger role. I try to address these questions in the following

subsection.

32Figure 2.A6 in the Appendix compares the 2005-2009 lifetime values against the same model estimated and
simulated for the 2010-2014 sample. The figure shows that the lifetime values from the model in 2005-2009 and
2010-2014 differ little. If any, the right tail for female values expands in 2010-2014.

33Figure 2.A6 in the appendix shows that for years 2010-2014, lifetime values desities are unimodal for Females.
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Notes: the figure displays life-cycle monthly earnings simulated from the model before and after the Hartz reforms,
separated by gender. “Counterfactual - Employment” uses the estimation from the 1999-2002 sample with the
employment parameters from the model estimated for the 2005-2009 sample. “Counterfactual - Wage” uses the

estimation from the 1999-2002 sample with the wage parameters from the model estimated for the 2005-2009 sample.

Figure 2.7: Life-cycle Earnings Profiles

2.5.1 Counterfactual Exercise: Wage vs Employment

Firstly, I start having a look at the estimated earnings profiles over the life cycle by sample
and gender. On Figure 2.7 I show the model’s estimated monthly average life cycle earnings
profiles before and after the Hartz reforms, separated by gender. The figure displays the usual
concave pattern in earnings, with the feature that for the 1999-2002 sample this concave pattern
is somewhat flatter. The comparison between the 1999-2002 and 2005-2009 samples shows that
after the Hartz reforms the average profiles are shifted down for both males and females. This
means that earnings are generally lower after the Hartz reforms, as previously shown for lifetime
earnings in Figure 2.6. Most of the lower earnings occur between the beginning and the middle of
the life-cycle. Elder workers before and after the Hartz reforms somewhat keep similar earnings
trajectories. Together with the lifetime values displayed in Figure 2.6, the pronounced decline in
earnings profiles was to be expected.

The question that I can address with the estimation of the model is how much of the relative
contribution to the decrease in lifetime earnings comes from changes in employment trajectories
or changes in wage dynamics given the old employment trajectories. In order to address this, I
will perform a counterfactual exercise. I use the 1999-2002 estimated model as the baseline, with
all wage, employment and unobserved heterogeneity components estimated from the 1999-2002
sample. Then, I replace the wage (employment) component using the 2005-2009 estimated model.
Put differently, I swap parameter estimates between models to see the partial response that each
component has on life cycle earnings. This counterfactual exercise can be informative of the wage
(employment) relative contribution to the estimated decline in lifetime earnings. I assume, again,
the environment to be stationary, and that the only change in the labour market comes from the
different parameter estimates of the respective component.

Figure 2.8 displays the counterfactual exercise. The solid blue line presents the estimated
life cycle earnings profile for the sample 1999-2002. The dashed cyan line presents the 1999-
2002 model with the employment component parameters of the model estimated for the sample
2005-2009. The dotted magenta line presents the 1999-2002 model with the wage component
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Notes: the figure displays life-cycle monthly earnings counterfactuals separated by gender.

Figure 2.8: Wage and Employment State counterfactuals

parameters of the model estimated for the sample 2005-2009. Both counterfactuals lie below
the 1999-2002 estimated model, which means that the changes in employment transitions and
wage dynamics have both negatively affected life cycle earnings profiles for males and females.
The difference across gender lies in the relative importance of each factor. While for females the
employment and the wage component have a similar impact in the decrease of lifetime values
(both counterfactuals shift down very closely), for males, the contribution of the wage component
has a larger effect. If I compute the average monthly loss in earnings between each counterfactual
and the 1999-2002 estimation, I obtain that for females the wage (employment) loss is of 140.87
(163.63) €/monthly. For males, these numbers are 256.13 (138.41) €/monthly. This indicates
that the introduction of the Hartz reforms had a similar effect in decreasing long term earnings
for females stemming from both the wage and the mobility component. However, for males, the
different wage distribution (in particular, lower mean wages) after the Hartz reforms had around
two times the impact in lowering long term earnings than the changes in the new employment

transitions stemming from the Hartz reforms.

2.6 Conclusion

In this paper, I have studied how more flexible forms of labour contracts affect the distribution
of lifetime earnings. I used a change in policy (the Hartz reforms) that transformed the labour
market in Germany and expanded the adoption of marginal employment. At the estimation of the
empirical processes, I take a sufficient number of years in order to capture the stationary labour
market before and after the Hartz reforms. The empirical models reflect lower incidence of full
time employment, higher propensity to use marginal employment (exclusive or as a secondary
job), lower full time earnings and less persistence in the position in the ranking of earnings at
the bottom of the distribution, after the Hartz reforms. Assuming at each sample that the young
person anticipates the old person’s labour market, I am able to construct lifetime employment
and earnings trajectories. I construct lifetime values and show that the distribution has shifted
to the left, hence generating lower long term earnings. In a counterfactual exercise I use the

estimation of the model for the 1999-2002 sample as a baseline and input the employment (wage)
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parameters from the estimation of the model in the 2005-2009 sample for both males and females.
This exercise shows that both the new employment and the wage dynamics contribute to the
lower long term earnings after the Hartz reforms. However, for males, the effect is twice larger
for the wage component relative to the employment one. In other words, the decrease in wages
has a higher impact in long term earnings than the new employment dynamics.

The findings of this paper contribute to the ongoing debate on the German labour market
miracle during the great recession. In particular, the importance of the wage component in
lowering long term earnings adds to the arguments of Burda and Hunt (2011) who argue that
wage flexibilization at the bottom of the distribution for full time employment is discussed
as one possible explanation for the German labour market miracle in the great recession. In
addition, the findings of this paper also contribute to the argument developed in Dustmann
et al. (2014). Specifically, the Hartz reforms have contributed to the continued increase in wage
inequality at the lower end of the distribution, but the specific governance structure of the
German system of industrial relations is what paved the way for the exceptional decentralization
of the wage formation from the industry level to the level of the single firm or the single worker.
The unprecedented decentralization of the wage-setting process from the industry level to the
firm level in Germany could have been the mechanism that allowed for wage restraints and the

dramatic decrease in real wages at the lower end of the distribution after the Hartz reforms.
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2.7 Appendix

2.7.1 Sample Selection

Unfortunately, some discretionary decisions are necessary to be implemented for the classification
of employment spells into the five employment categories that I construct. I perform the following

sample restrictions:

¢ | assign an employment spell to the sample if they do not fully overlap with a spell in

unemployment. Otherwise it will be categorized as a non-employment spell.

* A employment spell(s) below 15 natural days in total within the month is classified as a

non employment spell.

¢ In the, unlikely, but possible event of two or more working events within a month, I assign
the category which employment days are larger than two times the sum of the remaining
working spells. Therefore, if a person has different working spells, but one category does

not exceed in days two times the other, is classified as concurrent employment.

* Non employment are coded either if the worker is registered unemployed, earn wages
below the minimum subsistence level or are out of the labour force. This implies that some
of the non employed workers receive earnings within their months while receiving zero
earnings. For the estimation section, I keep track of the person’s employment record and I
predict their likelihood to receive non employment earnings based on an OLS regression on
education, gender, lag employment, lag unemployment benefits and year of birth for the

different yearly samples.3

* A worker enters the sample if the working spell in any of the yearly samples is at least of
12 months.

¢ To delete miscoded employment records, I delete working spells that are repeated, employ-

ment spells below 3 working days and daily real earnings below 5 €.

e With special relevance for this paper, I drop marginal employment earnings above their

maximum legislative threshold.

34A probit specification was also considered with, quantitatively, similar results.
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2.7.2 Additional Tables
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2.7.3 Additional Figures
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Notes: the figure displays kernel density estimates of log monthly earnings simulated from the model. It displays
kernel density estimates of the whole distribution of earnings before and after the Hartz reforms, by gender.

Figure 2.A2: Cross-sectional Wage Gap Distribution
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Figure 2.A3: Autocorrelation, Female workers 2005-2009
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Figure 2.A4: Data Wage autocorrelation
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Figure 2.A5: Part-Time and Labour Force trends

86



2.7. APPENDIX

Males Females
%10 ‘ 15 %10 ‘ ‘ ‘
" #92005-2009 : 92005-2009
[192010-2014 [192010-2014
1 t
< <
= 0.5 =
05
0 o
0 05 1 15 2 25
%108

0
0 05 1 25
108
Notes: the figure displays kernel density estimates of lifetime earnings, across different year samples and by gender.

Figure 2.A6: Lifetime Values Distributions, 2010-2014
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Notes: the figure displays kernel density estimates of present discounted ( = 0.99) earnings, for the 1999-2002
sample (blue density). The earnings are projected for workers entering the sample for their out-of-sample years until
retirement age, assuming their path follows parameters of the 1999-2002 estimated sample. The red and yellow
densities display kernel density estimates of present discounted (8 = 0.99) earnings, for workers in the 1999-2002
sample using the estimated parameters of the mobility component of the 2005-2009 sample and the wage component,

respectively.

Figure 2.A7: Lifetime Values Distributions, = 0.99
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CHAPTER

ON RETURNS TO EFFECTIVE EXPERIENCE

with Sekyu Choi and Benjamin Villena-Rolddn

Statement on coauthorship: this chapter is joint work with Sekyu Choi and Benjamin Villena-
Roldan. I have made significant contributions to all aspects of the work including data cleaning,
empirical estimation, placement in the literature and writing up the paper. Structural model
estimation and counterfactual analyses were done by myself alone. Benjamin Villena-Roldan
contributed to data cleaning and empirical estimation. Sekyu Choi, offered guidance on all aspects
of the work as it is his role as PhD supervisor, but also contributed to the construction of the

structural model, placement in the literature and interpreting the results.

Additional acknowledgments: we thank Hélene Turon, Diego Lara de Andrés and participants

of the Macro online webinar at the University of Bristol for helpful comments and suggestions.

3.1 Introduction

Heterogeneous wage growth over the lifecycle is closely linked to overall earnings inequality.! New
evidence shows great disparity across countries (Lagakos et al. (2018) and Engbom (2019)).2 The

literature has provided two possible explanations for these facts: (i) labour market frictions, and

1Economic research on determinants of wage differentials go back to Mincer (1974). Since then, a large literature
emerged on lifecycle wage growth and inequality (Deaton and Paxson (1994) and Storesletten et al. (2004), for
example).

2For further cross-country cross-sectional comparison studies, see Dabla-Norris et al. (2015) and Tomaskovic-Devey
et al. (2020).
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(i) heterogeneity in the human capital accumulation process.? In this paper, we study lifecycle
wages and the process of general human capital accumulation through on-the-job learning. We
analyze a novel dataset from a Chilean internet job board, where we observe a sizeable number
of job advertisements, and more importantly, information on expected wages to be paid in each
position along with a number of observable characteristics such as offered contracts and required
education and experience. The data merge information on applicants, firms, applications, and
job ads in a context of heterogeneous workers and positions where required experience is an
observable job ad characteristic. To the best of our knowledge, this is a unique feature among
databases of this sort that allows us to estimate returns to experience.

As a first contribution, we estimate profiles of log wages over different levels of required
experience (in years) as measured in job advertisements controling for all possible observables,
such as timing of the job posting and fixed effects at the firm and job title levels. We view
these profiles as being closer to the true returns to experience. This is because the information
provided by firms on expected wages to be paid at the advertised position does not depend on
any particular worker, who may affect observed (ex-post) wages by way of different mechanisms:
wage bargaining, individual match-quality or returns to (unobserved) worker skill, among others.

We further compare our estimated returns to experience (from job advertisement data) with
lifecycle wages computed from the worker side. We estimate worker profiles using standard
representative surveys of Chilean workers.* The comparison shows that returns to experience
from job ads grow faster than observed lifecycle wages from workers.

We take the apparent mismatch found in the data as evidence of a failure to accumulate
general human capital while working (on-the-job learning). Put it differently, if wage growth
through job ads is two times larger than workers wage growth after 8 years, it must be that
workers fail to accumulate the demanded level of human capital requested by firms. To rationalize
the facts, we put forward a structural labor supply model of the lifecycle, with two types of frictions:
standard labor market ones and frictions on the actual process of human capital accumulation.
The latter is represented as a simple extension of a Ben-Porath style model, where human capital
accumulation is not deterministic but subject to some randomness. Our model also allows for a
worker-firm idiosyncratic job match quality so that workers randomly differ in the fit with their
corresponding firm.

While simple enough, our model fits Chilean data moments well and serves as a benchmark to

start thinking about the failure of human capital accumulation. In the estimation, lifecycle effects

3Frictional labour markets build from the work of McCall (1970), Mortensen (1970), Lucas and Prescott (1974),
Burdett (1978), Pissarides (1985), Mortensen and Pissarides (1994), Burdett and Mortensen (1998), Hornstein et al.
(2007) and Low et al. (2010). For recent applications, see Jung and Kuhn (2016), Engbom (2019). For cross-country
differences in human capital see Bils and Klenow (2000), Caselli (2005) and Manuelli and Seshadri (2014). Economists
have studied the relationship between human capital accumulation and inequality in Becker (1964), Ben-Porath
(1967), Lucas (1988), Keane and Wolpin (1997) and Huggett et al. (2011). Examples of papers combining human
capital accumulation and job search are Bowlus and Liu (2013) and Bagger et al. (2014).

4We also estimate worker’s lifecycle wages using information from job seekers using the job board: both of these
approaches give us almost identical results.
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are important, especially late in life. The probability of human capital depreciation through
unemployment or job-to-job is estimated to be increasing over the lifecycle, while learning on
the job (namely, the probability to increase human capital while working) is concave over the
lifecycle, closely tracking workers’ lifecycle wages.?

We use our model to quantify the role that each friction has in the observed wage mismatch.
Our simulation exercises show that losing human capital through either unemployment or job-to-
job have a lower impact on wage profiles than increasing one’s human capital through on-the-job
learning. This is in part because a worker spends most of his time at work, hence learning
and increasing human capital while working is more relevant. In addition, we eliminate labour
market frictions in order to measure their effect to close the gap in wage and job ads growth.
Labour market frictions are less important quantitatively than failure-to-learn in explaining the
returns gap. Eliminating job separation completely from our model can only close half the gap
between worker vs. ads wage growth, while higher on-the-job learning can close the gap fully.

In this vein, we perform a counterfactual exercise where we choose the level of on-the-job
learning so that we close the gap in wage and job ads growth. In this counterfactual, the level
of on-the-job learning and the level of human capital accumulation are both four times above
our baseline estimation. This exercise illustrates that failure-to-learn could be an important
factor behind the gap between workers and firms wage growth. A non trivial implication of
lower accumulation of human capital throughout the lifecycle is not only that Chilean average
wages are lower, but also that inequality of earnings is larger, which should matter for welfare.®
Although our model does not target Chilean labour earnings inequality measures, the results
suggest that failure to accumulate human capital for a large fraction of workers throughout the
lifecycle produces larger earnings inequality than in the counterfactual where wage and firms
growth equal through higher accumulation of workers’ human capital.

» o«

During the paper, we interchangeably use the terms “lifecycle wages”, “worker side” and
“supply side” to refer to workers’ lifecycle wage profiles. We use the terms “ads wages”, “job
ads wages”, “firm side” and “demand side” to refer to firms’ job ads wage profiles by required
experience. The rest of the paper is organized as follows. Section 3.2 describes the data sets, the
facts, and the empirical findings. Section 3.3 presents the structural model. Section 3.4 discusses
the parameter estimates and model fit. Finally, Section 3.5 uses the model to perform simulation

exercises and a counterfactual by closing the worker vs. the ads wage growth mismatch.

3.2 The Facts

Data Source.

51t has to be said that although job-to-job creates some depreciation of human capital that increases over the
lifecycle, workers still gain from switching jobs as they have incentives to find a good worker-firm job quality match
throughout the lifecycle.

6 Attanasio and Davis (1996).
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The main novel facts in this paper are related to the monthly wage profiles estimated using
job posting information. This information can be thought of as direct evidence of demand side
technological requirements in terms of experience profiles.

We use data from www.trabajando.com. Our data covers a sample of job postings and job
seekers in the Chilean labor market between January 1st 2008 and December 24th, 2016. The
raw information in the dataset contains more than 14 million single applications, from around
1.5 million job seekers, to around 270 thousand job ads.” In terms of the website’s platform, job
seekers can use the site for free, while firms are charged for posting ads. Job advertisements are
posted for a minimum of 60 days, but firms can pay additional fees to extend this term.

For job seekers, we observe date of birth, gender,® nationality, place of residency (“comuna”
and “region”, akin to county and US state, respectively), marital status, self-reported years of
experience, years of education,? college major and name of the granting institution of the major.'°
We have codes for occupational area of the current/last job of individuals,'! information on their
salary and both their starting and ending dates.

For each posting, we observe its required level of experience (in years), required college
major (if applicable), indicators on required skills (specific, computing knowledge and/or “other”)
how many positions must be filled, the same occupational code applied to workers, geographic
information (“regién" only) and some limited information on the firm offering the job: its size
(number of employees in brackets) and industry (1 digit code).

Besides this information, recruiters are also asked to record the expected pay for the job
posting, and are given the choice whether to make this information visible or not to applicants.
Naturally, one could question the reliability of wage information which will be ultimately hidden
from the other side of the market. Banfi and Villena-Roldan (2019) address the potential issue of
“nonsensical” wage information in job ads by comparing the sample of explicit vs. implicit (job
ads without any salary information) postings by firms, and find that observable characteristics
predict fairly well implicit wages and vice versa. Moreover, even if employers choose to hide wage
offers, they are used in filters of the website for applicant search. Hence, employers are likely
to report accurately even if their wage offers are not shown because misreporting may generate
adverse consequences. Relatedly, Choi et al. (2020) show that wages in the website (both the
explicit and hidden ones) are representative to the rest of the Chilean economy when compared
to representative surveys of Chilean workers.

On the other hand, a major caveat of our dataset is the absence of information on activities

performed outside the website: individuals seeking for jobs through other means, and more

A complete description of the website and the data is in Banfi and Villena-Roldan (2019).
81f we consider a sample of males alone (as in Lagakos et al. (2018), results are similar.
9Educational categories are primary (one to eight years of schooling), high school (completed high school diploma,
12 years), technical tertiary education (professional training after high school, usually 2-4 years), college (completed
university degree, usually 5-6 years) and post-graduate (any schooling higher than college degree).
10This information is for any individual with some post high school education.
llwe observe a one-digit classification, created by the website administrators.
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Table 3.1: Characteristics of Job Postings

Average Std.Dev.

Wage (thousand CLP) 620.70 533.71
Required experience (years) 1.94 1.80
Required education: High School 0.23 0.42
Required education: College 0.31 0.46
Area of job: Business-Management 0.27 0.44
Area of job: Technology 0.16 0.37
Area of job: Not specified 0.42 0.49
Number of obs. 190,280

importantly, outcomes of job applications. However, for the purpose of our current exercise, this is
not a major drawback since we are interested actually in the independent information contained
in the website concerning expected salaries to be paid at different job positions and required
experience. The main advantage of this wage data is that it is not contaminated by ex-post
compensation nor specific worker skills at the individual level.

In the following exercise we impose minimal sample restrictions on the information from
the website: we include all information on job advertisements and job seekers, as long as they
have non-missing information on the observable characteristics for which we control. We ignore
job advertisements that offer less than 100 thousand CLP,'? or more than 5 million CLP per
month (significantly above the 99-th percentile of the worker’s salary distribution according to

the CASEN survey, a representative survey of Chilean workers.)

Estimates of return to experience (Ads). Using the information on job ads only, we can
compute the gradient of wages on years of required experience, which is information contained in
all job ads on the website. Table 3.1 shows information of the job ads we use in our exercise. Our
sample consists of more than 190 thousand individual job ads. In the table we show expected
wages to be paid at the position, required experience, required education (only completed high
school and college categories) and the main “area of job” categories.

In order to identify wage increases due to experience only, we run linear regressions on
log-wages paid at each job ad, controlling for dummy variables for years of required experience
and also controlling for a number of observable characteristics: year when the job ad was posted,
required education, the area of the job, geographic location and industry of the firm and type of

contract (full/part time). We further control for firm’s identifier and job title fixed effects. The

12This is around 50% less than the minimum wage during 2008, which was set at 151,500 CLP per month.
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Table 3.2: Characteristics of Job Seekers

Average Std.Dev.

Wage expectations (thousand CLP) 729.00 641.71
Wage at last job (thousand CLP) 697.33 632.98
Potential experience (years) 9.49 8.99
Self-reported experience (years) 6.90 6.71
Age 32.63 8.92
Male 0.55 0.50
Single 0.69 0.46
High School 0.14 0.35
College 0.41 0.49
Area of worker: Business-Management 0.17 0.37
Area of worker: Technology 0.24 0.42
Area of worker: Not specified 0.38 0.49
Employed 0.30 0.46
Unemployed 0.44 0.50
Number of obs. 1,037,493

latter is constructed as in Banfi and Villena-Roldan (2019).13

Estimates of life-cycle wages (workers). For life-cycle wages (gradient of salaries with respect
to workers’ experience), we use the information provided by workers in the website. Table 3.2
shows summary statistics of workers. Compared to the CASEN survey, the sample of workers in
the website is younger, more educated and more likely to be male and single than in the entire
population of workers.

In Table 3.2 we show monthly salaries at the last job (self-reported by individuals) versus
their current salary expectations: the expectations are around 5% higher than their current/last
salary, which indicates that the website is used by and large individuals seeking to climb the
wage ladder. This is also reflected in the fact that a sizeable number of individuals are currently
employed when they use the website for job search (around 30%).

On the hand, we show two indicators of overall experience of workers: a standard calculation
of potential experience,'* and a self-reported experience. This latter number is lower and less

disperse than the calculation of potential experience.

13we identify the first four words of the job title variable and construct four categorical variables representing a
list of words repeated more than 100 times in the whole sample of titles.

14This is computed as age minus 18 if total education of the worker is equal or less than 12 years; It is age minus
24 (18+6) otherwise.
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Notes: The left panel displays the workers’ average wage increase throughout the first 15 years of their lifecycle. The
solid line displays the raw data from www.trabajando.com (TC), while the dots display 5-year data intervals from
Lagakos et al. (2018). The right panel displays the workers’ average wage increase throughout the first 8 years of
their lifecycle (solid line) and the average ads’ posted wages by required experience from TC data (dashed line), net of
firms and job title fixed effects.

Figure 3.1: Worker Side (Supply) vs. Ads Side (Demand)

To compute the experience profile on the worker (supply) side, we use self-reported information
on salaries at their last job and the self reported years of experience. More specifically, we
run regressions with log-wages as dependent variables, on dummies for years of self-reported
experience along a number of controls for observable characteristics: year of birth, year when the
individual entered the website (creation of online profile), education level, gender, nationality,

civil status, geographic area of residence, job area,'® and employment status.

Empirical Results. From both the job ad and worker sides, we collect the OLS coefficients on
years of required experience and self-reported experience respectively as our main estimates of
experience profiles from the two sides of the market. This is displayed on the right panel of Figure
3.1. The estimates in that panel are restricted by sample sizes of job ads with different experience
requirements, thus we show estimates for only 8 years of experience. The main takeaway from
this figure is the significant gap between the returns to experience at the job ad vs. the worker

side.

On the left panel of the figure, we show the coefficients related to the first 15 years of self-
reported experience using the equation for workers. Because the variables on required experience
and self-reported experience may convey different information, we perform a robustness exercise
where we compare our estimates with the estimates for the Chilean economy found in Lagakos
et al. (2018). Even though it is estimated using a different data set and a different variable for
experience (potential instead of self-reported), the figure shows that the estimates are remarkably

close.

153elf reported.
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In the quantitative exercise below, we extrapolate the experience profile of the demand side
(job ads). To obtain an estimate of this profile for years 9 onwards, we forecast using the annual

life-cycle growth of worker wages implied in the estimates from Lagakos et al. (2018).

3.3 The Model

We develop a lifecycle, labour supply model based on Ben-Porath (1967), Keane and Wolpin
(1997), Eckstein and Wolpin (1999) and Huggett et al. (2011) classic models of investment in
human capital. Workers face: (i) frictional labour markets, (ii) uncertainty with respect to match
quality with firms, and (iii) uncertainty about human capital accumulation on the job. Time is
discrete. The model period is one month and is partial equilibrium. Workers are risk neutral
and heterogeneous in terms of: (a) age, ¢ € {1,..., T}, and (b) human capital, x € {1,...,X}. Workers
transit between employment (E) and unemployment (U). While being employed (E), workers may

switch from one job to another. Transition probabilities are defined as follows:

¢ Workers in unemployment find jobs with probability f;
¢ Jobs are destroyed with probability s;

¢ Employed individuals can find jobs with probability ftE

The above probabilities are exogenous and age-dependent. When unemployed, workers receive
unemployment benefits (outside option) b;. While working, workers receive wages w;(x,€;) =
y(x)expleis}, €it ~ N (O,a?yt). y(x) is a monotonic function and € is a match quality shock (fixed
throughout the duration of a match).

While employed, human capital may appreciate by one unit each period with probability p, ;.

Human capital in our model may also depreciate (also by one unit) in two circumstances:
* When unemployed, with probability 0, ;
* When changing jobs, with probability «, ;

Workers seek to maximize the present value of earnings over their working life. The value

function of a worker in unemployment is given by:

Ut,x)=b;+ Q- f)ExU@E+1,x)+ Bft B emax{U(t + 1,x"), W(t + 1,x',€)} (A.1)

Equation A.1 shows that workers form expectations about €. Agents discount the future at a
rate 5. While unemployed, human capital x can only decrease so x’ € {x,max{x — 1, 1}}. The value

function of a worker in employment is given by:
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W(t,x,€) = y(x)exp(e)

[(1- FEYE Wt + 1,4 ¢)
+B(1-sy)
+ fE By ymax{W(t +1,2',7), Wt + 1,4, ¢)}
(A.2)
f1Ex ymax{U(t +1,x"), W(t +1,x",m)}
+P st
| +(1- f)EcU(t+1,x)

Equation A.2 states that when a worker is employed, human capital can decrease if changing
jobs so x” € {x,max{x — 1, X}}.1% If the job is destroyed, workers are allowed to search for a job in
that period. In a new job, a new realization of the match quality is created n #e.

In order to maximize the present value of earnings over their working life, workers choose be-
tween remaining in unemployment, staying in their current job or jumping to a new job, provided
they receive the corresponding exogenous transition shocks. Workers ponder the potential loss in
human capital from changing jobs or remaining in unemployment and, importantly, its impact in
earnings, when deciding about their employment state. Also, they have uncertainty about the
worker-firm quality match, which has an effect on earnings and affects the worker transition
decision.

In our model, employment is an opportunity to increase human capital and hence earnings.
Unemployment represents both an opportunity cost of increasing human capital while working
and the additional cost of depreciating one’s human capital. Last, changing jobs represents a
trade-off between potentially finding a better worker-firm quality match -and higher earnings-

and potentially losing some of the gained human capital during the transition.

3.4 Calibration

We estimate the model using a combination of datasets from the Chilean economy, including a
novel dataset on posted job ads. We use a combination of CASEN and the Encuesta Nacional de
Empleo (ENE) to compute a number of moments for the Chilean economy. The moments targeted

in the estimation are:

* Profile of lifecycle wages (CASEN)!7; 32 year-observations

16This assumption creates job-to-job transitions that result in wage losses.
17We take the estimates directly from Lagakos et al. (2018)
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 Returns to experience (www.trabajando.com & CASEN)'®; 32 year-observations
¢ lifecycle profiles for E-U, U—E and J—dJ transitions (ENE); 32 year-observations each

* Average wage loss (%) after an E—-U—E episode and average wage gain (%) after an J—J

transition (ENE); 1 cross-sectional observation each

The profile of lifecycle wages are the percentage increase of wages relative to the wage
at the beginning of the lifecycle.!® The returns to experience are the percentage increase of
wages relative to a job with no required experience. Lifecycle profiles for E—U, U—E and J—J
transitions are the average yearly hazard of these transitions. The average wage loss (%) after an
E—U—E observation is the workers’ average percentage difference in wages after observing an
E—U—E transition within a year. Finally, the average wage gain (%) after an J—dJ observation
is the workers’ average percentage increase in wages after observing an J—dJ transition within
a year. In addition to these moments, we also compute and compare two more moments not
targeted at estimation. These are the share of employment and non-employment over the lifecycle
(ENE).

We smooth data observations by using polynomials in age of order 5 for all our lifecycle data
moments: the profile of lifecycle wages, returns to experience, and lifecycle profiles for E—TU,
U—E and J—J transitions. The monotonic component of wages, y(x), is specified as a linear
interpolation of the ads lifecycle profiles. For the average wage loss (%) after an E—~U—E episode,
we compare one cross-sectional observation across the entire lifecycle. Also, for the average wage
gain (%) after an J—J episode, we compare one cross-sectional observation across the entire
lifecycle. For the rest of the moments, we use year-observations.

All parameters in our model are allowed to vary with age. The components p,,x,0x,f,s,f Ep
are each specified as a polynomial of order 2 of the form z; = z1 + 22 t + 23 t2. For example, the prob-

ability of job separation has the following form: s; = s +s2 ¢t + s3t2 at any given ¢ over the lifecycle.

The volatility component of the match quality shock is specified as o ; = \/ exp{Oe1+0ec2t+0¢3 t2}‘.
We estimate parameters to match Chilean data moments to simulated data moments (Simulated
Method of Moments). A model period is one month, hence, the lifecycle of an agent in the model
consists of 420 periods. We exogenously set § = 0.99.

In order to choose the parameters, we minimize the distance between the moments generated
by the model and their counterpart in the data. In particular, the calibration algorithm aims
to minimize the sum of squared distance between earnings and transition profiles and those
produced by the model using the simulated method of moments. Because some moments have
different scale, or different number of observations, we impute some weights to each component

as in Guvenen et al. (2015). See section A.1 in the Appendix for further details. Lifecycle averages

18This is a “hybrid” moment: the first 8 years are from www.trabajando.com, while the rest of the years are
extrapolated using the growth rates implied in CASEN. See the complete description in Section 3.2.
19As in Lagakos et al. (2018).
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Table 3.3: Calibration

Moment Data | Model Parameter | Average
J—J Hazard 0.15 | 0.14 Ox 0.0126
U—E Hazard 0.49 | 047 Ky 0.0791
E—U Hazard 0.03 | 0.09 Ox 0.0090
Employment Share 0.86 | 0.81 O¢ 0.0583
Non-Employment Share  0.13 | 0.18 e 0.4947
Returns to Experience (%) 0.75 0.76 St 0.0944
Lifecycle Wages (%) 0.36 | 0.35 FE 0.9253
E—U—E Loss (%) -0.06 | -0.06 b -0.0236
J—dJ Gain (%) 0.05 | 0.05

Notes: The left side of the table displays targeted average model
moments against the data. These moments are described in Sec-
tion 3.4. The right side of the table displays average parameter
estimates of the model presented in Section 3.3. Table 3.A1 in the
Appendix displays the full set of parameter estimates. We use the
SMM estimation method. Section A.1 in the Appendix describes
further details about the estimation procedure.

of estimated parameter values over the lifecycle are presented in Table 3.3, along with the model
fit. The complete set of calibrated parameters is presented in Table 3.A1 in the Appendix, and
the parameters’ lifecycle behaviour is displayed in Figure 3.A2 in the Appendix.

3.4.1 Results

The average parameter of the probability of finding a job from unemployment f;, is estimated at
0.4947 and generates a model U—E transition hazard of 47% over the lifecycle. The probability
to lose a job, sy, is estimated to be substantially smaller; the parameters generate an average
probability of separation of around 0.0944 over the lifecycle, and it is declining in age. The average
probability to upgrade one’s human capital over the lifecycle is small, g, =0.0126, and has an
inverted U-shape. It grows until age 20 in the lifecycle and starts declining thereafter. It never
exceeds a 2% monthly probability. By contrast, the probability to lose one unit of human capital
from being in unemployment (5, = 0.0090) is small early in life and increasing throughout the
lifecycle, reaching a maximum of around 0.0374 at the end of the working life.

The estimated parameters yield, noticeably, a 100% probability to find a job while being
employed (ftE ) early in life, but the probability declines over age, reaching a minimum of 0.7488
at the end of the working life. In addition, there is an average probability to lose one unit of
human capital while experiencing a job-to-job transition of ¥, = 0.0791, which is increasing over

age.?? Finally, the outside option, b, is estimated to be decreasing over age. It has a positive

20The average fraction of job movers that gain wages when experiencing a J—dJ transition is 98%. This is because
in our model there is a small average probability of ¥, =0.0791 to suffer a loss of human capital when switching jobs.
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value for the first 18 years in the working life, and a negative value thereafter.
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average (dashed line). The bottom right panel displays the model J—dJ wage gain in percentage over the lifecycle (solid

line) against the data average (dashed line).

Figure 3.2: Model Fit
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3.4.2 Model Fit

The model fit can be observed in Table 3.3 and Figure 3.2. The model probabilities, f; and sy,
generate the E—~U and U—E transitions, which are very close to the data.?! These moments are
targeted at estimation. The model also generates the employment and non-employment shares
over the lifecycle, close to the data, despite not being a target in the estimation.

Lifecycle earnings profiles, both from the worker side and the ads side, are well matched with
our model. The increasing concave profile in these moments is partly obtained by an increasing
concave accumulation of human capital (Figure 3.A4 in the Appendix) that is generated both
exogenously and endogenously in our model.?2 The bottom left panel of Figure 3.2 shows that
we obtain an E—~U—E wage loss (%) close to the data on average (around a 6% loss), but our
moment is decreasing in age. This is because early in life workers have accumulated little human
capital, hence a period of unemployment will not diminish significant human capital from the
worker. Late in life it is when workers face the largest risk of losing earnings, as it is the case
where they can lose their lifecycle accumulated human capital.

A moment that we also target at estimation is the job-to-job wage gain (%), which in the
data is slightly above 5%. Our model is close to the data, particularly late in life. In our model,
job-to-job wage gains are only generated from the misallocation between the firm-worker match.
Workers endogenously choose to remain in a firm if their earnings, which are affected by the
firm-worker match quality shock, are larger than the average draw. Alternatively, they leave a
firm if they expect to draw a larger firm-worker match in a new job.

Finally, the model also matches the declining pattern of job-to-job transitions. The middle
left panel in Figure 3.2 shows that J—J transitions in the data decline over the lifecycle from
24% at the beginning to 10% at the end.?? In our model, we generate a somewhat flatter profile
from 17% at the beginning to 10% at the end of the lifecycle. Our model generates an average
14% J—dJ hazard, which is close to the data (13%), despite estimating a high probability to find a
job while being employed, ftE =0.9253. This is because a significant fraction of workers in our

model endogenously choose to remain at their current jobs.

3.5 Counterfactuals

Given that the model performs a reasonable fit across employment transitions and wage growth,

in the following we use counterfactual experiments to gain a deeper understanding of the

21E .U transitions in Chile are similar to European countries, around 3 percent, and slightly above the US, which is
around 1.4 percent. U—E transitions are a bit above the US and European averages (26 and 29 percent, respectively),
but close to countries like Denmark and Sweden (42 and 43 percent, respectively). See Ward-Warmedinger and
Macchiarelli (2013) and Molloy et al. (2016).

22Fxogenously as in estimating a concave profile in Ox, and endogenously as the worker will choose to avoid
unemployment and job-to-job transitions so that human capital does not depreciate.

23Chilean J—J transitions are similar to the US, with a 1975-2014 yearly average of 14 percent. See Molloy et al.
(2016).
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Notes: The figure displays lifecycle wages for different counterfactuals, compared to our baseline estimation. The top
left panel displays lifecycle wages for a model with p, = 0.1 over the lifecycle. The top right panel displays lifecycle
wages for a model with &, = 0.1 over the lifecycle. The middle left panel displays lifecycle wages for a model with
Kx = 0.5 over the lifecycle. The middle right panel displays lifecycle wages for a model with all parameters constant (at
their lifecycle average value) over the lifecycle. The bottom left panel displays lifecycle wages for a model with s =0
over the lifecycle. The bottom right panel displays lifecycle wages for a model with f = 1 over the lifecycle.

Figure 3.3: Simulations

contribution of different factors to the mismatch in the worker vs. ads wage growth. More
specifically, we perform simulation exercises using our baseline estimated model in order to
disentangle the contribution to the workers vs. job ads growth gap that is due to frictions in the

“learning” process or standard labour market frictions.

3.5.1 Simulations

We take our calibrated model and input different parameters (one at a time) to the different
components of our model in order to see how lifecycle wages respond. We perform a total of six

simulation exercises.
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First, we increase the average probability of increasing one unit of human capital, p,, to see
how higher accumulation of human capital affects wages. In our estimation, p, was estimated at
a lifecycle average monthly probability of 0.0126. In annual terms, this would be a probability
of 0.15 on average to increase human capital in any given year. In this simulation exercise we
increase this probability from 0.0126 to 1/12 so that the annual probability to increase one’s
human capital is equal to 1. As Figure 3.3 shows, lifecycle wages jump upwards, reaching around
twice the wage growth at the end of the lifecycle relative to our estimated model (and the data),
specifically 90 percent. Interestingly, the resulting lifecycle profile is similar to the profiles
documented for the US and UK in Lagakos et al. (2018).24 Figure 3.A5 in the Appendix shows
that this increase in wages comes through higher human capital accumulation. In our model,
wages are directly affected by a monotonic function on human capital, y(x). Hence, the higher the
probability to accumulate and increase human capital, the higher lifecycle wage growth.

Second, we decrease the average probability of job separation, s;, to an extreme to see how
labor market frictions affect wages. In our estimation, s; was estimated at a lifecycle average
monthly probability of 0.0944. This is a high separation rate. It implies that jobs are destroyed
every 10 months on average. In this simulation exercise we decrease this probability from 0.0944
to 0, so that there is no job destruction whatsoever. As Figure 3.3 shows, lifecycle wages jump
upwards, but only from 0.50 in our model to 0.76 at the end of the lifecycle. In this simulation,
workers remain at work and, at most, switch from job-to-job, but never experience unemployment
(see Figure 3.A6 in the Appendix). Therefore, there is no depreciation in human capital from
unemployment and, as workers remain permanently employed, an ongoing probability to increase
human capital on the job produces this result. Noticeably, the complete elimination of this type
of labour market friction produces a relatively lower effect on wages than the simulation with
0x =1/12.

Our third simulation also eliminates labour market frictions through the job finding rate from
unemployment, f;. In our estimation, f; was estimated at a lifecycle average monthly probability
of 0.4947. Again, this is a high finding rate. It implies that an unemployed worker finds a job
once every two periods in unemployment, on average. In this simulation exercise we increase
this probability to 1, so that workers do not remain in unemployment beyond 1 period. Figure
3.3 shows a small lifecycle wage jump upwards. Given that the finding rate was already high at
the estimation, the small effect of the simulation is not surprising. Most moments of our model
barely change (see Figure 3.A7 in the Appendix). As a consequence, eliminating frictions from job
separation, and not job finding, is more important for lifecycle wages in Chile.

Fourth, we increase the average probability of losing one unit of human capital when workers
are unemployed, d, ;, to see how the loss of human capital through unemployment affects wages

over the lifecycle. In our estimation, 6, ; was estimated at a lifecycle average monthly probability

24Their panel A of Table 2 reports summary statistics for developed countries. Germany’s profile is the steepest,
reaching 105 percent by 20-24 years of experience. This is followed by the United States (90 percent), the United
Kingdom (85 percent), and Canada (80 percent).
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0f 0.0090. In this counterfactual exercise we increase this probability to 1/12 so that the annual
average probability to decrease one’s human capital is equal to 1 if the worker remains the whole
year in unemployment. As Figure 3.3 shows, lifecycle wages shift downwards, around half the
wage growth at the end of the lifecycle relative to our estimated model (and the data). Figure 3.A8
in the Appendix shows that this decrease in wages comes through lower accumulation of human
capital over the lifecycle, since the hazard of unemployment can destroy part of the accumulated
human capital. Hence, the higher the chance to lose human capital when unemployed, the lower
lifecycle wage growth.

Fifth, we increase the lifecycle average monthly probability of losing one unit of human
capital when workers transit from job-to-job, k, ;, to see how the loss of human capital through
job-to-job affects wages over the lifecycle. In our estimation, x,; was estimated at a lifecycle
average of 0.0791. In this simulation exercise we increase this probability to 1/2 so that one in
two J—dJ transitions decrease a unit of human capital. As Figure 3.3 shows, lifecycle wages shift
downwards, above half the wage growth at the end of the lifecycle relative to our estimated model
(and the data). Figure 3.A9 in the Appendix shows that this decrease in wages comes from lower
human capital accumulation over the lifecycle, but also generates lower Employment shares
and J—J transitions early in the lifecycle. Hence, the higher the chance to lose human capital
when switching jobs, the lower the lifecycle wage growth. The loss in wage growth from a higher
probability to lose human capital through a job-to-job transition, k, ;, appears to be substantially
lower than the wage loss from a higher probability to lose human capital at the incidence of
unemployment, 6, ;. This is because job-to-job transitions are rare, while unemployment is more
likely and can persist for a few months.

Finally, in our sixth simulation we use constant, age-unvarying parameters for all the
components of our model, to see how the model wages would respond over the lifecycle. In this
counterfactual exercise we use constant parameters at their lifecycle average values. As Figure
3.3 shows, lifecycle wages grow linearly, without a concave shape over the lifecycle. Figure 3.A10
in the Appendix shows that this linear behavior is the case for most moments of the model
over the lifecycle. Thus, without age varing parameters the model is unable to capture well the
nonlinear patterns in the data. We interpret this simulation as an indication that there are
lifecycle effects in the accumulation of human capital. In particular, lifecycle effects are important

for the shape of wages in the latter parts of the lifecycle.

3.5.2 Counterfactual: closing the worker vs. ads wage growth mismatch

We also want to look at how much of the worker vs. ads wage growth mismatch can be attributed
to failure-to-learn. In the data, job ads wage growth is two times the worker wage growth at the
end of the lifecycle. We pose the following question: how much can failure-to-learn explain this
fact? We address this question by closing the gap between worker vs. ads wage growth over the

lifecycle. Failure-to-learn in our model corresponds to the probability to increase human capital,
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Notes: The left panel displays human capital accumulation, x, over the lifecycle for our baseline model (solid line) and
the counterfactual exercise (p, = 0.0544) where worker and ads wage growth are equal (dashed line). The right panel
displays worker (red) vs. ads (blue) wage growth for this counterfactual exercise (p, = 0.0544).

Figure 3.4: Counterfactual: closing the worker vs. ads wage growth mismatch

Pzt The estimation of our model yielded an average 0.0126 monthly probability to increase
human capital over the lifecycle in our model. Thus, we keep all parameters from the baseline
estimation fixed and change the parameters pertaining to the accumulation of human capital,
Px,t, such that lifecycle wages from the worker side match the increase of wages from the demand
side (job ads).

This exercise yields a lifecycle average monthly probability of p, = 0.0616, around four times
the probability to increase one’s human capital in our baseline estimation, but slightly below 1/12.
The counterfactual exercise matches supply (workers) and demand (firms) wage growth over the
lifecycle as can be seen on the right panel of Figure 3.4. Strikingly, human capital accumulation
grows much more faster in this model relative to our baseline. The left panel of Figure 3.4 shows
that human capital accumulation in this model reaches a value of slightly above 20 at the end of
the lifecycle. Again, four times higher relative to our baseline estimation. The rest of the moments
of this counterfactual model remain barely unchanged (see figure 3.A11 in the Appendix). Hence,
failure-to-learn, 4 times below the level where worker vs. ads wage growth matches can explain
this gap.

Both the simulation (in the previous subsection) and the counterfactual exercises show that
on-the-job learning, human capital depreciation and labour market frictions affect wages. What
is less known is how inequality of earnings is affected by the process of accumulation of human
capital. The amount of inequality of lifetime earnings is important as it has implications for
welfare.?’ Our model allows us to observe the distribution of workers’ earnings throughout
the lifecycle. We are now interested in looking at the Gini coefficients of each simulated (and
counterfactual) economy.

Figure 3.5 displays such coefficients. Our baseline estimation (black solid line) generates an
increase of inequality during the first 5-7 years starting from a coefficient of 0.07 to a coefficient
of 0.30. After the first 5-7 years, inequality starts declining throughout the lifecycle, reaching a

final value of 0.20. In our model, inequality increases during the first years since all workers start

25The question of welfare costs was first addressed by Attanasio and Davis (1996).
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Notes: The figure displays gini coefficients for workers’ wages over the lifecycle for each simulated (counterfactual)
economy. The black solid line (—) displays the gini coefficients for our baseline estimation. The blue dotted line
(===+) displays the gini coefficients for the economy where p, = 1/12. The yellow dashed line ( ) displays the gini
coefficients for the economy where §, = 1/12. The green circles (O) display the gini coefficients for the economy where
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circles (®) display the gini coefficients for the economy where f = 1. The red squares () display the gini coefficients
for the economy where p, = 0544 (no gap between worker vs. ads wage growth).

Figure 3.5: Lifecycle Gini coefficients for each Economy

with the same level of human capital, and their only heterogeneity comes from the firm-match
idiosyncratic component, ;. There are no other sources of observed or unobserved heterogeneity.2%
Early in life, the probability to increase human capital is low, so a few lucky workers increase
their human capital and hence increase their earnings, while most workers remain with the
initial human capital. After year 7, and when the probability to increase human capital becomes
larger and larger, most workers start catching-up increasing their human capital, and hence
inequality starts to decrease.

The simulated economy with g, = 1/12 (blue dotted line) has a larger probability to accumulate
human capital. This generates larger accumulation of human capital and larger wage growth for
workers over the lifecycle. As Figure 3.5 shows, after the initial increase in earnings inequality
after 2 years, the gini coefficients start declining over the lifecycle. In this economy, human capital
grows the fastest for all workers and, as a consequence, earnings inequality is the lowest at the
end of the lifecycle. Also, the economy with the counterfactual exercise where the gap between
workers and ads wage growth is closed, p, = 0.0616 (red squares), displays a similar pattern. This
shows that the required level of human capital to meet demand would produce much lower labour
earnings inequality throughout the lifecycle. The cross-sectional average of the gini coefficients in
our baseline equals 0.22, while in the counterfactual this number is 0.0838, around 3 times lower.

We can also comment on the inequality generated by the economies without labour market

frictions. We showed in Section 3.5.1 that the probability of finding a job from unemployment was

26See Huggett et al. (2011) for the importance of preexisting initial conditions for earnings and consumption
heterogeneity over the lifecycle. Also, Blundell et al. (2015) show the importance of accounting for unobserved
heterogeneity by education over the lifecycle.
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high in the estimation of our model, hence eliminating this type of friction (f = 1, ®) generates
little changes. Figure 3.5 shows that there are little differences with respect to our baseline
estimation. What is in stark contrast is the frictions generated by job separation. When we
eliminate job separation (5 = 0, magenta crosses) inequality is reduced. In our model, there is
depreciation of human capital when unemployed, besides the opportunity cost of not learning on
the job. Still, when this friction is completely eliminated, the decrease of inequality is not as large
as in the economy where the probability to augment human capital is slightly larger (9, = 1/12 or
0x =0.0616).

The simulated economies where we increase the probability to lose human capital through
either unemployment or J—dJ (5, = 1/12, (yellow dashed line), and x, = 1/2, (green circles),
respectively) display higher earnings inequality throughout the lifecycle with respect to our
baseline. This shows that the loss of human capital by any of these incidences creates higher
earnings inequality.

The simulated economy that has parameters constant at their average lifecycle value (cyan
diamonds) produces gini coefficients over the lifecycle that are somewhat constant. This simulated
economy has the highest inequality of all the economies that we have displayed. The reason is
that in our estimated baseline model the lifecycle effect of 6, ; and x, ; is present late in life and
it is almost nonexistent early in the lifecycle. In this constant economy the parameter values are
taken to their lifecycle average, meaning that human capital loss can occur equally at any point
during the lifecycle. Hence, the constant pattern and the larger earnings inequality.

To sum up, we estimate human capital in our baseline Chilean economy to be 4 times below the
level where supply meets demand, generating around 3 times higher labour earnings inequality.
Whereas labour market frictions are not capable to close the wage vs. job ads growth gap alone,

the on-the-job learning component is a much more important component.

3.6 Conclusion

In this paper, we use a novel dataset that allows us to estimate effective returns to experience.
We observe that returns to experience is significantly larger than wage profiles for workers over
the lifecycle. We propose a standard structural labour supply model to start thinking about what
type of labour market frictions can explain the observed returns vs. wage profiles gap.

The estimation and the simulation exercises that we perform indicate that standard labour
market frictions, such as the finding rate and the job separation rate, have limited capacity in
explaining the difference between returns and wage profiles. In our model, it is the failure to
upgrade one’s human capital while remaining at work that has greater importance in explaining
this gap. A counterfactual exercise shows that an improvement in the component of on-the-job
learning would close this gap, not only increasing average wage profiles, but also decreasing

labour market earnings inequality. Our results, namely that lifecycle wage heterogeneity is due
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mostly as a failure-to-learn, is related to Lagakos et al. (2018) and suggests that human capital

accumulation stories are the ones to be looked at.
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3.7 Appendix

A.1 Estimation

We simulate lifecycle employment histories for 5,000 workers that enter the labour market and

remain in the market for 35 years. The minimum distance estimator that we use is given by:

0 =argminF(©)IF0) (A.3)
0
F(0), = f(e(l—_m" (A4)

where f,,(0) is the n** model moment, and m,, is the corresponding n*” data moment. Similar
to Sanchez and Wellschmied (2020) and Guvenen et al. (2015), we employ moment specific
adjustment factors, w,. We use these adjustment factors to jointly deal with two issues presented
by the data. First, the moments are measured on different scales. For example, employment
share (%) is in absolute value about 30 times larger than the E—U hazard. If we had minimized
the sum of absolute squared deviations (w, = 1), the optimization would not have had put any
emphasis on moments with low absolute sizes. At the same time, we have several moments which
are close to zero, such as the E-U—E wage loss (%) or the J—dJ wage gain (%), but fluctuate
substantially in relative terms from one age to the next. Hence, if we had minimized the sum of
relative squared deviations (w, = abs(m,)), the optimization would have concentrated almost
exclusively on these large relative deviations close to zero.

Using moment specific adjustment factors allows us to use absolute deviations but reduce
the emphasis on moments with large absolute numbers. Unfortunately, it gives us a degree of
discretion. We choose the adjustment factors in an iterative fashion such that the implied loss
function is consistent with the model fit we observe in Figures 3.2 and 3.A4.

At the estimation, we first obtain reasonable starting values by experimenting with different
combinations of parameters. We tested different global minimum algorithms and a pattern search
algorithm performed best in finding a minimum. Provided the optimal parameters, we compare
the minimum to (possibly) other minima where we start the algorithm from different starting
points. We find that the pattern search algorithm, in general, is able to converge to the same

minimum from different starting points.

A.2 Additional Figures
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Figure 3.A1: Wage Controls
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Notes: The figure displays the model’s value functions for unemployment and employment over age (left panel) and
human capital (right panel) for our baseline estimation.

Figure 3.A3: Value Functions

Age
Notes: The bottom panel displays the average human capital (x) over the lifecycle (solid line) and 2 std. deviations
(dashed lines).

Figure 3.A4: Human capital over the lifecycle
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Figure 3.A5: Higher on-the-job learning, p, = 1/12
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Figure 3.A6: Lower job separation rate, § = 0.00
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Figure 3.A11: Counterfactual: closing the worker vs. ads wage growth gap
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A.3 Additional Tables

Table 3.A1: Parameter
Estimates

px1  0.0062 | fi  0.4744
pr2 0.0015 | fa  0.0030
px3 —0.0001 | f3 —0.0001
ke1 00291 | s;  0.1229
Kr2 —0.0030 | s —0.0016
Kx3 0.0002 | s3 0

8x1 0 £ 1.0000
8r2 —0.0009 | fF  0.0023
8x3 0.0001 | f£  —0.0003
oe1 —3.0938 | by  0.1487
oc2  0.0330 | by —0.0031
oe3 —0.0188 | b3 —0.0003

Notes: The table displays
parameter estimates of the
model presented in Section
3.3. We use the SMM estima-
tion method.
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