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(2016), we find on French data that labor earnings changes exhibit strong
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1 Introduction

Due to the scarcity of detailed longitudinal data on labor earnings, much is still
ignored about the distribution of earnings changes conditional on earnings history.
To overcome this issue, an original approach has been recently proposed by Gu-
venen et al. (2016) which questions the assumptions that earnings changes are
Gaussian and that earnings dynamics are linear. They estimate nonparametri-
cally the first moments of the distribution of earnings changes and relate them to
the location in the distribution of recent earnings. They also resort to impulse re-
sponse functions in order to characterize the transient nature of shocks, and more
generally labor earnings dynamics. This method contrasts with the literature that
has modeled earnings dynamics thanks to sophisticated specifications combining
both observed and unobserved heterogeneity as well as uncertainty (often approx-
imated by random walks, autoregressive processes, ARMAs, etc.). Their main
empirical findings are the following: (i) log-earnings changes are not Gaussian,
(ii) their distribution is leptokurtic and negatively skewed, and (iii) individual la-
bor earnings dynamics are nonlinear and heterogeneous. They also examine how
omitting to account for these deviations from normality as well as for nonlinearity

might underestimate the welfare cost of earnings fluctuations.

Our contribution is twofold. First, we decompose labor earnings growth into
wage and working time growth at both the extensive and intensive margins of em-
ployment, which sounds like a natural exercise to perform given that a large part of
the literature has focused on modeling hourly wages rather than annual earnings.
On top of previous stylized facts, we find that (i) most deviations from Gaussian-
ity, including the negative skewness and the fat tail, are mainly due to working
time changes at the extensive margin; (ii) though one rejects the log-normality as-
sumption as far as wage growth is concerned, maintaining this assumption might
be quite reasonable in practice since wage changes are less asymmetric and exhibit
a much lower, homogeneous kurtosis. Second, we analyze the dynamics of labor
earnings, hourly wages and working time; we find that (iii) much nonlinearity
and heterogeneity of earnings dynamics are driven by working time dynamics at
the extensive margin; (iv) large and positive hourly wage growth coincide with

higher probability to leave salaried employment few years after. This suggest



that transitions from (and to) employment explain much of positive (negative)
large hourly wage changes, and could be consistent with the countervailing role of
severance payments. Overall, deviations from normality are primarily the result
of unemployment risk. It follows that the welfare cost of non-Gaussian earnings

fluctuations depends on the level of insurance provided by unemployment benefits.

We rely on the DADS panel, a French longitudinal administrative database,
the filling of which is mandatory for payroll taxes, and which contains information
on individuals’ labor earnings. We focus on men working in the private sector from
1995 to 2015. We adopt the same method as Guvenen et al. (2016) to measure
labor earnings growth. Importantly, we dispose of information on working hours
and employment spells duration, which enables us to use this approach on both

working time and hourly wages.

The rest of the paper is organized as follows. Next section is devoted to a
brief literature review. Section 3 presents our data. In section 4, we describe
our empirical approach to disentangle wage from working time changes in labor
earnings growth. Section 5 presents our results, section 6 is devoted to some

robustness checks and section 7 concludes.

2 Literature review

Numerous papers in the earnings dynamics literature model volatility thanks to
parametric models, including, e.g., Moffitt and Gottschalk (2002, 2011), Baker and
Solon (2003), Low, Meghir, and Pistaferri (2010), Altonji, Smith, and Vidangos
(2013) as well as Magnac, Pistolesi, and Roux (2018). Most papers belonging
to this stream rely on the assumption of Gaussian shocks. Few depart from this
hypothesis, but noticeable exceptions include (i) Bonhomme and Robin (2009) who
model the transitory component of log-earnings as a first-order Markov process,
the marginal distribution of which is a mixture of normals, and the transition
probability of which is ruled by a copula; (ii)Arellano, Blundell, and Bonhomme
(2017) who model earnings dynamics as the sum of some general Markovian,

persistent component and some transitory innovation.

In a recent work, Guvenen et al. (2016) have an agnostic look at individual-level



earnings data. They adopt a descriptive approach which involves a non-parametric
estimation of earnings changes. They resort to comprehensive data issued from the
US Social Security Administration (SSA) over the 1978-2011 period. The Master
Earnings File they use is derived from the W-2 form and presents at least three
advantages: (i) it has a large sample size, (ii) with low measurement error, and (iii)
no top-coding of annual labor earnings. Their main result is that labor earnings
changes are not log-normal. These annual variations are negatively skewed and
display a very high kurtosis, which is not consistent with usual features of normal
distributions. The asymmetry stems from the fact that large, upwards changes are
less likely than large, downwards changes (also called ”disaster shocks”). The ex-
cess kurtosis means that most individuals experience very small earnings changes,
but that a small, non-negligible number of individuals face very large changes.
Moreover, positive (negative) changes tend to be transitory (persistent) for high
income individuals while the reverse holds for low income individuals. Finally,

large changes tend to be more transitory than small changes.

Two important caveats due to data limitations are worth being mentioned: (i)
they restrict their attention to men in the private sector, and (ii) they do not
dispose of any information regarding working time, which does not enable them
to determine whether labor earnings growth comes from working time or from
wage dynamics. In theory, our dataset enables us to deal with women and with
the public sector as well, but to ensure comparison with Guvenen et al. (2016) for
instance, we also focus on men working in the private sector. More importantly,
worked hours have been available since 1995, which enables us to decompose labor

earnings growth.

In another contemporaneous project, Busch, Fialho, and Guvenen (2018) pro-
pose to decompose labor earnings into the product of hourly wages and annual
working hours. Also, closely related to ours is a recent paper by Hoffmann and
Malacrino (forthcoming): based on Italian administrative data, they first show
that both the negative skewness of annual labor earnings growth and its fluctu-
ations over the business are driven by employment time changes, i.e., changes in
the number of weeks an individual works during a year. Conversely, they find

the distribution of weekly earnings growth to be symmetric and stable over the



business cycle. As a result, they praise that modelling earnings processes over the
business cycle disentangles carefully employment and wages. They also provide
with a process calibrated on the CPS which succeeds in generating the fluctu-
ations of the earnings growth distribution in the US. By contrast, Busch et al.
(2018) resort to a quantile-based measure of skewness of hourly wage shocks; and
find that it is negative on German data, concluding therefore to an asymmetric

distribution in that country.

Why do we care about nonlinear features of labor earnings dynamics? First,
because they may lead to rare, yet considerable shocks having first-order conse-
quences. Besides, log-normality assumptions on wage growth might result in a
dramatic underestimation of the welfare costs of idiosyncratic earnings fluctua-
tions (Guvenen et al., 2016). Moreover, because deviations from Gaussianity may
lead to a wrong understanding of the relationship between the business cycle and
labor earnings dynamics. In particular, the skewness is cyclical, i.e. downward
asymmetry is stronger during recessions, which is even more crucial than counter-

cyclical variance, as Guvenen, Ozkan, and Song (2014) show.

Why does labor earnings uncertainty matter? FEssentially because it has a
direct impact on consumption and saving behaviors, as pointed out by Blundell
and Preston (1998), Parker and Preston (2005), Blundell, Pistaferri, and Preston
(2008) and Arellano, Blundell, and Bonhomme (2017), not pretending to be ex-
haustive. A better understanding of income uncertainty — especially its impact on
household decisions — would help fill in the gap between income and consumption
inequalities (Pistolesi, 2014). In particular, a high volatility prevents individuals
from smoothing their consumption: inequality results therefore in inefficient allo-
cations. More precisely, uncertainty on future earnings influences labor supply at
both extensive and intensive margins when markets are incomplete, i.e. when there
are no state contingent markets for household-specific shocks. Agents insure them-
selves against earnings fluctuations, either by saving more (precautionary saving)
if they are prudent, and by working longer hours (precautionary labor supply) if
they are risk-averse. Pijoan-Mas (2006) explains that the relative importance of
the two channels depends on the persistence of the non-deterministic component

of the wage process (in a standard permanent-transitory model, the permanent



component is often assumed to be a random walk while the transitory compo-
nent follows some MA process, for instance); the inability of markets to insure
workers against idiosyncratic labor market risk has consequent macroeconomic
implications and would be responsible for large welfare losses. Jessen, Rostam-
Afschar, and Schmitz (2018) estimate on German data (namely, the GSOEP) that
the precautionary labor supply amounts to 2.8% of worked hours and that it is
higher for self-employed. Overall, the idea that labor supply acts as a smoothing
mechanism is widely spread. Finally, Bozio, Breda, and Guillot (2016) provide
indirect evidence on how taxation' can reduce wage inequalities in the long run,
which suggests a mechanism through which the policymaker might deal with these

inequalities.

3 Data

3.1 The DADS panel

Our analysis is based on a large panel of French salaried employees working in the
private sector, the longitudinal version of the Déclaration Annuelle de Données
Sociales (DADS). By law,? French firms have to fill in the DADS — an annual
form which is the analogue of the W-2 form in the US — for every employee
subject to payroll taxes. This panel contains information about individuals born
on October of even-numbered years; it is therefore a representative sample of the
French salaried population at rate 1/24. Since filling in the form is mandatory, and
because of the comprehensiveness of the panel with respect to individuals’ careers,
the data is of exceptional quality and has low measurement error in comparison
with survey data; it has thus this desirable feature, on top of a large sample size

and no top-coding.

The database contains detailed information about gross and net wages, work
days, working hours,® other job characteristics (the beginning and the end of an
employment’s spell, seniority, a dummy for part-time employment), firm charac-

teristics (industry, size, region) and individual characteristics (age, gender). Our

!More precisely, employer social security contributions as payroll taxes.
2The absence of a DADS as well as incorrect or missing answers are punished with fines.
3This information has been available since 1995 only.



variables of interest are: (i) real annual earnings defined as the sum of all salaried
earnings, (ii) work days, comprised between 0 and 360, (iii) working time measured
in working hours, and (iv) hourly wages defined as the ratio of annual earnings
over working time. We decompose working time into its extensive and intensive
margins by considering working time measured in hours as the product of work

days (extensive margin) and working hours per day (intensive margin).

Our working sample is composed of male salaried employees* working in metropoli-
tan France between 1995 and 2015, aged 20 to 60, at the exclusion of agricultural

workers and household employees.

The empirical analysis described in Section 4 requires to select individuals with
a strong attachment to the labor market. We rely on “relatively stable” workers to
describe changes in earnings between year ¢t and year t+5. We impose in particular
that these individuals be present at least two years between ¢t -5 and ¢t -2, on top
of being present in ¢ — 1 and in ¢. To deal with very low working time or very low
hourly wages, we focus on individuals for which work days exceed 45 days a year,
working hours per day exceed 1/8 of the annual legal duration of work divided by
360 and whose hourly wages exceed 90% of the minimum hourly wage. Our results

are nevertheless robust to different choices of censoring thresholds (see Section 6).

Table 1 provides with some descriptive statistics on the selection of "relatively
stable” workers. First comes the censoring related to working time and hourly
wages. Second, we restrict our attention to individuals who were present at least
two years between t—5 and ¢t -2, on top of being present in t—1 and in t. The first
step leaves us with a higher share of workers in the manufacturing industry and
changes slightly the age distribution of the sample by selecting out some young
workers. The second step implements the employment stability criterion, which

amplifies slightly the previous distortion of the age distribution.

3.2 Some background on the French wage distribution

In the US and in the UK at least, the rise in earnings inequality in the 80s-90s has
been driven by skill-biased technical change (SBTC), which has been extensively

4This is in line with Guvenen et al. (2015) where the analysis is based on salaried employees.
In a more recent version, (Guvenen et al., 2016) include self-employed workers as well.



Table 1 — Descriptive statistics on the selection process

Base sample Censoring Final sample
N 8 218 738 7594 734 5 388 366
Frequency Average Frequency Average Frequency Average
(in %) earnings (in %) earnings (in %) earnings
(2015 €) (2015 €) (2015 €)
Industry
Manufacturing 25,1 25 500 26,6 26 400 29,2 28 000
Construction 11,4 19 800 12 20 600 12,3 22 900
Trade 15,4 21 600 15,8 22 800 15,9 25 600
Services 48,1 20 200 45,7 23 100 42,7 27 700
Age
23-24 6,3 10 600 5,6 12 300 2,9 14 900
25-29 16,2 15 800 15,9 17 200 13,7 19 000
30-34 15,5 20 300 15,6 21 500 15,8 23 100
35-39 15,1 23 300 15,3 24 700 15,7 26 300
40-44 14 25 700 14,3 27 100 15,3 28 700
45-49 13,3 27 500 13,5 29 000 14,3 30 400
50-54 11,4 29 000 11,6 30 500 13 31 800
55-59 8,2 29 300 8,2 31 300 9,3 32 900

documented since the seminal work by Katz and Murphy (1992).

By contrast, in France, most studies conclude that wage dispersion has not in-
creased over the last 30 years. According to Verdugo (2014) who relates changes
in the wage structure to changes in education levels, wage inequality has decreased
continuously from 1969 to 2008. The rise of high-skilled labor supply might have
hidden the effects of SBTC. The increase in educational attainment after 1980
would have resulted in a large decline of the skill premium, which would account
for between 1/3 and 1/2 of the decrease in inequality at the top of the distri-
bution. Inequality decreased also at the bottom thanks to the minimum wage.
Both phenomena resulted in a compression of the wage distribution. Moreover,
these changes — at least at the top — cannot be fully explained by selection into

employment.

5Yet, Bozio, Breda, and Guillot (2016) do find some evidence of SBTC in France provided
that the measure wage inequality is expressed in terms of labour cost.



4 Empirical analysis

4.1 Methodology

We follow the same descriptive approach as Guvenen et al. (2016); contrary to
them, and thanks to the information on the duration of employment spells and
working time provided by our data, we do not restrict ourselves to the sole dynam-
ics of labor earnings, but also decompose earnings in three components: hourly
wages and working time at both the intensive and extensive margins of employ-
ment. We rely therefore on nonparametric estimations of the distribution of indi-
vidual labor earnings growth, and of each its three components, which enables us
not to posit any parametric assumption on the distribution of changes, contrary

to many papers in the literature devoted to earnings dynamics.

Another difference with Guvenen et al. (2016) is that we rank individuals
according to their recent hourly wages rather than according to their recent labor
earnings. This choice emphasizes the role played by the heterogeneity along the

hourly wage (the usual proxy for productivity) distribution.®

Let denote the logarithm of labor earnings for individual ¢ on year t =1,...,7T

by é;;. We propose the following decomposition:

&5y = Wiy + dyy + Dy, (1)

where w;; is the logarithm of hourly wages, dy accounts for the logarithm of
total duration of employment spells (comprised between 1 and 360) and Ny is the
logarithm of working hours per day. Hence dy represents the extensive margin of
employment (individuals leaving and getting back to employment) whereas Ry is
related to the intensive margin of employment (how many hours individuals work

given that we observe them during an employment spell).

We aim at measuring changes at the individual level and within a 5-year hori-
zon, which Guvenen et al. (2016) call ”permanent changes”. We consider a nor-

malized version of log earnings (resp. hourly wages, employment duration or hours

SFor the sake of comparison, section 6 provides with the results obtained by ranking according
to recent earnings.



per day), net of age effects. Let ;; denote generically a labor outcome, either earn-
ings or any of its three components. We start by regressing ¢;; on a set of age,

period and cohort dummies:
?J{t =Y + Z O-/c]lcohortz:c + Z Ba]lageit:a + Z’Yj]lt:j + €t (2)
c a J

The inclusion of year dummies is another slight difference with Guvenen et al.
(2016). Sampling issues lead us to introduce them (i) since we want to control for
any disruption caused by minor, methodological changes in the production of the
DADS panel which occurred in 2002, 2009 and 2013, and (ii) because our sample
includes even-year born individuals only: even (odd) ages are thus observed in

even (odd) years.”

The identification of age-period-cohort (APC) models can be achieved at the
cost of some normalization. The major threat to the simultaneous identification of
a, § and « stems from the collinearity between age, cohort and period: age is equal
to current period minus year-of-birth. Several solutions have been investigated in
the sociology literature, e.g. Mason et al. (1973) who propose to assume that
any two ages, periods or cohorts have the same effect, on top of removing one
dummy in each dimension. Deaton and Paxson (1994) and Deaton (1997) suggest
a transformation® of period effects in order to meet two requirements: (i) these
time effects sum to zero, and (ii) they are orthogonal to a time trend, so that
age and cohort effects capture growth while year dummies account for cyclical
fluctuations or business-cycle effects that average to zero over the long run. To
sum up, the parameters of the model (a, 3,7) are identified provided that «. =0,
Ba=0, Y717 =0and ¥, (t-1)y = 0. The corresponding transformation of time

dummies d; = 1,-; writes as follows:
dy =d; - [(t-1)dy - (t - 2)d4],

with dj = dj = 0. In practice, it is convenient to include all age dummies but the

first, all cohort dummies but the first and all transformed dummies d; but dj and

"Including these year dummies does not influence our results regarding labor earnings growth
and dynamics: see Section 6.
8 An insightful presentation of this method is provided by Afsa and Buffeteau (2006).



d3 in the regression.

We adapt this transformation to our dataset with even-year born individuals
only. This limitation leads us to impose further that both odd-year and even-
year time effects sum to zero, i.e. to consider two restrictions: ;795 = 0 and
2. 72j+1 = 0, instead of the sole constraint 3, v; = 0, on top of imposing d} = d; =0,
on the one hand, and d} = 0, on the other hand. Corresponding transformations

depend now on the parity of ¢:
3541 = dajer = [jds = (j = 1)di]

d3; = doj = [(j = 1)ds +dy = (j = 1)d4].

We estimate those four (one for labor earnings and one for each of its com-
ponent) age-period-cohort models independently. Accounting decomposition 1

ensures that a¢ = a¥ + o

+ al; similar equalities hold for ¥ and V.

As far as annual earnings are concerned, our variable of interest is e;; = €;; —
Qcohort; — B\ageit -7, which can be interpreted as log-labor earnings, net of age,
period and cohort effects. We do the same for each of labor earnings components,
Equation (1) guarantees that e; = wy + d;; + hy;. The 5-year change in normalized
log-earnings 6°e; = e; 45 — € accounts for the relative change in individual i’s
earnings between t and t + 5 with respect to her analogues of the same age and

cohort; it is once again decomposed between hourly wages and working time at

both the intensive and extensive margins of employment.

Figure 1 provides a synthetic view of the current approach. We use hourly
wages between ¢ — 5 and £ — 1 to depict heterogeneity along the hourly wages dis-
tribution, while focusing more specifically on the distribution of changes between
t and t + 5, and its relationship to past changes, i.e. changes between ¢t -1 and ¢.

In the rest of the paper, we distinguish between labor earnings growth, which
corresponds to individual earnings changes, from earnings dynamics, which refers
to the relationship between past and future earnings changes. These two defini-
tions must be understood as being conditional on recent hourly wages. Impulse

response functions turn out to be an efficient tool to describe the latter.

10



] Earnings shock :
Recent hourly wages: Individual variation
Average hourly wages of Earnings

from t-5to -1 between t and t+k

t-5 -1t t+k

Past shock :
Individual variation
of Earnings
between -7 and ¢

Figure 1 — Labor earnings changes

4.2 Cross-sectional distributions of labor earnings growth

We aim at comparing workers with similar histories in terms of hourly wages. We
introduce therefore a measure of recent hourly wages W;; similar to the one used
by Guvenen et al. (2016) with respect to recent earnings. This measure of recent
hourly wages approximates average hourly wages between ¢t —5 and t — 1, net of

age, period and cohort effects:

Zf'_:}t—E) exp(u’?}}) (3)
th_:}f—E) eXp(a’(L:Uohorti + Béugei.r + Ty\'ll'u)

We divide workers into 8 age groups: 23-24, 25-29, 30-34, 35-39, 40-44, 45-49,

Wi =

50-54 and 55-59. For each year t and each age group, we rank workers according

to their recent hourly wages W;;, and consider 100 percentile groups.

We estimate various features — moments and quantiles — of the distributions
of labor earnings (resp. hourly wages, employment duration and hours per day)
changes 0°y;; for each (percentile group, age group, year t) and we average these
features across all years and over all age groups. This procedure enables us to
characterize the distribution of 5-year growth §°y;; conditional on the rank in the

distribution of recent hourly wages W;.

We resort to local statistical indicators in order to describe the heterogeneity
of annual individual changes in normalized labor earnings and any of its three

components.

The variance, i.e. the second moment of the standardized variable, describes

11



the dispersion of 5-year changes.” An alternative, quantile-based measure of dis-
persion is the difference between the 90th and 10th percentiles (P90 and P10,

respectively) of 5-year changes changes.

The skewness, i.e. the third moment of the standardized variable, accounts for
the degree of asymmetry. A related quantile-based measure is Kelley’s measure
of skewness (Kelley, 1947) defined as the relative share of P90-P10 that can be
explained by P90-P50 and P50-P10:

(P90 - P50) — (P50 — P10)

Kelley’s Sk =
elley’s Skewness 90— P10

(4)

It is constant and equal to 0 for Gaussian distributions.

The kurtosis, i.e., the fourth moment of the standardized variable, measures
the peakedness of the tails of the distribution of those changes. We consider the
normalized kurtosis which is constant and equal to 0 for Gaussian distributions.
A quantile-based measure of the heaviness of tails is Crow-Siddiqui’s measure of

kurtosis (Crow and Siddiqui, 1967). It is defined as:

P97.5 - P2.5

Siddiqui’s kurtosis =
Crow-Siddiqui’s kurtosis P Pos

()

It is constant and equal to roughly 2.91 for Gaussian distributions.

We prefer quantile-based over moment-based measures of dispersion, asymme-
try and heaviness of tails because the former are more robust to the presence of
outliers. Such measures are also praised by Arellano (2014) who refers to Kim
and White (2004). However, because Hoffmann and Malacrino (forthcoming) at-
tribute their divergence with Busch et al. (2018) to the choice of moment-based
as opposed to quantile-based measures of asymmetry, we provide with both mea-
sures (see Section 6). Importantly, in our setting, they yield qualitatively the same

results.

4.3 Impulse response functions

Dynamics is described here thanks to impulse response functions that relate future

to past changes. From this point of view, labor earnings, hourly wages or working

90me could also think of wolatility. By contrast, in standard life-cycle models, wage risk, or
wage uncertainty, refers to the conditional distribution of future wages given current wages.

12



time dynamics can be described in a similar fashion once again.

Impulse response functions are estimated non-parametrically in order to allow
for non-linearities. To account for heterogeneity in labor earnings dynamics across
the earnings distribution, we estimate separate impulse response functions for 21
subgroups (P0-P5, P5-P10, P10-P15,..., P90-P95, P95-P99 and P99-P100) of the
distribution of recent earnings. We compute labor earnings, hourly wages, working

time changes at both the intensive and extensive margins between ¢ — 1 and ¢ as
0'Yit1 =Y — Ye-1-

Within each subgroup, we rank workers according to d'y;;; and create 20
past change groups of the same size (P0% — P59, P59 — P10%,..., P90° - P95°
P95% — P100°).19 This gives us 21 x 20 = 420 recent earnings x past change groups
denoted as g, with (m,n) € {P0O - P5,..., P95 — P99, P99 — P100} x {P0° -
P5%,..., P95° — P100°} .

For each of these groups, we estimate the average past change E[0'; -1 | Grn ]
and the average future change E[0%y;; | gmn], with £ =1,...,5. To the extent that
within each of these recent earnings x past change groups, workers have similar
recent earnings and experience similar past changes, E[0*y; ; | gmn ]| approximates a
nonparametric estimation of E[6*y;; | 0'y; -1, Yi]. Hence, plotting E[6%y; 1 | gmn]
against E[0*y;; | gmn] for various percentile groups corresponds to an impulse
response function that may be nonlinear, heterogeneous across the distribution
of earnings and which exhibit some asymmetry between positive and negative

changes.

5 Results

5.1 Lifecycle profiles

Figure 2 depicts the age profiles — namely, the estimated coefficients B; — of labor
earnings, hourly wages, working hours per day and employment duration. Both
labor earnings and employment duration exhibit a hump-shaped pattern which

peaks at age 55 and 53 respectively, when they are 111% (resp. 19%) higher than

10Within each recent earnings subgroup, cells are defined by the rank in the distribution of
past change conditional on age group (25-34 and 35-50) and year ¢.
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those at age 25. On the contrary, wages keep on increasing after age 55, because
of a selection effect: workers who are actually observed with positive earnings
after 55 are also the more productive. For instant, hourly wages of workers aged
60 (55) are 121% (90%) higher than those of workers aged 25. Overall, hourly
wages’ growth is slower than earnings ones. The concave profile observed for
hourly wages until age 55 is consistent with diminishing marginal returns of age.
The slight decrease of earnings from 55 to 60 must be related to the gradual exit
of labor workforce, and in particular to a decrease in employment duration after
55, which is in line with usual findings in the literature devoted to older workers’
productivity. Interestingly, while employment duration tends to increase over the
lifecycle, working hours per day decrease after 30, when they are only 4% higher
than those at 25 or at 40. This empirical evidence suggests that, as they grow of
age, workers adjust their labor supply by working more days, but less intensively

within each day.

Figure 2 — Earnings, hourly wages and working time lifecycle profiles

0.9

Lifecycle profiles (base 0 at age 25)

Age
e+ | og Earnings &%= Log Hourly Wages
++ Log Working Hours *— Log Employment Duration
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5.2 Earnings growth dispersion

We now turn to the dispersion of growth rates. Figure 3 plots the P90-P10 differ-
ence of H-year earnings, wages, hours changes and employment duration against

recent hourly wages.

Figure 3 — P90-P10 of 5-year earnings, hourly wages and working time changes

P90-P10 of 5-year changes

ek
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0 20 40 60 80 100
Percentiles of the Recent Wages distribution
s-e-e | og Earnings e<-< Log Hourly Wages
+++ Log Working Hours # Log Employment Duration

The volatility of future labor earnings turns out to have a U-shape along the
distribution of recent hourly wages; besides, individuals with low hourly wages are
much more exposed to earnings volatility. However, the main lesson of the de-
composition of labor earnings growth into hourly wages and working time growth
is the following: much of its dispersion stems from the volatility of working time,
except perhaps for top-earners who are subject to significant uncertainty on their
hourly wage rate. While the dispersion in hourly wage changes increases along the
distribution, especially at the top, the dispersion of working time changes at both
margins decreases when moving to better paid workers, with the exception of top

earners for which the dispersion of hours per day changes increases once again.
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5.3 Asymmetry of changes

Figure 4 displays Kelley’s measure of skewness of 5-year earnings, wages, employ-
ment duration and hours changes along the distribution of recent hourly wages.
Kelley’s skewness of earnings varies between -.20 and -.05: earnings changes are
negatively skewed, which means that large downward changes are more frequent
than large upward changes. As a result, the log-normality assumption is not likely
since a skewness of zero would be expected in that case: in this respect, this result
is rather consistent with previous findings by Guvenen et al. (2016) in the US.
Formally, we are not able to reject log-normality: computing confidence intervals
by bootstrap requires to reestimate age-period-cohort models and redefine ranking
among “relatively stable” workers at each step, which is a computationally chal-
lenging task. However, we obtain a lower bound of such confidence intervals by
fixing this ranking once-and-for-all; this lower bound never includes the horizontal
axis (see Figure 10 in Appendix).

Figure 4 — Kelley’s measure of skewness of 5-year earnings, hourly wages and
working time changes
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More interestingly, most of the asymmetry stems from working time, especially
from employment duration since changes in work hours per day do look symmetric:
their Kelley’s skewness is not significantly different from 0, except in the highest
quintile of the hourly wage distribution. By contrast, changes in employment
duration appear highly asymmetric, in particular at the bottom of the distribution
where large, negative changes are more frequent, the Kelley’s skewness being less
than -0.1 in the lowest quintile. This empirical evidence emphasizes the role played

by labor supply decisions at the extensive margin like dismissals or firings.

Most strikingly, hourly wages changes exhibit a positive asymmetry at the
bottom of the distribution, but almost no asymmetry at all elsewhere. It could be
partly due to measurement error in working hours. However, if it were the case,
then working hours changes would exhibit a negative asymmetry. We do find
labor supply changes at the extensive margin, which are measured independently
of working hours, to display such asymmetry, but not changes at the intensive
margin that would incorporate such an error.

This caveat aside, in the first quintile, wage drops are constrained by the
minimum wage while wage rises remain unbounded, which help explain the positive
asymmetry there —and more generally, the downward-sloping pattern of wages’
skewness. An important exception concerns the top 3% of earners who are the
only ones to experience more often large negative changes than large positive
changes: these workers’ wage might be composed of both fixed and variable parts,
the latter being perhaps more dependent on aggregate fluctuations, and possibly
subject to downward movements. These workers are also more stable: the growth
of their annual earnings follows closely the growth of their wages. Mechanically,
there is more room to fall at these compensation levels.

Overall, the symmetry of hourly wage changes is rejected on the data since
estimated confidence intervals do not include the horizontal axis (see Figure 11 in
Appendix); the true confidence intervals might include the horizontal axis, espe-
cially in the upper half of the distribution. Making this parametric assumption in
a structural model sounds reasonable for the asymmetry on hourly wages’ growth
rates is rather small and homogeneous along the distribution. This assumption is

all the more convincing than individuals have a strong attachment to the labor
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workforce.

Stressing that negative asymmetry in labor earnings changes is more likely
to stem from labor supply changes at the extensive margin, rather than from
changes in the wage rate concurs with the empirical evidence by Hoffmann and
Malacrino (forthcoming) in Italy, but contrasts with Busch et al. (2018)’s results
for Germany: according to the latter, full-time wage changes drive cyclicality in
the skewness of labor earnings changes. Hoffmann and Malacrino (forthcoming)
suggests that this follows from the use of quantile-based rather than moment-
based measures of skewness, but since we rely also on quantile-based measures,
our results suggest that this methodological choice is not the sole explanation.
Moreover, Figure 13 in Appendix provides with moment-based measures and also

confirms this diagnosis.

5.4 Peakedness of the distribution and heaviness of tails

Figure 5 displays the Crow-Siddiqui’s measure of kurtosis of earnings, wages and
hours changes. Since Gaussian distributions have a constant Crow-Siddiqui of
roughly 2.91, and because we focus on deviations from normal distributions, we
plot the normalized Crow-Siddiqui defined as tje Crow-Siddiqui minus 2.91. Earn-
ings exhibit a higher peakedness than the Gaussian reference, but this peakedness
is rather homogeneous along the recent hourly wage distribution. Moreover, hourly
wages have a normalized Crow-Siddiqui of slightly less than 2, and completely ho-
mogeneous along the hourly wage distribution, which makes them even closer to
a normal distribution. On the whole, fat tails arise in earnings growth rather

because of working time changes.

The Crow-Siddiqui’s kurtosis of employment duration is not displayed on Fig-
ure 5 because its values are mechanically far higher from the ones related to the
other labor outcomes: most workers’ employment duration remains stable at 360

days, hence the denominator of (5) can be very low.

To sum up, the tails of the distribution of wage changes are not particularly
heavier at either the bottom, the middle or the top of the distribution; moreover,
the asymmetry looked rather small and homogeneous along that distribution, with

the noticeable exception of the very top of the distribution. Hence we conclude
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Figure 5 — Crow-Siddiqui’s measure of kurtosis of 5-year earnings, hourly wages
and working time changes
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to the following empirical evidence: (i) wage volatility is much less heterogeneous
than working time instability, (ii) the Gaussian approximation for wage growth
looks quite reasonable, and (iii) most of non-Gaussian features of log-earnings

changes stem from working time.

5.5 Labor earnings dynamics

We now report impulse response functions. Figure 6 displays the growth of
earnings, wages, working hours and employment duration for various time hori-
zons 0%yy = Yiek — Yit, k= 1,...,5 and for various values of corresponding past
changes yir — Yit-1-

First, labor earnings changes display some kind of mean reversion: the higher
the past, the lower the future change. Downward past changes tend to come along
with positive future changes, while upward past changes are rather associated with

negative future changes. Furthermore, the higher the magnitude of past changes,
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Figure 6 — Impulse-response functions of earnings, hourly wages and working
time
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the higher the magnitude of future changes: workers who experience large changes
between t — 1 and ¢ tend to experience larger changes between ¢ and ¢ + k than

those who were submitted to smaller changes.

Second, impulse response functions tell us about the persistence of changes:
past changes are all the more transitory than 6*y; ~ —(vyit — i4-1), i.e. than their
effect has vanished after k& years. Conversely, when ¢*y;; = 0, past changes are
more persistent. As far as annual earnings are concerned, large, negative past
changes tend to be transitory while large, positive ones are more persistent. For
instance, individuals who experienced a 60 log-points loss between ¢ —1 and ¢ with

respect to the age trend recover more than half of this loss within 5 years.

Third, the impulse response function related to employment duration shows
unambiguously that negative shocks are transitory while positive shocks are strik-
ingly permanent. On the contrary, hourly wages’ impulse response functions are
almost linear with a negative slope, which is consistent with some mean reversion
(up to some pass-through). The same holds, more or less, for working hours. Fi-
nally, annual earnings’ impulse function looks like a mix of those three functions,
but its shape looks qualitatively similar to the employment duration’s one, which

emphasizes once again the role played by labor supply at the extensive margin.

Figure 7 plots 5-year growth of earnings, wages, hours and employment dura-
tion against past changes in earnings, wages, hours and employment duration for
various locations in the distribution of recent hourly wages. Like Guvenen et al.
(2016), we find labor earnings changes to exhibit a ”butterfly” pattern: highly
negative (positive) changes are more transitory (persistent) for individuals that
earned low hourly wages, but less so for their better paid counterparts.'! The
"butterfly” pattern for earnings contrasts with the patterns corresponding to each
of the three earnings components, for which heterogeneity in the dynamics is much
more limited. This suggests that heterogeneity in labor earnings dynamics is not
driven by any of its components displaying substantial heterogeneity in its dy-
namics along the wages distribution, but rather from each component explaining

a different share of labor earnings changes along the wages distribution.

1A more complete description of the heterogeneity of these individual dynamics can be found
in Pora and Wilner (2018b).
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Figure 7 — Impulse-response functions of earnings, hourly wage and working time
changes at a 5-year horizon
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5.5.1 Decomposition of labor earnings changes

We decompose now labor earnings changes into their simultaneous wage, working

hours and employment duration components. We obtain:

€it—€it-1= E[wi,t_wi,t—l | ei,t_ei,t—l]+E[hi,t_hi,t—1 | ei,y_ei,t—l]+E[di,t_di,t—l | ei,y_ei,t—l]
(6)
The non-parametric estimations of E[w;; —w; -1 | €t —€;1-1] = ew(€ir —€ip-1),
E[hi,t - hi,t—l | €it — ei,t—l] = @h(ez}t - ei,t—l) and E[di,t - ld,t—l | €it — ei,t—l] = ed(ei,t -
e;1-1) yield an exact decomposition of labor earnings changes. Figure 8 plots our
estimates for various positions in the distribution of recent hourly wages. The

figures display the estimated functions é,,, é, and é; given that Ve, e, () +e,(z)+
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eq(x) = x. Earnings, wages, working hours and employment duration are net of
the systematic age component so that these changes represent deviations from
the average earnings, wages, working hours and employment duration lifecycle

profiles.

Figure 8 — Earnings changes decomposition
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At the very bottom of the distribution, labor earnings changes are roughly pure
changes in working time: they are hardly related to hourly wage changes. As one
gets higher in the distribution, the share of labor earnings changes that stems from
wage changes increases; the slope of €, is steeper for high earnings. However, even
among the highest earnings group P99-P100, working time changes still explain
1/2 of 60 log-points labor earnings changes. Moreover, for those individuals, the
slope of é,, is steeper for earnings changes smaller than 20 log-points, regardless of

their sign: large (small) annual earnings changes correspond rather to substantial
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working time changes (wage changes).

These stylised facts are consistent with an increasing share of labor earnings
volatility due to wage volatility along the earnings distribution. Additionally, we
show large labor earnings changes to be primarily driven by working time changes,
rather than by hourly wages changes at the extensive margin, even at the top of
the wage distribution. As a consequence, wages changes are unlikely to gener-
ate non-Gaussian features which relate to large earnings changes like downwards

asymmetry and fatness of the tails, even at among top-earners.

5.5.2 Wage growth and probability of employment

While the latter accounting decomposition is suggestive, it does not tell the whole
story, because hourly wage changes are likely to be correlated with working time
changes. We investigate therefore how past hourly wages changes depend on sub-
sequent labor supply decisions at the extensive margin by estimating on Figure 9
the probability of being out of employment at time ¢t + £ as a function of past
hourly wage changes w;; — wj ¢-1.

We find that the probability of being out of employment at time ¢ + k£ has
a U-shape with respect to past hourly wages changes: workers who experienced
large hourly wages changes between ¢—1 and ¢, both positive and negative, are less
likely to remain in employment in the future. The difference with respect to past
wage growth ca be quite large: workers that experience 40 log-points (resp. -40
log-points) hourly wages changes between ¢t — 1 and t are 12 (resp. 8) percentage
points more likely to be without employment in ¢ + 1.

Interpretation of this pattern can prove tricky, because causality flows either
way. Namely, changes in the wage rate are likely to trigger working time responses
both on the supply and demand sides. Reversely, changes in the wage rate may
depend on future employment through institutional setting, in particular because
our measure of earnings incorporates some part of severance payments.'? Dis-
entangling these channels is a challenging task that is beyond the scope of this
paper. However, workers being much more likely to leave employment after they

experience massive positive hourly wages growth is puzzling and suggests sever-

121t may also be that changes in the wage rate reflect anticipations of future employment, in
the case where agents are forward-looking.
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Figure 9 — Non-employment response to hourly wage changes
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ance payment to be at play here. As a consequence, non-Gaussian features that
are related to the tails of the hourly wages growth distribution might be due to
employment decisions at the extensive margin. This stresses even more the key
role of labor supply decisions in deviations from normality when it comes to the

distribution of labor earnings changes.

6 Robustness checks

This section describes some robustness checks performed along several dimensions.

First, we rely on moments of the distribution of changes in labor outcomes
(standard deviation, skewness and kurtosis) as opposed to quantile-based indica-
tors. Though this methodological choice has a certain quantitative impact, it does

not affect our findings from a qualitative point of view (see Appendix B.1).

Second, we perform the whole analysis conditional on the ranking in the dis-
tribution of annual earnings, as opposed to the distribution of hourly wages. The
main advantage of the former relies in a better approximation of a productivity,
but it is perhaps more dependent on the quality of the ”working hours” vari-

able. Once again, qualitatively speaking, our results are robust to this change
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(see Appendix B.2).

Third, from an econometric perspective, we removed period effects from equa-
tion (2). Although this yields different lifecycle profiles, when it comes to earnings

changes our results hardly vary from a qualitative perspective (see Appendix B.3).

Fourth, we decompose our analysis by age groups as Guvenen et al. (2016) do.
Most stylized facts documented in the US are also observed in France. However,
for the sake of clarity, since our goal here is to disentangle carefully hourly wage
from working time effects, we present results obtained by pooling over these age

groups (see Appendix B.4).

Fifth, our findings are robust to a bunch of issues related to sample composi-
tion and to data issues such as left-censoring and right-censoring (winsorization) of
annual earnings, imputation, definition of working time and hourly wages. Chang-
ing the censoring threshold from 45 days a year to 30 days a year, from 1/8 to
1/12 of the annual legal duration of work and from 90% to 60% of the minimum
hourly wage does not impact our findings (see Appendix B.5). Neither does the
trimming of very high annual earnings. Defining working time in full-time units

(FTU) instead of hours has also a very minor impact on results.!?

7 Conclusion

This investigation of labor earnings dynamics builds on a nonparametric estima-
tion of individual earnings, wages and working time changes. We find the same
striking results as in the US: labor earnings exhibit several non-Gaussian features
in France too, including a negative skewness and a high kurtosis. More interest-
ingly, the availability of working hours and work days in our dataset enables us
to disentangle hourly wage from working time growth at both the intensive and
extensive margins of employment. Major deviations from normality stem rather

from working time at the extensive margin, i.e. employment duration and to a

13We also replicated our approach on a sample of women working in the private sector. The
main, stylized facts documented here still hold. However, labor supply decisions may be more
difficult to disentangle from hourly wage growth in that case. We also believe that they deserve
specific attention: in an on-going research project Pora and Wilner (2018a), we investigate gender
differences in labor earnings growth as well as in labor earnings dynamics along the lifecycle.
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lesser extent at the intensive margin, i.e. hours worked per day, which is con-
form to the rationale and consistent with assumptions made by the literature on
earnings dynamics a la Mincer (1958). Large changes in annual earnings reflect
mostly in working time changes while small variations in earnings correspond to
wage changes. This is in line with the job ladder hypothesis: the unemployment
risk may be sufficient to generate non-Gaussian labor earnings volatility, without
need of wage changes themselves deviating from normality. Furthermore, a joint
analysis of both employment and wage dynamics shows large and positive hourly
wage changes to correlate with subsequent departure from employment. A likely
explanation seems to be the inclusion of severance payments in our measure of
earnings, which would imply that some part of the slight deviations from normality
in the hourly wage growth distribution is itself related to working time dynamics
at the extensive margin. To sum up, transitions from and to employment are key

drivers of non-Gaussian, nonlinear labor earnings dynamics.

A challenging task would consist in quantifying the role played by institutional
setting on deviations from Gaussianity. Moreover, institutional constraints deter-
mine the level of insurance provided by unemployment benefits, which in turn
might alleviate or increase the welfare cost of earnings uncertainty. In particular,
extending the methodology at stake by including other sources of income (e.g.,
self-employment and other non-salaried earnings like welfare benefits), studying
household income as opposed to individual earnings (in order to enlighten within-
household insurance with respect to labor earnings risk) are left for further re-
search.

Finally, this descriptive framework has focused on cross-sectional distributions
of labor earnings, hourly wages and working time changes, on the one hand, and
on the correlation between two subsequent changes, on the other hand. Yet, from
a truly dynamic perspective at the individual level, current changes are likely to
be a response to previous changes: a more complete, possibly structural model of

both hourly wages and working time is needed to capture better this phenomenon.
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A Testing for symmetry of annual changes

We compute confidence intervals for our measures of asymmetry and peakedness
of tails of the distribution of 5-year earnings (resp. hourly wages and working
time) changes. Boostrapping the entire procedure would be computationally bur-
densome, for it would require to redefine ranks in the distribution of recent wages.
We rely on an approximation that provides us with a lower bound of confidence
intervals: we assume these ranks are fixed. Hence we bootstrap only within age-
year-recent wages cells. The difference between our estimated confidence intervals
and the true underlying value depends on how precise our measure of ranks is. It

is a decreasing function of the density of recent hourly wages.

It is important to account for any correlation between changes observed for
the same individual over different years, especially given that these changes may
overlap, for instance if this individual is observed both at time ¢ and for some
time t + k£ with £ < 5. In order to deal with this issue, we cluster our bootstrap
procedure at the individual level, i.e. we resample over individuals rather than

over individual-year observations.

Figures 10 and 11 display the results, firstly for labor earnings changes and
secondly for hourly wages changes. They show that (i) the asymmetry of 5-year
earnings changes is always significantly negative; (ii) the asymmetry of 5-year
hourly wages changes is significantly positive in the lower half of the recent wages

distribution.
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Figure 10 — Testing the symmetry of annual earnings changes
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Figure 11 — Testing the symmetry of hourly wage changes
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B Robustness checks

B.1 Moment-based measures

Figure 12 - Standard deviations of 5-year earnings, hourly wages and working
time changes
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Figure 13 — Skewness of 5-year earnings, hourly wages and working time changes
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Figure 14 — Kurtosis of 5-year earnings, hourly wages and working time changes
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B.2 Earnings ranks

Figure 15 — Kelley’s Skewness of 5-year earnings, hourly wages and working time
changes
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B.3 Omission of year fixed effects

Figure 16 — Kelley’s Skewness of 5-year earnings, hourly wages and working time
changes
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B.4 Age patterns

Figure 17 — P90-P10 of 5-year earnings changes: by age group
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Figure 18 — P90-P10 of 5-year hourly wages changes: by age group
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Figure 19 — P90-P10 of 5-year working hours changes: by age group
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Figure 20 — P90-P10 of 5-year employment duration changes: by age group
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B.5 Censoring issues

Figure 21 — Kelley’s Skewness of 5-year earnings, hourly wages and working time
changes
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