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Abstract

We propose a novel nonparametric approach to estimate household
income uncertainty at various future horizons, and to characterize how
income uncertainty evolves over the lifecycle. Our method acknowledges
that households may have superior information about their future income
than econometricians and exploits the intuition that if an income process
exhibits more uncertainty then future income will be more di¢ cult to
forecast. Accordingly, we measure income uncertainty as the variance of
forecast residuals. Our estimates generally imply smaller and less persis-
tent income uncertainties than the previous literature has documented.
In addition, we show that income uncertainty exhibits a U-shaped pro�le
over the lifecyle, with young and old households facing greater uncertainty
than middle-aged households. This pattern is particularly pronounced for
near and intermediate forecast horizons. Our results are robust to vari-
ous sample and model speci�cations and hold with respect to both labor
and total family income. As opposed to a unit-root process, we �nd that
our nonparametric estimates are better replicated by an income process
with highly persistent, autoregressive shocks that have age and horizon
dependent variances.
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1 Introduction

Income uncertainty plays an important role in household decisions regard-
ing consumption, saving, and investment. First, in the presence of incomplete
�nancial markets, households facing uninsurable income risk have to save for
precautionary reasons (Aiyagari (1994)). How much they need to save crucially
depends on the level of future income uncertainty. Second, people can choose
their investment portfolios to achieve the optimal exposure to risks. How much
people should invest in risky assets, such as stocks, also depends on their expo-
sure to income risks (Viceira (2001)). Finally, choices of �nancial contracts and
durable-good purchasing decisions are critically a¤ected by household income
uncertainty. For instance, Campbell and Cocco (2003) show that homeowners
with more risky income should choose �xed-rate mortgages over adjustable-rate
mortgages.

Many of these household �nancial and economic decisions exhibit strong
lifecycle patterns. It is well known that nondurable good consumption has a
hump-shaped lifecycle pro�le that closely tracks income (Gourinchas and Parker
(2002)). Meanwhile, stock market participation rates are high among middle-
aged households but puzzlingly low among seniors. Home ownership and durable
goods consumption also tend to vary along the lifecycle (Fernández-Villaverde
and Krueger (2007)).

Despite the pivotal importance of income uncertainty, the literature has
not yielded a concrete measure of income uncertainty, and to the best of our
knowledge even less work has been done to characterize how income uncertainty
evolves over the lifecycle. This paper helps bridge this gap.

Previous researchers have typically taken the cross-sectional variance of
income over a subpopulation to measure income variability. We argue that, while
these measures of income variability are suitable for studying income inequality,
they are not ideal for studying income uncertainty because these approaches
assume that household expectations are based on an information set identical to
what econometricians have. In contrast, Cunha, Heckman, and Navarro (2005)
point out individuals may have additional, private information that is relevant to
predicting their future income. Understating or exaggerating household private
information can lead to over- or underestimation of the income uncertainty
perceived by individuals, which will in turn distort our understanding of how
income uncertainty in�uences consumption and saving behavior.

We propose a novel method of measuring income uncertainty that can
be used to directly assess the signi�cance of a household�s superior information.
Using panel data that provide information about a large number of households
over many years, we estimate an income forecasting equation that includes
additional information potentially available to households but not necessarily
available to contemporaneous econometricians. Speci�cally, we assume that
households take into account their impending demographic and working status
changes when forecasting their future income. We interpret the sample variance
of forecasting errors as the income uncertainty faced by households. We repeat
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the forecasting exercise for various forecasting horizons and estimate income
uncertainties associated with each horizon. Our approach therefore allows us to
estimate a volatility matrix that summarizes the uncertainty households should
expect as a function of both age and forecast horizon.

Another important innovation in our methodology is that we take a
nonparametric approach in the sense that we do not specify any functional form
for the data-generation process of household income. Rather, we estimate the
second moments of forecasting errors at various horizons to quantify how vari-
able and persistent innovations to the income process are. In comparison to
the existing literature, because we incorporate household private information
and do not rely on a unit-root assumption to identify the persistent component
of income shocks, we �nd less persistence and a lower level of income uncer-
tainty. Subsequently, we calibrate a �exible income process and we �nd that
our nonparametric estimates can best be replicated by combining a persistent,
but not unit-root, shock process and a transitory shock process, both with age-
dependent variances.

The estimated volatility matrix also suggests that income uncertainty
perceived by households evolves substantially over the lifecycle. For a given
age in the future, we consistently �nd, as one would expect, that uncertainty
about income at that age diminishes as the consumer approaches that age.
For a �xed forecast horizon, when consumers are young, income uncertainty
gradually declines with age, presumably as decisions on career, human capital
development, and fertility are resolved. Income uncertainty reaches and stays at
its lowest level during middle age. Afterwards, income uncertainty rises again,
potentially due to uncertainty about working hours and health risks. Our U-
shaped lifecycle pro�le of income uncertainty is consistent with Jaimovich and
Siu (2008). Studying CPS data, they construct the business-cycle component
of hours worked for workers of various age groups and �nd a U-shaped pattern
in the volatility of hours worked by age.

We proceed as follows. Section 2 reviews the existing approaches of
measuring income variability and sets forth the argument that these approaches
are not ideal for measuring household income uncertainty. Section 3 introduces
the empirical methodology that we employ in the current paper. Section 4 de-
scribes the data and sample construction. Section 5 presents the main results
and shows that these results are robust to various modi�cations with respect
to the model and the sample. Section 6 contrasts the current results with the
income uncertainties reported in some in�uential earlier contributions. Section
7 calibrates a data-generating process to approximate our nonparametric esti-
mates and to facilitate theoretical work. Section 8 concludes and sets an agenda
for future work.
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2 Common Practice and Some Critique

Traditionally, when rich micro data were not readily available, researchers
had to infer the volatility of personal income from aggregate time-series data.
The estimated volatility was often interpreted as the income uncertainty. More
recent studies of aggregate output (see, among others, Kim and Nelson (1999),
and McConnell and Perez-Quiros (2000)) have led to �ndings of the so-called
�Great Moderation�, a sharp decline in the growth volatility of GDP and its
components since the mid 1980s. Fogli and Perri (2006) attribute a substantial
fraction of the decrease in personal savings and the rise of external balances to
this reduction in aggregate volatility. However, aggregate data can mask impor-
tant variations and correlations in income at the household level, so a decrease
in the volatility of aggregate income does not necessarily imply that income at
the household level has become less risky. To see this, consider a hypothetical
economy populated by two consumers. Every period, each consumer receives
one unit of endowment and then they engage in a zero-sum game of chance with
their endowments. On account of this gambling, though the aggregate income of
the economy remains constant and bears no uncertainty, individual households
can expose their income to substantial risk.

Studying household income directly avoids this complication, and this
has become feasible as large panel surveys of household income, such as the
Panel Study of Income Dynamics (PSID), have become increasingly available.
Previous work using household data has focused on the cross-sectional and/or
time-series variances of household income.1 For example, Dynan, Elmendorf and
Sichel (2007) simply focus on the standard deviation across households of the
percent change in household income.2 More elaborate models often postulate
some parsimoniously parameterized income process that includes a predictable
part and a stochastic part, which in turn is some combination of permanent and
transitory shocks. In practice, econometricians estimate the predictable part of
income using a function of an age polynomial and other demographic variables as
well as year dummies to �lter out economy-wide variations (Carroll and Samwick
(1997), Gourinchas and Parker (2002)). The residual, unexplained portion of
income is then interpreted as the stochastic component. Various techniques can
be applied to investigate the variance and persistence of this stochastic part to
quantify income riskiness.

As an alternative approach, instead of estimating an income trend, some
researchers take the mean income of a household over a given period as a proxy
for permanent income and treat the di¤erence between the observed income and
the mean as the transitory component of income. In this manner, Gottschalk

1To be fair, some of the methods we review here are not designed for studying income uncer-
tainty and riskiness. Some approaches were developed to study income inequality dynamics,
and some were developed to study income volatility in a statistical context. The caveats we
raise mainly concern what we should be mindful about if these measures are interpreted as
income uncertainties.

2Dynan, Elmendorf and Sichel (2007) also provide an elegant and comprehensive survey of
the literature studying household income volatilities using household data.
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and Mo¢ tt (1994) argue that an increase in the variance of transitory earnings
could explain a large portion of the widening of income inequality during the
1970s and 80s.

Essentially, what these methods attempt to measure is either the cross-
sectional or the time-series variability of a speci�c component of income that
is orthogonal to the speci�ed information sets, conditional on which the pre-
dictable component of income is constructed. Conceptually, it is true that
greater income uncertainty will create larger observed cross-sectional and/or
time-series variability. However, it is not generically true that larger variability
always implies greater uncertainty. We point out several important caveats that
should be kept in mind when these approaches are used to study the underlying
income uncertainty.

First, to accurately account for the income uncertainty faced by house-
holds, the predictable income component should be constructed conditional on
the household�s information instead of the information possessed contempora-
neously by the econometrician, which may only be a small subset of the house-
hold�s complete information. Should we condition on an information set more
extensive than what the econometrician has, some part of the econometrician�s
residual term could be predicted. Indeed, Cunha, Heckman, and Navarro (2005)
highlight the distinction between income heterogeneity (predictable variability)
and uncertainty (unpredictable variability). They document that a substantial
fraction (about 60 %) of returns to schooling is predictable at the time students
decide to go to college. The unconditional variance of deviations from the sample
mean, as in Gottschalk and Mo¢ tt (1994), can exaggerate income uncertainty
because this does not �lter out the variance predictable to households.

As an illustrative example, consider the following simple hypothetical
economy where household i�s income at time t is given by

yi;t = e it;

where  i, the rate of income growth, is a random number assigned by nature
to household i. Suppose  i is known to the household but is not observed
by the econometrician. If an econometrician measures income uncertainty as
the dispersion of income relative to the mean of yi;t over the population, he
will �nd that income uncertainty grows with respect to time, but this is a
spurious conclusion since all households have a deterministic income process.
Likewise, if the econometrician cannot distinguish the deterministic dispersion
of income trends amongst households, the estimated time series volatility could
also exaggerate the underlying income uncertainty.

Conversely, if the predictable income component is constructed condi-
tional on information that households may not have, the estimated income un-
certainty will contain a downward bias. In particular, households face income
uncertainty with respect to income of year t only in years prior to t. There-
fore, year-t income uncertainty is perceived conditional only on the information
available to households before t.

As an example of how this point is relevant, consider the approach of
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Carroll and Samwick (1997) and Gourinchas and Parker (2002) as an example.3

The logarithm of income, yt, is decomposed according to

yt = pt + "t; (1)

where "t is a transitory shock and pt is a persistent shock. The latter is further
assumed to obey

pt = gt + �pt�1 + �t; (2)

where gt is predictable income growth, � 2 [�1; 1] is the autocorrelation of the
persistent shocks, and �t is the persistent income shock. When gt is estimated, it
is �tted conditional on time-t household demographic, occupation, and industry
information. This is equivalent to assuming that at any time prior to t the
households know all the time-t information useful to predict gt, which could be
an unnecessarily strong assumption.

Second, from a more technical point of view, many previous studies
(e.g. Carroll and Samwick (1997) and Gourinchas and Parker (2002)) assume
that the persistent income shocks are permanent, exhibiting the highest possible
persistence. In terms of Eq. (2), � is assumed to be 1. As we show in Sections
6 and 7, the persistent shock is best modeled as a fairly persistent, but not a
unit-root, process with � close to but strictly less than 1. This distinction will
have a substantial e¤ect on the level of income uncertainty over the lifecycle.

Third, �tting individual income or income growth with a trend only
driven by age and other demographic characteristics requires assuming that all
similar looking individuals more or less share a common life-cycle income trend.
This assumption is consistent with the model introduced by MaCurdy (1982).
A competing view is that individuals face individual-speci�c income pro�les, as
proposed by Lillard and Weiss (1979). Guvenen (2007) labels the MaCurdy-
type income process as a restricted income pro�le, and the Lillard and Weiss-
type income process as a heterogeneous income pro�le. He presents evidence
that consumption data are more consistent with a heterogeneous income process.
If the underlying income process is better characterized in this way, �tting it
with a trend common to all households will increase the residual variance and
hence exaggerate the underlying income uncertainty.

Finally, apart from a few exceptions, previous studies have not fully
characterized how household income uncertainty evolves over the life cycle. It
is both theoretically and empirically appealing to study whether the income
uncertainty perceived by households does stay constant, and, if not, how it varies
over the lifecycle. Intuitively, a single 22-year old college graduate �rst entering
the labor market should have much greater uncertainty about his income �ve or
ten years down the road than a 40-year old with a family and a settled career
path should over the same time horizon.

3The empirical models estimating income uncertainty used in the two papers are almost
the same. We use mostly the same notation as Carroll and Samwick (2002).
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3 A Forecast-Based Non-Parametric Approach

This paper develops a nonparametric approach for measuring income un-
certainty that is �exible enough to adapt to various assumptions about the
household�s information set and is also able to characterize the evolution of
income uncertainty over the lifecycle. Our key insight is that, heuristically,
greater income uncertainty should make future income more di¢ cult to fore-
cast. Consequently, we use the forecast accuracy as a measure of the underlying
uncertainty. The larger the variances of forecast errors are the greater uncer-
tainty a household has regarding their future income.

Let income at age t be yt and the s-period-ahead income yt;s. At age t,
the s-period-ahead income can be decomposed as

yt;s = E
�
yt;sjIHt

�
+ "t;s; (3)

where E
�
yt;sjIH

�
is the mathematical expectation of age t + s income, yt;s,

conditional on age-t information, IHt , and "t;s is an error term orthogonal to
IHt . We characterize lifecycle income uncertainties using a variance matrix, 
,
and a sequence of correlation matrices, � . The element !t;s of the 
 matrix
is the variance of the s-year-ahead forecast errors of all age-t households,4 i.e.

!t;s = Var["t;s] = Var[yt;s � E(yt;sjIHt )]: (4)

Elements of the � matrix, � t;s, are the correlation coe¢ cients between the
s-year-ahead forecast errors, "t;s, and the  -year-ahead forecast errors, "t; , of
age-t households, i.e.

� t;s = Corr("t;s; "t; ): (5)

For example, elements of �1 are the correlation coe¢ cients between the s-year-
ahead forecast errors and the 1-year-ahead forecast errors. This approach is
nonparametric because it does not presume that income shocks follow any spe-
ci�c process. In examining the 
 and � matrices, we can directly study the
lifecycle dynamics of income uncertainty.

One hurdle to implementing this strategy is that we do not know the
joint distribution of yt;s and IHt . As a result, we cannot compute E[yt;sjIHt ]
directly. Indeed, we do not even know exactly what IHt encompasses. This
is one of the main reasons why methods used in previous studies potentially
yield inaccurate estimates of income uncertainty. To examine quantitatively
the bias introduced by ignoring superior information possessed by households
and to alleviate this bias, we experiment with two speci�cations. First, in
what we label as the restricted information speci�cation (RIS), we project yt;s
solely conditional on IRt , the information set that econometricians observe at
the time when the household is at age t. IRt is the information that households
certainly possess at age t. Second, in what we call the augmented information

4 In our implementation, we take the age of the head of household as the age of the house-
hold.
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speci�cation (AIS), we project yt;s conditional on the augmented information
set IAt , where

IAt = IRt [ IFt : (6)

The augmenting future information set, IFt , contains elements that econometri-
cians observe s years later, when the household becomes age t + s, the target
age of the forecast. This is information that households likely or possibly know
at age t. Put di¤erently, IFt approximates the superior information that house-
holds possess but econometricians do not observe concurrently.

To �x the idea, we estimate the following RIS equation,

yi;t;s = �+ �0yi;t + �1yi;t�1 + �2yi;t�2 + 
Zi;t + �Trendt;s + "i;t;s; (7)

and AIS equation,

yi;t;s = �+�0yi; t+�1yi;t�1+�2yi;t�2+
Zi;t+ �Qi;t;s+ �Trendt;s+"i;t;s: (8)

In the above equations, i indexes households, and Zi;t is a vector of variables that
belongs to IRt . We only include information about the household head.5 This
vector contains race, education level, marital status, family size, a currently laid-
o¤ or unemployed dummy, a self-employed dummy, and a vector of occupation
and industry dummies, all evaluated at age t. In addition Zi;t includes a fourth-
order polynomial of imputed years of working experience, evaluated at the target
age t+ s.6 Qi;t;s is a vector of variables that belongs to the augmenting future
information set, IFt . We assume Qi;t;s includes family size, marital status, a
retirement dummy, a part-time dummy, a self-employment dummy, and a vector
of occupation and industry dummies, all evaluated at age t+ s.

Besides IRt and IAt , our speci�cation departs from most previous spec-
i�cations in that we include both current and lagged income in our projection
equation. In principle, if we have a very long income history for a given house-
hold, even a univariate ARIMA model could potentially have decent forecasting
power. Meanwhile, such a long time series of household income will be useful
to identify the potential income process heterogeneity that Lillard and Weiss
(1979) and Guvenen (2007) have stressed. Including some recent income his-
tory can help to tease out information about recent income shocks and capture
part of the individual-speci�c information of income growth that is not revealed
by current income. In practice, our model includes two lags to preserve degrees
of freedom. Finally, we add a simple calendar year trend to control for aggregate
economic growth.7

There are several important caveats regarding our model. First, be-
cause most households do have plans about their family and career ahead of

5Our data source does not have information for spouses that is as complete as heads.
Including available spousal information does not signi�cantly change the results.

6Experience is imputed as age minus 15, 18, 20, or 22 for the categories of high school drop
out, high school graduate, some college education, and college graduate respectively.

7We also estimated the model with year dummies, assuming households have perfect fore-
sight on future aggregate growth and business cycle �uctuations. The results are very much
similar to the model with a linear trend.
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time, it is not unreasonable to assume households know several years ahead
of time what their family size and marital status will be; whether they will be
working, retired, or self-employed; and whether they will change occupation and
industry. However, it is more di¢ cult to �rmly argue that households know all
this information when s is large.8 Second, we try our best to project yt;s on
an information set as close to IHt as possible, subject to the data availability
constraint. Nevertheless, it is still possible that there exist information elements
� such that � 2 IHt , but � =2 IRt [IFt since econometricians only observe informa-
tion collected by household surveys. However, as we will present later, the large
value of R2 of Eq.(8) reassures us that such omitted information can only have
a limited impact. Third, Eqs. (7) and (8) are forecasting equations, and they
are estimated solely on the basis of maximizing R2. We are not estimating
a structural model, so the coe¢ cients estimated for Eqs. (7) and (8) should
not be interpreted as structural parameters. Finally, although we allow income
uncertainty to vary with age, we compute these forecast errors by applying the
same coe¢ cients of the forecasting model to all households of di¤erent ages.
As a robustness check, we estimate the forecasting model separately for each
age group. Our results are qualitatively preserved, which reassures us that the
age pro�le of income uncertainty is not driven by any age dependence in the
accuracy of the forecasting model.

4 Data Description and Sample Construction

We use data from the Panel Study of Income Dynamics (PSID). The PSID
is a nationwide longitudinal survey of households conducted by the Institute of
Social Research at the University of Michigan. Before 1997, the PSID was an
annual survey, while after 1997 it became a biannual survey. Currently, there
are 34 waves of data that cover 38 years. The �rst wave of data was collected
in 1968, and the latest available wave was collected in 2005. The PSID not
only surveys the households in the original sample constructed in 1968, but
also the households headed by the grown-up children of the original sample of
households. The sample of households in the PSID has a very high retention
rate. The vast majority of households that the PSID surveys in one year will
continue to participate in the next wave. There are more than 1,200 households
that stayed in the survey for more than 30 years. Consequently, the sample size
of the survey has grown considerably since 1968. The �rst wave of the PSID had
only 4,802 households, whereas the 1994 wave had more than 10,000 households.
The PSID subsequently stopped surveying households in its non-core sample.
As of the most recent wave of 2005, the survey has 8,002 households.

Besides extensive information about work status, employment history
and demographic characteristics, the PSID has detailed information on house-

8Our study forecasts future income up to twenty-�ve years ahead.
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hold income. In the current paper we report results regarding two income mea-
sures: total family income and household head labor earnings.9

The longitudinal structure of the PSID data allows us to link a house-
hold at time t to the same household at time t+s.10 However, we do not exploit
other longitudinal properties of the data. For instance, consider a household
that was surveyed over ten years from 1971 through 1980. When we project the
�ve-year-ahead income, this household renders �ve current and future income
pairs (t; t + s) = (1971; 1976), ... , (1975, 1980). We simply pool these pairs
together without controlling for the household �xed e¤ect.11

Several selection rules apply when we construct the sample. First, we
restrict the heads of our sample households to be those younger than 65 years
old at the year to be forecasted. Thus, if we project income of year t+ s as of
year t, we keep only the households whose heads are younger than 65� s as of
year t. For example, in the sample we use to forecast �ve-year-ahead income,
we restrict the heads of sample households to be younger than 60 years old.
Consequently, the sample we use to study forecast errors at farther horizons is
smaller than the sample used for a closer horizon. On the other side of the age
restriction, we remove all households whose heads are younger than 23 years old
in the base year. Second, we remove households that reported zero or negative
income in the year to be forecasted. Third, we remove households whose heads
are disabled or retired, are primarily keeping house, or are students in the base
year. Fourth, we remove households whose heads report zero working hours
in the base year and the previous two years or did not report valid industry
or occupation information. Finally, in order to minimize the bias caused by
outliers, we trim o¤ households with very high or very low income levels and
growth rates 12 .

In our study, we estimate the variance of projection errors of incomes
up to 25 years in the future. Because we include two lags of income in our
forecasting equation and the PSID started in 1968, the �rst base year is 1970.
We do not use the PSID 2003 and 2005 data because these waves used di¤erent
occupation and industry codes that cannot be mapped to those used in the pre-
vious waves.13 Table 1 lists the number of observations used in the total family
income estimation for each forecast horizon. The number of valid observations
used in estimating the head labor earnings is somewhat smaller at all horizons.
Table 2 provides summary statistics of key variables at the base year for the
one-year-ahead sample, which is the largest. The income variables are de�ated
using 1982-1984 dollars.

9We also implement similar exercises with two more income measures, head wages and
salaries and household labor earnings. The results are qualitatively similar.
10We abuse notation here to use t to denote age and time interchangeably.
11As a robustness check, we also estimate the model controlling for clustering and the results

are not much changed.
12We trim o¤ the top and bottom 1% of lagged, current, and future income level distributions

and the distribution of income growth between year t and t+ s.
13All waves but 2003 and 2005 of the PSID data have 1970 census industry and occupation

code. The 2003 and 2005 PSID data used the industry and occupation code derived from the
2000 census.
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Table 1: Number of Observations for Each Sample

s 1 Year 2 Years 3 Years 4 Years 5Years
N 72,441 71,082 61,629 59,085 53,077

s 6 Years 7 Years 8 Years 9 Years 10 Years
N 49,004 44,037 39,851 35,782 31,935

s 11 Years 12 Years 13 Years 14 Years 15 Years
N 28,458 25,174 22,243 19,440 16,899

s 16 Years 17 Years 18 Years 19 Years 20 Years
N 14,515 12,495 10,547 8,991 7,419

s 21 Years 22 Years 23 Years 24 Years 25 Years
N 6,147 4,905 3,870 2,922 2,097

Table 2: Summary Statistics of the One-Year-Ahead Forecast Sample

Variable Mean StdDev Variable Mean StdDev

Log(Family Income) 10.21 0.62 Log(Head Labor Earnings) 9.80 0.66
Headage 39.81 10.68 Family Size 3.31 1.75

< High School 29.1% High School 23.3%
Some College 29.4% College 18.2%

White 66.6% Married 71.1%
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5 Main Empirical Results

We report �ve-year centered moving averages of the estimated forecast-
error variances for households between 25 and 62 years old to further �lter out
possible noise in the series. Because we have from one- to twenty-�ve-year-
ahead income projections, our income uncertainty matrix 
 has dimensions
38�25.14 Figure 1 presents the nonparametric estimates of total family income
uncertainties, whereas Figure 2 presents the counterpart results for household
head labor earnings. For each income measure and model speci�cation, we plot
uncertainty pro�les at four representative forecast horizons: one and two years
(near future forecast), as well as �ve and ten years (intermediate and remote
future forecast). To show the statistical signi�cance of our results, for each
pro�le, we also plot the 95-percent con�dence interval band. In each �gure,
the top four panels are estimated using the AIS equation, and the bottom four
panels are estimated using the RIS equation.

5.1 Total Family Income Uncertainty

We �rst focus on total family income uncertainties estimated using the AIS
equation. These are displayed at representative horizons in the top four panels
of Figure 1. For better contrast, we use the same vertical axis scale for the
top two panels, which show uncertainty at one- and two-year horizons. Not
surprisingly, the level of uncertainty regarding income two years ahead is on
average 40% higher than the income uncertainty one year ahead. The con�-
dence intervals associated with both uncertainty pro�les indicate this gap is
statistically signi�cant. Apart from the level of uncertainty, both pro�les share
a similar U-shaped pattern over the lifecycle. Income uncertainty is at a high
level in the mid twenties but declines during the late twenties and early thirties.
Afterwards, uncertainty stays at a relatively stable level before rising again in
the mid-forties. This rise continues as households approach retirement. The
ratio between the maximum and minimum level of uncertainties over the lifecy-
cle (the max-min ratio) is 1.46 for the one-year-ahead forecast and 1.35 for the
two-year ahead forecast. We note that both pro�les are tightly estimated, which
reinforces the signi�cance of the U-shaped pattern. A similar convex pro�le of
income uncertainty is also documented in Baker and Solon (2003). They decom-
pose the stochastic part of income into a transitory and a permanent component
and �nd that the age pro�le of the variance of the transitory innovation exhibits
a pronounced U-shaped pattern.15

Pro�les of similar shapes repeat in the two panels on the second row,
which show income uncertainties at the intermediate and remote future. The
standard errors are somewhat larger than in the top two panels because we have
a smaller sample over these longer horizons. The uncertainty associated with
income �ve years ahead hits bottom in the mid thirties and stays quite �at until

14The lower-right triangle of the matrix is populated with zeros.
15A similar pattern was also noticed by Gordon (1984).
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the mid forties. The uncertainty pro�le of income ten years ahead also exhibits
a like pattern, but it bottoms at a somewhat earlier age. Adjusted for di¤erent
forecast horizons, the bottom of each curve corresponds to a target age in the
early forties. Comparing with the near future, the dynamics of the intermediate
and remote future income uncertainty are less pronounced. The max-min ratio
is 1.27 for the �ve-year horizon and 1.20 for the ten-year horizon. Both ratios
are appreciably lower than the max-min ratios at nearer horizons. Moreover,
though the level of uncertainty in the intermediate future is much higher than
in the near future, the increase is not linear in forecast horizons. The two-
year ahead uncertainty is 40% higher than the one-year ahead uncertainty. If
these uncertainties exhibited a linear trend, the �ve-year ahead uncertainty, for
example, should be 160% higher than the one-year ahead uncertainty. However,
it is only 100% larger.

Finally, income-uncertainty pro�les at the very remote future such as
beyond twenty years were also estimated. Because of smaller sample sizes at
these horizons, these pro�les are less precisely estimated, so we do not report
them in the �gures. The point estimates also exhibit a U-shaped pattern, but
these are not statistically signi�cant.

Now we turn our attention to family income uncertainties as estimated
under the RIS, which are shown in the bottom four panels of Figure 1. Several
features of this �gure are noteworthy. First, the U-shaped contours of these
lifecycle uncertainty pro�les are qualitatively similar to those in the AIS results,
shown in the top four panels. Second, the max-min ratios are somewhat higher
for the RIS estimates, especially for income in the near future. Third, because
these future income projections are conditioned on a more restricted information
set, the RIS forecast error variances are greater than the variances estimated
under AIS. This is true for all forecast horizons and for households of all ages.
Finally, as we expect, the discrepancy between the RIS and AIS results widens
with the forecast horizon. The RIS one-year-ahead uncertainty is only 4% higher
than the AIS uncertainty, whereas the margin is about 22% at the ten-year
horizon. This is because the di¤erence between IR and IA is what households
might know in the base year but what econometricians only observe after a s-
year lag. If s is small, the correlation between the elements in IR and IF will be
high, discounting the net value of augmenting with IF . Conversely, if s is large,
IR should have less predictive power on IF . Consequently, augmenting by IF
adds much more new information and beefs up the forecasting performance.

5.2 Household Head Labor Earnings Uncertainty

Figure 2 shows the corresponding results for the uncertainty of household
head labor earnings. Because we do not include any spousal information in the
projection equation, using head income is conceptually more consistent with the
model speci�cation, although numerically the contribution of spousal informa-
tion is small. Comparing to the total family income uncertainty pro�les, the
head labor earnings pro�les share many common features. First, they evolve
over the lifecycle with similar dynamics. Second, uncertainty levels increase
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Figure 1: Lifecycle income uncertainty pro�les of total family income. The top
four panels are estimated using the AIS equation, and the bottom four panels
are estimated using the RIS equation. The shaded areas represent 95-percent
con�dence intervals.
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Figure 2: Lifecycle income uncertainty pro�le of labor earnings of household
heads. The top four panels are estimated using the AIS equation, and the
bottom four panels are estimated using the RIS equation. The shaded areas
represent 95-percent con�dence intervals.

15



with the forecast horizon. Third, the gap between the AIS and RIS estimates
also ranges from 4% for income in the near future to about 22% for income in
the remote future.

The most important distinction between the uncertainty dynamics of
the two income measures is that the rise of uncertainty in the later phase of the
lifecycle is much more pronounced for head labor earnings than for total family
income. The former evolves with a U-shaped pattern, whereas the latter evolves
with more of a J-shaped pattern. Taking the ten-year-ahead uncertainties as an
example, this series covers households between 25 to 53 years old. Under the
AIS, the uncertainty for total family income ten years in the future perceived at
age 25 is about the same as what is perceived at age 53. In contrast, for head
labor earnings, the uncertainty perceived at age 53 is almost 50% higher than
what is perceived at age 23, suggesting that either households face substantially
greater head labor earnings risk than total family income risk later in life, or
our forecast equation does a better job capturing predictable variation for total
family income than for head labor earnings.

5.3 Correlations of Forecast Errors

Besides the magnitude of income uncertainties over the lifecycle, to com-
pletely characterize the dynamics of income uncertainty we also must know how
the stochastic components of income at di¤erent horizons correlate. We present
for each age group the correlations between the forecast errors one-year ahead
and the forecast errors at other horizons (�1) in Figure 3. To keep the graph
readable, we only show the correlations of total family income uncertainties
faced by households that are thirty, forty, and �fty years old under the AIS.
Correlations for other income measures and for households of other ages are
similar. The chart shows that, apart from the longest forecast horizons when
sample sizes are smallest, the correlations of households of various ages follow
the same pattern. Since the correlations are positive at all forecast horizons in
our sample, income shocks must have a persistent component. We note that
the correlations decline with the forecast horizon. The correlation between the
one-year and two-year forecast errors is about 0.45 whereas the correlation be-
tween the one-year and ten-year forecast errors is only about 0.15, one third of
the previous value. This rapid fallo¤ suggests that the persistent component
of income shocks is more likely to be an AR process than a unit-root process.
We cannot rule out the existence of a unit root, though, if there is one, its
innovations should have a relatively small variance.

5.4 The (In)signi�cance of Lagged Income

One innovation of our model is that future income is projected conditional
on not only current income, but also lagged income. The motivation for includ-
ing lagged income in the projection equation is to capture some income-pro�le
heterogeneity that cannot be accounted for by a common trend determined by
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Figure 3: Correlations of 1-year-ahead and h-year-ahead forecast errors for ages
30, 40 and 50.

demographic, industry and occupational variables. This method will not cap-
ture all the heterogeneity set forth by Lillard and Weiss, but does acknowledge
that past income history is useful in predicting future income. Indeed, for al-
most all income measures and forecasting horizons, the estimated coe¢ cients
of the lagged income are highly signi�cant (with p-value typically smaller than
0.001). In addition, if we add up the current and lagged income coe¢ cients, the
sum is larger than the coe¢ cient of the current income estimated in a model
with no lagged income included, con�rming that with lagged income included,
the projection picks up more signal from the income history.

However, what is somewhat puzzling to us is that although the coe¢ -
cients of the two lagged incomes are statistically signi�cant, adding them does
not beef up the overall �tness of the projection equation to a great extent. For
example, the R2 of the AIS equation for the total family income one year ahead
merely increases from 0.7489 to 0.7612. Furthermore, the improvement of R2

diminishes as forecast horizons become remote. This limited boost of �tness
manifests in the variance of forecast residuals as well. As Figure 4 shows, in-
cluding two lags of income reduces the one-year-ahead forecast residual variance
by about 5.5 percent in the AIS model. This gap decreases to only 1.2 percent
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Figure 4: Contribution of including lagged income in the projection equations.

at the twenty-�ve-year horizon.
On balance, we �nd that including a short income history can moder-

ately boost forecast performance in the near future and does not have a sig-
ni�cant e¤ect in the remote future. However, this result does not imply that
income heterogeneity bears no signi�cance. Rather, the insigni�cance of lagged
income suggests that much of the heterogeneity can only be accounted for by
adding more information beyond a short income history.

5.5 Robustness Tests

To verify whether the U-shaped uncertainty pro�le over the lifecycle is a
spurious consequence of our model speci�cation, sample size, or sample selection,
we conduct a series of robustness tests. First, we examine whether the changes
in forecast-error variances are due to model misspeci�cation. Remember we
project the future income of households of di¤erent head ages using the same
set of coe¢ cients. If the projection-equation coe¢ cients should be age-speci�c
and the projection equation we use is closer to the true equations for middle-
aged households than to the true equations for younger and older households,
the one-size-�t-all approach will reduce �tness for younger and older households
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and arti�cially increase income uncertainties for these age groups. We divide
our sample into �ve subgroups by head of household age and reestimate Eqs. (7)
and (8) separately for each subgroup. Then we calculate forecast-error variances
as we did before and we �nd the U-shaped uncertainty pro�les are preserved,
though with wider con�dence intervals.

Second, we examine whether changes in the sample size as we vary the
forecast horizon (as given in Table 1) might drive the shape of the uncertainty
pro�le. We reestimate the forecast equations using a smaller common sample
and reassess income uncertainties over the lifecycle. Apart from the fact that
more matrix elements cannot be estimated accurately because of the smaller
sample size, the magnitude and dynamics of income uncertainty are similar to
what we presented above.

Finally, we test if our results are driven by low-income households, which
are oversampled by the PSID. The core PSID sample consisted of two indepen-
dent samples: a nationwide representative sample and a sample of low-income
families. In the �rst wave of the survey, the nationwide representative sample has
about 3,000 households and the low-income sample has about 2,000 households.
We redo our analysis using only the households in the nationwide representative
sample and their o¤spring. The results are similar to those obtained using the
entire PSID core sample.16

6 Discussion and Comparison with Earlier Re-
sults

How substantive are the innovations we have introduced into these nonpara-
metric measures of income uncertainty? How di¤erent are our results compared
to previous results in the literature? We answer these questions by contrast-
ing our results to the income uncertainty estimates in the in�uential work of
Carroll and Samwick (1997) and Gourinchas and Parker (2002). Three reasons
lead us to choose their results to compare with. First, their speci�c interest was
precautionary saving, so their estimates focus explicitly on income uncertainty
and risk rather than inequality, volatility, or other types of income variability.
Second, their work also use the PSID data, which makes it easier to update their
results to implement a comparison and to interpret the outcome. Third, apart
from the speci�ed innovations, our model speci�cations share many similarities
with theirs.

As we summarized in Eqs. (1)-(2) with � set to 1, Carroll and Samwick
(1997) and Gourinchas and Parker (2002) decomposed the logarithm of income,
yt, into a permanent component, pt, and a transitory shock, �t. The permanent
component, pt is further assumed to follow a random walk with predictable

16For more information about the PSID sample design, see the online documentation at
http://psidonline.isr.umich.edu/Guide/Overview.html.
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income growth gt such that

pt = gt + pt�1 + �t; (9)

where �t is the shock to permanent income. Let �
2
� and �

2
� be the variance

of the permanent and transitory shocks. De�ne V ARd as the variance of the
d-year income di¤erence. Filtering out gt, it is easy to show that

V ARd = Var[yt+d � yt] = d�2� + 2�
2
� ; (10)

noting that the econometrician does not know how either yt or yt+d decomposes
into their permanent and transitory parts. The innovation variances �2� and �

2
�

can be estimated by evaluating Var[yt+d � yt] at various di¤erence lengths, d.
Using a PSID sample from 1981 to 1987, Carroll and Samwick report �2� = 0:022,
and �2� = 0:044. Gourinchas and Parker (2002) report almost identical results.
These parameters are changed signi�cantly when we estimate their model using
an extended PSID sample that covers a longer period 1968 - 2001. The updated
estimates call for a much bigger variance for the transitory income shocks, �2� =
0:071, and a much smaller variance of permanent shocks, �2� = 0:009.

Figure 5 contrasts the total family income uncertainty at various fore-
cast horizons implied by the original and updated Carroll and Samwick estimates
with our nonparametric pro�les (pooled across ages). The higher and steeper
linear pro�le is implied by the �2� and �

2
� reported in Carroll and Samwick (1997),

the lower and �atter linear pro�le is implied by the the �2� and �
2
� estimated

using the extended PSID sample. The higher concave pro�le is estimated using
the RIS equation, whereas the lower concave pro�le is estimated using the AIS
equation. The linearity between income uncertainties and forecast horizons
under the Carroll and Samwick speci�cation arises because of the random walk
assumption imposed on the permanent income shocks. The slope of the linear
pro�le is equal to the variance of permanent shocks, and the intercept is equal
to two times the variance of transitory shocks.

There are several noteworthy features in this chart. First, we notice
that the Carroll-Samwick (1997) pro�le is substantially higher than both non-
parametric pro�les estimated under the AIS and RIS equations. At near hori-
zons, the gap is between 20-40%, whereas at remote horizons, because both AIS
and RIS nonparametric pro�les are concave, the wedge between the linear pro-
�le and the nonparametric estimate widens substantially to between 70-120%.
Second, the updated Carroll-Samwick pro�le has a higher intercept but a �at-
ter slope due to the larger �2� but smaller �

2
�: Third, the predictable income

component, gt;s, is constructed using time t+ s information in the Carroll and
Samwick approach, whereas the RIS equation is conditioned only on time t in-
formation.17 Thus it is very striking that even the updated Carroll-Samwick
estimates can not outperform the RIS estimates.18

Why are the uncertainty pro�les implied by the original and updated

17For the speci�c application that Carroll and Samwick (1997) studied, they sought to
measure income uncertainty across the population at a speci�c point in time, corresponding
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Figure 5: Camprison between the implied total family income uncertainty at
various future horizons implied by four estimates: (1) the parameters reported
in Carroll and Samwick (1997); (2) the updated Carroll and Samwick estimates
using an extended PSID sample; (3) the AIS estimates; and (4) the RIS esti-
mates.

Carroll and Samwick estimates so di¤erent? Two potential factors may con-
tribute to this change. We notice that in Carroll and Samwick (1997), the
maximum di¤erence length corresponds to d = 6, which is relatively small. Us-
ing a longer panel not only adds data from more years, but it also allows us
to consider the di¤erence in income over longer intervals. To assure the com-
parability of our PSID sample with theirs, we �rst replicate their results using
the PSID 1981-1987 sample that we construct. Our estimated transitory shock
variance is 0.044, identical to theirs, and our estimated permanent shock vari-
ance is 0.019. The latter variance is slightly smaller than theirs, but the gap is
not statistically signi�cant. Then we update these estimates using the extended
PSID sample. We vary max[d] to examine whether the estimates are sensitive

to t+ s in our notation.
18The updated Carroll-Samwick pro�le is also uniformly higher than the AIS pro�le at all

forecast horizons by a margin of 30% on average. However, we acknowledge that the AIS
estimates condition on both time t and t+ s information.
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to variation in di¤erence length.
Figure 6 contrasts how the estimated variances of transitory and perma-

nent shocks, identi�ed by the speci�cation of Eqs. (9)-(10), vary with max[d].
Because we project future income up to 25 years ahead in our nonparametric
estimates, we choose the largest value ofmax[d] to be 25. This �gure has several
outstanding features. First, the permanent shock variance decreases monotoni-
cally with max[d] whereas the transitory shock variance increases. This phenom-
enon implies either that the variance of the permanent shocks�if the persistent
shock process is indeed a random walk�is estimated with a signi�cant upward
bias using a short panel, or that the persistent shocks do not follow a random
walk but rather an AR process. To see this, suppose the true model of the
shocks to �permanent�income is

pt = �pt�1 + �t; (11)

instead of a unit root process pt = pt�1 + �t. We can show that, after some
algebra, V ARd is not equal to d�2� + 2�

2
� as in Eq. (10). Rather, we have

V ARd = Var[yt+d � ytjyt] =
1� �2d
1� �2 �

2
� + [1 + �

2d]�2": (12)

Using L�Hôpital�s Rule, it is easy to verify that (10) is the limiting case when
�! 1. If eq. (10) holds, �2� can be calculated by taking the di¤erence V ARd+1�
V ARd. The e¢ cient estimate that Carroll and Samwick implemented can be
viewed as a weighted average of such variances across d � max[d]. However, if
Eq. (12) is the true model, taking the di¤erence between V ARd+1 and V ARd,
we get the presumed estimate of the variance of permanent shocks,

V ARd+1 � V ARd = �2d[�2� + (�
2 � 1)�2"]: (13)

Assuming � is close to 1 (e.g � = 0:9) and �2� and �
2
" are of the same order of

magnitude, then V ARd+1�V ARd will be a decreasing function of d.19 There-
fore, when we increase max[d], the average of V ARd+1�V ARd over d � max[d]
also decreases. Meanwhile, a downward biased estimate of the permanent shock
variance leads to an upward biased estimate of the transitory shock variance.

Second, when we restrict max[d] = 6 in the extended PSID sample and
throw out longer di¤erences, the estimated permanent shock variance is 0.015
and the estimated transitory shock variance is 0.054. The former is smaller than
the 1981-1987 PSID sample estimate, whereas the latter is larger. This could
be because the variance of transitory shocks increased in later samples. This
explanation is consistent with the notion that the contributions of transitory
shocks to changes in income inequality have become increasingly more signi�-
cant over the last three decades, as argued by Gottschalk and Mo¢ tt (1994).
However, the current paper is focusing on the dynamics of income uncertainty

19 In Section 7, we calibrate �2� � �2" � 0:04 for an analogous experiment with an AR
persistent shock.
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Figure 6: Variations in the estimated variances of transitory and permanent
income shocks as a function of the maximum time lag.

over the lifecycle. We leave formal study of the dynamics over calendar time
to future work.

Finally, Carroll and Samwick (1997) also estimate the variance of the
permanent and transitory income shocks by age. However, their estimates do
not imply a U-shaped lifecycle pattern. Indeed, their transitory shock variance
exhibits a hump-shaped pattern over the lifecycle, peaking in the early forties,
whereas their permanent shock variance demonstrates more irregular lifecycle
dynamics.

To summarize, in contrast to Carroll and Samwick (1997) and later work
using similar methods, our nonparametric estimates of income uncertainty reveal
a lower level of income uncertainty and suggest that the persistent component
of income shocks is not a permanent shock. Our approach also implies lifecycle
dynamics of income uncertainty more consistent with layman�s intuition and
the results of Baker and Solon (2003) and Gordon (1984).
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7 Calibration

While our nonparametric estimates of the volatility and correlation matrices
fully characterize the second moments of income forecast errors, for many theo-
retical applications it is necessary to specify a complete data generating process
for income. For example, to study the impact of uncertainty on consumption
and saving, we need the data generating process to compute optimal consump-
tion functions over the course of the lifecycle. As Guvenen (2007) has recently
pointed out, there is considerable disagreement about the proper speci�cation
of individual income processes, so rather than estimate a parametric income
process we choose to calibrate a �exible yet computationally tractable process
that is common in the literature. Thus we assume that income decomposes into
a deterministic age-dependent component, a persistent shock, and a temporary
shock. Carroll and Samwick (1997) and Gourinchas and Parker (2002) also
employ such a decomposition, but we will deviate from their approach in two
important respects. First, given that our nonparametric estimates call for a
concave increase of income uncertainty with forecast horizon, as opposed to a
linear trend, the persistent shock in our speci�cation will not follow a unit-root
process.20 Second, the variance of the persistent and temporary shocks will
depend on age and, in the case of the temporary shocks, forecasting horizon.

Formally, we decompose log income at age t + s, conditional on infor-
mation available at age t; as

yt;s = at+s + pt;s + zt;s; (14)

where at+s is the age-dependent factor, pt;s is the persistent shock, and zt;s is the
temporary shock. More precisely, we assume that pt;s and zt;s are independent,
unconditionally unit-mean processes such that

pt;s+1 = �pt;s + �p(t)�t;s

zt;s = �z;s(t)"t;s;

where �t;s and "t;s are i.i.d. zero-mean and unit-variance white noise processes,
which are also independent of each other. Note that we assume the age-
dependent factor at+s and the autocorrelation � are the same for each base
age t.

For comparison, we also consider a model more typical of the existing
literature, where the variance of the persistent and temporary shocks is simply
a constant, independent of time. The age-dependent and constant-variance
calibrations of �p(t) are plotted as a function of age t in Fig. 7 for both the
AIS and RIS speci�cations.21 Likewise, the calibrations of �z;h(t) are plotted

20Note that many papers in the literature have previously considered an AR(1) process for
the persistent shocks, including Feigenbaum (2008) and Huggett (1996).
21For details of the calibration procedure, see Feigenbaum and Li (2008), which refers to

the age-dependent income process as the time-inconsistent model and the constant-variance
process as the time-consistent model.
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Figure 7: Persistent shock standard deviation �p(t) as a function of age t for
the age-dependent and constant-variance income processes with both the RIS
and AIS estimates of the volatility and correlation matrices.

as a function of age for four representative horizons for each of the four models
in Fig. 8. The correlation coe¢ cients for each calibration are given in Table 3.

The variance of the persistent shock is larger at all ages for the constant-
variance calibration than the age-dependent calibration. At short time horizons
the variance of the temporary shock is comparable between the age-dependent
and constant-variance calibrations. However, the variance of the temporary
shock increases with the forecast horizon in the age-dependent model while
necessarily remaining constant in the time-consistent model. As a result, for
most horizons the variance of the temporary shock is twice as large for the
age-dependent calibration as for the constant-variance calibration. Thus the
persistent income shocks will have greater emphasis in the constant-variance
calibration whereas temporary income shocks will have more emphasis in the
age-dependent calibration. Autocorrelations for the constant-variance calibra-
tions are modestly smaller than the corresponding age-dependent calibrations.
This di¤erence in autocorrelations may help account for the di¤erence in the
persistent-shock variances.
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Figure 8: Temporary shock standard deviation �zh(t) as a function of age t for
horizons h of (a) one year, (b) two years, (c) �ve years, and (d) ten years for
both the age-dependent and constant-variance income processes and both the
AIS and RIS estimates of the volatility and correlation matrices.

Speci�cation �
AIS CON VAR 0.910
AIS TIME-DEP 0.958
RIS CON VAR 0.925
RIS TIME-DEP 0.964

Table 3: Correlation � for both the age-depenent and constant-variance income
processes and both the AIS and RIS estimates of the volatility and correlation
matrices.
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To see the quantitative signi�cance of making the shock variances age-
dependent, let us compare the root-mean-squared deviation between the predic-
tions of each calibration and the corresponding nonparametric estimates since
this is the metric we minimize in our calibration exercises. For the AIS estimates
the root-mean-squared deviation is 0.022 whereas for the constant-variance cal-
ibration it is 0.051.22 Figs. 9-10 shows how the variances of forecast errors
for these two models compare to the nonparametric estimates as a function of
age at di¤erent forecast horizons. Since the constant-variance model assumes
that the standard deviation of temporary and permanent income shocks is in-
dependent of age, its variance graphs are �at whereas the age-dependent model
is able to capture the U-shaped dependence of the variances with respect to
age. For the AIS, at short horizons of one to two years, the constant-variance
model overpredicts the uncertainty at all ages. For intermediate horizons, the
constant-variance model overpredicts the uncertainty in the 20s and 30s.23 Con-
sistent with its smaller root-mean-squared deviation, the age-dependent model
almost uniformly does better at matching the forecast-error variances, although
it does underpredict the variance at the two-year horizon. The comparison is
similar for the RIS speci�cation.24

To get a better sense of the relative importance of the age-dependence of
the income shock variances and forecast-horizon dependence, Fig. 11 compares
the one-year ahead AIS estimates of uncertainty to the uncertainties obtained
from the four models that arise depending on whether we allow the shock vari-
ances to depend on age or not and whether we allow the variances to depend on
forecast horizon or not.25 The �gure shows that both age and forecast-horizon
dependence are needed to �t the observed income uncertainties and, in particu-
lar, the U-shaped lifecycle pro�le of uncertainty. However, the dependence on
forecast horizon is more crucial. The uncertainties that we obtain if we allow
the shock variances to depend on age but not forecast horizon overpredict the
observed uncertainties about as badly as the constant-variance model, and the
root-mean squared error of 0.050 for the age-only-dependent model is roughly
the same as for the constant-variance model. In contrast, while the uncertain-
ties of the forecast-horizon-only-dependent model are �at by construction as a
function of age, this model predicts one-year-ahead uncertainties comparable to
the lifecycle average for these uncertainties, and the root-mean squared error of
0.028 is much closer to that of the age and horizon-dependent model than the
constant-variance model. The dependence of the temporary shock variances
on forecast horizon indicate that consumers do learn a great deal about their
future income as they get closer to this future, but much of this information is
not coming from their income history.

22Note that if we imposed � = 1 in the constant-variance calibration, we would get a root-
mean-squared deviation of 0.115 for the AIS estimates.
23The constant-variance model signi�cantly underpredicts the point estimates of uncertainty

at long horizons of 15-25 years.
24We do not report results for longer horizons because the variances are less precisely esti-

mated, but we still obtain a good �t between the estimated lifecycle uncertainty pro�le and
the one implied by the age-dependent calibration at these horizons.
25We get similar results for other horizons.
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Figure 9: Variance of forecast errors at short horizons as a function of age for
the augmented information set (AIS) estimates and both the constant-variance
and age-dependent income processes.
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Medium and Long­Term Income Uncertainty
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Figure 10: Variance of forecast errors at intermediate and long horizons as a
function of age for the augmented information set (AIS) estimates and both the
constant-variance and age-dependent income processes.
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Figure 11: Variance of one-year ahead forecast errors as a function of age for
the augmented information set (AIS) estimates and for the four possible models
that arise based on whether variances are allowed to depend on age and whether
they are allowed to depend on forecast horizon. Note that �age/hor-depend
model�corresponds to what we normally refer to as the age-dependent model
in the text.
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Finally, Fig. 12 shows the correlations between one-year ahead forecast
errors and h-year ahead forecast errors. We plot the correlation for households
at ages 30, 40, and 50 as estimated nonparametrically under the AIS speci-
�cation and as implied by the age-dependent calibration. We also plot the
correlation for the constant-variance calibration, which by construction is the
same for all base ages. At all three of these ages, the age-dependent model
matches the correlations better since the constant-variance model overpredicts
the correlation at short horizons and underpredicts it at long horizons.
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Figure 12: Correlation of one-year ahead forecast errors and h-year ahead fore-
cast errors as a function of forecast horizon h at ages 30, 40, and 50 for the
augmented information set (AIS) estimates and both the age-dependent and
constant-variance income processes.

8 Conclusion

We construct a nonparametric measure of income uncertainty and study
its dynamics over the lifecycle. Our estimates of income uncertainty are typi-
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cally smaller than previous studies have documented. Our estimates also imply
less persistence in income shocks. Over the lifecycle, we �nd robust U-shaped
patterns in the evolution of income uncertainty. Young and old consumers on
average have more risky future income relative to middle-age consumers. This
U-shaped pattern is robust to a number of sample and model speci�cations and
prevails at almost all horizons.

With this re�ned measurement of income uncertainty over the lifecycle,
a wide variety of theoretical questions can be revisited, covering topics such
as consumption and �nance. For instance, Feigenbaum and Li (2008), using
the income process that we calibrate here, show that precautionary saving can
create a hump-shaped lifecycle pro�le of mean consumption that matches what
is observed in the data without resorting to controversial preference parameters.

We can also employ the methodology introduced here to consider the
evolution of income uncertainty for households of a �xed age as time progresses.
Doing so will let us address the question of whether the Great Moderation
people �nd in aggregate income data (Kim and Nelson (1999), McConnell and
Perez-Quiros (2000)) manifests itself at the household level.
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