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Abstract

Idiosyncratic labor incomes are typically modeled either by stochastic processes
featuring heterogeneous income profiles (HIP) or restricted income profiles (RIP). The
HIP assumes that individual labor income grows deterministically at an unobserved
rate and contains a persistent but stationary component, while the RIP assumes that
income contains a random walk, a stationary component, and no unobserved deter-
ministic growth-rate component. I show that if idiosyncratic labor income contains
a persistent component, a deterministic household-specific trend, and a random walk
component, then all of the components can be identified in small unbalanced pan-
els. Using data on idiosyncratic labor income growth from the Panel Study of Income
Dynamics, I find that the estimated variance of deterministic income growth is zero,
i.e., the HIP model can be rejected. The RIP model with a permanent component
cannot be rejected. This result is important for an appropriate choice of modeling
the heterogeneity in individual incomes and calibrating/estimating macro models with
incomplete insurance markets and heterogeneous agents.
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1 Introduction

Individuals and households face substantial amounts of idiosyncratic labor market risk. Lay-
offs, health shocks, bonuses, promotions, demotions, and time-varying returns to the indi-
vidual skills valued by labor market contribute towards fluctuating individual labor incomes.
If credit and insurance markets are not functioning perfectly, idiosyncratic labor income risk
will affect individual and aggregate welfare.

Two different approaches to modeling individual and household labor income risks cur-
rently stand out. The first approach, with a long-standing tradition, models each individ-
ual’s income growing at the individual-specific, deterministic rate, with the level of income
affected by a stochastic component with moderate persistence. Since each individual’s la-
bor income profile, even in the absence of shocks, is unique, I label this model, following
Guvenen (2009), the “Heterogeneous Income Profiles” (HIP) model. The second approach
models idiosyncratic labor income as the sum of a permanent random walk component, the
shocks to which persist for the entire working lifetime of an individual, and a mean-reverting
stationary component, the shocks to which die out quickly. Since this model abstracts from
the deterministic growth-rate heterogeneity, I label it the “Restricted Income Profiles” (RIP)
model. Even though variants of the RIP are currently a preferred choice in macro models,
there is no consensus in the labor income processes literature on which income model best

«

fits the earnings data. As Guvenen (2007) concludes: . it is fair to say that this literature

has not produced an unequivocal verdict.” This paper is a step towards finding a verdict in
favor of the RIP model.

I start with a general income model that encompasses the RIP and HIP models. I then
conduct a Monte Carlo study on small unbalanced panels to explore identification of dif-
ferent income processes found in the literature, obtained when certain restrictions on this
general process are imposed. Importantly, the samples utilized in the Monte Carlo analysis
replicate my empirical sample from the Panel Study of Income Dynamics (PSID), the data
set typically used in the literature, in terms of the number of individuals, the number of
person-year observations, and the cross-sectional distribution of age by year. I find that

if the true income process is the RIP with a permanent random walk component and an



econometrician estimates the misspecified HIP model instead, he will typically find statisti-
cally significant amounts of the growth-rate heterogeneity, of magnitudes comparable with
those in the literature. The results of a Monte Carlo study confirm that the parameters of
the general income process, composed of a deterministic growth rate, a permanent random
walk, and transitory components, should be precisely recovered using the autocovariance
moments of income growth rates. This contrasts with the concern raised recently (see Gu-
venen (2009)) that the autocovariance moments of income growth rates are not informative
enough for identifying the growth-rate heterogeneity in small samples.t

I then proceed by estimating the model utilizing labor income data for male household
heads from the PSID. I find that the estimate of the variance of the deterministic growth-
rate component is zero, while the variance of the shock to the random walk component is
significant and substantial. Hence, the data utilized in this paper favor the RIP model with
a permanent random walk component and a mean-reverting persistent process. I also show,
for a PSID-sample comprising the same individuals, that the estimated growth-rate hetero-
geneity falls if the time dimension of the sample is increased. This pattern is inconsistent
with the HIP, as the distribution of the growth-rate heterogeneity should be the same for
a fixed cross-section of individuals, regardless of the time dimension of the sample. This
pattern, however, is expected if the true model contains a random walk component and an
econometrician estimates the misspecified HIP.

The results of this paper are important as they contribute to understanding a number
of issues. They speak to the economists’ choices for modeling of household consumption,
savings, and wealth. If the correct model for idiosyncratic labor income is the HIP, one needs
to model individuals sequentially learning about their own labor income profiles to jointly fit
the features of consumption and income data. Guvenen (2007) is an example of such a model
that explains the profile of consumption inequality observed in U.S. micro data and the co-

movement of the life-cycle profiles of earnings and consumption for households with different

T elaborate on this point in Section 2.2.2. Briefly, the concern is about imprecision of higher-order
autocovariances of income growth rates in small samples used to evaluate the hypothesis of the absence
of growth-rate heterogeneity in idiosyncratic earnings. In my Monte-Carlo samples, the higher-order au-
tocovariances of growth rates are indeed imprecise; however, the minimum-distance procedure utilizing all
autocovariance moments recovers precise estimates of the growth-rate heterogeneity in small samples if the
income process contains deterministic growth-rate heterogeneity.



levels of schooling. If a substantial variation in incomes is due to permanent and persistent
shocks, as is found in this paper, an appropriate model for household choices of consumption,
savings, and wealth is an incomplete markets model with uninsurable persistent and/or
permanent shocks. Castaneda, Diaz-Giménez, and Rios-Rull (2003), utilizing such a model,
explain the U.S. wealth and earnings inequality; Scholz, Seshadri, and Khitatrakun (2006)
explain more than 80% of the 1992 cross-sectional variation of household wealth observed in
data from the Health and Retirement Study. Krebs (2003) is an example of a model where
permanent idiosyncratic risk, absent in the estimations of the HIP processes but found to be
substantial in this and some other papers,? reduces economic growth and individual welfare.
De Santis (2007) develops a model where log-individual consumption is a random walk due
to permanent uninsurable idiosyncratic income shocks and shows that such a model can
potentially produce large welfare gains from eliminating business cycles.

Further, the idiosyncratic labor income process, best fitting the data utilized in this
paper, places restrictions on the models attempting to endogenize labor incomes. A fruitful
starting point can be the model in Krebs (2003), where, in equilibrium, permanent shocks
to individual human capital translate into permanent shocks to individual labor incomes.

From a policy perspective, it also matters whether the true income process is the HIP
or RIP. If an objective of the policymaker is to reduce consumption inequality and the true
idiosyncratic income process is the HIP with a stochastic component of moderate persistence,
the policymaker may want to implement policies that subsidize human capital investments
by disadvantaged; self-insurance will be a sufficient shield against the shocks of moderate
persistence. If, however, the true income process is the RIP with substantial permanent
shocks, an appropriate policy, in addition to the above-mentioned, is to educate the public
about risk-sharing instruments provided by credit institutions, stock, and insurance markets.

The paper is also related to recent research that focuses on estimation of the growth-
rate heterogeneity and the persistence of the shocks to household incomes using data on
consumption and income, along with a model of household choices of consumption under
incomplete insurance markets (see Guvenen and Smith (2008)). There is a certain advantage

of using just income moments to extract that information from the data as this approach

2See, e.g., Carroll and Samwick (1997), Meghir and Pistaferri (2004), and Moffitt and Gottschalk (1995).



does not require assumptions on the information households have about the shocks or their
unique growth rates, as well as the insurance markets against those shocks.

The rest of the paper is structured as follows. In Section 2, I present a small-sample
Monte Carlo study of income processes found in the literature and introduce the HIP and
RIP models. I estimate income processes on simulated data, and also discuss identification
of the models containing a random walk and deterministic growth-rate components when
data used for estimation are in first differences. In Section 3, I first describe the empirical

data I use and then present the empirical results. Section 4 concludes.

2 A Monte Carlo Study

In this section, I present the income processes estimated in the literature and perform a
Monte Carlo study to explore identification of those income processes in small unbalanced
panels.

Let the true income process be:

Yit = oG + Bihir + it + Tit + Ui me (1)
Pit = Pit—1 + & (2)
Tir = 0(L)ex, ®)

where y;; is the idiosyncratic log-income of individual ¢ with h years of (potential) labor
market experience at time ¢ (alternatively, h; may denote individual i’s age at time t);®
0; is individual 7’s growth rate of income; «; is individual ¢’s initial level of income; p;; is
the permanent stochastic component of income; &;; is a mean-zero shock to the permanent
component; 7;; is the transitory stochastic component of income; €;; is a mean-zero shock to
the transitory component; w; . is a mean-zero measurement error; L is the lag operator so

that L*r, = x4, Vk = 0,£1,42,...; and §(L) is a moving average polynomial in L.

3Tt matters little if h;; stands for potential experience or age; the two are highly correlated in the data
and increase by one year annually. My empirical sample comprises heads of household of ages 25-64; in the
Monte Carlo simulations, I assume that households enter the labor market at age 24 and accumulate one
year of experience when they turn 25. Thus, h;y = 1 if individual i’s age at time ¢ is 25, or if his potential
experience is one year.



The income process outlined in equations (1)—(3) encompasses most of the income pro-
cesses estimated in the literature.* Hause (1980), Lillard and Weiss (1979), and more recently
Guvenen (2009) estimate the income process that is driven by “deterministic effects,” a; and
B;; an AR(1) transitory component affected each period by the transitory shock, €;; and mea-
surement error, w; .. 1 label this process the HIP.> Meghir and Pistaferri (2004), Carroll
(1992), and Carroll and Samwick (1997) are examples of the studies that assume the pres-
ence of a random walk and transitory components in idiosyncratic income but assume away
(or present some evidence against) the deterministic idiosyncratic growth-rate component.

I label this process the RIP.

2.1 Simulation Details

My ultimate goal is to determine whether the process containing random walk, transitory
and deterministic components can be identified empirically in small samples. To this end,
I conduct a Monte Carlo study. I simulate data for a number of individuals “observed” for
at most 30 periods using the data generating process of equations (1)—(3). I purposefully do
not create a balanced panel data set—to mimic the patterns of the PSID data, which I will
later use in empirical analysis. The PSID may contain at most 30 consecutive records on
income for each head of household (from the 1968-1997 waves), but, since many heads first
enter the labor market and the survey in different years and because of attrition and non-

response, they contribute one or more observations on labor income.® In each Monte-Carlo

4Most of the studies in the literature, to account for time-varying variances and covariances, allow for
time-varying variances of stochastic (transitory and, if present, permanent) disturbances. This is the strategy
I adopt in Section 3.2.

°Note that even though, say, Guvenen (2009) does not model the permanent stochastic component of
income explicitly, he allows a root of the autoregressive representation of 7;; to be one. The studies not
modeling the permanent component explicitly find that the largest root of the stochastic component is below
unity. They interpret this as the absence of the random walk component in idiosyncratic labor income, i.e.,
as if p;; = 0 for all ¢.

6The Monte Carlo design assumes that attrition is not related to the permanent or transitory shocks,
and idiosyncratic growth rates. Fitzgerald, Gottschalk, and Moffitt (1998), using data from the PSID, found
that attrition does not affect substantially the coefficients in a regression of log-labor income for male heads
on a set of observable variables such as age, the square of age, and education, used to extract idiosyncratic
incomes. Moreover, while they found that attrition is affected by the volatility of individual incomes and
income drops, the effects were small so that they concluded that “attrition is mostly noise,” unlikely to affect
studies using dynamic measures as outcomes. Meghir and Pistaferri (2004) didn’t find a significant effect of
attrition on their estimates of the ARCH effects in conditional variances of permanent and transitory shocks;
Lillard and Panis (1998), also using data from the PSID, found no evidence of selective attrition for white



run, I replicate the PSID-sample I use in my empirical analysis in terms of the number of
individuals, the number of person-year observations, and the cross-sectional distribution of
age at each time.

The details of simulations are as follows. I assume that a; and [3; are mean-zero, possibly
correlated normally distributed fixed effects, the head is endowed with when he enters the
labor market. I further assume that &; is an i.i.d. mean-zero shock to the permanent
component of income normally distributed with the variance equal to ag; €ir ~ 11dN(0, 0?);
Uit me ~ UAN (0,057,%); and 7;; is a moving average process of order 1, an autoregressive
process of order 1, or an ARMA(1,1) process. I use these particular representations of
the transitory component of earnings for the following reasons. First, RIP studies, such
as Abowd and Card (1989) and Meghir and Pistaferri (2004), find that the growth rate in
male earnings can be represented by a moving average process of order 2, suggesting that
the transitory component is a moving average process of order 1. Second, HIP studies,
such as Lillard and Weiss (1979) and Guvenen (2009), model the transitory component as
an autoregressive process of order 1. The estimated AR(1) process is easy to deal with in
computational models featuring incomplete insurance markets and agents with uninsurable
earnings risk, as argued in Guvenen (2009). Third, a moving average process of order 1
with the moving average parameter of a small magnitude is hard to distinguish from an
autoregressive process of order 1.” Finally, an ARMA(1,1) transitory process encompasses
the autocovariance structure of pure AR(1) and MA(1) processes and have been used, for
example, in Baker (1997) and Haider (2001).

In the first year of a simulated data set, I observe a cross section of households whose
heads’ age ranges from one to 40 years, 50 of each type.® In my initial samples, heads with
one year of experience (of age 25) in the first sample year contribute 30 observations towards

the final sample, while heads with 40 years of experience (of age 64) are observed in the

males based on their permanent unobserved components of income. Guided by these considerations, in my
Monte Carlo simulations, I assume that attrition is random.

"If the true transitory process is 7;; = (1 + 6L)e;, it can be represented by an infinite order autore-
gressive process, Tyt = 0Tj—1 — 0°Ti—o + 037i—3 — ... + €, and approximated by 7i; = 07i;—1 + Vi, Where
Vi = —02Ty_o + 03743 — ... + €;r. Galbraith and Zinde-Walsh (1994) show that low-order autoregressive
approximations of an MA(1) process—of order 1 up to order 3—with a moving average parameter of 0.5 and
less in absolute value perform the best in terms of minimizing the mean squared error.

8This corresponds to ages 25-64 in the empirical analysis below.



first year only. In the second year, since all of the heads have one more year of experience
and those with 40 years of experience exit the sample, I add 50 households whose heads
just enter the labor market and have only one year of experience. I repeat these steps until
I simulate a data set with the time dimension of 30 years and the same distribution of
age in all years. Further, following the literature, I keep information for those simulated
individuals who contribute at least 9 consecutive observations on incomes towards the final
sample.” In my empirical sample, I observe the age at which each male head first enters the
sample and the number of observations he contributes towards the final sample. I further
restrict my Monte Carlo samples, replicating the number of individuals (1,916), the number
of person-year observations (29,753), and the age distribution in each year as observed in
my PSID-sample.

For each estimated income model, I report the results based on 100 simulated samples.
The models are identified by fitting the theoretical autocovariances to the autocovariances in
the simulated data. Estimation is performed using the minimum distance method, with the
identity weighting matrix.!® T now turn to estimation results for different simulated income

processes.

2.2 Identification and Results from Simulated Data

In this section, I present estimation results on simulated data transformed into first differ-
ences. I first discuss identification of the processes containing a random walk component,
a transitory component, a deterministic growth-rate component, and measurement error. I
present a set of autocovariance moments that can be used to recover the model parame-
ters in large samples. The autocovariance function for the data in first differences can be
used to identify the growth-rate heterogeneity and random walk components, if both are
present in the data. Permanent shocks will contribute only to the diagonal elements of the

autocovariance function, i.e., the variances, while the growth-rate heterogeneity will con-

9The requirement of having estimation samples with long (and often consecutive) spells of income obser-
vations adopted in the literature is not necessary for identification of income processes. I use this requirement
to be consistent with other studies in the literature such as Meghir and Pistaferri (2004) and Guvenen (2009).

10 Altonji and Segal (1996) showed that an identity weighting matrix is the best choice for weighting the
moments while estimating models of autocovariance structures on micro data with small samples. Most of
the papers in the literature, guided by this result, utilize this weighting matrix.



tribute, in addition, towards all the off-diagonal elements of the autocovariance function.

This information can be used to identify all the components as is shown in detail below.!!

2.2.1 Identification

In this section, I provide the intuition behind identification of income processes that contain
individual-specific growth rates, a permanent random walk and mean-reverting transitory
components when the data used for estimation are in first differences. In the next section,
I show that identification carries over to small unbalanced panels using the minimum dis-
tance method, which utilizes all the available information in the autocovariance structure of
the data. I present identification for income processes with transitory components modeled
as an AR(1) or MA(1) processes. As mentioned above, those are the transitory processes
commonly used in the HIP and RIP studies. Identification can be achieved for the income
processes with a more general class of transitory components modeled as ARMA (p,q) pro-

cesses.
Encompassing model

In first differences, the process (1)—(3) is:

Ay = Bi + &t + 0(L) A€ + Aty e, (4)

where A =1 — L.
First, assume that the transitory component is a moving average process of order 1, i.e.,

7 = (1 4+ 0L)e;.'* The theoretical autocovariance moments, v, = E [Ay;:Ayit_x), of this

Tn real data, the results of estimations based on moments in levels may be affected by the chosen model of
initial conditions. Estimations in first differences are not likely to depend on initial conditions as emphasized,
for example, in Meghir and Pistaferri (2004).

12 Absent the growth-rate heterogeneity, the income process in first differences is a moving average process
of order 2. This is consistent with the results in Abowd and Card (1989) and Meghir and Pistaferri (2004).



process are:

Yo =0z +05+(1+(1—0)+6%)02+20,,. (5)
n=05—(0—1)7%7 — 0y (6)
V2 =05 — bo? (7)
Ve =05, k=>3. (8)

T(T+1)

The empirical variance-covariance matrix contains —=

unique moments. The variance

of deterministic growth, aé, can be identified from the following vector of moments:

E[Ayalyi] = o051, k=3,... . T—t, t=1,... Tk (9)
where 1 is a vector of ones of the row dimension —(ng)Z(Tﬂ) . Empirical analogs of the moments
Y0, 71, and Yo can be further used to identify the other four parameters: o2, ag, J?L,mw and

0. The variance of permanent shocks is uniquely identified; to identify the variances of
transitory shocks and the moving average coefficient, however, one needs to restrict the
variance of measurement error. In particular, the variance of permanent shocks can be
identified from the following moment:

j=2

Ay Z Ayit+j

j=—2

~2 ~2

where 67 is estimated using (9).
If 7t = (1 — L) tey, i.e., the transitory component is an AR(1) process, the theoretical

autocovariance moments of the income process in first differences are:

2
_ 2 2 2 2
Yo =0 + 05+ T ¢06 + 20 me (10)
1-¢
_ 2 2 2
M= O-ﬁ - 1 _+_¢O-e - Uu,me (11)
l1-9¢
2 k—1 2
=05 — S — k> 2. 12
Tk 0-/8 ¢ 1+¢O-e7 - ( )

Intuitively, a% should be identified from higher-order autocovariances—when the con-



tribution of the transitory component towards the autocovariances approaches zero. In
particular, the parameters for the transitory process can be identified using the following set
of moments: ¢ = %, k>3 62 = %, k > 3, where 4% = F [AyiAyir_)-
The variance of growth-rate heterogeneity, aé, can be then identified from the set of mo-
ments (12). Empirical analogs of the first two moments, o and 77, can be further used to
uniquely identify the remaining model parameters—the variance of permanent shocks and
the variance of measurement error.

If individual incomes contain transitory components modeled as an autoregressive moving
average process, identification of the model parameters will be similar to identification of the
processes containing moving average and autoregressive processes. In particular, the variance
of measurement error, and the moving average parameter are not separately identified.

Summarizing, if the income process contains individual-specific growth rates and inter-
cepts, a permanent random walk component, a mean-reverting transitory component, and
measurement error, one can identify the variance of permanent shocks and the variance of
the deterministic growth-rate heterogeneity using large-sample data. It is not clear, how-
ever, if the model parameters can be recovered using small-sample data. For this purpose I

conduct Monte-Carlo experiments, the results of which are discussed in Section 2.2.2.
Misspecified HIP

What if the true variance of the growth-rate heterogeneity is zero and the income process
contains a random walk component but an econometrician estimates the HIP model instead?

In a time series context, the asymptotic variance of the scaled mean of a mean-zero

T 2 00
1
stationary process, 7lim E ﬁ ZAyt , will be equal to Z ~(k), or the sum of the
> t=1

k=—o00
variance and twice the sum of the non-zero autocovariances if the autocovariances are ab-

solutely summable.!® The moment succinctly summarizes all the information contained in

the autocovariance structure of the data. For the income model in equation (4) with Jg =0

13See, e.g., Hamilton (1994) Chapter 7 for a proof. This moment identifies the long-run variance of {Ay;}.
In the context of longitudinal data, v will be zero for k¥ > min{T — 1, H — 1}, where H is the maximum
age at which an individual can be observed in the data set and T is the time dimension of the data set.
In the following, I will assume that H > T'; this assumption is satisfied in the PSID data I will use, where
h=1,...,H =40 (h = 1 corresponds to age 25 ahd h = H corresponds to age 64), and T" = 30 (years
1968-1997).

10



and the transitory component modeled as an MA(1), the asymptotic variance of the (scaled)

sample mean is:'*

2
lim F

T—o0

= 0. (13)

1 T
_ZA%
VT t=1

The empirical analog of equation (13), for a covariance-stationary process, can be esti-
mated from longitudinal data as 7 [Ty + 2(T — 1)1 + 2(T — 2)7] = 03+2 [02(1 4 6%) + 02,,..]-
The estimated moment will be closer to ag for a larger time dimension of the data, 7. If,
however, the random walk is ignored in estimation, the theoretical autocovariance function is
non-zero beyond order 2 and is equal to ag. The moment in equation (13) will be estimated
as [Ty +2T —D)m+2(T—2)v2+...+2yp1]) = 703[T+2(T - 1) +2(T - 2)+ ... +4+

2 52 and 0 will differ

2] + 2[62(1+ 62) + 62,,.] = T6% + 2[62(1 + 0°) + 62,,.], where 62, 62 .,
from their true values.

The moment estimated in the data, generated by a model that contains a random walk
and no growth-rate heterogeneity, should be replicated by the true and misspecified models.
Equating the two moments, it follows that if the true data generating process consists of
a random walk, a persistent moving average component, and measurement error, and an

econometrician estimates the (misspecified) HIP instead, the variance of the deterministic

growth component will be approximately equal to:
o2 (14)

Major micro data sets in the U.S. have no more than 30 years of consecutive observations
on individual labor incomes. Thus, if the true variance of permanent shocks equals 0.02 and
T + 1 = 30, the variance of the deterministic growth will be estimated at about 0.0007—
within the bounds of the typical estimates of the HIP in the literature.

The same logic holds if the transitory stochastic component of income is an AR(1) pro-
cess. If the true income process is the RIP with a permanent random walk component, the

empirical analog of the moment in equation (13) estimated from longitudinal data is equal to

“Tn a time series context, if the transitory income component is an AR(1) or ARMA(1,1) process, the
moment condition (13) will be the same; it will also identify ag only.

11



T
. 2
10 +2(T =D +2(T =2)y+...+ 29701 = o+ 1+;—;2r—¢§ ¢ O me 1
J:

T u,me

the random walk is 1gn0red and the HIP is estimated instead, the moment will be estimated

asTUﬁnLHi—%LZZQSJ 1T J) ; O me-

Thus, one should expect, for any mean-reverting transitory process, that the estimated
variance of growth-rate heterogeneity is inversely related to the time dimension of the data
set and directly related to the variance of permanent shocks, provided the true income

process contains a random walk component but the estimated process is the (misspecified)

HIP.

2.2.2 Simulation Results

In this section, I present the results of estimations of income processes using small-sample,
simulated data transformed into first differences.

In Table 1, I list the values for the model parameters used in Monte-Carlo experiments.

In Table 2, I estimate the process that contains the individual-specific intercepts and
growth rates, a random walk component, a stationary component modeled as an ARMA(1,1)
process, an AR(1) process or a moving average process of order 1, and measurement error.
The true values of the parameters in the models are: the variance of fixed effects, o2 = 0.03;
the variance of the growth-rate heterogeneity, ag = 0.0004; the variance of permanent shocks,
o¢ = 0.02; the variance of the shocks to the transitory component, o7 = 0.04; the moving
average parameter, § = 0.50 for a model with the transitory component modeled as an MA(1)
process; the autoregressive parameter, ¢ = 0.50 for a model with the transitory component
modeled as an AR(1) process; ¢ = 0.50, # = —0.20 for a model with the transitory component
modeled as an ARMA(1,1) process; and the variance of measurement error, oy, . = 0.02.'?
The chosen values for the true parameters are within the range of the values estimated in

the literature.' An individual with a (deterministic) growth rate one standard deviation

15The results presented below are qualitatively similar when more or less persistent transitory processes
are chosen in simulations.

16The variance of fixed effects may seem low but is comparable to the estimates in Guvenen (2009) and is
inconsequential for the results as my focus is on estimation in first differences. The variance of measurement
error implies, e.g., for the income process with 7;; modeled as an AR(1) process, that 35% of the variation
in observed income growth rates is due to measurement error.

12



TABLE 1: MONTE CARLO SIMULATIONS. THE INCOME PROCESS:
Yit = & + Bihit 4+ i + Tit + Wit me

Distribution Parameter values

HETEROGENEITY: «; + (;hi
a; iidN(0,02) 02=0.03
Bi iidN(0,0%) 02=0.0004

PERMANENT STOCHASTIC COMPONENT: Py
Dit = Dit—1 + &t
i HAN(0,02) 02=0.02

TRANSITORY STOCHASTIC COMPONENT: T
AR(1): Ty = ¢Tir—1 + €it

MA(1): 7 = € + Oeipy

ARMA(1,1): 74 = ¢T—1 + € + Oe;i 1

é 0.50
0 0.50
0 -0.20
€it iidN(0,0?) 0.04

POTENTIAL EXPERIENCE/AGE: hy
higy1 = hy + 1

MEASUREMENT ERROR
Uit me iidN(O,a2 ) 0.02

u,me
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above the mean will have a 2% advantage in income every year relative to an observationally
equivalent individual whose income does not grow. One standard deviation in the permanent
shock translates into a permanent change in income of about 14%, while one standard
deviation in the transitory shock causes income to change by 20% in the current period.
Note that when the transitory process contains a moving average component—columns (1)

and (3)—the variance of measurement error is not identified.

TABLE 2: ESTIMATES OF THE HIP wiTH A RANDOM WALK COMPONENT: SIMULATED DATA.

(1) (2) (3)
Parameters/Trans. comp. ARMA(1,1) AR(1) MA(1)
02=0.0004, 02=0.02 03=0.0004, 02=0.02 03=0.0004, 02=0.02

Heterog. growth, [7% 0.00039 0.0004 0.00039
(0.00018) (0.00016) (0.00012)
Var. perm. shock, 6? 0.02 0.02 0.02
(0.004) (0.003) (0.001)
AR, ¢ 0.455 0.494 —
(0.176) (0.068) —
MA, 6 -0.191 — 0.433
(0.119) — (0.011)
52 0.045 0.04 0.046
(0.005) (0.003) (0.001)
aime 0.015 0.019 0.015
— (0.003) —
Median x?[d.f] 743.37 [430] 744.67 [430] 757.29 [431]
Rejection rate at 1% 100% 100% 100%

Notes: The true income process is: yir = o + Bihit + Dit + Tit + Uit me, With (1 — L)piy1 = &g,
o2 =0.03, 0%20.00047 ag = 0.02, and O’Z,me = 0.02. In the first column, the transitory process is modeled
as Ty = %eit, ¢=0.50, 8 = —0.20. In the second column, 7;; = ﬁ%’ ¢=0.50. In the third column,
7 = (1 + 0L)e;, 0=0.50. In all models, the true variance of the shocks to the transitory component is
02=0.04. Prior to estimation, simulated data are transformed to first differences; models are estimated by
the equally weighted minimum distance method. Standard errors in parentheses calculated as the standard
deviations of the estimates across 100 model simulations. Goodness-of-fit statistic is based on Newey (1985).
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Regardless of the model for the transitory component, the variance of growth-rate hetero-
geneity, ag, and the variance of permanent shocks, ag, are recovered without any biases and
statistically precisely by the equally weighted minimum distance method. In columns (1)
and (3), I set the variance of measurement error to the value that equals 25% of the variance
of income growth rates.!” The ratio of the assumed to the true variance of measurement
error is about 75%. As a result, in column (1), the autoregressive persistence is estimated
at the value close to its true value of 0.50, while the estimated variance of transitory shocks
is somewhat larger than its true value. It is possible to identify all the parameters when
the transitory component is an autoregressive process of order 1, which is confirmed in col-
umn (2). In column (3), the transitory component is modeled as an MA(1) process. Since
the variance of measurement error set in estimations differs from its true value, the estimated
moving average parameter is somewhat below its true value while the estimated variance of
the shocks to the transitory process is slightly above its true value.!® The last two rows in
Table 2 report the median value of the goodness-of-fit statistics across 100 estimations, and
the frequency of model rejections at the 1% significance level. The result in the last row is
quite important. The size of the x? test is severely distorted: instead of rejecting the true
model one time out of 100, the test rejects the true model 100% of the time. It appears that
the x? test of the model validity is not likely to be useful in empirical applications utilizing
unbalanced small-sample panel data.

Guvenen (2009), in a simulation exercise, shows that the tests of higher-order auto-
covariances equal to zero will falsely reject the growth-rate heterogeneity even when the
true income process contains idiosyncratic growth rates. This test was previously used by
MaCurdy (1982). Table 3 confirms this result. I first create 100 samples generated in accor-
dance with the models in Table 2, which contain deterministic idiosyncratic growth rates, a
permanent random walk component, and a transitory stochastic process. For each simulated
sample, I calculate the empirical autocovariance function. The results in the columns are

the averages of the autocovariances of a given order across 100 simulated samples; standard

17This is consistent with Meghir and Pistaferri (2004) and findings in the literature on measurement error
in longitudinal income data surveyed in Bound, Brown, and Mathiowetz (2001).

181f the variance of measurement error was set to its true value in estimations of the models in columns (1)
and (3), all the model parameters would be estimated without any biases. The results are not reported for
brevity.

15



errors, in parentheses, are calculated as the standard deviations of these estimates across
100 simulated samples. In column (1) the true process contains an ARMA(1,1) component;
in column (2)—an AR(1) component; in column (3)—an MA(1) component. As can be seen
from column (3), only autocovariances of orders 0, 1, and 2 are significant. The rest are
insignificant, even though the magnitude of the autocovariances of orders 3 and higher are
positive and some approach the true variance of the deterministic growth-rate heterogene-
ity. For the model with an AR(1) or ARMA(1,1) transitory processes, the autocovariance
function is significant only from order 0 to order 3, inclusive; the contribution of the tran-
sitory component towards the autocovariance function dissipates quickly and higher-order
autocovariances can be negative even at high orders (e.g., order 20). The minimum distance
procedure, however, uses the entire autocovariance function, not only the information con-
tained in higher-order autocovariances, and its sample variability to uncover correctly and
precisely the variance of the deterministic growth-rate heterogeneity—Table 2, columns (1)—
(3).

In Table 4, the true income process contains the individual-specific intercept, a random
walk component, a transitory component, and measurement error. The true variance of
the random-walk shock equals 0.02, while the true variance of deterministic growth-rate
heterogeneity equals zero. The process is estimated as the (misspecified) HIP containing a
deterministic growth-rate component and an unrestricted ARMA(1,1) process (column (1)),
AR(1) process (column (2)) or MA(1) process (column (3)). The variance of the shock to
the transitory component is estimated at about 0.05 in columns (2) and (3) and 0.07 in
column (1), while the estimated values of the autoregressive parameter are substantially
biased upward—columns (1) and (2). Importantly, when the random walk component is
ignored in estimation, the long-run persistence of the process is captured instead by the
variance of the deterministic growth, with the estimated value substantially and significantly
away from its true value of zero. When the model contains a moving average transitory
process, this is the estimate one can expect given the time series dimension of 29 periods for
income growth rates (see Section 2.2.1).

For completeness, I also considered models that contain a transitory component, idiosyn-

cratic trends but no random walk component, while in estimations I allow for a permanent
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TABLE 3: AUTOCOVARIANCES FOR INCOME GROWTH RATES. INCOME PROCESSES WITH
GROWTH-RATE HETEROGENEITY AND A RANDOM WALK COMPONENT. SIMULATED DATA.

(1) @) 3)
Order 7; ~ARMA(1,1) 7 ~AR(1) 7 ~MA(1)
0 0.12126 0.11362 0.12011
(0.00127) (0.00109)  (0.00104)
1 —0.04288 -0.03311 -0.02959
(0.00094) (0.00081)  (0.00068)
2 -0.00319 -0.00615 —0.01955
(0.00083) (0.00090)  (0.00082)
3 -0.00136 -0.00303 0.00049
(0.00090) (0.00091)  (0.00085)
4 -0.00067 -0.00123 0.00025
(0.00094) (0.00078)  (0.00085)
D 0.00011 -0.00054 0.00037
(0.00092) (0.00073)  (0.00086)
10 0.00025 0.00022 0.0004
(0.00125) (0.00121)  (0.00112)
15 0.00022 0.00031 0.00027
(0.00185) (0.00167)  (0.00166)
20 —-0.00004 -0.00024 0.00044
(0.00359) (0.00283)  (0.00286)

Notes: The true income process is: Yyt = a; + Bihit + Pit + Tit + Wit me, With (1 — L)pir1 = Eiry1, 02 = 0.03,
0z =0.02, and 07, .. = 0.02. In the first column, 7;; = %eit, $=0.50, § = —0.20. In the second column,
Tit = %7 »=0.50. In the third column, the transitory process is modeled as 7;+ = (1 + 6L)e;, 6=0.50.
The true variance of the shocks to the transitory component is 02=0.04. Simulated data are transformed
to first differences. Autocovariances of a given order are the averages of the autocovariances in simulated
data across 100 simulations. Standard errors in parentheses calculated as the standard deviations of the

estimated autocovariances of a given order across 100 model simulations.
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TABLE 4: ESTIMATES OF THE MISSPECIFIED HIP: SIMULATED DATA.

(1) (2) (3)
Parameters/Trans. comp. ~ ARMA(1,1) AR(1) MA(1)
0%:0, 0220.02 a%:O, 03:0.02 0%20, 0520.02
Heterog. growth, 6?3 0.00051 0.00056 0.0007
(0.00009) (0.00008) (0.00007)
Var. perm. shock, ¢ 0.00 0.00 0.00
AR, ¢ 0.775 0.678 —
(0.033) (0.03) —
MA, 0 ~0.264 — 0.422
(0.023) — (0.009)
o 0.071 0.054 0.058
(0.001) (0.002) (0.0008)
aijme 0.015 0.024 0.015
— (0.002) —
Median y?[d.f] 780.81 [431] 800.16 [431] 1288.25 [432]
Rejection rate at 1% 100% 100% 100%
Notes: The true income process is: yit = a; + pit + Tit + Uit me, With (1 — L)pizy1 = &1, 02 = 0.03,
ag = 0.02, and aﬁ,me = 0.02. In the first column, the transitory process is modeled as 7,4 = %eit, ¢=0.50,

0 = —0.20. In the second column, 7;; = 1?’;” ¢=0.50. In the third column, 7;; = (1 4 6L)e;;, 6=0.50. In
all models, the true variance of the shocks to the transitory component is 02=0.04. Prior to estimation,
simulated data are transformed to first differences; models are estimated by the equally weighted minimum
distance method. Standard errors in parentheses calculated as the standard deviations of the estimates

across 100 model simulations. Goodness-of-fit statistic is based on Newey (1985).
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random-walk component (Table A-1). Briefly, in Table A-1, the variance of growth-rate
heterogeneity is precisely recovered in estimations, while the variance of permanent shocks
is small in magnitude and not statistically different from its true value of zero. This result
has important implications for empirical analysis: if incomes differ over the life cycle due
to deterministic growth-rate heterogeneity and are not affected by the shocks that persist
over the entire life cycle, one can expect that the model allowing for both components will
recover the true variance of growth-rate heterogeneity and a small and imprecise variance of
the random-walk shocks.

Summing up, using small-sample unbalanced data it is feasible to identify the variance of
the shock to the random walk component and the variance of the growth-rate heterogeneity.
If, however, the process contains a random walk permanent component and no deterministic
growth-rate component and the model is estimated as the HIP, estimation will capture the
long-run variance of income growth due to permanent shocks with a significant estimate
of the growth-rate heterogeneity. The magnitude of the estimate will depend on the true

variance of the permanent shock and the time dimension of a data set.

3 Empirical Results

In this section, I estimate time series processes for idiosyncratic labor incomes of male

household heads from the PSID. I first describe the data I utilize.

3.1 Data

I use income and demographic data from the 1968-1997 waves of the PSID. I select male
household heads of ages 25-64.19 T further drop heads with inconsistent education records
and define two education groups. The first group comprises heads who dropped out of high

school or just finished high school. The second group includes heads who finished some

19 Age in the PSID does not necessarily change in adjacent surveys since information can be collected at
different months of a year. Also, some individuals have inconsistent age series which, among other things, may
reflect typing errors by interviewers. I utilize information on the year of birth to construct a cleaner measure
of age for those heads who have this information in the individual file. Otherwise, I use an individual’s age
at the time he first appears as a head in the survey to impute his age in other years.
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college, graduated from college, or attained a graduate degree.?”

The measure of income utilized is the head’s labor income from all sources, inclusive
of the labor part of farm and business income. Income data in the PSID refer to the
previous calendar year; I adjust them appropriately by the consumer price index for all
items normalized to 100 in 1982-1984. I set income observations to missing when the head
reports to be a student or self-employed and in the year subsequent to that report. When
the head reports to be retired, I set his income in that year and all subsequent years to
missing. I further drop observations for the years when the percentage change of real labor
income in adjacent years is above 500 or below —80. I then drop observations with zero,
top-coded, and missing incomes, and select the longest consecutive spell of positive incomes
with at least 9 observations. I exclude data for households from the Survey of Economic
Opportunity (SEO) subsample, which over-samples the poor. Figure A-1 plots the time
profile of the variances of log-labor income for different PSID samples—the core subsample,
the SEO subsample and the sample comprising those two subsamples. The variances in the
core sample—which was representative of the U.S. population in 1968, at the start of the
survey—displayed a sharp increase in the beginning of the 1980s. The variances for the SEO
subsample follow a somewhat different time pattern: the variance increased in the beginning
of the 1980s but started declining afterwards. For this reason, and following most of the

1 The final sample

literature, I exclude the SEO subsample from my empirical analysis.?
contains information for 1,916 heads with 29,753 person-year observations on labor incomes.
Table A-2 contains some descriptive sample statistics for selected years of the sample.

The measure of the idiosyncratic head’s labor income in each year is the head’s residual
from a cross-sectional regression of the first difference in log-labor income on a third poly-
nomial in age, “college” dummy, and interactions between the “college” dummy and the age
polynomial.?? This regression, specifying the deterministic component of incomes common

to all heads, is similar to specifications adopted in the literature and assumes that returns

to the head’s experience and education are affected by the aggregate state of the economy;,

29Each education group roughly comprises a 50% of the sample.

21The pattern of the variances in the sample comprising both the SEO and core subsamples is similar to
the pattern of variances in Figure 2 of Meghir and Pistaferri (2004) for their whole sample.

22The “college” dummy equals 1 if the head finished some college, graduated from college, or attained a
graduate degree.
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that is, differ by year.

Table 5 contains the results of the tests of the autocovariances of a given order being
zero in all time periods. One cannot reject the null that the autocovariances of orders 4
and 5 are equal to zero. However, the null that the autocovariances of order 3 and higher, or
order 4 and higher are all equal to zero can be rejected. The results can be consistent with a
model containing an AR(1) or ARMA(1,1) transitory component with a small autoregressive

persistence.?

TABLE 5: TEST OF THE NULL HYPOTHESIS OF ZERO AUTOCOVARIANCE IN ALL TIME
PERIODS.

Order Test stat. d.f. p-value

1 206.81 28 0.00
2 57.88 27 0.00
3 45.35 26 0.01
4 23.65 25 0.54
5 23.76 24 0.48
>3 465.96 351  0.00
>4 425.18 325  0.00

Notes: The test statistic is distributed as y? with degrees of freedom equal to the number of (zero) restrictions (the
number of unique autocovariances of a given order in the estimated variance-covariance matrix).

3.2 Results

24 The models are estimated by fitting the empirical

Table 6 contains the main results.
autocovariance function to the theoretical autocovariance function, utilizing the identity

weighting matrix, i.e., by the equally weighted minimum distance method.

23The results are somewhat different from Meghir and Pistaferri (2004) who find, for their pooled sample,
that the autocovariances of orders 3 and 4 are not statistically different from zero, and a p-value of 12% for
the test that the autocovariances of order 3 and higher are all equal to zero. Their results are based on PSID
data up to 1993 and a sample that includes the SEO subsample. If T ignore the data after 1993, my results
for the tests in Table 5 are similar to the ones in Table II in Meghir and Pistaferri (2004).

24Most of the studies in the literature allow for time-dependent variances of permanent and/or persistent
shocks. My estimates of these parameters in Table 6, columns (1)—(4), (6) should be interpreted as the
unconditional variances of transitory and permanent shocks.
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TABLE 6: ESTIMATES OF INCOME PROCESSES. PSID DATA.

(1) (2) (3) (4) (5) (6)
HIP add est.  same as (3), chang. perm./  use only
RW pers. set 05=0 trans. var.  first 10 acfs
&é 0.0004 0.00 0.00 0.00 0.00 0.00
(0.00004)  (0.00006) (0.001) - - (0.0002)
&g 0.00 0.015 0.016 0.016 0.017 0.015
- (0.002)  (0.002)  (0.002) (0.005) (0.003)
QZ; 0.712 0.367 0.343 0.343 0.357 0.369
(0.020)  (0.115)  (0.194)  (0.124) (0.114) (0.138)
0 —0.187 -0.091 —0.081 -0.081 -0.105 -0.092
(0.024)  (0.08) (0.113)  (0.087) (0.086) (0.088)
o 0.046 0.028 0.027 0.027 0.027 0.028
(0.001)  (0.002) (0.005)  (0.002) (0.005) (0.003)
Druo 0.0 1.0 0.992 0.992 1.0 1.0
- —(0.158)  (0.009) - -
2 793.32 697.05 694.38 696.96 492.25 636.89
(df)  (431)  (430)  (429) (430) (376) (430)

Notes: The estimated income process is: y;; = ay + Bihie + pit + %eit + Uit me, Where pjri1 =

Orwpit + Eirr1 and ¢, denotes an autoregressive coefficient of a more persistent autoregressive
process. Models are estimated by the equally weighted minimum distance method. Sample consists
of 1,916 male household heads with at least 8 consecutive observations on labor income growth.
Households from the Survey of Economic Opportunity (SEO) subsample are excluded. Standard
errors in parentheses.
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In column (1), I estimate the HIP process, which ignores the potentially important ran-
dom walk component in idiosyncratic labor incomes. The variance of individual-specific
growth rates is estimated at 0.0004, significant at the 1% level, while the persistence of
the transitory component is moderate—the autoregressive parameter is estimated at about
0.70.%

In column (2), T allow for both a random walk and a deterministic growth-rate component
in earnings. Monte Carlo results indicated that, if both these components are present, the
process should be empirically identified in small samples. In column (2), the estimate for
the variance of the individual-specific growth rates binds at zero while the estimate of the
variance of the shock to the random walk component equals 0.015 and is significant at the
1% level. An autoregressive parameter of the transitory process is estimated at about 0.37,
capturing the fast decline of the empirical autocovariance function of labor income growth
rates beyond the first order. The variance of the shocks to the transitory component, which
also comprises the contribution of measurement error, is estimated at about 0.03.

In column (3), I do not restrict the autoregressive parameter of a more persistent process
to equal 1. The results are largely similar to those in column (2), but less precise. The esti-
mated variance of growth-rate heterogeneity is still zero, while the autoregressive parameter
of a more persistent process is close to 1. Column (4) reports the results of the same model,
when the variance of growth-rate heterogeneity is set to zero. The results are quantitatively
similar to those in column (3), while the parameters are estimated more precisely.2

In column (5), I re-estimate the model of column (4), allowing for time-varying permanent
and transitory variances. I report the time-averages of the estimated variances and the time-
averages of their standard errors. The results are similar to those in columns (2)-(4). The
full sets of the transitory and permanent variances, along with their standard errors, are
presented in Table A-3.

The off-diagonal elements of the empirical autocovariance matrix contain important infor-

25The autoregressive parameter is estimated at about the same value if the transitory component is
modeled as an AR(1) process. I choose to report the results for a model with an ARMA(1,1) transitory
component since its autocovariance function encompasses the autocovariance function of both AR(1) and
MA(1) transitory processes. The main result—that the variance of permanent shocks is significant and the
estimated variance of the growth-rate heterogeneity is zero—holds for models with transitory components
modeled as an MA(1) or AR(1) processes.

26 A similar pattern is observed in analogous Monte Carlo experiments, not reported for brevity.
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mation for identification of the variance of the growth-rate heterogeneity. For example, if the
true income process contains a moving average process of order 1, higher-order autocovari-
ances will be informative for identification of the variance of the growth-rate heterogeneity.
The number of heads contributing towards the empirical autocovariance 4, is, in general,
smaller the larger the lag length k is, which separates the head’s income observation at time
t from the income observation at time t + k. Placing an equal weight on all the variances
and autocovariances in estimation may bias an estimate of the growth-rate heterogeneity
towards zero if higher-order empirical autocovariances are very close to zero and imprecisely
estimated as, indeed, is found in empirical data. To take care of this concern, following
Guvenen (2009), I re-estimate the model utilizing only the first 10 empirical autocovariances
and all the variances in estimation—column (6) Table 6. The main result remains unaltered:
the growth-rate heterogeneity is estimated at zero while the variance of permanent shocks
is precisely estimated at about 0.015.

In Figure A-2, I plot the resulting time series of the estimated variances of permanent and
transitory shocks. It appears that an increase in the variance of heads’ incomes in the early
1980s depicted in Figure A-1 was largely due to the increase in the variance of permanent
shocks during that period. The pattern of the variances of permanent shocks in the 1980s
resembles that in Meghir and Pistaferri (2004), for their pooled sample that includes heads
of household from the SEO subsample. It is also qualitatively similar to the hump-shaped
pattern of the permanent volatility of household incomes in the 1980s reported in Blundell,
Pistaferri, and Preston (2008).%

For robustness, 1 estimate the income process using separate samples for heads who
dropped out from or just finished high school (columns (1)—(2) in Table A-4), and those who
finished some college, graduated from college or have education levels beyond college degree
(columns (3)—(4) in Table A-4). This is roughly a 50-50 split of the main sample that allows
to precisely estimate the model parameters.

When the random walk component is ignored in estimation, the variance of the determin-

istic growth-rate heterogeneity is substantial and statistically significant (columns (1) and (3)

2"In 1993, the PSID switched to the electronic data collection method. Presumably, the spike of the
variance of transitory shocks in 1993—see the vertical line in Figure 2—is due to this change in the data
collection method. The results are qualitatively similar if I do not use the data after 1992.
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in Table A-4); the estimated AR(1) persistence of the stochastic component is moderate,
ranging from about 0.85 for the college sample to 0.59 for high school graduates/drop-outs.
Similar to the main results, in the model that includes both the growth-rate heterogeneity
and permanent random walk component, the estimated variance of the growth-rate hetero-
geneity equals zero—columns (2) and (4). Interestingly, the estimated variance of permanent
shocks is higher for more educated heads, while the estimated variance of the shocks to the
transitory component is higher for less educated heads.

Discussion in Section 2.2.1 suggested that the estimated variance of the growth-rate
heterogeneity should be inversely related to the time dimension of the sample size if the true
process contains a random walk component and the estimated process is estimated as HIP.
To support this result, I simulated the model of column (2) in Table 6 for samples with

different time dimension but the same group of individuals.

TABLE 7: THE TIME SPAN OF A SAMPLE AND ESTIMATED GROWTH-RATE HETEROGENEITY.
SIMULATED DATA.

(1) (2)
Time Span, 7' True: HIP True: RIP with R.W.

o5 55
10 0.00035 0.00092
(0.00018) (0.00023)
15 0.00036 0.00071
(0.00008) (0.0001)
20 0.00038 0.0006
(0.00006) (0.00008)
25 0.0004 0.0005
(0.00005) (0.00007)
30 0.00039 0.00043
(0.00005) (0.00006)

Notes: In both columns, the estimated income process is: y;; = «; + B;hi + %qt. In column (1),
the true process is the same as the estimated process. In simulations, the parameters are taken
from column (1) of Table 6. In column (2), the true process is: y;r = a; + pit + %Gm where
pit = Dit—1 + &¢. In simulations, the parameters are taken from column (2) of Table 6. Models
are estimated by the equally weighted minimum distance method. Standard errors in parentheses
calculated as the standard deviations of the estimated growth-rate heterogeneity across 100 model
simulations.

The estimated (misspecified) HIP model always returns non-zero and significant estimates
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of the growth-rate heterogeneity—column (2) of Table 7—which are higher for samples with
a smaller time dimension. I also performed simulations of the model in column (1) of Table 6.
The results are in column (1) of Table 7. If the true model is HIP, the variance of growth-rate
heterogeneity should not depend on the time dimension of the sample size, as the results
in column (1) suggest. If, for the same cross-section of heads, an estimate of the growth-
rate heterogeneity is found to be systematically different for different time dimensions of
the sample, this will present some additional evidence against the hypothesis that heads’
idiosyncratic income growth rates systematically and deterministically differ over the life
cycle.

Figure 1 graphically presents just outlined arguments using PSID data. First, I select
a sample of 1,157 PSID heads who have at least 5 consecutive income observations during
1968-1977 and estimate the HIP process for idiosyncratic incomes for that sample. This
gives me the first point in the graph in Figure 1, panel (a). I then extend the time dimension
of the initial sample to 1978, keeping the cross-sectional dimension fixed, and estimate the
HIP process for that sample. I continue this procedure until I arrive at the sample that
spans the period 1969-1997 for those 1,157 heads, the longest possible period.?® The results
in Figure 1 are quite telling: it appears that the estimated growth-rate heterogeneity is
larger for smaller time dimensions of the sample size, even though the samples contain the
same group of individuals and one would expect the estimated growth-rate heterogeneity to
be the same. Next, on those samples, I perform a series of estimations, assuming that the
true process contains a random walk and the transitory process modeled as an ARMA(1,1)
process. The results are plotted in panel (b) of Figure 1. One could think that those are the
unconditional estimates of the permanent variance for different time dimensions: the average
permanent variance will increase if the marginal variance is higher than the average variance,
and vice versa. In panel (c) of Figure 1, I divide the estimated permanent variances in the
rightmost panel of Figure 1 by the time dimension of the sample utilized for their estimation.
Remarkably, the series of the estimated growth-rate heterogeneity in the leftmost graph are
quite similar to the series of the variance of permanent shocks scaled by the inverse of the

time dimension of the sample, as one would expect if the true process contains a random

28The Monte-Carlo results just described replicated these samples in terms of the number of individuals,
the number of person-year observations, and the cross-sectional distribution of age by year.
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walk component and no growth-rate heterogeneity.

FIGURE 1: THE VARIANCE OF GROWTH-RATE HETEROGENEITY AND THE TIME DIMENSION OF
THE SAMPLE, T'

(a) Variance of growth-rate heterogeneity - (b) Variance of permanent shocks
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Notes: In panel (a), the first point on the graph is an estimate of the variance of growth-rate heterogeneity
for a sample of 1,157 PSID heads with at least 5 consecutive income observations during 1968-1977; all
subsequent points are the estimates of the variance of growth-rate heterogeneity using samples that contain
the same heads and income information for 1968-1978, 19681979, all the way up to 1968-1997. In panel (b),
the same samples are used to estimate the income process that includes a permanent random walk component
and an ARMA(1,1) transitory process. The estimates of the variance of permanent shocks are then divided
by the time dimension of the sample size to produce the graph in panel (c).

There is some evidence, not relying on estimation of income processes, interpreted by
some researchers as favoring income models with heterogeneous income profiles. Haider and
Solon (2006) and Béhlmark and Lindquist (2006) study the association between current and
lifetime income over the life cycle for U.S. and Swedish samples, respectively. Specifically,
they focus on the life-cycle variation in the slope coefficient from the following regression:
Yia = (Vi + €ia, where y;, is individual ¢’s log-income at age a, V; is individual i’s log-
lifetime income, calculated as (the log of) the annuity value of the discounted sum of annual

real incomes observed for individual 7, and ¢;, is individual i’s regression error at age a.
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Haider and Solon (2006) find that 3, is estimated at about 0.20 at age 19, steadily increases
afterwards, equals one at age 34 and levels off for the rest of the life cycle. Béhlmark and
Lindquist (2006), for a much larger Swedish sample, find that B, starts at about 0.20 at age
19, crosses one at age 34 and peaks at 1.45 at age 48. The latter authors interpreted this
result as evidence favoring the presence of heterogeneous income profiles—income is low in
the beginning of the life cycle and is well below the lifetime income (which is estimated to
be time-invariant by the authors); income then steadily grows until it exceeds the lifetime
income in the later part of the life cycle. This result is, however, also true for income processes
that contain random walks and do not have deterministic idiosyncratic trends. Using the
estimates of the RIP process in this paper, I was able to replicate, in simulations not reported
here, the pattern of 3,’s found in Béhlmark and Lindquist (2006). The intuition behind this
result is the following. Note that Ba = % While the denominator is constant over
the life cycle, the cross-sectional covariance between current incomes and lifetime incomes
will be growing over the life cycle since current incomes will accumulate random-walk shocks
over the life cycle and will, therefore, co-vary more strongly with lifetime incomes, which
aggregate all the permanent shocks to individual incomes over the entire life cycle.
Summarizing, for the samples utilized in this study, it appears that I can reject the
HIP model. The RIP model with a permanent random walk component and a transitory

mean-reverting component cannot be rejected.

4 Conclusion

I estimate idiosyncratic labor income processes on simulated and empirical data. The main
results of a Monte Carlo study using unbalanced panel data are the following. It is possible
to identify a general process containing all the elements of the HIP and RIP models. The
most important elements are the growth-rate heterogeneity and the variance of a random
walk component. For simulated data in first differences I show that both these elements,
if present, should be recovered precisely in empirical estimations utilizing small unbalanced
samples. The results on simulated data confirm another important finding of this paper: if

the true income process is the sum of a random walk and persistent components, i.e., the
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RIP, and the random walk is ignored in estimation, the misspecified HIP model recovers
significant and substantial growth-rate heterogeneity and modest persistence.

I use data for male household heads from the 1968-1997 waves of the PSID to estimate
idiosyncratic labor income processes. I find that the estimated variance of the deterministic
growth-rate heterogeneity is zero while the estimated variance of the permanent component
is significant and substantial.

The results of this paper are important for understanding a number of issues. Among
them is the choice of an appropriate model of the heterogeneity in individual and household
idiosyncratic incomes used in macro models. The process, best fitting the data utilized in
this paper, also places restrictions on the models that make earnings an endogenous variable.

In this paper, I use only income data to identify the variances of idiosyncratic permanent
and transitory shocks. Perhaps, more accurate estimates of the variances could be obtained
by jointly studying household choices and income data. For recent attempts at this approach
see Blundell and Preston (1998), Hryshko (2007) and Blundell, Pistaferri, and Preston (2008)
(in the context of RIP), and Guvenen and Smith (2008) (in the context of HIP) who utilize

data on household income and consumption choices.
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Appendix A

Estimation Details

In my Monte Carlo simulations I am assuming that 7,; = 0 and p;; = 0 if h;; = 0, i.e., a head
with no labor market experience entering the labor market at time ¢t 4+ 1 is “endowed” with
zero permanent and transitory components of earnings.

The theoretical autocovariance moments for a model with the transitory component mod-
eled as an AR(1) process are shown in equations (10)—(12). If the transitory component is
a moving average process of order 1, see the autocovariance function in the text in equa-
tions (5)—(8). The empirical moments, taking into account that the data used in estimations
are unbalanced, are calculated as:

N
vech <Z gi@;‘) /N,

=1

where §; = (Ayse, Ayis, ... ,Ayr); N is the total number of heads in the sample; Ny is
a vector with the row dimension @; Ni1 is the number of heads contributing towards
estimation of the variance in period 1 (¢t = 1, ¢’ = 1); Njo—the number of heads contributing
towards estimation of the first-order autocovariance between periods 1 and 2 (t =1, ¢’ = 2),
etc. Note that if the head’s income is missing, say, in period 1, this head’s contributions

towards the variance at time 1 and all the sample autocovariances involving this period are

zero. The vector of data moments used in estimation is m? = vech <Zf\il gj@é) /Ny; the

row dimension of m? is % The model parameters, ©, are recovered by minimizing a

squared distance function [m(©) — md]/I [m(©) —m?], where I is an identity matrix with

. . T(T+1
the row dimension %

Standard errors of the parameters are calculated as the square roots of the diagonal of
(GoGo) 'GuVGe(GuGe) ™", where Go = & [m(é) - md}, a vector with the row dimen-
sion —T(T2+1)
parameters; V is equal to Zf\;l (mi — md) (mz — md)/ /Ny, where m; = vech(g;7;), and the
kl-th element of Ny is calculated as NI = NEF, N/, where NE, is the k-th element of Ny.

, and the column dimension equal to the row dimension of the vector of estimated
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FIGURE A-1: THE VARIANCE OF LOG LABOR INCOME BY YEAR

(a) SRC (core) sample (b) SEO sample
© Q 7 uv) B
IS
g <
£
8% 1 3
Ew— ™ -
g
S8 & -
(]
> N 4 N 4
T T T T T T T T
1970 1980 1990 2000 1970 1980 1990 2000
Year Year
(c) Whole sample (SEO+SRC)
[T9}
oY
1S
g% -
£
2 e e
ks
o
o
(]
>
T T T T
1970 1980 1990 2000
Year

Notes: In panel (a), the graph depicts the variances of log labor income for the main sample that includes
heads from the core subsample only. In panel (b), the graph depicts the variances of log labor income for a
sample that includes heads from the SEO subsample only. In panel (c), the graph depicts the variances of
log labor income for a sample that includes heads from the core and SEO subsamples. All samples include
heads with consecutive spells of at least 9 income observations only.
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FIGURE A-2: THE VARIANCE OF SHOCKS TO LABOR INCOME BY YEAR
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Notes: The variances of permanent and transitory shocks are estimated on the main sample fitting the
model in Table 6, column (5). The vertical line is drawn for the survey year 1993, when the PSID switched
to the electronic data collection method.
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TABLE A-1: ESTIMATES OF THE HIP wiTH NO RANDOM WALK COMPONENT: SIMULATED

Dara.
Parameters/Trans. comp. ARMA(1,1) AR(1) MA(1)
02=0.0004, 02=0 0%=0.0004, 02=0 03=0.0004, 02=0
Heterog. growth, 6% 0.00037 0.00036 0.00038
(0.00006) (0.00007) (0.00005)
Var. perm. shock, &g 0.00074 0.0007 0.00032
(0.0011) (0.001) (0.00061)
AR, ¢ 0.466 0.488 —
(0.095) (0.047) —
MA, 0 -0.221 — 0.405
(0.071) — (0.012)
o 0.047 0.04 0.049
(0.002) (0.002) (0.0008)
02 e 0.013 0.02 0.013
— (0.003) —
Median y?[d.f] 716.14 [430] 750.06 [430] 745.88 [431]
Rejection rate at 1% 100% 100% 100%

Notes: The true income process is: yit = a; + Bihit + Tit + Uit me, with o2 = 0.03, (7?,:0.00047 o'g =0.02, and

o2 = 0.02. In the first column, the transitory process is modeled as 7;; = %eit, $»=0.50, 6 = —0.20.

u,me

In the second column, 7;; = 15%7 $=0.50. In the third column, 7;; = (1 + 6L)e;;, 0=0.50. In all models,
the true variance of the shocks to the transitory component is 02=0.04. Prior to estimation, simulated
data are transformed to first differences; models are estimated by the equally weighted minimum distance
method. Standard errors in parentheses calculated as the standard deviations of the estimates across 100
model simulations. Goodness-of-fit statistic is based on Newey (1985).
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TABLE A-2: SAMPLE STATISTICS FOR SELECTED YEARS.

Year

1970 1980 1990 1997

Age 40.67 4111  39.71  44.37
(8.50)  (10.83)  (9.06)  (7.46)

Hours 2258 2224 2270 2,281
(460)  (496)  (498)  (495)

Nonfinancial income® 33,127 36,289 39,371 45,193
(13,851) (15,901) (24,914) (27,340)

White 0.89 0.91 0.93 0.93
Married 0.96 0.90 0.87 0.88
>12 yrs. of schooling 0.35 0.46 0.53 0.56

Notes: @ Nonfinancial income is the sum of head’s and wife’s real labor income from all sources, and their
combined transfer income expressed in 1982-1984 dollars. The income measure excludes head’s and wife’s

social security income. Standard deviations in parentheses.
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TABLE A-3: THE VARIANCES OF PERMANENT AND TRANSITORY SHOCKS BY YEAR.

Year Trans. shock St. err. Perm. shock St. err.
1969 0.01989 0.00428 0.01274° —

1970 0.01461 0.00360 0.01274¢ 0.00581
1971 0.02635 0.00535 0.01299 0.00348
1972 0.02337 0.00609 0.01336 0.00461
1973 0.02541 0.00536 0.02177 0.00540
1974 0.02373 0.00467 0.01961 0.00452
1975 0.03137 0.00549 0.01223 0.00425
1976 0.03649 0.00599 0.02345 0.00592
1977 0.02708 0.00466 0.01329 0.00466
1978 0.02843 0.00466 0.00647 0.00350
1979 0.02586 0.00502 0.01467 0.00476
1980 0.02350 0.00503 0.01672 0.00470
1981 0.01538 0.00545 0.02725 0.00655
1982 0.02959 0.00526 0.02854 0.00791
1983 0.02309 0.00430 0.02605 0.00463
1984 0.02623 0.00507 0.02821 0.00575
1985 0.03125 0.00516 0.02216 0.00465
1986 0.02418 0.00401 0.01732 0.00501
1987 0.02679 0.00453 0.02440 0.00487
1988 0.02768 0.00470 0.01464 0.00482
1989 0.02421 0.00489 0.02935 0.00547
1990 0.02413 0.00433 0.01979 0.00486
1991 0.02039 0.00407 0.01659 0.00432
1992 0.02066 0.00346 0.02261 0.00482
1993 0.04993 0.00662 0.00766 0.00499
1994 0.03701 0.00600 0.00499 0.00404
1995 0.03103 0.00508 0.00618 0.00468
1996 0.02568 0.00464 0.00859° 0.00496
1997 0.03090 0.00699 0.00859° —

Notes: Estimates from the model in Table 6, column (5). ¢,° Variances of permanent shocks are restricted
in estimation to be equal in those years.
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TABLE A-4: ESTIMATES OF INCOME PROCESSES. PSID DATA. SAMPLE SPLIT BY EDUCATION.

High school grad. Some college
or less or more
(1) (2) (3) (4)
6% 0.0003 0.00 0.0004 0.00
(0.00006) (0.00008) (0.00007) (0.0001)
6? 0.00 0.012 0.00 0.02
— (0.002) — (0.003)
b 0.588 0.335 0.848 0.385
(0.050) (0.141) (0.029) (0.209)
0 -0.165 -0.073 -0.179 —0.084
(0.041) (0.099) (0.025) (0.143)
52 0.048 0.035 0.044 0.020
(0.002) (0.003) (0.002) (0.003)

Notes: The estimated income process is: y;; = o; + Bihg + pit + %eit + Uit me, Where pj41 =
pit +&ir+1. Models are estimated by the equally weighted minimum distance method. In columns (1)
and (2) sample consists of 1,011 male household heads with at least 8 consecutive observations on
labor income growth whose education levels do not exceed high school. In columns (3) and (4)
sample consists of 905 male household heads with at least 8 consecutive observations on labor
income growth who finished some college or graduated from college. Households from the Survey of
Economic Opportunity (SEO) subsample are excluded. Standard errors in parentheses.
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