Research in Economics (2002) 56, 3—59
d0i:10.1006/reec.2001.0268 ®
Available online at http://www.idealibrary.com on IDE %l.

Dynamic factor models of consumption, hours
and income

JOSEPH G. ALTONJI', ANA PAULA MARTINS* AND ALOYSIUS SIOW?

fNorthwestern University, Evanston, IL 60208, U.S.A.
*Universidade Catélica Portuguesa, 1600 Lisboa, Portugal
SUniversity of Toronto, Toronto, ON, Canada

(Received 28 February 1998, accepted 4 August 2001)

Summary

This paper addresses two questions in the economics of intertem-
poral choice. First, what are the key factors that drive fluctuations
in income and what are the time paths of their effects? Second,
how do consumers respond to these factors? We answer these
questions by estimating dynamic factor models of consump-
tion, hours, wages, unemployment, and income that account
for measurement error and the fact that variables used in the
study are measured at different time intervals and/or are aggre-
gates for the calendar year. We pay special attention to a
dynamic factor representation of a joint life cycle model of
consumption and labour supply, which permits us to quantify
the effect of wages, unemployment, and other factors on the
marginal utility of income as well as to estimate the substitu-
tion effects of wage changes on labour supply and consumption.
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Introduction

This paper addresses two long-standing questions in the economics
of intertemporal choice. First, what are some of the key factors
that drive fluctuations in income and what are the time paths
of their effects? Second, how do consumers respond to these
factors?

We take two approaches to these questions. First, we estimate
how a household’s income process is affected by changes in wages,
hours of work and unemployment. Then we use Friedman’s (1957)
permanent income model to interpret the consumption response
to changes in the income process and the factors which affect it.
There are many studies that examine the response of consumption
to changes in income, as well as to specific events, such as illness
and job loss, that induce income changes, but the magnitudes of
the responses are hard to interpret without a model of the income
process.

The permanent income hypothesis assumes that labour supply
is exogenous. When labour supply is endogenous, it is desirable to
decompose consumption and labour supply responses to changes
in exogenous factors into substitution and income effects. In our
second approach, we use a life cycle model of consumption and
labour supply to estimate the response of consumption and labour
supply to changes in the marginal utility of income induced by
a typical wage, price or unemployment shock.f Little empirical
research on these consumption and labour supply responses to
such shocks has been conducted. This was true when we completed
a draft of this paper more than a decade ago, (Altonji, Martins and
Siow (1987), hereafter AMS), and it is still true.

Our econometric models are vector moving average represen-
tations of the consumption, hours, wages, unemployment, and

1 The pure intertemporal substitution responses to wages, prices, and interest
rates (with the marginal of utility of income held constant) can and have been
estimated without a model of wage, price and interest rate behaviour. (See for
example, Heckman and MaCurdy (1980), MaCurdy (1981), Hansen and Singleton
(1983) and Browning et al. (1985) and Altonji (1986)). Furthermore, following Hall
(1978), many studies have tested versions of the permanent income and life cycle
models by examining whether past information about wages, interest rates and
other budget constraint determinants is related to changes in consumption. These
studies of “excess sensitivity”, surveyed in Hayashi (1987) and more recently in
Deaton (1992), Browning and Lusardi (1996), do not require a detailed model of
the income process either. See Deaton (1985), Mayer (1972) and Hayashi (1987)
for discussions and references to the permanent income hypothesis. See Altonji
(1986), Blundell (1986), Browning et al. (1985), Ghez and Becker (1975), Heckman
(1974), Heckman and MaCurdy (1980), MaCurdy (1981, 1983), and more recently
Blundell and MaCurdy (1999) for detailed discussions and references to the
literature on life cycle models.
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income processes.i Structural models of consumer behaviour
place restrictions on the autocovariances and cross covariances
of these variables. We estimate a model’s parameters by fitting the
theoretical covariances of the model to sample covariances that are
estimated from data. The data are from the Panel Study of Income
Dynamics (PSID).

The vector moving average representation of the data has a
number of advantages. First, it provides a convenient framework
for incorporating measurement error in the empirical analysis.*
Second, by working with a multivariate model of income (which
is of independent interest), we can examine the response of
consumption to identifiable sources of income variation that differ
in their persistence.§ Third, within a life cycle framework, we
can estimate the response of consumption and labour supply to
changes in the marginal utility of income induced by a typical
wage or unemployment shock, and we can identify the sources of
variation in the marginal utility of income. Fourth, we can account
for nonstationarity in a simple way. Fifth, in many micro panel
data sets, including the PSID, the variables relevant to a study are
measured at different time intervals and/or are aggregates for the
calendar year. We show how quarterly dynamic factor models can
be restricted with polynomial distributed lag structures to cope
with this problem.

Our main empirical findings are the following.

1 Factor models of income include Baker (1997), Lillard and Weiss (1979),
Hause (1980), Kearl (1988), MaCurdy (1982a and b), Abowd and Card (1987 and
1989) and Chowdhury and Nickell (1985).

$ Duncan and Hill (1984) have provided some direct evidence on the importance
of measurement error by comparing the responses of employees of a single
large firm with the records of the employer. They find that measurement error
accounts for 16-8 % of the variance in the earnings level. Under reasonable
assumptions, these would translate into a much larger percentage of the variance
in the first difference of earnings. Measurement error in nonlabour income
is likely to be an even more serious problem. Mellow and Sider (1984) use
matched employer/employee responses to show the existence of considerable
measurement error in the survey data. Altonji (1986) provides evidence, of
substantial measurement error in the first difference of the log of earnings
divided by hours and in hours of work. For the same data, Altonji and Siow
(1987) found that the life cycle model may be wrongly rejected if measurement
error in the income variable is ignored, and found that the ordinary least squares
estimate of the regression coefficient relating the change in consumption to the
change in income is only one third of the estimate obtained using an instrumental
variables estimator to account for measurement error. In his survey, Hayashi
(1987) concludes that measurement error is a major issue in micro panel studies
of consumption and liquidity constraints. For a recent survey of research on
measurement error, see Bound, Brown and Mathiowetz (2000).

§ Holbrook and Stafford (1971) analysed the link between the level of
consumption and various components of family income using one year of
consumption data and three years of income data for a cross section of families.
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1. There is substantial measurement error in income in all our
models (45% to 75% of the variance of the change in measured
income). The lower estimates are based on models that account
for non-synchronization in the data. We are less successful in
obtaining precise estimates of measurement error in measured
wages and work hours.

2. Innovations in the wage, unemployment and work hours explain
surprisingly little of the remaining variance in the change in
family income. This lack of explanatory power is consistent
with results from descriptive regressions. When we account for
non-synchronization in the data, the explanatory power of the
economic variables that determine income improves.

3. After two years, a shock to unemployment of the head of
household has essentially no effect on income. In contrast,
95% of the effect of a shock to the wage remains after 2
periods. The corresponding fraction for work hours is about two-
thirds, suggesting that work hours adjustments (conditional
on unemployment) are more permanent than unemployment
shocks.

4. The zero restrictions implied by the permanent income model
for the covariance structure of the data are not rejected.
There is little evidence that lagged factors affect the change
in consumption.}

5. Allowing for endogenous labour supply, we provide an estimate
of the total variance of the innovation in the marginal utility of
income. Wage and unemployment innovations together explain
over 40% of the total variance. Wage innovations are responsible
for most of this variance. This is consistent with the evidence
that wage innovations have a substantial variance and have a
substantial and persistent effect on income.

6. We do not find much evidence that substitution effects are
important. Our estimates suggest that the intertemporal labour
supply elasticity is small. The point estimates are actually
negative but are not significantly different from 0. We obtain
a small negative estimate of the cross substitution effect
of the wage on consumption. The point estimate suggests

+ HM found that the change in consumption responds to the lagged change in
income using the PSID, and this result is frequently cited as evidence against a
simple rational expectations permanent income model. The bulk of the evidence
from time series data is consistent with their results (See Deaton, 1985). However,
our finding that this evidence for the PSID is not robust is consistent with the
results of our earlier paper (Altonji and Siow, 1987). In that paper we obtain
different evidence on the effect of the lagged change in the log of income on the
change in the log of consumption with different samples, although the empirical
magnitude of the effect was small in all cases. Zeldes (1989) findings on the
relationship between change in the log of consumption and the lagged value of
the log of income are also sensitive to the details of the specification and sample.
See Attanasio (1999) for a recent summary of the evidence.
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that consumption and leisure are complements, but the null
hypothesis of intra period separability of consumption and
leisure cannot be rejected.

The paper proceeds as follows. Section 1 provides an overview
of the dynamic factor models studied in the paper. Section 2 and
the Appendix discuss the restrictions on the dynamic factor model
implied by models of consumer behaviour. Section 3 presents a
methodology for taking account of time aggregation and non-
synchronization in estimating such models. Section 4 discusses
estimation methods and the data. In Section 5 we discuss the
estimates of the covariance stationary model, the properties of the
income process, and the response of consumption to current and
lagged income shocks. Sections 6 presents estimates of the life cycle
model of consumption and labour supply. Section 7 concludes.

1. An overview

This paper estimates various dynamic factor models of annual
consumption, income and hours. We use the real wage and
unemployment as additional indicators of factors which drive these
variables.t Throughout the paper, A is the first difference operator,
C; is consumption in year t, Y is real family income in year t, Wy
is the real wage in year t, Z; is 2000 plus hours of unemployment
in year t for the head of household, and N; is the head’s annual
work hours in year t. For notational convenience, subscripts for
individuals are left implicit. For X = C, W,Y,Z, and N, X} is the
measure of X; at t. We estimate models using first differences,
with the exception of unemployment Z;, which we do not first
difference. In analyzing the RE-life cycle model, we replace Y; with
labour earnings of the head of household Y}. For convenience, we
sometimes refer to the first difference of a variable as the variable
itself.

We analyse consumption, hours and income using various
dynamic factor models that are nested in the following general
model:

A GENERAL DYNAMIC FACTOR MODEL OF CONSUMPTION, INCOME AND
HOURS

General consumption model (AC3):

AC: = ﬁchuwt + ﬁcwluwt—l + ﬁchuwt—Z + ﬁczOuzt + ﬁczluzt—l

T We also experimented with hours of illness, but it did not contribute much to
explaining the variables of interest.
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+ ﬁczZuzt—Z + ﬁcnOunt + ﬁcnlunt—l + ﬁanunt—Z
+ ﬁcyOuyt + ﬁcyluyt—l + ﬁcy2uyt—2 + ﬁccOuct
+ Bec1Uet—1 + PecaUet—2 (1.1a)

General income model

Income Equation (AYj):

AY; = Bywolwt + BywiUwt—1 + Pyw2Uwt—2 + ByzoUzt + Byz1Uze—1
+ Byz2Uzt—2 + BynoUnt + Pyn1Unt—1 + Pyn2Unt—2
+ Byyouyt + Pyy1Uyt—1 + PyyaUyt—2 + Aty (1.1b)
Annual Work Hours Equation (AN}):

AN: = ﬁnwOuwt + ﬁnwluwt—l + ﬁanuwt—Q + ﬁnzOuzt

+ BnziUzt—1 + Pnz2Uzt—2 + Prnolnt

+ Pnn1Unt—1 + Pon2Unt—2 + ﬁnyOuyt

+ ﬁnyluyt—l + ﬁnyQuyt—Z + Aént (1.1c)
Wage Equation (AW5):

AW: = ﬁwwouwt + ﬁwwluwt—l + ﬁww2uwt—2 + AEWt (11d)

Unemployment Equation (Z;):

Z: = ﬁzzOuzt + ﬁzzluzt—l + ﬁzzZuzt—Q (116)

The factors uc, Uwt, Uz, Unt, and uy; are assumed to have the
following properties:

Var(ui) =1 i=cy,w,z,n
(Normalization of the variances to 1)
Cov(uit, uz_x) =0 1i=¢,y,w,zn;k#0
(No serial correlation)
Cov (ujt, uji-x) =0 1i#j;forallk
(0 cross covariances)

The measurement error (ME) components have the properties:

Var(sy) =0 i=y,w,n

Cov(eit, €it-x) = 0 1=y,w,n;k = 0(No serial

correlation in ME)
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Cov(eit, €jt) = 0 1#j, (ME are unrelated)
Cov(ui, gjt-x) = 0 for all i,j,k.(ME are unrelated

to true variables)

The Bijc are the response coefficients or “factor loading” relating
the variable i to factor j lagged k periods. For example, By is the
response of income to the wage factor uyt_1. We restrict the analysis
to second-order vector moving average (MA) models because
autocovariances and cross covariances among the variables are
very small after two lags. We work with a dynamic factor
framework rather than a VAR regression model for AC}, AY;,
AW}, Z;, AN} in part because it is very difficult to accommodate
measurement error in the latter framework.

Equations (1.1d) and (1.1e) specify that wages AW} and unemploy-
ment Z; are autonomous processes that are driven only by their
own factors. The zero correlation between wages and unemploy-
ment implied by this assumption is tested below. We use the same
equations for wages and unemployment in all of our empirical
models.

Equation (1.1a) specifies that consumption AC{ depends on the
current and lagged wage, unemployment, hours of work, and
income factors. We also include current and lagged values of
an independent consumption factor u. that captures consumption
shocks unrelated to the rest of the model as well as measurement
error in consumption. Equations (1.1b) and (1.1¢) specify that income
AYf and hours AN; depend on the current and lagged wage,
unemployment, hours, and income factors. Specific structural
models of consumption, income and hours imply additional
restrictions on the factor loadings in the consumption, income
and hours equations.

The general model also allows for serially uncorrelated mea-
surement errors €y, £wt, and ey in the measures Yy, Wi and Nf
of the variables Y, W;, and N;. In specific cases, we experiment
with allowing ey, ewt, and ep; to be first-order moving average
measurement errors.

The above model cannot be estimated with our data. Instead
we consider versions that incorporate restrictions that are implied
by various economic models of consumption and hours. For each
economic model, we first test the zero restrictions implied by the
theory against a model which imposes only covariance stationarity
on the data. Then we estimate the economic model, test the
overidentifying restrictions against larger factor models and also
models which only impose covariance stationarity, and evaluate the
parameter estimates. Without further ado we turn to those models,
beginning with the permanent income model of consumption, and
then turning to life cycle consumption and labour supply model.
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2. Structural models of consumer behaviour

In this section, we consider the implications of models of consumer
behaviour for the parameters of the dynamic factor model.

2.1 CONSUMPTION AND INCOME WHEN LABOUR SUPPLY IS EXOGENOUS.

Many consumption studies assume that hours worked and income
are determined independently of consumption. Consequently, in
some models we restrict the hours equation of the general income
model in (1.1c) to be

Exogenous Work Hours Equation (AN;):

AN: = ﬁnnOunt + ﬁnnlunt—l + Prn2Unt—2 + PnzoUszt
+ ﬁnzluzt—l + ﬁnz2uzt—2 + Agnt- (110/)

We will refer to the income model consisting of equation (1.1c)
for hours and equations (lL.lb, 1.1d, 1.1e) for income, wages and
unemployment as the “income model with exogenous hours”. These
zero restrictions imposed by (1.1c¢') will be tested.

The basic idea of the rational expectations—permanent income
hypothesis (RE-PIH) is that consumers base consumption today
on lifetime resources and lifetime needs and form expectations
rationally. This has two implications. The first is that the change
in consumption only depends on innovations in income, not
anticipated changes, assuming that the preferences are separable
across years and consumption is nondurable. In this case, the
change in consumption only depends on the contemporaneous
factors affecting income: uyt, Uz, Unt, and uy.§ This implies the
following consumption equation:

RE-PIH Consumption Equation (AC}):

AC: = BewoUwt + BezoUzt + PenoUnt + ﬁcyOuyt
+ ﬁccOU—ct + ﬁccluct—l + ﬁcc2uct—2- (2.1.1)

1t We follow Hall and Mishkin (1982) and others in applying these 0 restrictions
on ﬁcyl and ﬁcyz using data on family income, but they only hold for nonasset
income. The asset component of total income is influenced by consumption
preferences, which influence savings. As a result, the income shocks and
consumption preference shocks could be correlated, in which case lags of uy
may be related to AC;. See the Appendix. In practice there is little evidence of
this, perhaps because we use food data.
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The second implication is that the size of factor loadings Bcwo, Pezo,
Beno, and Peyo are increasing functions of the magnitude and the
persistence of the effects of uyt, Uy, unt, and uy; on income. Under
special assumptions about preferences, consumption is equal to the
annuity value of wealth plus the annuity value of the discounted
value of current and future income. In this case, Bewo, Bezos Penos
and B0 must satisfy

Bejo = a(Byjo + PPyjt + P2Pyiz) i = W,z,ny (2.1.2)

where p is the inverse of one plus the market interest rate and
Byio + PPByil + P?Pyj2 is the change in permanent income induced by
ujt. The parameter a is the marginal propensity to consume food
out of permanent income and we add it to account for the fact we
only have data on food expenditures. Equation (2.1.2) is valid only
when income is measured in levels.

An important focus in AMS is on estimating the consumption
equation with (2.1.2) imposed. This amounts to an extension of the
innovative panel data studies of Hall and Mishkin (1982; hereafter
HM) and Bernanke (1984), who estimate income and consumption
jointly but assume that income is measured without error, to the
case of a multivariate model of income. This permits one to account
for measurement error and examine the response of consumption
to identifiable sources of income variation that differ in their
persistence. However, the analysis in AMS is unsatisfactory in a
number of ways. First, the assumption of quadratic utility rules out
a precautionary savings motive, which has received considerable
emphasis in more recent work. Second the assumption of exogenous
labour income is problematic. Third, the framework used in AMS,
HM and other structural analyses of the RE-PIH is unsatisfactory
because it treats the rate at which consumers discount future
income as the key parameter to be estimated while at the same
time maintaining that this discount rate is equal to the market
rate of interest faced by the consumers. In this circumstance,
any substantial difference between the discount rate estimate and
consumer borrowing and lending rates should be interpreted as a
rejection of the model rather than as a consistent estimate of the
discount rate. Fourth, our estimates of the discount rate are often
imprecise and are sensitive to the details of the specification.

For all of these reasons, we de-emphasize permanent income type
models. In the Appendix we drop the assumption that the subjective
discount rate may differ from the market interest rate and
derive the implications for consumption, family income, wealth,
and savings of a more general model that nests the permanent
income model and Keynesian model. We also briefly summarize our
experience with estimating the consumption equation when (2.1.2)
is imposed. In this paper, we measure income primarily in logs and
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so we use (2.1.2) only as a guide to interpreting the relative effects
of different innovations on income.

2.2 THE LIFE CYCLE MODEL OF CONSUMPTION AND LABOUR SUPPLY

The permanent income model ignores endogenous labour supply.
When labour supply is endogenous, it is desirable to separate
out the intertemporal substitution and within period substitution
effects of the wage rate on consumption and labour supply
from the “income effect” of this variable. To study these effects,
we study a standard life cycle model of consumption and
labour supply behaviour under uncertainty. Following most
of the literature, we incorporate intertemporal separability of
preferences.t Using loglinear approximations to the marginal
utility of income constant (Frisch) demand equations for hours
and consumption and the intertemporal optimality condition for
expected utility maximization, one obtains the following model
for the first difference equations for hours and consumption (e.g.
Altonji (1986), McCurdy (1983)).

Iniy =Inke_; —Inre_11 +ny (2.2.1)
AN} = constant + pn AW + (Bn + Pnc) APy — (Bn + Bnc)re-1.1

+ (Bn + Pnec)Nt + PnzoUzt + Pnzilzt—1 + Pna2Uat—2

+ PonoUnt + PunUnt—1 + Pon2Unt—2 + Agpt (2.2.2)
AC{ = constant + Ben AWt + (Be + Ben) APt — (Be + Ben)Ti-1.1

+ (Be + Ben)Nt + Pecolet + PectUet—1 + PecaUet—2 (2.2.3)

At: marginal utility of income at date t.
r;: nominal interest rate at date t.
n¢: innovation in the log of the marginal utility of income.
N;: log of measured labour supply at date t.
C{: log of measured consumption at date t.
W;: log of the real wage at date t.
P;: log of the price level at date t.
ent: serially uncorrelated measurement error.

Equation (2.2.1) shows the evolution of the expected value of the
marginal utility of income, A;. Under rational expectations, n¢, the
innovation in the marginal utility of income, is uncorrelated with
information known to the consumer in t — 1.

Equation (2.2.2) is the first difference of the Frisch labour supply
function. Equation (2.2.3) is the Frisch consumption equation in

+ Hotz et al. (1988), Eichenbaum et al. (1988) and Blundell (1986) relax the
separability assumption.
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first differences. With intertemporal separability of preferences,
AN; and AC; depend upon current assets and the distribution
of future wages and prices only through changes in InA;. The
variables u,; and u. are taste shifters. Measurement error in
consumption is incorporated in u.. In estimation, we assume
that u,; and u.; are uncorrelated. This implies a zero correlation
between the changes in labour supply and consumption preferences
that are not captured by the demographics variables we control
for. The variable u,; is the factor driving unemployment. It may
reflect changes in labour supply preferences and/or constraints on
hours of work.t

The parameter B, is the intertemporal labour supply elasticity.
The parameters p,+ pnc and P+ Pen are the intertemporal
substitution effects of changes in the nominal interest rate on
labour supply and consumption (respectively). Strict concavity of
preferences and the assumption that consumption and leisure are
normal goods imply B, + Pne > 0 and P¢ + Pen < 0. (See Heckman
(1974).) Symmetry of the constant cross-substitution effects implies
that the elasticity P, is approximately equal to p,.(N;W{/C;). Under
the assumption of intraperiod separability, e, = Pnc = O.

Shocks to budget parameters such as the wage rate and to
preferences have “income” effects on consumption and labour
supply through Inx;. The value of InX; is determined by the
parameters of the utility function, the individual’s wealth level
and expectations about the distribution of current and future
values of wages, interest rates, prices, and the preference shifters.
Since an analytical solution for In A; and the innovation n; does not
exist in the case of uncertainty and time varying preferences, we
simply specify n as an unrestricted linear function of unanticipated
changes in exogenous (with respect to preferences) factors affecting
income and unanticipated changes in preferences. Specifically,

nt = ﬁﬂWOth + ﬁnzouzt + ﬁnyouyt + unt, (225)

where uy; is the wage innovation, u, is the unemployment
innovation, and uy; is the innovation in components of earnings
not directly related to changes in the wage rate or work hours,
and u,; is a residual factor with variance o%. In anticipation of
the empirical specifications used below, in (2.2.5) we impose the
assumptions that u.; and uy; do not affect n;. This will be true only

+ As Ham (1986) and others have discussed, the presence of hours constraints
may bias the estimates of the labour supply parameters, particularly if u, is
correlated with the other factors in the model. Problems may also arise if, as
in the Lucas and Rapping model of unemployment, hours of unemployment are
intrinsically related to labour supply decisions and vary with the wage rate. We
are ignoring these considerations. Note that we cannot reject the hypothesis that
covariances between the wage change and unemployment are 0.
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if consumers have perfect foresight about consumption and labour
supply preferences (We were not able to estimate models which
relax this assumption.). The exclusion of lagged values u, u,; and
uy; from (2.2.5) is implied by the assumption of RE, which implies
that n is uncorrelated with information known in t — 1.%

Substitute (2.2.5) for nt, and (1.1d) for AW;, in the first differenced
consumption and labour supply equations (2.2.2) and (2.2.3). After
suppressing constant terms this leads to

AC{ = Ben(Bwwolwt + PwwiUwi—1 + Pwwalwt—2) + (Be + Pen)

X (BywoUwt + PrzoUzt + Payouyt) + (Be + Ben)

X (Upt — T—1,1 + APt) + Becoet

+ BeciUet—1 + PecaUet—2 (2.2.6)
ANY = Bn(BwwoUwt + BwwiUwt—1 + Pww2lwt—2) + (Bn + Pne)

X (BuwoUwt + PuzoUzt + Puyouyt) + (Pn + Pnc)

X (Ut — Te-1,1 + APt) + PnzoUzt + Pnz1tze—1

+ Pnz2Uzt—2 + PonoUnt + Pon1Unt—1

+ Pon2Unt—2 + Aént (2.2.7)

We estimate versions of (2.2.6) and (2.2.7) along with the
wage and unemployment equations (1.Id and l.le). Unfortunately,
the parameters B,wo, Pnz0, Puyo, 0’72', B. and the parameter P
are not identified unless one imposes the symmetry restriction
Ben = Pnc(N;W)/C;. We provide one set of estimates with this
restriction imposed and N{W./C; = 4. We also estimate the model
with intraperiod nonseparability between food consumption and
labour supply imposed (Ben = Pne = 0.)

Finally, one may make use of the fact that a measure of the
change in labour earnings AY}* is available that is measured
independently of AN; and AW; by combining (2.2.7) and (1.1d) to
form the equation

AY?* = (1 + ﬁn)(ﬁwwouwt + ﬁwwluwt—l + ﬁww2uwt—2) + (ﬁn + ﬁnC)
X (ﬁnwouwt + ﬁnzouzt + ﬁnyOuyt> + (ﬁn + ﬁnc)

1 As Chamberlain (1984) pointed out and Hayashi (1985) observed in a similar
context, the rational expectations hypothesis does not imply that the forecast
error 1 is uncorrelated with past information when the distribution is taken
across households rather than over time for a given household. If the effect of an
aggregate disturbance on the marginal utility of income is systematically related
to lagged values of uyy, u, and uy, then these determinants will be correlated
with 1; in a short panel even when the main effects of aggregate shocks are
removed using time dummies. A similar problem would arise in HM’s analysis or
in the work with the RE-PTH model discussed above.
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X (unt —TIt-11 + APt) + ﬁnzOuzt + ﬁnzluzt—l
+ ﬁnzZuzt—2 + ﬁnnOunt + ﬁnnlunt—l
+ Prn2Unt—2 + ﬁyyOuyt + ﬁyyluyt—l

+ ﬁyy2uyt—2 + Agyt (2.2.8)

The restrictions in (2.2.8) are not satisfied by the data. Conse-
quently, we report estimates of labour earnings without restricting
AY}*, using a specification which is analogous to equation (1.1b) for
family income. The equation is

AY?* = ﬁywOuwt + ﬁywluwt—l + ﬁywzuwt—Q + ﬁyzOuzt + ﬁyzluzt—l
+ ﬁyzQuzt—Q + ﬁynount + 5yn1unt—1 + ﬁynQunt—Z

+ ﬁyyOuyt + ﬁyyluyt—l + ﬁyyZuyt—Z + A‘Cf‘yt (2.2.9)

The effects of the interest rate and the price change are removed
using year dummies. We are ignoring cross sectional variation in
the after tax interest rate.

By estimating the system consisting of (2.2.6, 2.2.7, 1.1d, 1.1e
and 2.2.9), we can get estimates of By, B¢, Pen and Pn.. We pay
special attention to the responses of AC} and ANy to the shocks
Uwt, Uy, and uy via their effects on n¢.T From the same intuition
that leads to (2.1.2) in the permanent income case, we expect that
more permanent shocks have larger effects on n¢ than transitory
ones, just as persistent shocks to income induce larger changes in
permanent income than do transitory shocks.

3. Time aggregation and non-synchronous measurements

In many micro panel data sets, the variables relevant to a study
are measured at different time intervals. For example, in the PSID,
individuals are interviewed at yearly intervals. The consumption
measure and the hourly wage measure refer to the time of the
survey (typically in March or April) while family income and
hours unemployed refer to the calendar year which precedes the
survey date. This poses a problem because the inconsistency of
the timing may weaken the relationship between the change in
family income and the change in the wage, and distort the dynamic
relationship between the two. Furthermore, the differences in
the timing of the consumption, wage, income, and unemployment

1 To our knowledge, this paper is the first to estimate the contribution of
particular factors to the variance in the innovation of the marginal utility of
income. Using aggregate time series data, Attfield and Browning (1985) provide
estimates of the covariance of innovation of the marginal utility of income with
price changes.
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variables may affect the estimates of the relative response of
consumption and hours to the various factors, particularly because
the marginal utility of income should not respond to lagged income
innovations if expectations are rational. Since the consumption
change is measured a few months after the income change and
hours change measures, part of uy; may be past information.
Consequently, estimates of the response of consumption to the
income factor uy; may be understated. (Many tests of the RE-PIH
model hinge on the issue of timing of information about income.
See the survey by Hayashi (1987) as well as more recent surveys
by Browning and Lusardi (1996) and Deaton (1992)). In addition,
the use of annual values rather than the unavailable quarterly
values may cause problems.

HM recognized the problem of non-synchronization and made
adjustments within the annual framework of their model to deal
with the problem. We treat the problems of non-synchronous timing
and time aggregation by specifying quarterly dynamic factor series
models for the determinants of consumption and income and
then aggregating where this is appropriate. Given the inherent
data limitations, we impose Almon (1962) polynomial distributed
lag structures on the coefficients of the quarterly dynamic factor
models.

Our model is as follows. Let

7
Wi —Wiii1 =) Buwillwti- 3.1
=0
7
Zy; = Z BrzjUstij
=0

7
Nii — Nijo1 = Z(ﬁnzjuzt.i—j + BanjUnt.i—j)

J=0

7
Yii— Yiio1 = Z(ﬁywjuwt.i—j + ByzjUszti—j + PynjUnti—j + PyyjUyti—j)
=0

where

W.; = wage rate in the i’th quarter of year t

Z¢; = hours of unemployment in the i’th quarter of year t
N¢i = work hours in the i’th quarter of year t

Y:i = Income in the i’'th quarter of year t

In the model above, the data are generated at a quarterly rate
(i runs from 1 to 4). For example, the difference of Z in the i’th
quarter of year t from Z in the i — 1’st quarter of year t is a seventh
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order moving average process (a two-year process). At the risk of
some confusion, the time subscript t.i — j refers to the observation
j quarters prior to the i’th quarter of year t. Thus, t—1.i and t.i—4
both refer to the i’th quarter of year t—1.

We have restricted the consumption analysis to models in which
only the innovations in wages, unemployment, work hours, and
other income sources matter. This will be true only if consumers
are rational, and preferences are separable between consumption
and leisure. In this case the quarterly consumption change is

Ct.i - Ct.i—l = ﬁchuwt.i + ﬁczOuzt.i + ﬁcnOunt.i + ﬁcyOuyt.ia

where C;; = food consumption in the i’th quarter of year t.}

The life cycle labour supply—consumption model implies a set of
additional restrictions. However, they are much more complicated
and in practice we experienced difficulties in estimating the model
with the restrictions imposed, so we omit them.

The data are only available at annual intervals, and Z§, N and
Y; are annual averages:

Wi = Wi =W — W11 + Ay (3.3)
4
Z; = Zzt—l‘i
i=1

4
Ny —Ng ;= Z(Nt—l.i — Ni-2i) + Aént
i=1
4
Yi-Yi,= Z(Yt—l.i —Yi-2i) + Ayt
i=1
C: - C:—l = Ct1 — Ci—1.1 + PecoUcet + Pec1Uet—1 + PeczUet—2

For the PSID data, W; is the reported wage rate at the time of the
survey (typically March or April), which we approximate as the
first quarter wage. Z; is the reported total hours of unemployment
in the calendar year preceding the survey date. N} is total work
hours on the main job in the calendar year preceding the survey.

1 In the quarterly case the restriction (2.1.2) for the permanent income
specification of the change in consumption becomes

7
ﬁck() = Z phﬁykp k= w,z,n,y (32)

=0

Pq = quarterly discount factor
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Y; is reported total annual income in the calendar year preceding
the survey date. C; is the annual rate of food consumption reported
in the week of the survey, which we interpret as the rate of
consumption for the first quarter.

Given the available data (i.e. data as defined in (3.3)), we cannot
hope to recover all the parameters of the model in (3.1). Instead, we
impose an Almon lag structure on (3.1). In particular we impose:

Bikj = Aoit + Alikj + Agik]” (3.4)
ik = ww,zz,nz,nn,yw,yz,yy;j = 0,1,2,3,4,5,6,7

We have reduced the number of free parameters in each of the
quarterly moving averages from 8 to 3. If we have three years of
consecutive data as defined in (3.3), then the model consisting
of (3.1), (3.2) and (3.4) can be estimated. The differences in
timing and aggregation of the different variables help identify
the quarterly lag structure from annual observations. The model
implies that several of the covariances at three-year lags will be
nonzero, and so we add the relevant moments to the set of sample
moments used in estimation.

4. Data and econometric methodology

The structural parameters of the models are estimated by
fitting the theoretical auto-covariances and cross-covariances
implied by the models to the corresponding sample moments
of the variables. Chamberlain (1984) contains a comprehensive
discussion of these estimators.}

The estimation procedure minimizes a quadratic form
(S — Z(ID)YQ(S — X(IT1)) where S is the vector of distinct sample
covariance elements, X(I1) is the vector of predicted covariance
elements, considered as a function of the vector of parameters I1
(e.g. Pik’s and oy’s in (1.2)). @ is the identity matrix in the case of
unweighted least squares estimates, and a consistent estimate of
the inverse of the fourth moment matrix of the underlying data in
the case of optimal minimum distance estimates (OMD). In prac-
tice, we follow a number of previous studies and use the inverse
of the empirical fourth moment matrix of the underlying data, V,
when computing OMD estimates. The unweighted least squares
case amounts to running a nonlinear regression of the individual
sample covariances in S against the elements of X(IT). The optimal
minimum distance estimator (OMD) is analogous to fitting this
relationship by generalized least squares.

1t Abowd and Card (1989, Appendix A) provide a clear exposition of the issues
which are relevant to the present paper.
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We use the OMD estimator rather than maximum likelihood
under the assumption of normality, which was used by HM and
Bernanke. We do so because our preliminary data analysis, for both
levels and logs, indicated that the data are nonnormal. Specifically,
we calculated the Kolmogorov-Smirnov test statistic for the null
hypothesis of normality for each variable in each year (e.g. ACi979).
The null hypothesis was rejected in every case at a marginal
significance level less than 0-01. We also found that the empirical
fourth moment of a given variable, x;, is 1-5 to 10 times larger than
3*(var(x;))? even though these quantities should be approximately
equal if x; is normally distributed.

Unfortunately, there are also drawbacks to the OMD estimator.
In particular, sampling error in the fourth moments is likely to
be correlated with sampling error in the second moments. If this
is true, it may be preferable to use a simpler weighting scheme
to estimate the models than the full GLS transformation used in
the OMD case. Altonji and Segal (1996) analyse this issue and
show that in many cases OMD performs worse then unweighted
minimum distance. For this reason, we also estimate our models
with the diagonal elements of Q2 set to the inverse of the average
of the diagonal elements of V corresponding to a given type of
covariance (e.g., the variance of the income change, the covariance
of the wage change with the consumption change, etc.).7 In this
case all off diagonal elements of Q are set to 0. This amounts
to fitting the model by a form of weighted least squares, which
hereafter we will refer to as WLS. The average of the estimated
fourth moments for the various years corresponding to each of the
moments in equation (4.1) below is used as the weight for the
particular moments.

Chamberlain shows how tests of parameter restrictions can be
conducted when the OMD estimator is used. Let E(S) = X(I1),
where the vector IT has dimension K. Suppose restrictions on 3(IT)
imply E(S) = G(I) where the vector /[ has dimension L<K. Then if
the restrictions hold, d; — dg — x2(K—L), where

dz = m(S — Z(M)'A(S — (1)),
di = m(S — GO)YAS - G(@)),

1 For example, consider the variance of the wage change in each of our five
sample years. For each year the fourth moments of the wage change form the
basis of our estimates of the variance of the wage variance. These fourth moments
are the elements of the diagonal of V corresponding to the estimated variances
of the wage in each of the five years. We set the five elements of the diagonal of
Q corresponding to the five wage variances equal to the inverse of the average of
the five fourth moments of the wage change.
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m is the number of observations, and A is set to V~1. Newey (1985)
provides a x2 goodness of fit test that is valid when WLS rather
than OMD is used.

The least restricted model that can be estimated is the
nonstationary model in which each moment in S is given its
own parameter. In this case X(IT) and S have the same dimension.
All covariance stationary models which we experimented with are
overwhelmingly rejected against this model.

As a second bench mark and to provide a convenient data
summary, we also use the covariance stationary model.

COVARIANCE STATIONARY MODEL

Cov(I{, M},)) = bnyy L. M = AC, AY, AW, Z, AN;j = -2, 1,0, 1,2
4.1)

We use the covariance stationary model to judge the fit of the
structural models, for two related reasons. First, tests based upon
the test statistic above using the empirical fourth moment matrix
to form the x? statistic indicate that the data are nonstationary
in the covariances. Therefore our various economic models will be
rejected just due to the fact that they are stationary models. Second,
there are indications that the fourth moment matrix may be too
imprecisely estimated to permit reliable tests of the restricted
models against the nonstationary model using the test procedure
discussed above. (See AMS for details.)

Our use of stationary structural models in the face of evidence
of nonstationarity raises the possibility of inconsistency in the
estimates of the parameters of income and consumption equations.
We checked this in several ways. First, we estimated models in
which the variance of ug, Uy, Unt, Uz, and uyy were permitted to
depend on a common year specific scalar. This typically resulted
in a significant improvement in the fit of the models (although
the modified models were also overwhelmingly rejected against
the unrestricted nonstationary model). However, the response
coefficients of the income equations and the consumption equation
did not change very much. We experimented with other ways of
introducing nonstationarity into the dynamic factor models, with
little change in the estimates of the income and consumption
equations despite improvements in the fit of the model.

Second, we introduced dummy variables for the moments
for which there was a departure from stationarity at the .05
significance level. This is analogous to excluding the problematic
moments from the analysis. We identified these moments using a
step-wise regression procedure to estimate the stationary model.
The procedure resulted in the introduction of dummy variables for
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about 6% of the moments. The fit of the dynamic factor models
generally improved to the point where they cannot be rejected
against the unrestricted nonstationary model. More importantly,
the parameters of the consumption and income equation are
basically similar to those which we report below. Our findings
are consistent with those of Kearl (1988) and Hause (1980), who
found that relaxing stationarity improved the fit of their models of
labour earnings but had little effect on key parameters.

Consequently, we have at least some evidence that our inferences
about the form of the income process and the consumption equation
are valid despite the fact that the stationary dynamic factor models
are rejected against the nonstationary model.

Our reported standard errors of the parameter estimates are
based on a modification of the formula provided in Chamberlain
(1984). Chamberlain’s formula is valid under the assumption that
the discrepancy between the fitted covariances and the sample
covariances arise only from sampling error in the covariances.
Since the x? goodness of fit tests discussed below indicate model
misspecification, it seemed appropriate to scale the standard errors
up by a factor equal to the square root of the mean square error of
the estimated residuals of the models. The formula in Chamberlain
assumes that the mean square error of the estimated residuals for
the OMD estimator is one. It leads to standard error estimates for
the model parameters which typically are about one-third smaller
than the ones we report. To make our standard error estimates
comparable to those of most other studies (e.g., Abowd and Card
(1987, 1989), one may divide them by the square root of the mean
square error reported in the Tables. We are, of course, on shaky
ground in performing statistical inference in the presence of model
misspecification, but this would seem to be an additional reason to
prefer the conservative standard errors which we report.

Data

For most of the analysis the data are from the 1976-1981 Panel
Study of Income Dynamics (See Survey Research Center (1982))
and are limited to male household heads who responded in
1981. Consequently, in first differences, data are available for
five years. For a given year, the sample contains male heads
of household who were between the ages 18—60 inclusive, who
had not retired, and who were employed, temporarily laid off,
or unemployed at the time of the survey. We have limited the
analysis to these years because the wage measure is unavailable
for salaried workers prior to 1976. In the balanced sample, an
individual is included only if he has complete observations on
all the variables for all the years. The sample contains 1051
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individuals. Because the wage measure is collected only if the
individual is employed or on temporary layoff at the time of
survey, the balanced sample is likely to consist of individuals
with more stable employment histories than the sample at large.
We experiment with unbalanced samples for 1976-1981 and for
1969-1981 as well.

A few of the variables require discussion. C;{ is the sum of
the family’s food expenditures at home and outside of the home,
deflated by the food component of the consumer price index. This
is the consumption measure used in HM, Altonji (1986), Altonji
and Siow (1987), and many other more recent studies of life
cycle models based on the PSID. (See, for example, Pistaferri
(1999), who provides references.) There appears to be considerable
measurement error in the variable. We account for it with the error
component ug.

The variable AW is the change in the straight time wage at
the time of the survey. Given our assumptions about measurement
error, it is important to note that for both hourly workers and
salary workers this wage variable is based upon survey questions
which are independent of those used to construct the change in
family income, AY}. For salaried workers measurement error in
AW} may be correlated with the true change in work hours,
since the variable is usually imputed from information on salary
per week, per month, or per year using a standard number of
work hours (such as 40 hours per week). We ignore this potential
problem.

As noted earlier, the consumption measure and the hourly wage
measure refer to the time of the survey (typically in March) while
family income and hours of unemployment, Z;, refer to the calendar
year which precedes the survey date.

For computational convenience, we followed HM and Hayashi
(1985) and removed the effects of economy-wide disturbances and
a variety of demographic characteristics from the variables used
in the analysis of the dynamic factor models. We do so by first
regressing the change in consumption, the change in income,
and the income determinants against a set of year dummies,
age, age?, age3, education, the change in a dummy variable for
marital status, current and lagged values of dummy variables
for 8 Census regions, residence in an SMSA, and residence in
a city with more than 500000 people, as well as variables for
the level and squared value of the change of family size, the
change in the number of children in the family unit, and the
change in the number of children under age 6. The residuals from
these regressions form the basis for the analysis below. Given
the large samples which were used to form the residuals, the
fact that the estimation was performed in two stages is of little
consequence.
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Finally, we have eliminated some outliers from the analysis.T

5. Estimates and Tests of the income and consumption models

We begin in Section 5.1 with the estimates of the stationary
model (4.1) in logs and tests of the 0 restrictions on the stationary
model that are implied by the income model and the RE-PIH. In
Section 5.2 we report estimates of the income equations of the
dynamic factor model as well as the consumption equations. In
Section 5.3 we discuss a number of extensions, including the use of
weighted least squares, experiments with alternative assumptions
about measurement error, and estimates obtained when we extend
the sample to years prior to 1976 and to individuals who are
missing data for some years. In Section 5.4, we present estimates
of the quarterly dynamic factor models.

5.1 ESTIMATES AND TESTS OF THE STATIONARY MODEL AND THE
UNRESTRICTED DYNAMIC FACTOR MODELS

Table 1 presents OMD estimates of the stationary model (4.1)
when the data are in logs. It consists of the covariances among the
variables AC§, AY}, AWY, Z{ and ANy at 0, 1, and 2 lags. The model
contains parameters for 65 distinct covariances that we estimate
from 250 second moments. The signs of the contemporaneous
covariances are reasonable. One distinguishing feature is that
the covariances at the second lags are small for almost all of
the variables. Out of 25 such covariances, only Cov(AY}, AY; ,)
and Cov(Z{, Z; ,) are statistically significant at the 5% level.
Furthermore, the estimates of the covariances are somewhat
imprecise even though data on 1,051 individuals and between
3 and 5 sample moments are used to estimate them.:

Table 2 presents x? statistics, degrees of freedom, and p-values
(marginal significance levels) of a series of restrictions on the
sample moments. The row labels indicate the restrictions imposed
under the null hypothesis of the test. The column labels indicate
the restrictions maintained under the alternative hypothesis. The
first column tests the stationary models against the unrestricted

1 Briefly, if the wage, hours, family income, or earnings showed an increase of
500% or a decline of 80% from the previous year, the observation was eliminated.
Observations were also eliminated if consumption increased by 400% or decreased
by 75%. Finally, we eliminated observations with an annual hours change of more
than 3,000 hours, a level of hours above 5,000, or wage measures below $0-50 per

hour in 1972 dollars.
1 3, 4 and 5 sample moments for the covariances involving second, first, and 0

lags, respectively.



TABLE 1 Optimal minimum distance estimate of covariances (data in logs)
Consumption Family Income Work Hours
ACt* ACt,l* Act,g* AYt* Athl* AYt,g* ANt* ANtfl* ANt,g*
AC” 0-0880 —0-0395 0-00404 0-00214 —0-00293 —0-00017 0-000186 0-000497 —0-00163
(0-00374) (0-00253) (0-00253) (0-00140) (0-00149) (0-00169) (0-00916) (0-00107) (0-00145)
AC;_* 0-00139 0-00986
(0-00137) (0-00982)
AC; 5" 0-00842 0-0000354
(0-00149) (0-00105)
AY” 0-0443 —0-0132 —0-00253 0-00515 —0-00182 —0-000155
(0-00228) (0-00133) (0-00125) (0-000890) (0-000792) (0-000850)
AY 1" —0-00250
(0-000758)
AY, " 0-0000425
(0-000850)
AN 0-0251 —0-00962 —0-000801
(0-00201) (0-00101) (0-000799)
AN;_ 1"
ANg_o"
7"
Zi 1"
Zi 5"
AW

(Continued overleaf)
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TaBLE 1 (Continued)

Unemployment Wage
Zi" Zi 1" Zs 5" AW AW, ¢ AW, 5"
AC” 0-0000607 0-000137 0-000193 0-00331 —0-00091 0-000199
(0-000166) (0-000172) (0-000197) (0-000848) (0-000875) (0-000945)
AC; 1" 0-000075 —0-00227
(0-000147) (0-00905)
AC; 5" —0.000216 0-000467
(0-000188) (0-00104)
AY* —0-000265 0-000560 0-0000648 0-00424 —0-000027 —0-000237
(0-000135) (0-0001660) (0-000154) (0-000843) (0-000802) (0-000753)
AY 1" 0-0000332 —0-00265
(0-000159) (0-000791)
AY; " 0-000104 0-000589
(0-000154) (0-000802)
AN* —0-000759 0-00102 0-000151 —0-000809 —0-000909 —0-000312
(0-000198) (0-000214) (0-000112) (0-000534) (0-000593) (0-000504)
AN;_1* —0.000204 0-000293
(0-000140) (0-000505)
AN " —0-000096 —0-000025
(0-000122) (0-000583)
7" 0-00105 0-000417 0-000284 0-0000434 —0-000167 0-000067
(0-000160) (0-0000959) (0-000100) (0-0000945) (0-0000893) (0-0000920)
Zi 1" 0-0000398
(0-0000972)
Zi 2" —0-000097
(0-0000933)
AW 0-0172 —0-00549 0-00113
(0-00142) (0-000819) (0-000552)

(Standard errors in parentheses) Stationarity of covariances imposed. Balanced sample. See text for details.
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TABLE 2 Chi-square tests of restrictions on the covariance structure of consumption, hours, income, wages and
unemployment (Data in logs)

Maintained assumptions of alternative hypothesis in test

Unrestricted
nonstationary
model

A: Stationarity

B: Stationarity
Cov (wages, hours) =0
Cov (wages, unempl.) = 0

Restrictions imposed under null hypothesis

A: 1.
B: 1
2
3
C: 1
4
D: 1
2
3
4
E: 1
5

Stationarity

. Stationarity

. Cov (wages, unempl.) =0

. Cov (wages, hours) =0

. Stationarity

. O Cov between cons and lagged

income determinants

. Stationarity

. Cov (wages, unempl.) =0
. Cov (wages, hours) =0

. Cov (cons, lagged income

determinants) = 0

. Stationarity
. Factor model, unrestricted

consumption equation

340-5155) [0-000]
355-615,[0-000]

345.0(193)[0-000]

359-4203,[0-000]

372-6208,[0-000]

15-1(10,[0-127]

4.6(3,[0-804]

18-915)[0-397]

32-123,[0-097]

3.8(%)[0-878]

17-0(13,[0-199]

Chi-Square gegrees of freedom) [P-values in brackets].

9%
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nonstationary model (which fits the sample moments perfectly).
The x?2 statistic for the stationary model with no further restrictions
is 340-5 with 185 degrees of freedom, which rejects stationarity
with a p-value of less than 0-0001. We also tested separately for
stationarity of the autocovariances of each of the five variables.
We reject stationarity for all variables except for work hours. As
we noted earlier, stationarity of the data is also strongly rejected
for all models estimated using OMD in this paper (except in two
cases discussed in Section 5.5). For reasons discussed in Section 4,
we use the stationary model as a yardstick to assess the restricted
models.

Because the income model with exogenous hours excludes the
wage factor from the hours and unemployment equations, it implies
the following zero restrictions on the stationary model.

RESTRICTIONS ON COV. STATIONARY MODEL IMPLIED BY INCOME
EQUATIONS 1.1¢/, 1.1d, 1.1e

Cov(AWS, Z;‘Jrj) =0, j=-2,-1,0,1,2 (5.1)
Cov(AWS, ANZ‘H) =0 j=-2,-1,0,1,2 5.2)

We report tests of these restrictions in the second row of the table.
Once stationarity is imposed, the restriction that wages do not vary
with hours or unemployment passes at the 0-127 level. However,
these restrictions fail when the data are in levels rather than logs.
(Results not shown—see AMS).

In addition, since the RE-PIH model implies that past informa-
tion does not cause a change in permanent income, it implies the
following restrictions on the stationary model.

ZERO RESTRICTIONS ON COV. STATIONARY MODEL IMPLIED BY RE-PIH
CONSUMPTION EQUATION

Cov(AC; T ) =0, I=AY,AW,Z AN;j=1,2 (5.3)

The third row of the table tests these restrictions. They pass
easily when stationarity is maintained.

The fourth row tests the zero restrictions on the income process
and the 0 restrictions implied by RE-PIH for consumption. We
obtained a p-value of 0-397 for these restrictions when testing
them against the unrestricted stationarity model.

Finally, the table reports a test against the unrestricted
stationary model (4.1) of the factor model consisting of the
unrestricted consumption equation (l.la) and the income model
with exogenous hours. The p-value to reject is 0-097, and so there
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is only weak evidence against the factor structure once stationarity
is maintained. The p-value for this dynamic factor model is 0-199
when tested against the stationary model including O restrictions
on the income process. The 0 restrictions implied by the RE-PIH
model also pass easily.

In summary, we have strong evidence against stationarity,
weaker evidence against the assumption that unemployment and
hours do not vary with the wage change, little evidence against
the zero restrictions on the relationship between consumption
and lagged income determinants, and little evidence against the
dynamic factor representation of the data.

5.2 ESTIMATES OF THE DYNAMIC FACTOR MODELS WITH EXOGENOUS
INCOME AND HOURS

We now discuss estimates of the dynamic factor models with
exogenous income and hours, and various consumption equations.
We begin with the equations of the income model (l.1b, 1.1¢’, 1.1d,
l.le). We then turn to the consumption equations. In estimating
these models we have excluded the covariances between hours and
wages and between unemployment and wages from the sample
because the income model implies that these are 0.

The income model

In Table 3 we present estimates of the equations of the income
model with exogenous hours which are obtained when they are esti-
mated jointly with the unrestricted consumption equation (1.1a).
The estimates of the family income, wage, hours, and unemploy-
ment equations reported in the table are representative of the
results which we obtained for the income equations when the
restrictions associated with RE-PIH or the Keynesian model were
imposed, although the precision of the coefficients on the income
factor uyy, uyt—1, and uy;_o is higher in the latter cases. The long-run
effect of a one-standard deviation innovation in a factor may be
estimated by summing the factor loadings on that factor.

We will discuss the OMD estimates in column 1. The results
indicate that most of the response of income to a wage innovation
occurs in the initial period, and that most of the effect is permanent.
A one-standard deviation increase in the wage factor, which is
equal to 0-20 (Bwwo), leads to an initial increase in family income of
0-021 and to a permanent increase in family income of about 0-02.
This seems small in light of the fact that a one-standard deviation
wage shock raises the wage level by about 0-07 in the long run
and that the relationship between wages and work hours is weak.
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TABLE 3 Equations of the income models (OMD and WLS estimates)
(Data in Logs)

OMD estimates WLS estimates
Estimate S.E. Estimate S.E.
Income (A Y*t)
PywO0 0.0210 0-00682 0-0310 0-00930
Pywl —0-000808 0-00392 0-00730  0-00727
Pyw2 —0.00108 0-00407 —0-00366 0-00623
Pyno 0-0333 0-00870 0-0531 0-0125
Pyni —0.00951 0.00564 —0-00735 0-00814
Pyn2 —0.0000868 0-00695 —0-00662 0-0103
Pyz0 —0.0169 0.00495 —0-0219 0-00580
Pyzl 0-0189 0-00627 0-0108 0-00707
Pyz2 0-00236 0-00609 0-00682  0-00758
Pyy0 0-0766 0-0737 0-119 0-0611
Pyyl 0.067 0-103 0.0217 0-075
Pyy2 —0-0292 0-0326 —0-0294 0-0210
o2y 0.0156 0-00218 0-0178 0-00539
Wage (A W*t)
Pww0 0-200 0-0550 0-183 0-0536
Pwwl —-0-125 0-0541 —0-0877 0-0538
Pww2 0-00357 0-00365 —0-00554  0-00607
0%y —0.0189 0-0176 —-0-00649 0-0143
Hours (A N*t)
Pnno 0-127 0-030 0-132 0-0268
Pnni —0.0575 0-0306 —0-0256 0-0254
Pnn2 —0.00272 0.00617 —0-00958  0-00919
Pnz0 —0.0374 0-00604 —0-0534 0-00871
Pnzl 0.0318 0-00563 0-0359 0-00680
Pnz2 0-00709 0-00405 0-0181 0-00737
o2 0-00173 0-00556 0-00857  0-00403
Unemploy. (Z*t)
P 220 0-0296 0-00254 0-0532 0-00362
Pzzl 0-00951 0-00163 0-0171 0-00312
P22 0-00674 0-00247 0-00949  0-00327

*Both income equations were estimated jointly with their respective unrestricted
consumption equations. Goodness of fit statistics are reported with the consump-
tion equations in Table 5, Columns 1 and 4 respectively. MSE statistics are
reported with the consumption equations in Table A3.

Inconsistency in the timing of wages and income is a possible
explanation for the small response of family income to wages. We
investigate this possibility below. It is also worth mentioning that

the standard error on the wage measurement error variance o2 is
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large relative to the total variance in the wage change and that the
point estimate is actually negative although not significant.

The value —0.0169 for Py, is the estimate of the short-run
response of income to a one-standard deviation increase in the
unemployment factor u,;. This factor drives the log of (2000 +
hours of unemployment) and the change in the log of annual hours.
The effect on annual work hours is —0-037, while the effect on
the unemployment variable is 0-0296. These results suggest that
unemployment leads to a more than proportional reduction in
work hours in the short run, perhaps through shorter work days,
and to a less than proportional reduction in family income. In
part, this reflects the fact that earnings of the head account for
only about two-thirds of family income, and in part it may reflect
the response of transfers to unemployment. In recent work Gruber
(1997) has emphasized the importance of unemployment insurance
in reducing the impact of a spell of unemployment on family income
and consumption. The long-run effect of unemployment on family
income is near 0.

The short-run effect of the work hours factor u,; on the log of
family income is only about one-quarter of its effect on work hours.
The estimate implies that more than three-quarters of the effect
on income is permanent. We obtain a small positive estimate of
the variance of the measurement error component in hours, o2.
These estimates come as a surprise, because Duncan and Hill
(1984), Altonji (1986) and Altonji and Paxson (1986) and the recent
survey by Bound et al. (1999) report strong evidence of substantial
measurement error in the change in the log of annual hours. Below
we obtain larger measurement error estimates when we use WLS
and when we account for non-synchronization in the data.

The income factor uy; has a strong effect on income. In all of the
models that we estimated, it was the most important factor in the
income model (after measurement error). The estimates imply that
measurement error is responsible for 70-8 % of the variance of AYj.
Of the remaining 29-2%, 82-9% is due to uy;, 8:6% is due to upg,
5.-0% is due to u,, and 3-4% is due to uyi. For the various models
that we estimated, the contribution of the variances of wage, hours
of work and unemployment innovations to the variance of the first
difference of log income (after correcting for measurement error)
is always less than 30%. It is possible that variations in bonuses,
overtime premia, nonlabour income, and spouse’s earnings are
large enough to explain the importance of uy;, although this runs
counter to our priors.

In Table 4 we provide some evidence that the above decomposi-
tion of the variance of income reflects basic characteristics of the
data rather than gross model misspecification or problems with
the estimation procedures. In column 1 we present a regression
of AY; against AY; ; and AY} ,. The data are in logs. The R? is



TABLE 4 Regression models for the change in log family income (AY})

Variable (1) (2) 3)
Parameter Standard Parameter Standard Parameter Standard

estimate error estimate error estimate error
Intercept 0-0022 0-0034 0-0059 0-0037 0-0069 0-0034
Fam Inc. AY; —0-3449 0.0152 —0-3658 0.0152 —0-4094 0.0152
AY; , —0-1494 0-0142 —0-1642 0-0142 —0-1806 0-0142
Wage AW} 0-2554 0-0213 0-2538 0-0198
AW 4 0-2304 0.0234 0-2590 0.0218
AW, , 0-1309 0-0221 0-1626 0-0207
Hours AN} 0-1759 0-0215 0-1886 0-0200
AN} 4 0-1028 0.0233 0.-1341 0.0217
ANy , 0.0794 0.0174 0.0986 0.0163
Unempl. Z —0-2106 0-0731 -0-2192 0-0678
Z 4 0.2434 0.0754 0.2479 0.0701
Z —0-0155 0-0670 —0-0207 0.0622
Wife’s ANS; 0-3156 0-0128
Hours ANS; 0-1741 0-0138
ANS; , 0-0795 0-0133
Wife’s ZS; —0-0298 0-0269
Unempl. VA 0.0116 0-0265
ZS; 0.0224 0-0249
R? 0-1154 0-1822 0-2970
MSE 0.0473 0.0418 0.0377

(Continued overleaf)

1€ HINOONI ANV SYNOH ‘NOLLJWNNSNOD A0 STHAOW YOLOVA DINVNAQ



TaBLE 4 (Continued)

Regression models for the change in log earning (A Y*nt)

Variable (1) (2)
Parameter Standard Parameter Standard Parameter Standard
estimate error estimate error estimate error
Intercept 0.012811 0.0032534 0-019658 0.003109 0.019634 0.003111
Earnings AY; —0-412299 0.015327 —0-52459 0.015191 —0-5245 0.015197
AY; —0-132896 0-013809 —0-196307 0.013848 —0-196216 0-013855
Wage AW, 0.361598 0.01796 0.362132 0-017976
AW, 0.39457 0.020287 0-393079 0-020309
AW, , 0.25144 0.019365 0-250672 0-01939
Hours ANy 0.371535 0.018128 0-370928 0-018155
ANy 4 0.297834 0.020333 0-297084 0-020374
ANy , 0.154049 0.016169 0-152987 0-016193
Unempl. Z; —0-516155 0.061596 —0-513953 0-06166
Z 4 0.410682 0.063874 0-409595 0-063981
Zi o 0.133424 0.057101 0-131799 0-057175
Wife’s ANS; —-0-010471 0-011673
Hours ANS; 0-000374 0-011723
ANS; , —0-017061 0-01124
Wife’s ZS; —0-021584 0-024489
Unempl. ZS; 4 —0-006724 0.024121
ZS; 0-010421 0-022663
R? 0-1506 0-3871 0-3877
MSE 0-0431 0.0312 0-0312

*Sample Size is 4085. All variables are residuals obtained from regressions of the original variable against a set of demographic variables

and time dummies. See Page 23.
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0-115. In column 2 we add current and lagged wage, hours and
unemployment changes. The R? rises by 0-067 to 0-182. In col-
umn (3) we add the current value and two lags of ANS}, which is
the change in the log of 1370 plus annual work hours of the spouse
to the equation. We also add ZS} and its lags, where ZS} is the
log of 1370 plus wife’s hours of unemployment. The value 1370 is
the mean of wife’s work hours for wives who work positive hours.
(We transformed the work hours and unemployment variables to
reduce the influence of large percentage changes in hours worked
by women working few hours on the log variables and to handle the
fact that our sample includes unmarried men and men whose wives
do not work in some years). These variables lead to an R? of 0-297.
We view these results as consistent with substantial measurement
error in family income. They also suggest a relatively small role for
variation in husband’s work hours, unemployment, and wages in
the variance of measured income. The results in Altonji and Siow
for a similar sample of men suggest that adding the change in
work hours lost due to illness and the interactions between wage
changes and quits, layoffs, and promotions would result in only a
small improvement in explanatory power. In light of the substan-
tial explanatory power of wife’s work hours and unemployment, it
would be useful in future work to expand the dynamic factor model
to include these variables.

Results for consumption

Table 5 reports a series of consumption equations. The x2 statistic
and the degrees of freedom reported at the bottom of each equation
are for a test of the consumption equation and the associated
equations for the income determinants against a stationary model
(Model B in Table 2).

Column 1 presents the unrestricted log linear consumption
equation (1.1a). None of the coefficients on lagged income determi-
nants are significantly different from 0. This result is consistent
with the tests for nonzero covariances between consumption and
income determinants reported in Table 2.1 PB.wo, the response
of the consumption to uyt, is estimated at 0-018 (0-0059) with
a t-value of 3.08. The coefficient on u,; is positive and the
coefficient on u,; is negative, but neither is statistically signifi-
cant. The variable uy; has a substantial positive but imprecisely
estimated effect on consumption. The estimate of B¢y is 0-0288
(0-0237).

T When we use levels of consumption and income, we find the coefficients of
lagged unemployment and lagged income both have fairly large coefficients with
t values of 2-07 and 1-75 respectively.



TABLE 5 Consumption equations: ACy

OMD estimates

WLS estimates

1 2 3 4 6 7 8 9 10
Wage factor: uy
Pewo 0-018 0-0171 0-0226 0-0201 0-0184 0-0185
(0-00585)  (0-00597) (0-00604) (0-00755)  (0-00908) (0-00826)
Pewl 0-00122 0-00408
(0-00401) (0-00678)
Pew2 0-00326 0-00287
(0-00499) (0-00830)
Unemployment factor: uy,
Pez0 —0-00 0-00141 0-00270 —0-00762 —0-00456 —0-00414
(0-00625)  (0-00472) (0-00462) (0-00659)  (0-00554) (0-00508)
Pezl —0-00101 0-00663
(0-00650) (0-00756)
Pez2 0-00477 0-00508
(0-00698) (0-00681)
Hours factor: uy
Peno 0-00422 0-00653 0-00542 0-00878
(0-00616)  (0-00535) (0-00964) (0-0113)
Peni —0-00547 0-00494
(0-00709) (0-00982)
Pen2 —0-0109 —0-00763
(0-0122) (0-0158)
Income factor: uy
Peyo 0-0288 0-0253 0-0242 0-0212 0-0196 0-0218
(0-0237) (0-00655) (0-00666) (0-0186) (0-0167) (0-0142)
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Peyl —0-00341 —0-00911

(0-0400) (0-0182)
fscy2 —0-00476 —0-00979
(0-0266) (0-0199)
Consumption factor: ug
Beco 0.254 0-255 0-252 0-259 0-256 0-279 0-279 0-278 0-279 0-277
(0-00621) (0-00582) (0-00606) (0-00575) (0-00628) (0-00743) (0-00807) (0-0124) (0-00736)  (0-0122)
Beel —0-147 —0-148 —0-147 —0-145 -0-144 —-0-153 —-0-153 0-154 —-0-153 —0-156
(0-00776)  (0-00717) (0-00757) (0-00737) (0-00813) (0-0101) (0-0111) (0-0166) (0-0101) (0-0162)
Bec2 0.0171 0.0177 0.0187 0-0169 0-0186 —0-00141 -0-00116 —0-000448 —0.00116 0-000166
(0-0105) (0-00984) (0-0105) (0-0100) (0-0122) (0-0120) (0-0129) (0-0094) (0-0117) (0-00895)
o 0-239 0-232 0-269 0-355
(0-0609) (0-0656) (0-0777) (0-0974)
X2 20-6 25-4 64-6 12.4 61-6
DF 13 21 24 14 16 13 21 24 14 16
MSE 1.87 1-83 2.02 1.75 2-12 1.52 1.48 1-51 1-.31 1.35

*Columns 1 and 6 are the unrestricted consumption equation in logs which is estimated with the log income model in Table 3. Col. 2 and
7 exclude lagged factors from the consumption equation. Col. 3 and 8 are the log Keynesian model. Col. 4 and 9 exclude lagged factors
from the consumption equation and annual hours from all equations. Col. 5 and 10 are the log Keynesian model without annual hours.
*The X? statistic and degrees of freedom are for a test of the consumption equation and the associated income model against the
covariance stationary model. The cross covariances between hours and wages and unemployment: and wages are not used in estimation.
212 moments are used to estimate columns 1-3 and 6—8. 162 sample moments are used to estimate columns 4-5 and 9-10, which exclude
annual hours.

*Column 8 estimates did not satisfy standard convergence criterion.
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In column 2 we impose the zero restrictions implied by the
RE-PIH model if income and hours are exogenous. Specifically,
consumption coefficients on all lagged income determinants are
set to 0. This consumption equation and the associated income
equations easily pass tests against the stationarity model and
against the model with the unrestricted consumption equation. The
coefficients on all of the income components except unemployment
have the right sign, but only the wage and income factors are
statistically significant. The fact that wage innovations are more
important than unemployment is consistent with the evidence in
table 4 that the unemployment effect on income is transitory. The
coefficient P.wo on the wage innovation is 0-0171 (0-0060), which
is 68% of Bcyo. From the perspective of the RE-PIH model, this
estimate of P.yo seems a bit large given that the estimates of
the associated income model (not reported) and the consumption
parameters in column (2) together imply that the long-run effect
on income of a one-standard deviation shock to uyt is only one-
quarter as large as a one-standard deviation shock to uy. The
inconsistency in the timing of the wage and income data and
the consumption and income data and a substitution effect of the
wage on consumption are among possible explanations for this, in
addition to sampling error. The discrepancy in the magnitudes of
Bewo and Peyo is smaller in the quarterly models (Table 6) and when
we estimate by weighted least squares (See Table 5, column 7).

Column 3 in Table 5 presents estimates for the five variable
loglinear model with a Keynesian-type consumption function,
which specifies that the change in consumption is proportional
to the change in income. For this model the parameter o is the
response of consumption to a change in income. The point estimate
15 0-239 (0-0609). The fact that this value is about four times larger
than the coefficient of an OLS regression of the consumption change
on the income change (not shown) is in part a reflection of the fact
that the dynamic factor model accounts for measurement error in
income. The Keynesian model is overwhelmingly rejected, although
the estimates of the income process and the other processes do not
differ much from those of the unrestricted factor model reported
in Table 3. However, it should be mentioned that the estimates do
not satisfy the standard convergence criterion.f

The consumption model in Column 4 corresponds to the model
in column 2 after hours are eliminated from the income model.
This has only a small effect on the estimate of P.yo (Which
rises somewhat), fc,0, and Pcyo. Column 5 reports the Keynesian
consumption model after hours are eliminated from the income

T We had difficulty getting the algorithm used to compute the optimal minimum
distance estimator to converge even with various starting values.
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TABLE 6 Quarterly dynamic factor models (OMD estimates)

la 1b 2a 2b
Annual hours Excluded  Annual hours Included
parameter standard parameter standard
estimates error estimates error

Consumption equation parameters

BewO(uye_1) 0-0118 0-00292 0-00897 0-00266

Pez0(uy 1) 0-00392 0-00250 0-000609 0-00240

Ben0(une_1) 0-00366 0-00282

ﬁcyO(uyt,l) 0-0114 0-00321 0-0103 0-00303

BecO(uy) 0-258 0-00582 0-251 0-00564

Pecl(ug_1) —0-145 0-00760 —0-145 0-00720

Pec2(ug_s) 0-0156 0-0102 0-0137 0-00973

Income equation parameters

Uyt Aoyw 0-0279 0-00587 0-0216 0-00501
A1yw —0-0227 0-00510 —0-0179 0-00442
A9y 0-00313 0-000716 0-00251 0-000626

Uyt Aoy, —0-00703 0-00392 —0-0102 0-00356
Aly, 0-00457 0-00367 0-00783 0-00341
Aoy, —0-000510 0-000532 —0-00968 0-000499

Upt: A0yn 0-0147 0-00382
A1yn —0-00944 0-00303
Agyn 0-00113 0-000427

Uy Agyy 0-0172 0-0421 0-0302 0-0414
a1yy 0-00631 0-0387 —0-00732 0-0367
Agyy —0-00188 0-00535 0-0000826 0-00499
o’y 0-0103 0-00464 0-0112 0-00213

Wage equation parameters

Uyt Aoww 0-0577 0-0121 0-0649 0-0149
Alww —0-0359 0-00869 —0-0417 0-0107*
Aoww 0-00417 0-00106 0-00490 0-00129
0%, —0-00608 0-00636 —0-0109 0-00914

Unemployment equation parameters

Uyt A0z 0-00257 0-000326 0-00252 0-000243
A1z, —0-00113 0-000247 —0-00123 0-000161
A9, 0-000115 0-0000348 0-00138 0-0000214

Annual hours equation parameters

Ugzt: A0nn 0-0134 0-00382
Q1nn —0-00892 0-00316
Qgnn 0-00108 0-00416
Aonz —0-00518 0-00757
Agnz —0-000445 0-0000861
o2, 0-00313 0-00387

X2 471 60-4

Degrees of freedom 21 34

MSE 1.87 1-86

*X?2 statistic for test of the model against the stationary model. The degrees of
freedom are the degrees of freedom of the test.
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model, and the results are the same as those in column 3 for the
full model.

The results for this section may be summarized as follows. First,
we find little evidence that consumption is affected by lagged
determinants of income. Second, the response of consumption to
Uyt Seems large and the response to uy; seems small relative to the
long-run effects of these variables on income. Fourth, the simple
Keynesian model is rejected.

As for the family income process, the estimates are disappointing
in terms of the fraction of the variance explained by the wage,
unemployment and hours factors relative to the variance explained
by the income factor uy. The regression analysis in Table 4
suggests that this finding reflects basic characteristics of our data.
Inconsistency in the timing and time aggregation of some of the
variables may also play a role. We turn to this issue below. A
second explanation is that our assumptions about the properties
of the measurement errors are invalid, leading to a misspecified
income equation.

5.3 EXTENSIONS

Alternative assumptions about measurement error

We experimented with two alternative specifications of measure-
ment error. First, we estimated most of our models assuming that
the measurement error was zero for all equations except consump-
tion. In all cases, these restricted models were handily rejected
against their counterparts with measurement error. For example,
the x2 statistic, with 3 degrees of freedom, for the model with no
measurement error that corresponds to col. 2 of Table 5 is 13. Sec-
ond, we also allowed for first-order moving average measurement
errors (i.e. it = €jt + Ti€it—1 for i = y,n,w). We cannot reject the null
hypothesis that t; is zero for all cases at the 5% significance level.
Finally, we briefly experimented with cross-correlated measure-
ment errors. However we were unsuccessful in our attempts to
estimate these models.

Weighted least squares

We report a set of weighted least squares (WLS) estimates of the
stationary model in Table A1, the dynamic factor model of income
in Table 3 (column 3), and the dynamic factor model of consumption
in Table 5 (columns 6—10). Based on Newey’s goodness of fit test,
stationarity is still overwhelmingly rejected. (Results not reported).
The estimates of the variances and covariances in Table A1l for all
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models are larger in absolute values than those obtained with
OMD. The disparity is even more dramatic when the variables are
measured in levels, as reported in AMS. This pattern is consistent
with the analysis in Altonji and Segal (1996) and in fact was part of
the inspiration for that paper. The standard errors of the estimates
are also larger.

The WLS estimates of the factor models in Table 3 and 5 are
qualitatively similar to the corresponding OMD estimates in those
tables. Measurement error explains a larger portion of the variance
of the change in measured work hours. It is still insignificant and
has the wrong sign for measured wages. The main substantive
difference between the WLS and OMD estimates is that the
absolute values of the factor loadings are typically larger when
WLS is used.

Unbalanced data

In an attempt to increase the precision of our estimates and
to investigate whether the behaviour of persons in the balanced
sample is different from that of persons with incomplete data, we
estimated the model on two larger, unbalanced samples. In the
unbalanced case the number of observations differs across sample
covariances. In one sample, we start with the balanced sample for
1976-1981 and add individuals who did not have complete data
on all variables for all the years. After this addition, between
1699 and 2877 observations are available to calculate each sample
covariance. The OMD point estimates and standard errors obtained
with this larger sample are bigger than before. The additional
data does not improve the precision of our estimates because the
sample covariances for those individuals with missing data are
substantially larger than those of individuals with complete data.
That is, the two sets of individuals appear to face different income
processes. For example, the sample variances of income, wages and
hours of work are about three times larger than for the balanced
sample. The variance of unemployment is ten times larger. This is
not surprising given that the wage measure is available in a given
year only for persons who are employed or on temporary layoff at
the time of the survey. As a result, the balanced sample is weighted
toward individuals with relatively stable employment.

In the unbalanced sample, the response of consumption to a one-
standard deviation shock to unemployment is negative, —0-00625
(0-0046). The short-run effect on income is —0-0421 and the
long-run effect is —0-0196, which implies that the response of
consumption to a 1 unit permanent change in income arising from
an unemployment shock is —0-319. (—0-319 = —0-00625/0-0196).
The corresponding figures are 0-589 = 0-0254/0-043 for a wage
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shock, 0-154 = 0-0266/0-173 for an income shock, and 0-03 =
0-00162/0-054 for an hours shock. These estimated relative
consumption effects are somewhat different from that using the
balanced sample, adding to the evidence that the additional data
in the unbalanced sample come from a different distribution of
individuals.

In the second unbalanced sample, we also include data from
before 1976 back to 1968. We extended the sample temporally
in an attempt to improve precision. This led to an increase in
the number of second moments used in estimation from 212 to
583.71 We used the WLS estimator with this sample because it
was computationally intractable to invert the full empirical fourth
moment matrix. The estimates of the covariances of the stationary
model are substantially larger than those obtained for the balanced
sample. (Results not shown.) The parameters of the factor models
also increase in absolute value and the relative consumption effects
are similar to those reported for the first unbalanced sample.

5.4 TIME AGGREGATION AND NON-SYNCHRONOUS MEASUREMENTS:
ESTIMATES OF THE QUARTERLY DYNAMIC FACTOR MODELS

Table 6 presents estimates of the quarterly dynamic factor model.
(See equation (3.1-3.4)). Column la and b reports estimates
and standard errors when annual hours are excluded from the
analysis. In this model the response of consumption to the current
wage, income, and unemployment innovations are unrestricted.
We ignore the fact that the log of annual income is not equal to the
sum of the logs of quarterly income.

The parameters of the income, wage and unemployment equa-
tions (the apjj, m =0, 1, 2) are the parameters of the polynomial
distributed lag specifications in equation (3.4). In Figure A we plot
the time pattern of the response of income Y; (as opposed to AY}),
the wage W;, and unemployment Z{ to one-standard deviation
innovations in uy¢,uwt and uy,. The effect after seven periods is the
long-run response of Y, etc, to the various shocks. The plots are
based on the estimates of the ap;; in column 1.

Y; initially increases by 0-0279 in response to a wage innovation
of 0-0577. It rises above this level in the next period, declines
almost to 0, before rising again. The long-run response is 0-028,
so most of the wage effect is permanent, while the long-run effect
of a wage innovation on the wage level is about 0-040. Since the
mean of labour earnings is equal to about two-thirds of the mean of

T We restricted our investigation to models with exogenous work hours. Certain
sample moments are missing because the relevant questions were not asked in
those survey years. Ci973, Wes, W9 are missing. The wage variable is unavailable
for salary workers prior to 1976.
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FIGURE A. Impulse response functions implied by quarterly dynamic factor
model, annual hours excluded.

family income, the size of the response of income to the wage factor
is sensible. These results are a substantial improvement over the
results obtained using the annual model. However, the shape of the
response is not entirely plausible and may well be an artifact of the
quadratic polynomial imposed on the moving average coefficients
used in estimation.

Unemployment shocks have essentially a 0 effect on unemploy-
ment and on income after about five-quarters. A one-standard
deviation increase of 0-0025 reduces income by about —0-007 in the
first quarter. (Recall that unemployment is the log of (2000 + hours
of unemployment), which means that an increase of 0-0025 corre-
sponds to a decline in annual hours by about 0-25 percent from a
base of about 2000 hours.). The income response is larger than one
would expect given that the labour earnings of the head accounts
for about two-thirds of the mean of family income, especially if
unemployment benefits cushion part of the drop in earnings. The
estimate in column 2a of Table 6 of the model including hours of
work indicate that hours of work decline by about twice as much
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as hours of unemployment rise, which would explain much of the
discrepancy.

Wages and unemployment explain 22-8% and 7-5% of the true
variance in the quarterly change in income, while the income
factor explains 69-6%. Wages and unemployment explain 15-3%
and 1-8% of the steady state variance of change in the annual
average of income, while the income factor explains 83-2%. The
importance of measurement error in the annual average falls to
46-7%. The increase in the explanatory power of the wage in the
quarterly models relative to the annual models is further evidence
that treatment of timing is useful.

We now turn to the consumption coefficients. The parameter Peywo
is 0-0118 and Pcyo is 0-0114, which implies that the consumption
response to a one-standard deviation wage innovation and a one-
standard deviation income innovation are approximately equal.
The response of consumption to the wage innovation seems large
relative to the response to the income innovation. The long-run
response of income to the wage innovation (0-028) is only 4/7th’s as
large as the response of income to the income innovation (0-048).
The response of consumption to the unemployment innovation is
small, statistically insignificant, and has the wrong sign. The small
response of consumption to unemployment is consistent with the
fact that the income parameters imply that the long-run response
of income to a one-standard deviation innovation in unemployment
is only 0-001. Once again, the size and permanence of the effect
of unemployment hours on income is likely to be smaller for our
sample of individuals who are working or on temporary layoff at the
time of the survey in both year t and t — 1 than for the population
as a whole.

Columns 2a presents a set of estimates of the quarterly models
with annual hours included. As in column 1a, the response of con-
sumption to the current wage, income, hours, and unemployment
innovations are unrestricted. The implied time patterns of the
responses of these variables to one-standard deviation innovations
in the various factors are presented in Figures B.

In the long run, hours rise by about 1% in response to a one-
standard deviation innovation in the hours factor. The long-run
impact on income is slightly more than 1%. The income response
seems a little large given the share of head’s earnings in family
income, although it is basically sensible. As noted above, the effect
of unemployment on work hours is about double what one would
expect if the shocks underlying the unemployment reports affected
weeks worked but not hours/week. The long-run response of hours
to unemployment innovations is basically zero, consistent with
that of income. The income response is still larger than what one
would expect if the only consequence of measured unemployment
is to reduce annual hours of work.
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Measurement error explains about 25% of the variance in the
change in measured hours of work. Measurement error now
explains 53% of the variance of the change in measured income.
Wages, hours of work, unemployment and income innovations
explain 12%, 5%, 4%, and 79% of the variance of the change in true
family income respectively. It is surprising that adding hours of
work reduces the variance explained by wages and unemployment
relative to that explained by the income factor.

In summary, accounting for non-synchronization in the data
reduces the role assigned to measurement error in the variance of
measured income. It also increases the explanatory power of the
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wage factor relative to the income factor in explaining the variation
in true income. However our use of polynomial lag distributions
limits the lag structures that can be considered.

6. Results for the life cycle consumption-labour supply model

Column 1 in Table 7 presents estimates of the dynamic factor
model that only imposes the 0 restrictions implied by (2.2.6,
2.2.7 and 2.2.8) on the general model (1.1). The p-value to reject
the model against the covariance stationary alternative is 0-05.
The covariance stationary model is analogous to (4.1), but is
estimated using AY;" in place of AY;. Measurement error explains
about three-quarters of the variance of AY™. The estimates of
measurement error in wages and hours of work are imprecise.
Variation in wage, hours of work, and unemployment innovations
explain about two-thirds of the variation of AY™* after correcting
for measurement error, and about one-sixth of the total variance
in AY™. The shortfall seems large even though labour earnings
may contain bonuses, overtime wages or wages on second jobs,
and these are not captured by our wage and hours variables.
The regressions for labour earnings in Table 4 indicate that the
marginal contribution to R? of current and lagged wages, hours
and unemployment is 0-237.

The variable AC; responds only to current innovations in the
wage and earnings which suggests that p¢, = pnc = 0. Unemploy-
ment is more transitory than wages in affecting the earnings
process. An interesting finding is that innovations in the income
factor lead to an increase in hours of work. It is possible that
this represents the effect of overtime opportunities, which are not
captured by our straight time wage measure.

In Column 2 we report estimates of a restricted labour supply
model. Measurement error in nonlabour income is absorbed in uyy,
which explains the large increase in the value of fyyo between
column 1 and column 2. We attach no economic interpretation
to it. In view of the results in Column 1 and the results for
family income in Section 4, we do not impose restrictions on the
earnings process to guard against misspecification of the earnings
equation. Basically, we are using the unrestricted earnings process
as an additional indicator to aid identification of the factor
loadings in the other equations. Pen, Pnc, and P,y are restricted
to be zero.f The estimate of the intertemporal labour supply
elasticity p, is —0-117 with a standard error of 0-131. From
equations (2.2.7) and (1.1d), we see that P, can be identified

T It would have been preferable to include a dummy for the Cov(AC;,AY})
rather than to restrict By, to 0.
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TABLE 7 Estimates of the life cycle model

(2)

(3

Estimate SE Estimate SE Estimate SE
Consumption AC
Pew0 00229  0-00582
Pewl 0.00216 0-00611
Pew2 0-00538 0-0078
Pez0 —0.000787 0-00496
fen0 —0-00397 0-00591
Peyo 0.0245  0-0127
) 0-254 0-0058 0252  0-00689 0-252  0-00829
Peel —0-146 0.00713 —0-147 0-00765 —0-148  0-00826
Pec2 0-0142  0-0097 0-0142 0-00974 0-0142 0-00979
Earnings AY*nt
Pyw0 0.0459  0-00627 0-0503 0-0066 0-0495 0-00661
Pywl 0-0109 0-00617 0-0104 0-00656 0-0112 0-00662
Pyw2 0.0031  0-00572 0-00373 0-00608 0-00391 0-00601
fyno —0-0285 0-00654 —0-0274 0-00659 —0-0272 0-00661
Pyn1 0.0167 0-00581 0-0159 0-00585 0-0158 0-00585
yn2 0-00866 0-00521 0-00827 0-0052  0-00816 0-00521
Pyz0 0.0299 0-0362 0-0486 0-00706 0-00485 0-00697
Pyzl —0-0137 0-00764 —0-00416 0-00547 —0-0041 0-00549
Pyz2 —-0.0116 0-0154 —0-00204 0-00585 —0-00199 0-00587
Pyy0 0-0158 0-0172 0-137 0-00537 0-137 0-00531
yyl 0.014 0.0363 —0-0833 0-00622 —0-0834 0-00623
Pyy2 0-045 0-034 0-00479 0-00677 0-00461 0-00677
o2y 0.0127  0-00194
Wage AW*t
PwwO 0-117 0-.0137 0-107 0-012 0-108 0.0123
Pwwl —-0.0457 0-012 —-0-0377 0-0106 —-0-0388 0.0108
Pww2 0-00793 0-00518 0-00677 0-00557 0-0064 0-00547
0%y 0-000879 0-00216 0-00233 0-00172 0-00214 0-00178
Unemployment Z*t
P220 0.0264 0-0025 0-0282 0-0025 0-0282 0-0025
Pzz1 0-00817 0-0017  0-00809 0-00172 0-00809 0-00172
Pz22 0-00507 0-00226 0-00491 0-00231 0-00496 0-00232
Hours AN*t
Pnno 0-178 0-197 0-121  0.0169 0-121 0-0169
fnnl -0.127 0.209 —-0.0583 0-0169 —-0-058 0-017
Pnn2 —0-00181 0-00427 —0-00337 0-00573 —0-00319 0-00575
Pnz0 —-0.037 0-00558 —0-0353 0-00585 —0-0354 0-00574

(Continued overleaf)
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TABLE 7 (Continued)

(1) (2) (3)
Estimate SE Estimate SE Estimate SE

Pnzl 0.0288  0-00533 0-0272 0-00539 0-0272 0-0054
Pnz2 0-00394 0-00386 0-00336 0-00386 0-00338 0-00386
Pnw0 —0-00333  0-00332

Pnwl 0-00395 0-00423

Pnw2 —0.0044  0.00429

Pny0 0-0386  0-0178

02, —0-0138 0.0619  0-00153 0-00282 0-00157 0-00281
fn -0-117 0131 -0-11 0-125
Pe —0-295 0119 —0-37 0-288

Pnc —0-0195 0-0424
Pw —0-0841 0-0279 —0-0713 0.-0384
Pnz 0-003 0-0168  0-00187 0-0112
o2 0-00893 0-0151  0-00552 0-01

X2 31.7 43-6 43-2

DF 20 26 26

MSE 1.81 1.82 1.82

“Y*t is the log of measured labour earnings. As in the other log models in the
paper Z*t is the log (2000 4+ Hours of Unemployment).

from Cov(AN;,AW;_9)/Cov(AW,AW;_5). From the point estimates
in Table 1, one can see that the sign of the estimate of B, is
partially due to the insignificant and small negative estimate of
Cov(AN(,AW;_5). The negative estimate of f,, has the wrong sign
but is not significantly different from 0 or from the small positive
values found in most micro data studies of intertemporal labour
supply. The estimate of . is —0-295 with a standard error of 0-119.
The negative estimate is predicted by the theory. The estimate
of Byw, the effect of wage innovations on the marginal utility of
wealth, is —0-0841 with a standard error of 0-0279. The estimate
of B,;, which is the effect of unemployment innovations on the
marginal utility of wealth and should be positive, is 0-0030 with
a standard error of 0-0168. Given the finding that unemployment
innovations have smaller and more transitory effects on earnings
than wage innovations, the relative and absolute magnitudes of f,y,
and B, are sensible. The variance of u, is imprecisely estimated at
0-00893. Wage and unemployment innovations explain 44% of the
variance of the innovations in the marginal utility of income.
We note that the point estimates of the variances of all the
measurement errors are positive. The p-value to reject the model
is 0-02.
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In Col. 3, we report estimates of the restricted labour supply
model with By, = 4Pnc. Byy is still restricted to be zero, and the
earnings process is again unrestricted. We can get an estimate of
Ben from Cov(AC;,AW;_2)/Cov(AW;,AW;_s). Since the estimate of
Cov(AC,AW;_5) is imprecise (see Table 1b), the estimate of P¢,
should be treated with caution. The estimate of B, is —0-019 with
a large standard error of 0-042. The small negative point estimate
suggests that consumption and leisure are weak complements but
argues against explaining the excess response of consumption to
the wage innovation in our RE-PIH model with hours treated as
exogenous by appealing to a positive cross substitution effect of the
wage on consumption. The point estimate for p, remains negative,
again with a large standard error. The point estimate for o, is
now 0-0055 which is one-third smaller than the previous estimate.
Wage and unemployment innovations now explain about 48% of
the variance of the innovations in the marginal utility of income.
Estimates of the other parameters and the associated standard
errors are about the same as before. Finally, we cannot reject the
hypothesis that pn. = 0 (the x? statistic for col. 2 against col. 3 is
0-4 with 1 degree of freedom).}

In summary, due to the large standard errors, we are not
particularly successful in estimating the intertemporal labour
supply elasticity nor the cross elasticity f.,. However, we obtain
economically sensible estimates of the effects of wage and
unemployment innovations on the marginal utility of income. We
find that these two components explain a little less than half of
variance of innovations in the marginal utility of income.

7. Concluding remarks

Since the introduction contains a summary of the main results, we
close by briefly discussing avenues for future research. Advances
over the past 15 years in computational economics and computer
speed would make it possible to examine a much richer class of
models of consumption and labour supply than those discussed
in the paper. Most of these models do not lead to closed form
solutions and are unlikely to imply a linear MA process. Even the
life cycle model that we estimate is only a log linear approximation.
However, simulation based estimation methods, such as Gallant
and Tauchen’s (2001) efficient method of moments, provide a way

T In the Appendix, Table A2 presents a set of WLS estimates. The point
estimates for Py, Pnc are still negative. Although consistent with earlier estimates,
these results are surprising because in Table Al, we see that Cov (AN, AW;_3)/Cov
(AW, AW,_,) and Cov (AC;, AW,;_3)/Cov (AW, AW,_5) are positive. The WLS
results are basically similar to the OMD results, although the factor loadings and
measurement error variance estimates are typically larger in absolute value.



48 J.G. ALTONJI, A.P. MARTINS AND A. SIOW

to choose the parameters of more or less arbitrary models so
that they are consistent with convenient descriptive models that
summarize the data such as its dynamic factor representation. The
dynamic factor representation is appealing because the dynamic
relationships among the variables are transparent, and it is a very
convenient framework with which to handle the most important
forms of measurement error.

Over the past decade there has been a great deal of interest
in the consumption and finance literatures in variation over time
in uncertainty about income. Although we have not reported the
results here we experimented extensively with specifications in
which the variances of the innovations in components of income
change over time and found fairly strong evidence that they
do. The huge difference in variance estimates for the balanced
and unbalanced samples provides an indication that there is
substantial heterogeneity in income uncertainty. In a recent
paper, Meghir and Pistaferri (2001) estimate ARCH models of
earnings using PSID data and examine heterogeneity over time
and across people in earnings uncertainty as well as the dynamics
of uncertainty. It would be natural to extend this work to a
multivariate moving average model of the type employed here
so that the role of work hours, unemployment, wages, and other
factors in heterogeneity in income risk could be examined.

References

Abowd, J.M. & Card, D.E. (1987). Intertemporal labour supply and long-term
employment contracts. The American Economic Review, 77(1), 50—68.

Abowd, J M. & Card, D.E. (1989). On the covariance structure of hours and
earnings changes. Econometrica, 57(2), 411-445.

Almon, S. (1962). The distributed lag between capital appropriations and
expenditures. Econometrica, 30, 407-423.

Altonji, J.G. (1986). Intertemporal substitution in labour supply: evidence from
micro data. Journal of Political Economy, XCIV(3), Part 2, 5176-5115.

Altonji, J.G. & Siow, A. (1987). Testing the response of consumption to changes
in income using (noisy) panel data. Quarterly Journal of Economics, 293—328.

Altonji, J.G., Martins, A.P. & Siow, A. (1987). Dynamic factor models of
consumption, hours and income. NBER working paper no. 2155.

Altonji, J.G. & Paxson, C.H. (1986). Job characteristics and hours of work.
Research in Labour Economics, 8, Part A, 1-55.

Altonji, J.G. & Segal, L. (1996). Small-sample bias in GMM estimation of
covariance structures. Journal of Business and Economic Statistics, 14(3),
pp- 353-66.

Attanasio, O. (1999). Consumption. In J. Taylor, M. Woodford eds, Handbook of
Macroeconomics. Vol. 1b, CH. 11, Amsterdam: North Holland, pp. 741-812.
Attfield, C.L.F. & Browning, M.J. (1985). A differential demand system, rational

expectations, and the life cycle hypothesis. Econometrica, 53(1), 31—48.

Baker, M. (1997). Growth-rate heterogeneity and the covariance structure of life

cycle earnings. Journal of Labour Economics, 15(2), 338—375.



DYNAMIC FACTOR MODELS OF CONSUMPTION, HOURS AND INCOME 49

Bernanke, B. (1984). Permanent income, liquidity, and expenditure on auto-
mobiles: evidence from panel data. Quarterly Journal of Economics, XCIX,
587-514.

Blundell, R. (1986). Econometric approaches to the specification of life cycle labour
supply and commodity demand behaviour. Econometric Reviews, 5(1).

Blundell, R. & McCurdy, T. (1999). Labour supply: a review of alternative
approaches. In O. Ashenfelter & D. Card (eds), Handbook of Labour Economics,
Vol. 3a.

Bound, J., Brown, C. & Mathiowetz, N. (2000). Measurement error in survey data.
Handbook of Econometrics, 5.

Browning, M., Angus, Deaton & Margaret, I. (1985). A profitable approach to
labour supply and commodity demands over the life cycle. Econometrica, LIII,
503-544.

Browning, M.J. & Lusardi, A. (1996). Household savings: micro theories and
micro facts. Journal of Economic Literature, 34, 1797—1855.

Campbell, J. & Deaton, A. (1989). Why Is Consumption So Smooth?. Review of
Economic Studies, 56(3), pp. 357—373.

Chamberlain, G. (1984). Panel Data. In Z. Griliches & M. Intrilligator (eds),
Handbook of Econometrics.

Chowdhury, G. & Nickell, S. (1985). Hourly earnings in the United States: another
look at unionization, schooling, sickness and unemployment using PSID data.
Journal of Labour Economics, 3(1) Part 1, 38—69.

Deaton, A. (1992). Understanding Consumption. Oxford: Oxford University Press.

Deaton, A. (1985). Life cycle Models of Consumption: Is the Evidence Consistent
with the Theory?

Duncan, G. & Hill, D. (1984). An Investigation of the Extent and Consequences of
Measurement Error in Labour Economic Survey Data. Survey Research Center,
The University of Michigan.

Flavin, M.A. (1981). The adjustment of consumption to changing expectations
about future income. Journal of Political Economy, LXXXIX, 974-09.

Friedman, M. (1957). A Theory of the Consumption Function, Princeton: Princeton
University Press.

Gallant, A.R. & Tauchen, G. (2001). Efficient Method of Moments. Working paper,
Department of Economics, Duke University.

Ghez, G. & Becker, G.S. (1975). The Allocation of Time and Goods QOver the Life
Cycle. NBER Columbia University Press.

Gruber, J. (1997). The consumption smoothing benefits of unemployment
insurance. American Economic Review, 87(1), 192—205.

Hall, R.E. (1978). Stochastic implications of the life cycle-permanent income
hypothesis: theory and evidence. Journal of Political Economy, LXXXVI,
971-987.

Hall, R.E. & Mishkin, F.S. (1982). The sensitivity of consumption to transitory
income: estimates from panel data on households. Econometrics, L, 261-281.
Ham, J.C. (1986). Testing whether unemployment represents life cycle labour

supply behaviour. The Review of Economic Studies, III, 559—-578.

Hansen, L.P. & Singleton, K.J. (1983). Stochastic consumption, risk aversion, and
the temporal behaviour of stock market returns. Journal of Political Economy,
91(2), 249-265.

Hause, J.C. (1980). The fine structure of earnings and the on-the-job training
hypothesis. Econometrica, 48 (4), 1013—-1029.

Hayashi, F. (1985). The permanent income hypothesis and consumption durabil-
ity: analysis based on Japanese panel data. Quarterly Journal of Economics, C
(4),1083-1113.

Hayashi, F. (1987). Tests for Liquidity Constraints: A Survey and Some New
Observations. In T. Bewley (ed.), Advances in Econometrics 1I, Fifth World
Congress, Cambridge: Cambridge University Press. 91-120.



50 J.G. ALTONJI, A.P. MARTINS AND A. SIOW

Heckman, J.J. (1974). Life cycle consumption and labour supply: an explanation of
the relationship between income and consumption over the life cycle. American
Economic Review, 64, 188—194.

Heckman, J.J. & MaCurdy, T.E. (1980). A life cycle model of female labour supply.
Review of Economic Studies, 47, 47-74.

Holbrook, R. & Stafford, F. (1971). The propensity to consume separate types
of income: a generalized permanent income hypothesis. Econometrica, XXXIX,
1-22.

Hotz, V., Kydland, J.F. & Sedlacek, G. (1988). Intertemporal preferences and
labour supply. Econometrica, 56(2), 335—360.

Kearl, J.R. (1988). The covariance structure of earnings and income, compensatory
behaviour and on-the-job investments. The Review of Economics and Statistics,
70(2), 214-223.

Lillard, L. & Weiss, Y. (1979). Components of variation in panel earnings data:
American scientists 1960-1970. Econometrica 47(2), 437-454.

MaCurdy, T.E. (1983). A simple scheme for estimating an intertemporal model
of labour supply and consumption in the presence of taxes and uncertainty.
International Economic Review, XXIV(2), 265-290.

MaCurdy, T.E. (1982a). The use of time series processes to model the error
structure of earnings in a longitudinal data analysis. Journal of Econometrics,
18, 83-114.

MaCurdy, T.E. (1982b). Modeling the Dynamic Components of Hours of Work
Using Multiple Time Series Analysis Applied to Panel Data unpublished paper,
Stanford University.

MaCurdy, T.E. (1981). An empirical model of labour supply in a life cycle setting.
Journal of Political Economy, LXXXIX, 1059—-1085.

Mayer, T. (1972). Permanent Income, Wealth, and Consumption: A Critique of the
Permanent Income Theory, the LifeCycle Hypothesis, and Related Theories. Los
Angeles: University of California Press.

Meghir, C. & Pistaferri, L. (2001). Income Variance Dynamics and Heterogeneity,
unpublished paper, University College London.

Mellow, W. & Sider, H. (1983). Accuracy of response in labour market surveys:
evidence and implications. Journal of Labour Economics, 1(4), 331-344.

Newey, W.K. (1985). Generalized method of moments specification testing.
Journal of Econometrics, 29, 229—-256.

Pistaferri, L. (1999). Consumption, Income Dynamics, and Precautionary Saving,
Ph. D. dissertation, University College London.

Survey Research Center. (1982). A Panel Study of Income Dynamics: Procedures
and Tape Codes 1981 Interviewing Year, Institute for Social Research,
University of Michigan, Ann Arbor Michigan.

Zeldes, S. (1989). Consumption and liquidity constraints: an empirical investiga-
tion. The Journal of Political Economy, 97(2), 305—346.

Appendix: The Permanent Income Model When The Market
Interest Rate And Subjective Discount Rate Differ

In this Appendix we examine the implications of the PIH type
models for the behaviour of consumption, total income, savings,
and assets. At the end we briefly summarize our experience in
estimating the models.

The analysis builds on the developments in Flavin (1981) and
Campbell and Deaton (1989). We extend those analyses to a more
general case in which the market interest rate for borrowing and
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lending differs from the subjective discount rate used by consumers.
The general model nests the PIH and Keynesian models as special
cases. Here we present the main equations and results.}

We begin with the asset transition equation for individual i:

Ar=1Q4+1)Ar-1 + X1 — Ci1) (A1)

A;: Assets at time t.
X;: Nonasset income at time t.
Ci: Total consumption at time t.
r: The ex-post return on assets for individual i from t — 1 to t.

Individual subscripts are ignored for convenience. We have
followed many previous researchers and imposed the simplifying
assumption that the interest rate is constant across time and
households. Note that X; consists of all nonasset income, including
labour earnings, transfers, gifts, etc. Income at time t, Y;, consists
of asset income and nonasset income.

r
1+r

Y, = A+ X, (A.2)

Equations (A.1) and (A.2) must hold for all individuals, regardless
of whether they obey the permanent income hypothesis, provided
that they borrow and lend at a common interest rate r.%

We work with the consumption equation

8 8
=—A
116 4 155

> PEXea + Vi, (A.3)
k=0

Cy

where § is the subjective discount rate used by consumers to
discount future nonasset income, p is 1/(1+38),V; is transitory
consumption at time t and E; is the expectations operator
conditional on information available at t. Following Flavin, HM,
Campbell and Deaton (1989), and many previous researchers, we
consider (A.3) to be the PIH when 8 = r and the rate of return on
assets is fixed. In this case (A.3) says that except for transitory
departures that may be serially correlated, consumption at time
t is equal to the annuity value of expected wealth at time t.
If § is infinite, (A.3) is a Keynesian-type specification in which
consumption is equal to the sum of current nonasset income and
assets plus transitory consumption. One may show that when 3
is infinite, A¢ is (1 +r)V;_1, and so consumers spend all nonasset

T The details of the derivations are in an unpublished Appendix that is available
from the authors.

1 The timing convention in equations (A.1) and (A.2) follows Flavin. Income and
consumption are measured at the beginning of the period. Assets are measured
at the end of the period. Interest is paid on assets over the period.
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income as they receive it, and borrow and lend in response to
transitory consumption.

To proceed further, one must specify a model for X;. We specify
that AX; is a moving average of a serially uncorrelated vector of
factors uyt. In keeping with the empirical specification used in the
text we assume an MA(2) process here, although the analysis may
easily be extended to an MA(K). In the MA(2) case AX; may be
written as

AX; = Pxouxt + Px1Uxi—1 + PxoUxt—2 (A4)

where Py, Px1 and Pxo are row vectors of coefficients of the MA

process. In our application the wage, unemployment, hours, and

income factors are elements of the conformable column vector u:.

Note, however, that the variables are in levels rather than logs

and the income measure that should be used is nonasset income,

not total income Y¢, which is used in the present paper and HM.
We make the key assumption that:

Eiugxk =0,k >0

Etuxt+k = Uxt+k, k =< 0

This says that consumers do not have information that is useful
in predicting wage changes other than the information in current
and lagged values of uy. Since we do not have a direct measure
of expectations, it is not possible to estimate the structural
models considered below without a strong assumption about
the consumer’s information set. One could test this assumption
by checking if consumption changes are correlated with future
innovations uy:; 1. One would add the appropriate sample moments
involving the change in consumption and future changes in
wages, unemployment, etc to the model and test whether the
elements of uyti1, uxro have 0 coefficients in the equation
for AC;.

We now wish to solve for the relationship between ACy, AYy, Ag,
and the vector of income factors uy;. We begin by solving for A;.
Using (A.4) and (A.3), one may show that C;_; is

Ci1=

A1+ X1+ p(Bx1 + PPx2)uxi—1 + PPxoUxt—2 + Vi-1.
(A.5)

Using the above equation to eliminate C;_; from (A.1) leads to

143

1+ 1+
- 1 _|_; Lt 1 _|_;. [(ﬁxl + pﬁXQ) Uxt-1 + pﬁx2uxt_2]

—(1+71)Viq (A.6)

Ay
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Solving backward for A; assuming § > r and using (A.6) yields

1+4r
Ay = 1 +5 Z (1 T 8) ﬁxl + pﬁxZ) Uxt—k—1 + ﬁxZuxt—Z—k]

1+r
1+8 )Z(HS) Vik-1. (A7)

After some straightforward but tedious algebra one may show that
equations (A.4), (A.5), and (A.7) imply that is

§—T o= [1+7T
AC; = (Bxo + PBx1 + P*Br2)uxs + Z [ ]

1+31+5 149
k=o

X [(ﬁm + Pﬁxz) Uxt k-1 + ﬁxzuxt—k—z]

5 1+r
* 145 )Z {1+8}

Ve +V 1+-31+r \ (A.8)

X _ — _ .

t—k + Vi T | Vet

Next we modify (A.8) to take account of the fact that the principal
consumption measure is family expenditure on food. We assume
that the marginal propensity to consume food out of permanent
income is o. Let C; denote food consumption for the rest of this
section. Let Vg be transitory food consumption. Then (A.8) becomes

d—r
AC, = a(Byo + pBat + PBrs)
¢t = a(Bxo + PPx1 + P2Px2) Ust + 515
1+r . /
§ Z [1+8] [ Bra + PPx2) Uxtk-1 + Plolxt k2

5 85— © 14r]et?
SRS | V,_
P 7] Ve

145

To solve for AY:, one takes the difference of (A.2) and uses (A.7) to
eliminate AA; and (A.3) to eliminate AX;. After some algebra one
obtains

r S—rn[l4r
AY: = . )t
‘ 1+r1+82[1+5} ﬁ1‘*‘10ﬁ2)utk1

k-o

+ Vg — Vg1 —a [1 +9 ] Vi1 (A.9)
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1 r
+ ﬁxqut—k—2] + Pxouxt + [1—+rﬁx1 T1x rpﬁxz] Uxt—1
1 §—1 L [1+r]K
X Xt— V—_ - V_
+1+rﬁ2ut2+r1+8kz[1+8] t—k—1 — IVt
=1

(A.10)
In the RE-PIH case in which § = r, the equation for AY; reduces to

AY = Pxouxt + P(Px1 — (1 — p)Pxe)uxt—1 + PPxotxt—2 — TVi_1

(A.10))
Equation (A.10’) embodies all the restrictions imposed by the RE-
PIH on the income process. It is interesting to note that the
RE-PIH model can be estimated from data on nonasset income
and total income. Consumption data are not needed. Note that
lagged transitory consumption, V;_1, is part of the income process.
If transitory consumption is serially correlated, as is assumed by
Hall and Mishkin and Bernanke and in the model above, the
covariance of AC; and AY;_; may be nonzero even if RE-PIH holds.
The nonzero correlation comes from the fact that lagged savings
enters the change in income as in equation (A.7).

Now consider the effect of the current innovation uy; on con-
sumption. In the RE-PIH case with § =r and thus p = 1/(1+38) =
1/(1 + r), the effect is the marginal propensity to consume food, o,
times the vector (Bxo + 1/(1 4+ 1)fx1 + (1/(1 4 1))?Bx2) consisting of
the effects of the elements of uy; on permanent income. The 0
restrictions on the lagged innovations uy;_x, k>0, in the RE-PTH
case are a hallmark of the permanent income models under ratio-
nal expectations. In the general case, the discount rate 1/(1 + r)
is replaced by p =1/(1+53). In the general case, with 3 > r, one
can see from (A-9) that lagged innovations matter. A sufficient
condition for the coefficient on the lags to be positive (negative) is
for Px1 and Pye both to be positive (negative). If fx1 and Pxe are both
positive, a positive value for uy implies that further increases in
X; will occur in t+1 and t+2. Consumption will respond too little
to uy from the perspective of the RE-PIH, but additional changes
in consumption will occur in future periods. If fyx; and Pxe are both
negative, with Pyo positive, then AC; will respond too much to a
positive innovation in uy but the effect of uy; on future consumption
changes will be negative. Basically, in this case, consumers with
high subjective discount rates do not place enough weight on the
fact that an increase in uy; implies negative changes in X; in future
periods. The general model is consistent with Flavin’s finding in
aggregate time series data that consumption responds too much to
the current innovation in nonasset income if fx1 + Pxo/(1+r) is neg-
ative. It is consistent with Campbell and Deaton’s (1989) analysis of
whether consumption responds too little to the current innovation
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in income if Py + Pxo/(1+r) is positive. More generally it provides
a framework with which to consider whether consumption is too
smooth or too volatile relative to the process for labour income.

In AMS we report estimates of p using the change in consumption
level, income level, and wage level that correspond to the results in
the paper for logs. We do not focus on them in this paper because
a log specification of the income process is more appropriate and
the linear quadratic formulation of the consumption from problem
has fallen from favor. Instead, we have informally compared the
relative size of the effects of the unemployment, hours, wage, and
income factors on consumption to the effects of these innovations on
current and future income. While in a number of cases, particularly
in the quarterly models that account for timing, we obtained point
estimates of the discount factor p that are close to 1, in general
the estimates have large standard errors and are sensitive to the
details of the specification.

The structural estimates of the RE-PIH model in AMS are based
on the use of family income AY; rather than nonasset income
AX; as the measure of income. As we have noted, the presence
of feedback from transitory consumption to asset income leads
to misspecification. We estimated versions of the model in which
AX; is used as the income measure and tried various treatments
for nonstationarity. We also estimated models in which the cross
equation restrictions between the equation (A.10) for AY; and
the dynamic factor model for nonasset income, unemployment
and wages are imposed, with and without imposing the cross
equation restrictions between the consumption model and the
nonasset income model. We obtained estimates of p of about
0-75 for both WLS and OMD when stationarity is imposed and
OMD estimates near 1 when stationarity was relaxed by letting
innovation variances differ across years for some variables. The use
of cross equation restrictions between family income and nonasset
income leads to a substantial improvement in precision over
model estimates that rely exclusively on the restrictions between
consumption and income to identify p. These results illustrate
the theoretical point that one does not need consumption data to
estimate the RE-PIH model.

Finally, we experimented with models consisting of the general
consumption equation (A.9) and equation (A.10) for AY; and the
model for nonasset income, unemployment, wages, and hours.
Using OMD and with stationarity imposed, we obtained an
estimate of p = 1/(1+595) of 0-62 with a standard error of 0-08
when we set 1/(1+r) to 0-9. We obtained estimates of 0-67 (0-24) for
1/(1+4r) and 0-43 (0-23) for p when both are estimated freely.

There are too many problems and inconsistencies among the
estimates of p to support conclusions about the rate at which
consumers discount future income.



TABLE A1 WLS estimate of covariances (Data in logs)

Consumption Family income Work hours
AC*, AC* 4 AC* 5 AY*, NG NG AN*, AN*,_; AN* 5
AC* 0-102 —0-0426 —0-00324 0-00321 —0-000521 0-00569 0-00132 0-000655 —0-00131
(0-00384) (0-00261) (0-00264) (0-00152) (0-00177) (0-00204) (0-00108) (0-00166) (0-00170)
AC* ¢ 0-000899 —0-000327
(0-00158) —(0-00118)
AC*_ —0-000471 —0-00140
(0-00168) (0-00117)
AY™, 0.0557 —-0-0163 —0-00344 0-00875 —0-00150 0-000503
(0-00258) (0-00167) (0-00143) (0-00109) (0-00952) (0-00110)
AY 1 —0-00200
(0-00930)
AY* ¢ o —0-00169
(0-00103)
AN*, 0.0401 —0-0128 —0-00183
(0-00265) (0-00129) (0-00102)
AN
AN™_5
VAN
751
7' s
W+,

(Continued overleaf)
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TABLE A1 (Continued)
Unemployment Wages
Z" 7" YA AW, AW"_4 AW" o
AC™y —0.000245 0-000448 0-000272 0-00300 0-000755 —0-000701
(0-000236) (0-000310) (0-000293) (0-000951) (0-00114) (0-00123)
AC*_ —0-0000851 —0-00266
(0-000283) (0-000987)
AC*_g 0-000186 0-00109
(0-000363) (0-00118)
AY", —0-00101 0-00074 0-000375 0-00537 0-00186 —0-000573
(0-000242) (0-000274) (0-000329) (0-00102) (0-00105) (0-000926)
AY" —0-00265 —0-000215
(0-000210) (0-000906)
AY' o 0-000453 0-000354
(0-000256) (0-000851)
AN, —0-00236 0-00232 0-000968 0-000321 0-000353 —0-000821
(0-000392) (0-000357) (0-000341) (0-000662) (0-000786) (0-000693)
AN* 4 —0-000565 0-000222
(0-000248) (0-000772)
AN 0-0000128 —0-000491
(0-000204) (0-000710)
VAR 0-00299 0-00114 0-000740 —0-000303 —0-000354 —0-0000901
(0-000334) (0-000206) (0-000172) (0-000178) (0-000181) (0-000199)
VA 0-000208
(0-000163)
VAR 0-000223
(0-000163)
W 0.0281 —0-00914 —0-00123
(0-00211) (0-00114) (0-000845)

(Standard errors in parentheses) Stationarity of Covariances Imposed: Balanced sample. See Text for Details.
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TABLE A2 Estimates of the life cycle model (WLS)

(D

(2)

3

Estimate SE Estimate SE Estimate SE
Consumption AC*t
Bewo 0-0251 0-00968
Pewl 0-00573 0-00845
Bew2 —0-00291 0-00903
Bez0 —0-00508 0-00654
Beno 0-00398  0-0263
Bey0 0.00244  0.0436
Beco 0-286 0-0118  0-267 0-0807 0-254 0-170
Becl —0-147 0-0162 —0-160 0-0512 -0-169 0-116
Bec2 —0-000883  0-00991 —0-00121 0-0168 —0-00138 0-0185
Earnings A Y*t
rSyWO 0-0553 0-0162  0-0607 0-0155 0-0590 0-0155
rSywl 0-0149 0-00987 0-0180 0-0141 0-0175  0-0139
rSyWZ —0-0000738 0-00746 0-000136 0-0128 0-000339 0-0130
r3yn0 —0-0424 0-00853 —0-0425 0-0116 —0-0425 0-0122
rSynl 0-0197 0-00892 0-0195 0-00966 0-0195 0-0101
r3yn2 0-0191 0-00759 0-0194 0-0104 0-0194 0-0109
rSyZO 0-0281 0-178 0-0929 0-0192 0-0925 0-0201
rSyzl 0-00808 0-722 —0-0103 0-0111 -0-0103 0-0115
rSyZZ 0-00189 0-0391 0-00339 0-0125 0-00337 0-0130
ﬁyyO 0-161 2-29 0-165 0-0176  0-167 0-0173
ﬁyyl —0-0292 2-46 —0-0994 0-0193 —0-0983 0-0192
ﬁyy2 0-00431 0-0684 0-00323 0-0143 0-00314 0-0149
o?, 0-0142 0-458
Wage A W*t
Bww0 0-147 0-0372 0-136 0-0350 0-140 0-0360
Pwwl —0-0504 0-0281 —0-0438 0-0322 —-0-0466  0-0337
Pww2 —0-00675 0-00706 —0-00703  0-0103 —0-00685 0-0104
fo 0-00208 0-00646 0-00370  0-00599 0-00311 0-00635
Unemployment Z*t
B220 0-0534 0-00308 0-0533 0-00503 0-0533 0-00525
Bzz1 0-0170 0-00250 0-0170 0-00428 0-0170  0-00447
Bzz2 0-00925 0-00234 0-00921 0-00426 0-00921 0-00444
Hours A N*t
Anno 0-160 0-291 0-147 0-0285 0-148 0-0299
Pnn1 —0-0627 0-462 —0-0382 0-0266 —0-0383 0-0279
Pnn2 —0-00499 0-0120 —-0-00532 0-0108 0-00532 0-0113
Pnz0 —0-0539 0-00911 —0-0527 0-0133 —-0-0532 0-0129
Pnz1 0-0361 0-0102 0-0361 0-00931 0-0361 0-00973
Pnz2 0-0179 0-00759 0-0181 0-0102 0-0181 0-0106
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TABLE A2 (Continued)

(1) (2) (3)
Estimate SE  Estimate SE Estimate SE

Paw0 0-00180  0-00568

Pawl 0-0000862 0-00599

Paw2 —0-00611  0-00584

Pny0 00541  0-580

o2, 0-00204 0-0856  0-00610 0-00470 0-00605 0-00497
Pn —0.0253 0216 —0-0255 0-208
Pe —~0-119 0427 -0384  1.37
Pne —0-0376  0-0738
Pow -0.222 0801 —0-0929 0.223
Pnz 0.0455 0-175  0-00996 0-0204
0y 0322 3.88 00285 0.117
DFE 20 26 25

MSE 1.77 1.60 1-60

*Y; is the log of measured labour earnings. As in the other log models in the
paper, Z; is the log (2000 + Hours of Unemployment).
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