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Abstract 

Due to the absence of longitudinal data, empirical studies ignore labor income dynamics in 

developing economies, where earnings inequality is highest and social insurance is weakest. This 

work proposes a dynamic earnings process with two distinct shocks: unemployment spells and the 

wage of workers who stay employed. I then show this income process can be estimated from 

employment surveys with a rotating sample design, which are available for several countries. 

Applying this procedure to Chilean data I show wage volatility and unemployment rates are highly 

heterogeneous across workers. Unemployment spells are the most important source of earnings risk 

for workers. 

 

Resumen 

Debido a la ausencia de datos panel, los estudios empíricos ignoran la dinámica de ingreso laboral en 

economías en desarrollo, donde la desigualdad es más alta y la protección social tiene menor 

cobertura. Este trabajo propone un proceso dinámico de ingresos con dos choques distintos: periodos 

de desempleo y el sueldo de los trabajadores que permanecen empleados. Se muestra que este 

proceso dinámico puede ser estimado a través de encuestas de empleo con un esquema de muestras 

rotativo, lo que son datos disponibles en muchos países. Aplicando este procedimiento a Chile se 

muestra que la volatilidad de sueldos y las tasas de desempleo son altamente heterogéneas entre 

distintos trabajadores. Los periodos de desempleo son la fuente más relevante de riesgo de ingresos 

de los trabajadores.  
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1 Introduction

Labor earnings represent the most important source of income for households. The volatility

of labor earnings is important to study a variety of topics, including: earnings inequality and

its persistence (Storesletten, Telmer and Yaron, 2004, Krueger, Perri, Pistaferri and Violante,

2010), the welfare costs of business cycles (Storesletten, Telmer and Yaron, 2001, De Santis, 2007),

life-cycle consumption (Carroll and Samwick, 1997, Gourinchas and Parker, 2002, Attanasio and

Weber, 2010), the optimality of households’asset portfolios (Viceira, 2001), and the welfare effects

of social insurance schemes (Hubbard, Skinner and Zeldes, 1995, Low, Meghir and Pistaferri, 2010).

However, despite the importance of earnings and wage dynamic processes, the study of income

risk and volatility is limited to a few developed countries (such as the USA, Germany, UK, Canada

and Australia), which have published household longitudinal surveys (Schluter, 1998, Krueger,

Perri, Pistaferri and Violante, 2010, Zhang, 2010).1 Household and workers’longitudinal surveys

are demanding in terms of budget and suffer high sample attrition over the years, which has made

this kind of data unavailable in most countries. In the developing world income inequality is

much larger than in developed economies (Sala-i-Martin, 2006), while social insurance nets such

as unemployment benefits, food programs, disability support and health protection are weaker

(Dethier, 2007, Cho, Margolis, Newhouse and Robalino, 2012). Therefore knowing the volatility of

income and the persistence of negative shocks is of much higher importance in developing countries.

In this paper I propose a method for estimating the income volatility of individual workers and

households by using rotating samples from consecutive income and employment surveys. Annual

surveys with information on income and employment status are available for 61 countries, including

all the 34 members of the OECD (OECD, 2013a,b) and 27 developing economies (UNU-WIDER,

2013).2 Although being classified as cross-sectional datasets, employment surveys include a rotating

sample design and sample the same housing units for a fixed number of quarters to save operating

1 In the United States longitudinal household datasets include at least the PSID (1968-) and the SIPP (1984-).

Other longitudinal household surveys exist for Australia (HILDA, 2001-), Canada (SLID, 1993-), Germany (SOEP,

1984-), the UK (BHPS, 1991-), and for 14 member countries of the European Union (ECHP, 1994-2001).
2This list includes at least Argentina, Armenia, Azerbaijan, Belarus, Bolivia, Brazil, Bulgaria, Costa Rica,

Dominican Republic, Ecuador, El Salvador, Honduras, Kyrgyz Republic, Latvia, Lithuania, Macedonia, Moldova,

Panama, Paraguay, Peru, Romania, Russia, Serbia, Taiwan, Ukraine, Uruguay, and Venezuela.
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costs (International Labour Offi ce, 1990, Eurostat, 2012, United Nations, 2008), therefore the

procedure proposed in this paper can be applied to study income risk for a large area of the world.

Rotating samples differ from panel or longitudinal data in the sense that panel surveys attempt to

include all members of the initial sample, while rotating designs do not focus on following the entire

initial sample. However, it is possible to create longitudinal data for a finite number of T periods

(Kish, 1998) from rotating samples by matching the same housing units over different surveys and

then matching individuals in the same housing unit based on their sex, age and education. These

small T panel samples are much richer for studying idiosyncratic shocks than other alternatives

such as pseudo-panel built from cohort data, since cohort averages only capture aggregate shocks

and ignore the idiosyncratic risks faced by individual workers.

Since employment surveys keep their housing units for a period of 12 to 15 months (International

Labour Offi ce, 1990), then there is a sample overlap of 80% between consecutive quarters and 20%

from year to year. Depending on whether the survey frequency is monthly, quarterly, or annual,

then these overlapping samples allow the construction of several series of panel samples with 2 to 8

periods for each unit. These longitudinal samples are still informative about earning dynamics over

short horizons. Obviously, small T panels fail to distinguish on whether shocks are of a permanent

or temporary nature, since such difference is meaningless over a short period. Some studies discuss

whether income shocks are persistent over an entire lifetime (Guvenen, 2007, Browning, Erjnaes,

Alvarez, 2010), which is an important question that cannot be answered with a short panel.

I then propose a simple model of labor earnings dynamics, including three sources of fluctuations:

wage volatility, loss of employment, and the replacement ratio of income benefits to labor earnings

during the unemployment spell. The model accounts for both a continuous wage shock suffered by

employed workers and a discrete earnings shock due to transitions into and out of unemployment

(similar to Low, Meghir and Pistaferri, 2010). The income process can then be reliably estimated

using a set of moments from the panel observations, as well as from the cross-sectional dataset.

In particular, flows into and out of unemployment are re-weighted to match the stocks of workers,

which adjusts for panel attrition and margin error (as in Abowd and Zellner, 1985, Shimer, 2012).

This estimation procedure is then applied to Chilean data using the National Employment

Survey (ENE, 1990Q1-2012Q4). The ENE dataset covers a large sample of 35,000 households and

their individual members at a quarterly frequency. Information is collected on the demographic
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characteristics, occupation and employment status of each member of the household, providing a

cross-sectional sample around 50,000 workers in each quarter. Also, the survey collects earnings

information for all household members in the fourth quarter of each year, allowing to estimate the

annual earnings dynamics of different worker types according to their characteristics in terms of

gender, age, education, industry and income level. The results show that Chile has a fluid labor

market, with unemployment inflow and outflow rates similar to the United States and substantially

higher than other OECD countries (Elsby, Hobijn and Sahin, 2013). Also, the average employed

worker faces idiosyncratic income shocks with a standard deviation of 18% at an annual frequency,

which is substantially higher than the 6% standard deviation estimated by previous studies using

Chilean pseudo-panel data with cohort means (Huneeus and Repetto, 2005).

Unemployment, separation and job-finding rates, and wage volatility are heterogeneous across

worker types, but there is a strong cyclical component to job creation and destruction which affects

all groups. Workers transiting into unemployment suffer an average discrete earnings loss around

60% of their previous income. However, income loss during unemployment is also heterogeneous,

with workers of the lowest income quintile losing 90% or more of their income, which is due to the

individual accounts applied by the Chilean unemployment insurance scheme. Some workers have

more stable income than others and the standard deviation of income shocks for employed workers

can vary from as low as 5% to as high as 35%. Low income workers experience both a higher

probability of unemployment and a larger wage volatility. However, workers of lower income have a

higher job-finding rate and therefore face shorter unemployment spells, perhaps because their job

matches involve less specific human capital. A decomposition of the income variance in terms of

job loss and wage volatility finds that employment transitions explain more than 50% of the wage

fluctuations across all income groups, especially among the middle class where finding or losing

a job explains over 75% of the earnings variance. Also, the share of the income variance due to

employment transitions is countercyclical and increases during recessions for all income groups.

This paper is organized as follows. In Section 2 I specify the stochastic income process of the

workers. Section 3 shows how this dynamic process can be estimated using moments from panel

data with two periods. Section 4 describes the Chilean survey data on income and employment.

Section 5 shows how employment transitions and income risk vary across workers and over the

years. Finally, section 6 concludes with implications for policy and future research.
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2 Workers’stochastic earnings process

The specified model decomposes underlying earnings fluctuations between continuous shocks to

working wages and a process of job destruction and arrival. Also, while unemployed each worker

has differential access to unemployment insurance or informal sources of earnings. For simplicity I

ignore shocks to hours worked and the transitions into and out of the labor force. Thus individuals

face multiple sources of uncertainty: in each period employed individuals may enter unemployment

or receive a shock to their wage earnings (due to, for instance, a wage raise, a change in hours

worked or bonus payments); also, unemployed workers have different insurance coverage and may

or not be offered a job. A large literature studying labor earnings focus on a decomposition

into continuous transitory and permanent shocks while excluding unemployment spells and job

transitions (Abowd and Card, 1989, Carroll and Samwick, 1997). However, as Low, Meghir and

Pistaferri (2010) show, unemployment spells and job transitions explain a significant portion of

annual earnings shocks, especially of the transitory component. In my framework, the income

risk due to unemployment spells is specifically estimated by the separation rate (i.e., the flow into

unemployment), the duration of an unemployment spell (i.e., the diffi culty in finding a new job)

and by the access to unemployment benefits (similar to Low, Meghir and Pistaferri, 2010).

Let Yi,t+1 denote the total labor earnings at time t + 1 of worker i, which has observable

characteristics xi. Worker i transits between employment states denoted by Ui,t+1, which can

either be 0 if employed or 1 if unemployed. Since there are only two employment states, labor

status dynamics can be summarized into unemployment to employment (UE) and employment to

unemployment (EU) transitions. The stochastic process of the workers’earnings can be specified

as the result of a continuous wage shock plus discrete employment transitions:

1) Yi,t+1 = Gt+1|xiYi,t exp(υi,t+1)R
Ui,t+1−Ui,t
t+1|xi ,

where Gt+1|xi denotes the mean aggregate income growth of workers with characteristics xi in

period t + 1 and υi,t+1 is an idiosyncratic shock to the wage of worker i. υi,t+1 is assumed to be

independent across the agents i, with mean zero, E [υi,t+1] = 0, and variance V ar(υi,t+1) = σ2t+1|xi .

Also, if entering unemployment each worker i receives a proportion of his wage income, Rt+1|xi ∈

(0, 1), given by the replacement ratio of his unemployment benefits coverage plus informal earnings.
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If workers’employment status is unchanged (Ui,t+1 = Ui,t), then Yi,t+1 = Gt+1|xiYi,t exp(υi,t+1),

therefore only the continuous wage shock matters. However, the worker suffers an immediate income

loss proportional to Rt+1|xi if separating out of his job (Ui,t+1 − Ui,t = 1) and a relative income

gain of R−1t+1|xi if transiting out of unemployment (Ui,t+1 − Ui,t = −1). Labor status shocks follow

a Markov transition process with job-separation and job-finding rates given by:

2) λEUt+1|xi = Pr(Ui,t+1 = 1 | Ui,t = 0, xi), and,

3) λUEt+1|xi = Pr(Ui,t+1 = 0 | Ui,t = 1, xi).

Given this Markov transition process, the unemployment rate ut+1|xi of each worker type can

be expressed as a dynamic equation of the previous period’s unemployment probability plus the

transitions into and out of unemployment (Shimer, 2012):

4) ut+1|xi = Pr(Ui,t+1 = 1 | xi) = ut|xi(1− λ
UE
t+1|xi) + (1− ut|xi)(λ

EU
t+1|xi).

All the model’s parameters
{
Gt|x = exp(gt|x), Rt|x = exp(rt|x), σ2t|x, λ

UE
t|x , λ

EU
t|x , ut|x

}
are heterogeneous

according to both the time period t and the characteristics of worker i. This earnings model can

be more easily expressed in additive terms of log-earnings:

5) yi,t+1 = ln(Yi,t+1) = gt+1|xi + yi,t + (Ui,t+1 − Ui,t)rt+1|xi + υi,t+1,

where the lower-case letters denote the natural logarithm of the equivalent upper-case parameter.

In principle, the term υi,t+1 may represent a mix of shocks to permanent income, transitory income,

and measurement error. However, since the panel is short, it is not possible to distinguish how

much of its volatility is due to transitory shocks or simply survey mis-report by the agents. We can

therefore obtain the model’s parameters as moments of the log-earnings process:

6) E [yi,t+1 | xi, yi,t, Ui,t+1 = Ui,t] = gt+1|xi + yi,t,

7) E [yi,t+1 | xi, yi,t, Ui,t+1 6= Ui,t] = gt+1|xi + yi,t + (Ui,t+1 − Ui,t)rt+1|xi , and,

8) E
[
(yi,t+1 − E [yi,t+1 | xi, yi,t, Ui,t+1, Ui,t])2 | xi

]
= σ2t+1|xi .

Note that although this model specification is similar to a unit-root process in earnings, it is

not the goal of this work to separate which wage shocks are permanent and transitory, since the
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data application does not allow to study income persistence after 18 months. Empirical studies

have determined that labor earnings are notoriously persistent from year to year (Abowd and

Card, 1989, Carroll and Samwick, 1997, Browning, Erjnaes, Alvarez, 2010), while others show

the importance of heterogeneous life income profiles and that income shocks partially revert over

periods of several years, rejecting a unit-root specification (Geweke and Keane, 2000, Guvenen,

2007, Browning, Erjnaes, Alvarez, 2010). Also, some studies have found it is important to take

into account that workers are highly heterogeneous and that some workers may have highly volatile

income while others do not (Meghir and Pistaferri, 2004, Browning, Erjnaes, Alvarez, 2010). The

model summarized in equations 1)-8) is able to account for diverse levels of heterogeneity due to

different workers’s observable characteristics (xi).

In this model I take the perspective of specifying the workers’stochastic income realizations

and unemployment transitions as final outcomes. This implies that the probability of falling into

unemployment or receiving a wage shock are taken to be pure statistical processes conditional on

the workers’ characteristics. It is possible to further decompose these outcomes of income and

unemployment as a mix between a purely exogenous shock to the agents’ environment plus an

endogenous choice about how much effort to put working or in job search. However, this model

focuses purely on measuring the separate components of earnings volatility in terms of wage shocks

and unemployment spells, not on the endogeneity of its outcomes. Some empirical literature finds

a low correlation between hourly wage shocks and hours of work (Abowd and Card, 1989), which

favors the view that agents’labor income is almost an exogenous process to the worker and not the

result of contemporary endogenous choices of effort3.

3 It is relevant to note that labor market outcomes may certainly be affected by deliberate choices prior to

adulthood, such as the occupation chosen, the completion of college, or even the human capital accumulated during

one’s early childhood. Some reviews of the empirical literature on income, education and human capital suggest that

one’s labor income is largely determined by age 16 (Keane and Wolpin, 1997).

6



3 Model identification from data moments of short panels

3.1 Identification from Panel Moments with at least 2 periods

The specified model can be easily estimated for any economy with surveys that measure employment

transitions and income for a panel of workers in consecutive periods. The unemployment transition

parameters
{
λUEt+1|x, λ

EU
t+1|x, ut+1|x

}
are easily identified by the three moments defined in equations

2), 3) and 4). Also, the income growth, wage volatility and replacement ratio during unemployment,{
Gt+1|x, Rt+1|x, σ

2
t+1|x

}
, are identified from the conditional moments in equations 6), 7) and 8).

3.2 Use of further moments from Cross-sectional waves

Using 6 panel data moments to identify the 6 parameters of the model is an elegant and succinct

approach for estimation. However, I am considering explicitly the case in which estimation is carried

out on cross-sectional waves and that some of these cross-sectional waves have a common sample

that can be used as a panel data with a small number of periods T . The panel data observations

are therefore only a small sub-sample of a larger pool of cross-sectional samples and excluding the

other observations available in these cross-sectional samples implies a substantial loss of effi ciency.

One useful information in the pooled cross-sections is that employment surveys ask how many

weeks the unemployed worker has been searching for a job or when was the last time the worker

was at a job, allowing us to know both Pr(Ui,t+1 = 1 | xi) and Pr(Ui,t+1 = 1 | Ui,t = 0, xi). It is also

possible to estimate the moment Pr(Ui,t = 1 | xi) from the previous cross-sectional survey, then

apply the labor market equilibrium condition (equation 4) to obtain a third moment and use these

3 moments to estimate all the employment transition parameters
{
λUEt+1|x, λ

EU
t+1|x, ut+1|x

}
from the

cross-sectional data, as in Juhn, Murphy and Topel (1991).

Also, given the specified income process then the evolution of the mean and variance of the

income distribution of each cohort allows us to identify
{
Gt+1|x, Rt+1|x, σ

2
t+1|x

}
as well. Therefore

one may add cross-sectional moments of income to enhance the effi ciency of estimation with:

9) E [yi,t+1 | xi, Ui,t+1] = gt+1|xi + E [yi,t | xi, Ui,t+1] + rt+1|xiE [(Ui,t+1 − Ui,t) | xi, Ui,t+1], and,
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10) V ar [yi,t+1 | xi, Ui,t+1] = σ2t+1|xi+V ar [yi,t | xi, Ui,t+1]+r2t+1|xiV ar [(Ui,t+1 − Ui,t) | xi, Ui,t+1],

where V ar [z] denotes the variance or demeaned second moment of z, i.e. E[(z − E [z])2].

Equations 9) and 10) add 4 extra moments for the estimation, since Ui,t+1 ∈ {0, 1}. However,

equation 10) for unemployed workers provides little additional information on wage variability

σ2t+1|x, therefore I use only the moment 10) for employed workers (Ui,t+1 = 0). Some inputs of

these expressions, such as E [yi,t | xi, Ui,t+1], are moments of income at time t conditional on the

employment status of time t+ 1. These moments can be derived using Bayes theorem, since:

11) E [zi,t | xi, Ui,t+1] =
∑1

a=0
Pr(Ui,t = a | xi, Ui,t+1)E [zi,t | xi, Ui,t = a],

with Pr(Ui,t = a | xi, Ui,t+1 = b) =
Pr(Ui,t+1 = b | xi, Ui,t = a) Pr(Ui,t = a | xi)

Pr(Ui,t+1 = b | xi)
. Therefore

by replacing zi,t as yi,t, (Ui,t+1 − Ui,t), (yi,t − E(yi,t))
2, or ((Ui,t+1 − Ui,t) − E(Ui,t+1 − Ui,t))

2,

one solves all the unorthodox moments included in equations 9) and 10) as weighted sums from

moments easily estimated from the cross-sectional sample of time t, where the weights are given

by the employment transition probabilities Pr(Ui,t+1 = b | xi, Ui,t = a) times the ratio of the

unconditional employment rates
Pr(Ui,t = a | xi)

Pr(Ui,t+1 = b | xi)
. Expression 11) is intuitive if one considers the

case in which unemployment at t + 1 and t are independent, which gives E [zi,t | xi, Ui,t+1 = a] =

E [zi,t | xi, Ui,t = a]. Since unemployed workers are more likely to have been unemployed in the

previous period, then one must correct the mean wage and the wage variance by special weights.

An alternative moment condition relative to equation 10) can be obtained by thinking of the

term yi,t + (Ui,t+1 − Ui,t)rt+1|xi as an initial condition problem for the variance of yi,t+1, which

is a standard framework in panel data models with a small T (Wooldridge, 2002). In this case,

one can specify a functional approximation for the V ar
[
yi,t + (Ui,t+1 − Ui,t)rt+1|xi | xi, Ui,t+1

]
and

then use such a condition to obtain a moment for σ2t+1|xi . Since σ
2
t+1|xi denotes the wage volatility

of employed workers, perhaps it is easy to focus on the moment for employed workers at time t+ 1

and assume for simplicity the following functional form, V ar
[
yi,t − Ui,trt+1|xi | xi, Ui,t+1 = 0

]
=

(1 − g(xi))V ar [yi,t+1 | xi, Ui,t+1 = 0]. This functional form can then be used to get the following

moment for the volatility of the wage process, σ2t+1|xi :

12) V ar [yi,t+1 | xi, Ui,t+1 = 0] = σ2t+1|xi + V ar
[
yi,t − Ui,trt+1|xi | xi, Ui,t+1 = 0

]
⇐⇒

⇐⇒ σ2t+1|xi = g(xi)V ar [yi,t+1 | xi, Ui,t+1 = 0].
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Equation 12) clearly results from a strong assumption on the functional form of V ar(yi,t −

Ui,trt+1|xi | xi, Ui,t+1 = 0). However, it is a simple condition to interpret, since it imposes that

the wage volatility, V ar(υi,t+1) = σ2t+1|xi , has a common component that is constant over all time

periods and one time varying change that affects equally the variances of yi,t+1 and of υi,t+14.

3.3 Decomposition of the earnings’variance

To complete this section, I note it is possible to decompose the variance of the earnings innovations

of the workers in terms of the role of the continuous wage shocks (υi,t+1) and the discrete shock

due to transitions into and out of unemployment (∆Ui,t+1 ≡ Ui,t+1 − Ui,t). From equation 5) one

can easily derive the variance of the earnings innovations into three additive components:

13) V ar(yi,t+1−yi,t−gt+1|xi) = V ar(υi,t+1)+V ar(ri,t+1∆Ui,t+1)+2COV (υi,t+1, rt+1|xi∆Ui,t+1).

If one assumes independence between the wage and unemployment shocks, this gives a simplified

expression for the share of the income variance represented by unemployment dynamics:

14) θt+1|xi =
V ar((Ui,t+1 − Ui,t)rt+1|xi)
V ar(yi,t+1 − yi,t − gt+1|xi)

.

It is questionable if unemployment transitions are independent of wage shocks, since a positive

wage shock should decrease the probability that a worker and a firm would decide to terminate

their relationship and a negative wage shock should increase the probability that the relationship

is terminated. Therefore one could plausibly assume that COV (υi,t+1, ri,t+1(Ui,t+1 − Ui,t)) ≤ 0.

However, since there is no data on what was the last wage offered to the worker prior to the job

termination, it is not possible to estimate the value of this covariance term and therefore I ignore

the covariance term when computing the role of unemployment shocks in the overall wage variance,

θt+1|x. For this reason perhaps it is more appropriate to understand θt+1|xi as an upper bound on

the role of the unemployment transitions in terms of income shocks rather than its precise value.

4Obviously, one could add further constraints such as additivity in the vector x plus a time dummy, i.e. σ2t+1|xi =

exp(θxi + dt). This extra restriction would specifically impose that the wage variance is additive in the different

characteristics of x and that the time shock to wage volatility is the same for all workers. However, such parametric

forms seem too restrictive, therefore I will not apply such specific assumptions here.

9



3.4 Survey weights, attrition, asymptotic errors and confidence intervals

The panel data and cross-sectional moment conditions described above provide a system of 12

moments to estimate 6 parameters for each time period t and each worker type x. Without loss of

generality, I consider the simple case in which xi results in a set of discrete mutually-exclusive

categories, which have a positive representation in the sample, therefore all the moments are

fully non-parametric, without considering linear or kernel approximations. Since this system of

moment conditions provides for over-identification of the parameters, I obtain estimates by equally

weighting all the moment conditions. I choose the one-step GMM, since Monte Carlo studies

show the optimal 2-step GMM suffers a severe finite-sample bias even for large samples and is

often dominated by the equally weighted one-step GMM (Altonji and Segal, 1996). Finally, in

survey data each household is selected with different probabilities and it is necessary to apply

population weights or expansion factors, fi,t, to each worker observation, therefore all moments z

are computed with population weights, E [fi,tzi,t]. Cross-sectional surveys provide the population

weights (or inverse selection probabilities) for each worker observation, fi,t. However, matching

rotating samples to create a panel data is affected by attrition rates. For this reason, I use the

methodology proposed by Abowd and Zellner (1985) and adjust the population weights of each

panel sample for heterogeneous attrition rates of workers according to their characteristics and

employment status, fPaneli,t = fi,t
Pr(Ui,t, xi | CS)

Pr(Ui,t, xi | P )
, where CS denotes the joint probability in the

Cross-sectional sample and P its equivalent in the Panel sample.

The traditional GMM asymptotic variance matrix assumes that the selection probabilities

for each worker are known with full certainty, which is incorrect in surveys where households

have different rates of non-response and panel attrition (Rao and Wu, 1988). However, all the

model’s parameters are continuous statistics, therefore asymptotically consistent standard errors

and confidence intervals can be obtained by bootstrap (Horowitz, 2001, Rao and Wu, 1988). I

build 100 bootstrap replica samples for each one of the panel and cross-sectional datasets. One

advantage of bootstrap is that each sample replica incorporates uncertainty about the true panel

attrition process and the population weights fi,t by drawing with replacement inside each population

strata. Finally, all the model’s coeffi cients are re-estimated on each bootstrap replica.
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4 Data Description

To estimate the earnings model I use the quarterly Chilean Employment Survey or Encuesta

Nacional de Empleo (ENE, 1990Q1-2012Q4), which covers 35,000 home addresses at the national

level every quarter. Since households can have either several working members or none, then this

sample of homes corresponds to slightly more than 45,000 labor force participants per quarter. The

ENE survey is implemented by the Chilean Institute of National Statistics, therefore responses are

compulsory by law and non-response is low. Furthermore, during the 4th quarter of each year

the ENE has an Income module, the ESI (1990Q4-2012Q4), which provides a measure of labor

and non-labor income that can be used to estimate the workers’quarterly wage growth (Gt+1|x),

wage volatility (σ2t+1|x), and replacement ratios (Rt+1|x). The definition of yi,t considers only labor

earnings (whether from formal or informal work) plus unemployment benefits, excluding other

forms of earnings such as asset income and implicit rental income from properties and real assets.

All wages and earnings in the survey are reported as after-tax amounts.

The earnings dynamics’parameters are heterogeneous according to the workers’characteristics

xi. Since the ENE/ESI sample is large I consider a wide range of observable heterogeneity,

by classifying workers in 540 mutually exclusive types. Each worker’s type is given by a set

of observable demographic and professional characteristics, xi = {Santiago Metropolitan city

or Outside, Industrial Activity (primary, secondary, service sectors), Gender, Age (≤ 35, 35 −

54, and ≥ 55 years), Education (less than secondary schooling, secondary school or technical

education, college), and Worker’s Income quintile}. The worker’s income quintile is measured as a

pre-determined variable based on the workers’reported income in the current period or the previous

year, Qi,t = arg max
q∈{1,2,3,4,5}

q subject to
100F (yi,j | Ui,j , x∗i )

20
≥ q−1, j ≤ t, where F () is the empirical

cdf of income conditional on unemployment status and the workers’non-income characteristics x∗i
5.

This income quintile classification assumes the proportions of each quintile in the employed and

unemployed pools are different, due to distinct unemployment probabilities conditional on x∗i .

As explained in the previous section, the estimation of the earnings dynamics and employment

transitions is carried out on a combination of moments from panel and cross-sectional samples.
5The empirical cdf of the income distribution is obtained non-parametrically as F (p | Ui,j = a) ≡

1

nj

∑nj
k=1,Uk,j=a

fk,j1(yk,j ≤ p)
Pr(Uk,j = a | x∗k)

, where 1() is the indicator function, fk,j the worker’s expansion factor, x∗ is the

vector x without the quintile information (i.e., x = {x∗, q}), and nj is the total labor force population in period j.
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Therefore it is useful to distinguish the size of both sources of data and how much the estimation

improves by adding the cross-sectional moments. Table 1 details the total number of observations

available from all the sample sources over the period 1990-2012. In terms of the cross-sectional

sample the ENE contains over 4 million observations of workers in the labor force over 92 quarters

(1990Q1-2012Q4), which corresponds roughly to a sample size above 45,000 workers per quarterly

period. Since the ESI Income Module of the ENE is only collected in the 4th quarter of each

year, then there are fewer cross-sectional observations with reported labor earnings, corresponding

roughly to a sample of 1 million observations of workers in the labor force. It is important to note

that no ESI Income Module was collected in the year of 1994.

Table 1: Panel and Cross-sectional Labor Force Observations (1990-2012)

Number of Cross-Sectional Observations

ENE(t) 4,215,790

ESI(t) 999,291

Number of Panel Observations

ENE(t,t-1) Observations with employment data in consecutive quarters

Q2-Q1 516,009

Q3-Q2 518,284

Q4-Q3 526,516

Q1-Q4 420,578

ENE(t,t-1) Observations with employment data in 2 quarters and past income

Q2-Q1 137,544

Q3-Q2 51,353

Q4-Q3 12,936

Q1-Q4 327,270

ESI(t,t-4) Observations with income data in consecutive years (4th quarter)

Q4-Q4 163,187

The ENE survey and its income module, the ESI, are published as cross-sectional samples

of households and workers. The ENE follows a rotating sample scheme in which selected home

addresses are kept for approximately 18 months, with all observations labelled with an unique
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home address identifier. In order to establish which home addresses incorporate the same worker

in different quarters I use the criteria that the worker is the same if he/she has the same gender,

education, and years of age (plus 0 to 1 additional year for matches in consecutive quarters or

0 to 2 additional years for matches between different years to allow for possible anniversaries

between periods). A few workers in the same household have the same gender, education and age,

therefore these are dropped from the sample to prevent incorrect matches. If there is no attrition

in the non-rotating sample, then it should be possible to recover 5/6 of the total sample as panel

observations between consecutive quarters and 1/3 between consecutive years (4 quarters). In

practice the number of matches are lower for four reasons: i) the ENE samples were completely

renewed in the 4th quarter of 1994, 2006 and 2007, therefore these 3 quarters imply no matches

with previous periods; ii) the rotating sample design is designed as an operational cost-saving

method and if no household in a given home unit is available to answer the survey after a few

contacts, then the survey selects an equivalent home unit of similar location and characteristics

to replace its place in the sample; iii) there are workers moving out of their home units between

different time periods, especially in the primary industry (agriculture, fishing and mining) where

workers alternate periods with their families and at living quarters close to their employment; and

finally, iv) my analysis discards matches of workers who moved outside the labor force (since the

model only studies transitions between employment and unemployment), which implies that only

workers in the labor force in both periods are counted in the sample and some classes of seasonal or

temporary workers with weak labor force attachment are dropped from the sample (for example,

domestic workers may decide to work in one quarter and not in the following quarter).

After accounting for sample attrition one obtains around 2 million observations of workers

observed in different quarters. The number of observations is more or less similar in all consecutive

quarters, except for the transition between the 4th quarter and the 1st quarter of the following

year, since this is the time when major sample changes of the ENE are implemented. However, the

income information is collected only in the 4th quarter of each year. Therefore if one wants to study

the employment transitions of workers conditional on their income, then it is necessary to use the

panel matches of workers who had an income measured in the previous 4th quarter. Obviously, this

implies there are fewer matches for periods with a larger time lag from the 4th quarter. Overall,

this gives more than 500,000 observations of workers with employment transitions and observable
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past income. Finally, since income is measured only in the 4th quarter, then the panel sample with

income measured in consecutive years includes only 163,000 workers.

The income quintile of each worker is a special variable, since it can be affected by past income

shocks and employment transitions. Other variables such as age, education, and industry can

plausibly be assumed to be predetermined. For this reason, I estimate the employment transition

parameters, λt|x ≡
{
λUEt|x , λ

EU
t|x , ut|x

}
, for the five worker income quintile in two-steps. Let us

separate the vector of worker characteristics into a vector of predetermined characteristics x∗ and its

income quintile q, x = {x∗, q}. First, I obtain the employment transition parameters conditional on

x∗, λt|x∗ , using the non-parametric estimation of panel and cross-sectional moments described in the

previous section. Since in some quarters there are few observations to estimate λt|x with precision, I

only estimate the employment transition parameters for x with the observations of all periods, λ|x,

instead of different transition rates for each quarter t. In a second-step I obtain the employment

transitions for the worker type x, λt|xi = λt|x∗i exp(θx∗qi), as a function of a time-invariant parameter

specific for each income quintile θx∗ plus the quarterly employment transitions for the workers of

characteristics x∗, λt|x∗ . This parameter is obtained by minimizing for each worker type, x, the

square-difference between the mean transition rates observed for all quarters and the transition

rates of each quarter, θx∗ = arg minθ(λ|x − 1
T

∑T
t=1 exp(θq)λt|x∗)

2.

5 Results

5.1 The heterogeneity of income shocks and unemployment risk

All the parameters of the income and employment dynamics model are estimated for each different

quarter (t) and for each separate worker type given by the multivariate vector xi = {Metropolitan

Area, Industrial Activity, Gender, Age, Education, and Worker Income quintile}. Since xi contains

all the possible interactions of its categorical variables, this results in 540 worker types with

time-varying parameters for 92 quarters (in the case of the employment transition dynamics) and

for 23 years (in the case of the income volatility parameters). Table 2 summarizes the proportions

of the Chilean labor force (i.e., both employed and unemployed workers) in terms of sex, age,

education and industry, at a few selected years between 1990 to 2010. This confirms that Chile
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has experienced significant demographic changes over the last 23 years. Basically, the proportion

of Female, workers above 55, College educated, and Services workers, has increased substantially,

especially since 2000, while younger workers and the primary sector have declined in importance.

Table 2: Demographics of the Chilean workers over time (% of the total labor force in each year)

Variable / Year 1990 1995 2000 2005 2010

Male 66.6% 66.7% 66.1% 63.3% 60.8%

Female 33.4% 33.3% 33.9% 36.7% 39.2%

age: <35 years 48.8% 45.6% 40.5% 36.8% 34.9%

36-54 years 38.7% 41.7% 46.1% 47.8% 47.9%

over 55 years 12.5% 12.7% 13.4% 15.3% 17.2%

Basic education 80.1% 78.6% 78.2% 76.1% 73.0%

Secondary or Technical 6.7% 8.4% 7.4% 8.4% 9.1%

College 13.2% 13.0% 14.4% 15.5% 17.9%

Primary sector 19.3% 17.6% 15.2% 13.9% 13.0%

Secondary sector 24.8% 25.1% 23.7% 22.8% 21.6%

Services sector 55.8% 57.4% 61.1% 63.4% 65.4%

Now I summarize the heterogeneity of the employment and income parameters in Chile over the

complete 1990-2012 period. Table 3 shows the mean plus the percentiles 10, 25, 50, 75 and 90 of

the estimates of each parameter. All means and percentiles are calculated applying the expansion

factors (or population weights of each group) for all years. All the other tables and figures in this

work are also computed with the appropriate population weights of the survey samples.

Unemployment and job transition flows (ut|x, λ
EU
t|x , λ

UE
t|x ) for Chile have been estimated before

in several empirical papers (see Bravo, Ferrada and Landerretche, 2005, and Jones and Naudon,

2009, for a review of previous literature on Chilean job flows). The methodology in this paper

for measuring job flows is similar to the one described in Bravo, Ferrada and Landerretche (2005)

and Jones and Naudon (2009) and the related literature and the underlying datasource (the ENE

dataset) is also the same, therefore the mean statistics for (ut|x, λ
EU
t|x , λ

UE
t|x ) in Table 3 are similar to

those studies. However, there is a big difference in the measurement of job flows in this paper relative

to the previous literature. Basically, the major difference is that I match the workers’income, which

is reported only once every 4 quarters, to estimate employment transitions conditional on income
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(or quintile of income, more specifically) in addition to other characteristics. The previous papers

on employment flows in Chile do not include income among the variables of interest, since income

is only observed every year and not every quarter. Income dynamics and heterogeneous shocks for

workers of different income levels will be the major point of interest in the following analysis.

The unemployment probability (ut|x) for the population over the complete period has a mean of

6.2%, but its range goes from as low as 0.6% (the percentile 10) to as high as 14.4% (percentile 90).

The unemployment rate is slightly lower than the average offi cial unemployment rate for this period,

since the employment transitions model does not consider workers moving from out of the labor

force into unemployment. The quarterly separation rate or entry rate into unemployment (λEUt|x )

has an average of 3.4% over the whole population, but it ranges from as low as 0.4% (percentile

10) to as high as 7.3% (percentile 90). However, Chile also has a large degree of job creation with

the mean quarterly job-finding rate (λUEt|x ) being slightly higher than 50%. In the list of 14 OECD

countries studied by Elsby, Hobijn and Sahin (2013), there were 10 countries that had both inflow

(λEUt|x ) and outflow (λ
UE
t|x ) rates from unemployment of less than half of the Chilean values estimated

in Table 3. Also, in their study only the United States had higher inflow and outflow rates from

unemployment than Chile. Therefore Chile has a fluid labor market, with a substantial amount of

both job creation and destruction between quarters.

Table 3: Estimates of the parameters across the population and over time

Variable ut|x λEUt|x λUEt|x Rt|x σt|x gt|x

x = {t, Area, Industry, Education, Age,

Sex, Income-Quintile}. 540 worker types.

Mean .062 .034 .503 .278 .183 .054

Percentile 10 .006 .004 .224 .077 .045 .023

Percentile 25 .019 .011 .341 .153 .069 .027

Percentile 50 .044 .024 .483 .322 .177 .037

Percentile 75 .089 .048 .657 .397 .271 .073

Percentile 90 .144 .073 .819 .417 .341 .124

The heterogeneous estimates of the Replacement Ratio of Income during unemployment (Rt|x)

have a population mean of 27.8% and a median of 32.2%, and show a range from as low as 7.7%

(percentile 10 in the population) to as high as 41.7% (the percentile 90). These estimates are
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reasonable, since Chile has a complex unemployment insurance scheme that has both an individual

account which depends on the worker’s past contributions and a solidarity payment proportional

to its past income (Superintendency of Pensions of Chile, 2010). The Chilean Superintendency

of Pensions estimates that the maximum value of unemployment insurance in the first quarter of

unemployment should represent around 43% of the worker’s previous income, which is close to the

90th percentile reported in Table 3. Also, the Superintendency of Pensions of Chile (2010) reports

an average value of the unemployment replacement ratio across workers with formal labor contracts

of 30%, which is close to the 27.8% and 32.2% reported in Table 3 respectively as the mean and

median values in the population. Finally, around 30% of the Chilean workers engage in temporary

or informal contracts, which implies a substantial portion of the labor force has a low replacement

income during unemployment (Superintendency of Pensions of Chile, 2010).

Table 3 also shows the wage shocks (σt|x) experienced by workers have a mean standard deviation

of 18.3% in the population, but it ranges from as low as 4.5% (percentile 10) to as high as 34.1%.

These estimates show that Chilean workers face substantial labor earnings risk from year to year

even if they are not experiencing unemployment. In contrast for the United States, Low, Meghir

and Pistaferri (2010) estimated a permanent income shock with a standard deviation of 0.10 plus

a temporary income shock with a standard deviation of 0.09. Therefore the standard deviation of

the wage shock estimated with Chilean data is comparable to the ones estimated for the USA.

Finally, Table 3 reports the annual growth rate of log-income (in real terms) across different

types of workers in the Chilean population and different years from the 1990-2012 period. Real

log-income growth (gt|x) has a range from as low as 2.3% (percentile 10) to a median value of 3.7%

and a high value of 12.4% (percentile 90). The average real income growth rate in the population

is 5.4%, but note that this value is weighted across the population of workers and does not weigh

their income, therefore it differs substantially from the total income growth rate in the economy. If

some workers of low income experience high income growth rates then it can affect the population

mean substantially (since low income and high income count in the same way), while having little

impact on aggregate labor income or Chilean GDP which weighs workers by their income value.

Table 4 shows how unemployment risk and income risk are correlated. One important question

is if the workers suffering more from unemployment risk are also the ones suffering more from

other risks such as wage volatility. The search theory of unemployment predicts that workers and
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employers terminate a job relationship if the benefits of the job position fall below a certain cut-off

or equivalently if the labor productivity falls below a reservation wage (see for instance, Shimer,

2012). If the search theory is valid, then one would expect that unemployment (ut|x) and separation

rates (λEUt|x ) to be positively correlated to wage volatility (σt|x). This is exactly what is observed

in the Chilean data, with wage volatility having a correlation above 20% with separation and

unemployment rates. Another relevant question is what causes some worker types to experience

high unemployment rates, since unemployment can be caused either by lots of job separations (i.e., a

high λEUt|x ) or long unemployment spells (i.e., a low job finding rate λ
UE
t|x ). Separation and job-finding

rates are positively correlated, which shows that workers more subject to job destruction also find

new employment easily. Also, one observes that the workers with highest risk of unemployment

and job separation are the ones with the lowest income replacement ratio during unemployment

(Rt|x). This finding confirms that the unemployment insurance scheme in Chile does not reward

moral hazard, since workers facing unemployment do not really enjoy high benefits.

Table 4: Correlation of employment and income risk measures

Correlation ut|x λEUt|x λUEt|x Rt|x σt|x gt|x

ut|x 100%

separationt|x 61.8% 100%

jobfindt|x -8.9% 28.8% 100%

Rt|x -21.0% -19.0% -8.5% 100%

σ2t|x 22.3% 20.7% 7.1% -41.6% 100%

gt|x -2.2% 1.5% 5.9% 3.3% -4.1% 100%

Finally, I show how much of the wage dispersion among workers (V ar [yi,t+1 | Ui,t+1 = Ui,t, xi, t])

is represented by wage volatility (σ2t|x). A low value of
σ2
t|x

V ar[yi,t|Ui,t=Ui,t−1,xi,t] denotes a labor market

where workers start with heterogeneous productivities and the volatility of the income paths does

not represent much in the overall lifetime heterogeneity. Table 5 shows how much of the unobserved

wage dispersion across different types of workers is explained by annual wage volatility and shows

this dispersion across different worker types in the population. Wage volatility represents less than

20% of the overall wage dispersion faced by more than 50% of the workers (i.e., the median value in

the population). In fact, even for the workers facing highest wage volatility (i.e., the percentile 90),

their wage shocks explain only 30% of the overall wage dispersion. Therefore Chilean workers have
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significant levels of both initially unobserved wage heterogeneity as well as different wage shocks.

Table 5: Share of new shock σ2t+1|xi in overall wage dispersion, V ar [yi,t+1 | Ui,t+1 = Ui,t, xi, t]

Percentile
σ2t+1|xi = V ar [yi,t+1 | yi,t, Ui,t+1 = Ui,t, xi, t]

V ar [yi,t+1 | Ui,t+1 = Ui,t, xi, t]

10 0.077

25 0.114

50 0.182

75 0.262

90 0.304

Mean 0.191

5.2 Computing the reliability of the estimates

With a large sample of worker observations (Table 1) it is expected that the model estimates

should be fairly precise. Bootstrap standard errors were obtained for all the 540 worker types and

all time periods from 100 sample replicas. Table 6 shows the distribution of standard errors of each

parameter for all time-periods and worker types. Note that since each parameter has heterogeneity

over time and over different types of workers, then there is the possibility that it has a low standard

error for some types of workers while at the same time being imprecise for other types of workers.

In addition I show how these standard errors decrease if the estimation considers less heterogeneity

by using only 90, 30 and 5 types of workers in each time period.

It is worth noting, however, that these standard errors only account for sampling error (i.e., the

estimation error caused by having a finite sample of data) and not for measurement error due to

other sources such as respondents mis-reporting their answers (either deliberately by lowering their

income or unintentionally by misinterpreting the survey question). This mis-reporting error is likely

to be uncorrelated across observations at a given period. However, survey questionnaires change

over time and different questions may have different kinds of mis-reports, which can cause some

noise over different time periods that does not disappear even with large numbers of observations.

Looking at the standard errors estimated for the 540 worker types in all time periods it is easy

to conclude that the median or the mean standard error for all parameters are quite low. However,
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there is a lot of heterogeneity in the standard errors for different types and for the percentile 90

of most uncertain parameters the standard errors are sizeable. Therefore there is a lot of noise

if one analyzes some particular worker type with a small number of observations in each time

period. However, Table 6 also shows that aggregating across different worker types is helpful and

the standard errors for the most uncertain parameters (those in the percentile 90 or above) fall

by about a half if one considers only 90 worker types. Therefore an analysis with only 90 worker

types should be fairly accurate for even the worker types with the smallest number of observations.

The analysis also shows that if one considers only 5 worker types (i.e., workers sorted across their

income quintile), then the standard errors are negligible for all parameters.

Table 6: Standard error estimates of the parameters (100 bootstrap replicas)

Variable ut|x λEUt|x λUEt|x Rt|x σt|x gt|x ut|x λEUt|x λUEt|x Rt|x σt|x gt|x

x = {t, Area, Industry, Education, Age, x = {t, Education, Age,

Sex, Income-Quintile}. 540 worker types. Sex, Income-Quintile}. 90 worker types.

Mean .018 .009 .046 .065 .014 .0026 .010 .005 .026 .036 .009 .0015

Percentile 10 .003 .0005 .008 .019 .002 .0002 .004 .001 .011 .013 .004 .0002

Percentile 25 .007 .003 .020 .029 .007 .0004 .005 .002 .017 .018 .006 .0002

Percentile 50 .014 .006 .039 .048 .012 .0008 .008 .004 .023 .033 .008 .0005

Percentile 75 .023 .012 .062 .090 .019 .0022 .012 .006 .032 .048 .012 .0013

Percentile 90 .037 .019 .091 .141 .029 .0056 .018 .009 .043 .067 .016 .0031

x = {t, Age, Sex, Income-Quintile}. x = {t, Income-Quintile}

30 worker types. 5 worker types.

Mean .008 .004 .023 .030 .008 .0011 .004 .002 .012 .018 .005 .0006

Percentile 10 .004 .001 .011 .011 .004 .0002 .002 .001 .007 .006 .003 .0002

Percentile 25 .005 .002 .015 .016 .005 .0002 .003 .002 .009 .009 .003 .0002

Percentile 50 .007 .003 .021 .022 .007 .0004 .004 .002 .011 .012 .004 .0003

Percentile 75 .010 .005 .027 .043 .010 .0009 .005 .003 .014 .027 .005 .0006

Percentile 90 .014 .007 .036 .057 .013 .0027 .006 .003 .018 .034 .009 .0015

Another kind of uncertainty is the use of more moments than strictly necessary for estimating

the earnings dynamics model. As explained in the previous section, the 6 parameters of the earnings

and employment dynamics can be estimated purely from the panel data sample moments. However,
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I also use additional cross-sectional moments of earnings which give information on income growth,

the earnings loss of unemployed relative to similar employed workers, and even the volatility of

wage shocks (which can be inferred from changes in the wage dispersion between years). These

additional cross-sectional moments add information which can reduce the uncertainty of estimates,

but can also cause unintended sources of bias in case the assumptions of the model are incorrect and

therefore the additional moments provide invalid information. Table 7 presents the correlation of

the parameter estimates that use only the necessary 6 panel data moments and the estimates using

the complete set of 12 data moments (6 panel data and 6 cross-sectional data moments) across the

540 different worker types and all available time periods (92 quarters or 23 years). All parameters

show a high correlation with the parameters estimated purely from the panel data sample. For

the case of the unemployment rate (ut|x), the replacement ratio of income (Rt|x) and the earnings

growth rate of each worker type (gt|x), the estimates using the additional parameters are almost

the same as the ones obtained purely from the panel data. For the employment transitions and

wage volatility there are more changes after one uses the additional cross-sectional parameters to

reduce estimation uncertainty, but the correlation of the estimates across time periods and different

workers is still above 60%. Therefore the data analysis appears to be robust to whether one uses a

small set of identifying moments versus a larger set of moments.

Table 7: Correlation of estimates using 6 and 12 moments

ut|xi λEUt|xi λUEt|xi Rt|xi σt|xi gt|xi

85.2% 77.7% 60.6% 96.3% 62.2% 97.1%

5.3 Employment transitions in the population and over time

This section summarizes the empirical evidence on the heterogeneity and time changes for each

parameter of the dynamic earnings model in two graphs: i) the probability density function of the

different values of each parameter across different worker types (x) and time (t), and ii) how the

mean parameters of workers of different income quintiles have changed over the last 23 years, with

the first quintile, Q1, corresponding to the workers with the 20% lowest income and Q5 denoting the

highest income level. For simplicity the two top quintiles are shown together, with Q4-Q5 denoting

their mean. The probability density functions for each variable are estimated non-parametrically
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using a kernel estimator with data on all groups and time periods, p̂(x) =

∑T

t=1

∑Nt
i=1

fi,tK(
xi,t − x
h

)

h
∑T

t=1

∑Nt
i=1

fi,t
,

where K() is chosen to be the Epanechnikov function and the bandwidth h =
0.9IQR(xi,t)
(TNt)0.2

. This

choice is asymptotically consistent and minimizes the sample mean square error (Pagan and Ullah,

1999). All density functions account for the population weights of the observations, fi,t.

Figures 1, 2 and 3 show the heterogeneity and quarterly time series for the unemployment

(ut|x), separation (λ
EU
t|x ) and the job finding (λ

UE
t|x ) rates, respectively. The population mode of the

unemployment and separation rates is around 1% to 2%, which can be explained by a significant

number of workers being protected by job contracts. However, these parameters have a long tail

and there are a significant proportion of workers with unemployment rates between 2% and 10%

and separation rates between 2% and 6%. Figure 1 shows that unemployment rates were low for

all income quintiles until Chile started being affected by the Asian crisis in 1998.

Figure 1: Probability density function of the Unemployment Rates in the population and

Quarterly time series of the Unemployment rate by Income Quintile (1990-2012)
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Unemployment rates remained high until 2003 when the economic expansion lowered unemployment

for all groups. After a brief increase in unemployment during the international financial crisis in

2008, the recent years saw unemployment drop for all groups except the lowest income quintile.

Separation rates (Figure 2) show a less clear cyclical pattern, although there are strong increases
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in 1995, 1998 to 2001, and again in 2008 and 2009. There is a clear monotonicity between workers’

income and unemployment risk, with the lowest income quintiles experiencing higher unemployment

and separation rates all over the business cycle. However, there is also a strong common component

to booms and downturns which affects all groups.

Figure 2: Probability density function of the Separation Rates in the population and Quarterly

time series of the Separation Rate by Income Quintile (1990-2012)
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The job-finding rate has a population mode around 35% to 45%, but a significant number of

workers have job-finding rates well above 50% which implies their unemployment spells last only one

or two quarters. Workers of low income have a higher job-finding rate and therefore face shorter

unemployment spells, which can be explained if workers of low income and education have less

specific human capital and can be more easily matched to employers. In the early 90s the Chilean

labor market was even more fluid than now and job-finding rates reached as high as 70% to 80%

for all income groups up until 1996. However, job-finding rates declined a lot with the Asian crisis

in 1998 and 1999 and never recovered their previous levels. Therefore Chile suffered not just a

cyclical downturn in 1998, but also a structural change in the labor market with both job creation

and destruction becoming less fluid than in the early 90s. The economic expansion in Chile after

2010 was expressed in terms of higher job finding rates, while the separation rates remained stable.

Employment transitions also have significant seasonal changes between the quarters of a given year.
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Figure 3: Probability density function of the Job-Finding Rates in the population and Quarterly

time series of the Job-Finding Rate by Income Quintile (1990-2012)
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5.4 The time varying Income Shocks

Figures 4, 5 and 6 summarize the empirical evidence of heterogeneity and the yearly time series

for the mean log-income growth (gt|x), the standard deviation of wage shocks (σ2t|x), and the

replacement ratio of income during unemployment (Rt|x), respectively. Figure 4 shows that the

modal growth rate of real log-income is positive but close to 0%, which is to be expected for many

occupations and during periods of slow growth. However, a significant proportion of workers benefit

from yearly income growth between 2% and 10%. The proportion of workers actually suffering real

income drops or with income growth above 15% is clearly negligible. The workers in quintiles 2 to

5 had a steady income growth over the last 23 years, but the lowest income quintile has a more

volatile income growth rate with bigger expansions and sharp downturns, perhaps because several

workers of low income have temporary and more flexible labor contracts. The time series estimates

show negative real wage growth during the recessions in 1998 and again in 2008. However, the

series is noisy and there are periods of negative wage growth during economic expansions, perhaps

because the survey occasionally changes its questionnaire and also its sample coverage over time.

Another possible explanation for why real wages could drop in some expansionary periods could
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be if workers of low productivity are more likely to join the labor force and therefore reduce the

overall wages (even if the wages for the more attached labor force members are actually growing).

Figure 4: Probability density function of the Mean-Log Income Growth Rates in the population

and Yearly time series of the Real Log-Income Growth by Income Quintile (1990-2012)

0
5

10
15

20
25

pd
f d

en
si

ty

.15 .1 .05 0 .05 .1 .15 .2
Mean logincome growth

.2
0

.2
.4

.6

1990 1993 1996 1999 2002 2005 2008 2011

Q1 Q2
Q3 Q45

Figure 5: Probability density function of the Standard-deviation of Wage Shocks in the population

and Yearly Time series of the Standard-deviation of the Wage Shock by Income Quintile (1990-2012)
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The population mode for the standard deviation of wage shocks is only 5%, which shows

that a significant portion of workers may have contracts with fixed wages. However, a significant

percentage of workers have an annual wage volatility of 10% to 35%. Curiously, it is the middle

class of workers - the income quintiles 2 and 3 - that have the lowest annual wage volatility and

this happens in all periods over the last 23 years. The workers in the top income quintile have a bit

more wage volatility than the middle class, but their wage volatility is below 20% in most years,

while the lowest income quintile has an annual wage volatility around 30% to 40%. Estimates of

the standard deviation of wage shocks for other countries are around 30% to 32% for the United

States, 27% to 34% for Germany, and 22% for Spain (see Table 7A in Krueger, Perri, Pistaferri and

Violante, 2010). Therefore, except for the lowest income quintile, Chilean workers seem to have

lower levels of wage volatility relative to their counterparts in developed economies.

Figure 5 also shows that the standard deviation of wage shocks increased during the recessions

of 1998 and 2009 for all groups, especially for the lowest income quintile. However, it is not clear

that wage volatility is countercyclical. The years of 2004 and 2005 saw high real GDP growth rates

in Chile and yet this economic expansion coincided with the period of highest wage volatility for

the workers of all quintiles (Figure 5). Perhaps wage volatility is associated with both recessions

and expansions, since these are periods where the quality of the job matches change and firms could

implement more restructuring. It is worth noting that international research on earnings dynamics

has not studied how idiosyncratic income volatility fluctuates over the business cycle (Krueger,

Perri, Pistaferri and Violante, 2010), therefore it would be interesting to know if the higher wage

volatility during both economic recessions and expansions is also observed in other countries.

Most workers have a replacement ratio of income during unemployment around 30% to 40%.

However, the replacement ratio is quite different across income quintiles, with workers in the

lowest income quintile having a replacement ratio below 10% while workers in the quintile 2 have

replacement ratios close to 40% and the top 3 to 5 income quintiles have replacement ratios around

30%. Therefore the workers in the lowest income quintile have both higher unemployment rates,

higher wage risk and lower replacement ratios of income during unemployment. However, one

can observe that the replacement ratio for the lowest income quintile increased after 2002, which

could be caused by the legislation implemented that year with the goal of enlarging the coverage of

unemployment insurance and increasing its benefits (Superintendency of Pensions of Chile, 2010).
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Figure 6: Probability density function of the Replacement Ratio of Income in the population

and Yearly time series of the Replacement Ratio of Income by Income Quintile (1990-2012)
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5.5 Log-Income Variance Decomposition

Finally, I report the graphical evidence on the heterogeneity and time changes of the importance

of employment transitions in the overall income variance. Figures 7 and 8 summarize the empirical

evidence of heterogeneity and time changes for the standard deviation of total income (V ar(yi,t+1−

yi,t− gt+1|x)) and the share of employment transitions in total income shocks (θt+1|x), respectively.

The overall standard deviation of earnings - that is, a measure who counts both wage shocks and

earnings fluctuations caused by transitions into and out of unemployment - is around 15% to 45%

for most workers. Workers in the income quintiles 2 to 5 have a standard deviation of earnings

around 25% to 40%. However, the lowest income quintile suffers fluctuations in income far above

the rest of the population with a standard deviation of log-earnings above 85% in most years.

Employment transitions represent 45% to 95% of the earnings variance for most workers,

although for some worker types this share can be as low as 15%. For middle class workers (quintiles

2 and 3) unemployment transitions represent 75% to 85% of the wage variance, while in the lowest

and highest income quintiles this share is around 45% to 65%. The time series of the share of
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the income variance explained by employment transitions is counter-cyclical and it increased for

workers of all income groups during the downturns of 1998 to 2003 and again from 2008 to 2009.

Figure 7: Probability density function of Standard-deviation of Total Income in the population

and Yearly Time series of Standard-deviation of Total Income by Income Quintile (1990-2012)
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Figure 8: Probability density function of Share of Employment Transitions in Total Income

Shocks in the population and Yearly Time series by Income Quintile (1990-2012)
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6 Conclusions

The research agenda in terms of how life-cycle income and income shocks affect economic decisions

such as consumption, saving and retirement is quite large (Attanasio and Weber, 2010), but it

is still mostly limited to developed economies who benefit of panel datasets of households and

working individuals. This paper shows it is possible to estimate a large range of statistics on

income dynamics and volatility by using matched observations from cross-sectional employment

and income surveys which have rotating samples. These surveys are available in many countries

and can be used to build effective panel datasets with a large number of individuals (large N), but

a short time sample (small T ). Therefore research on income dynamics in developing countries can

stretch the data analysis a lot forward and I present one such example with Chilean data.

After building a series of short T panels with income and employment information in Chile at

a quarterly frequency for the years 1990 to 2012 (92 quarters), I estimate a rich income dynamics

model that considers three sources of fluctuations: i) the quarterly transitions into and out of

unemployment, ii) the severity of the income loss during the unemployment spell, and iii) a

continuous wage shock that is experienced by employed workers even if they do not change their

employment status. I then show that the model’s parameters can be estimated from the available

sample with a strong degree of statistical precision even if one considers a large degree of workers’

heterogeneity. In particular, one can separate the sample into different worker types based on their

characteristics of sex, age, education, industry and income quintile, and still get reliable estimates

for the time varying model parameters for a large proportion of the worker types. For simplicity the

model ignores hours worked, but further research could study how much of the earnings volatility

is due to fluctuations in hours and how flexible hours are over the business cycle.

Job separations across worker types are highly correlated with wage volatility, which is evidence

that a substantial proportion of separations are effi cient. The idiosyncratic wage volatility of

employed workers and the income variance due to flows into and out of unemployment are both

high, but the share of volatility caused by unemployment increases much more during recessions.

Evaluations of the welfare costs of recessions (De Santis, 2007) must therefore account for worker

heterogeneity, since it matters who suffers the increases in unemployment. Further research should

study if Chilean households can adequately use the financial system to smooth earnings shocks.
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