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Abstract In this paper we analyze the implications of the life cycle model for con-
sumption and consider the possibility of testing the model using macro and micro data.
We conclude that the implications of the model cannot be tested with macro data, whose
analysis, however, is useful for forecasts. We provide some evidence from US and UK micro
datasets which shows that the life cycle model, at a first glance, is not inconsistent with
the data.

This paper was prepared for the second International Macroeconomics Programme
Meeting organized by the Centre for Economics and Policy Research (London) in Madrid,
Spain, June 7 and 8 1991. The empirical part of the paper uses two large surveys :
the US Consumer Expenditure Survey and the UK Family Expenditure Survey. The
study of the former was financially supported by the Center for Economic and Policy
Research (Stanford). We are grateful to the Institute for Fiscal Studies (London) and
the UK Department of Employment for providing the FES data. The paper draws from
and discusses material contained in a previous paper by the two authors as well as various
papers coauthored with Richard Blundell, Costas Meghir and Guglielmo Weber. We thank
Angus Deaton and Tom MaCurdy for helpful comments. All errors are our responsibility.



1. Introduction.

The life cycle- permanent income hypothesis of consumption behavior has been one of
the most influential models in modern economics. Countless theoretical and empirical pa-
pers have been devoted to its study. The appeal of the model lies in its apparent simplicity,
its consistency with microeconomic theory and, at the same time, its apparently strong
empirical predictions. Consumers are assumed to maximize life time utility. The problem
of allocating resources between periods is similar to that of allocating total expenditure
to different commodities in a given time period. Given the appropriate relative prices, the
problem can then be tackled in a similar way.

As discussed below, the life cycle model was partly motivated by the necessity of
explaining some macroeconomic ”stylized facts” that were apparently inconsistent with
the simple Keynesian consumption function. This was done with a model that was also
consistent with the evidence from ”budget studies”.

The life cycle model is based on individual optimization and therefore, as every mi-
croeconomic problem, can be studied on the basis of aggregate data only if very stringent
aggregation conditions are satisfied. The early empirical students of the life cycle model
were aware of these aggregation conditions (see Modigliani and Ando (1963), for instance).
Since the 1970s, however, the emphasis of the empirical research on the life cycle model,
was shifted more and more towards aggregate time series data, without worrying too much
about aggregation. This was partly motivated by the lack of micro data on consumption,
and partly by the shift in attention towards the new theoretical developments occurring in
that period. The assumption of rational expectations was applied to the life cycle model by
Robert Hall (1978) who derived its implications within the framework of a representative
consumer model with separable preferences facing an uncertain environment.

During the 1980s numerous tests of the first order conditions of a representative con-
sumer maximizing expected utility were performed and, by and large, found strong vi-
olations of the overidentifying restrictions implied by the model. As a consequence, the
opinion that the life cycle model is an inadequate representation of consumption behaviour
became more and more diffuse. At the same time a number of explanations for the ”em-
pirical failure” of the model were proposed.

In this paper we argue that aggregate time series (ATS) data cannot be used to test
the life cycle model. In section 2 we shall show that whether or not the ATS data appear
to be generated by a maximizing ”life cycle” representative agent has no connection with
whether individual agents behave in this way. Thus the consistency of the ATS data with
a life cycle model is neither necessary nor sufficient for consistency of individual behavior
with that model.



The increasing availability of micro data sets on consumption makes it possible to test
the life cycle model with individual data. In section 3 we discuss various ways of using
time series of cross sections to such a purpose.

Finally, in section 4 we present some evidence based on micro data from the UK and
the US, which indicates that the life cycle model is not inconsistent with the facts emerging
from the data. The results reported are not formal tests of the life cycle model. They
should rather be interpreted as a first check of the simplest implications of the model:
namely that consumption expenditure is smoothed over the life cycle. Section 5 concludes

the paper.



2. What can be learned from aggregate time series?

If individual consumption behavior is well described by the life cycle model, what are
the properties of aggregate consumption? Under what conditions will aggregate time series
behave as if they were generated by a representative individual? Under what conditions is
it possible to identify the parameters of individual behaviour from aggregate data?

The most common reaction of macroeconomists to these problems has been to sweep
them under the carpet. Most of the empirical work on testing the life cycle model assumes
the existence of a representative consumer. The purpose of this section is to address these

issues directly.

2.1 Under what conditions are aggregate data consistent with the existence of a repre-

sentattve consumer?

As can be inferred from the list of questions in the first paragraph, there are several
levels at which the problem of linking microeconomic behavior to macroeconomic data can
be posed. The first question we will ask is the following: when can we say that an aggregate
time series for, say, the growth in consumption of non durables and services, varies in time
as if it was generated by a single ("representative”) agent behaving according to the life
cycle model? In other words: when is it that the analysis of aggregate data will not reject
the representative consumer- life cycle model?

An obvious answer to the questions above is the counterfactual one: "when consumers
are actually identical”. More interesting answers are however available. Grossman and
Shiller (1982) have partly addressed this question and shown under which conditions it
is possible to aggregate individual Euler equations, and how to interpret the parameters
derived from these equations . However, those conditions are not necessary. In what
follows we construct an example which will stress a more subtle point about the relationship
between macro and micro data.

One of the main implications of the life cycle model is that the rate of growth in
consumption depends on the real interest rate, which represents the relative price of present

and future consumption, and should not be affected by expected changes in current income.

! The condition we need on preferences to aggregate individual Euler equations, is

linearity of marginal utility. In a discrete time model, this follows from a quadratic utility
function. In a continuous time model more general functional forms are possible. As we
discuss below, in a discrete time model with isoelastic utilities, we will need additional
assumptions. The problem of aggregating Euler equation can be rephrased in terms of a
standard aggregation problem. The results in Gorman (1953) and Muellbauer (1975) can
then be used.



Indeed, the sensitivity of consumption growth aggregate time series to expected labor
income has often been used as a test of the life cycle model. The question we want to ask
is: Suppose that aggregate data reveal the relationship between consumption growth and
the interest rate predicted by the life cycle model and do not show sensitivity to expected
labour income; what can we say about individual behavior? Unfortunately the answer is:
"not much”, as the following example will make clear 2.

Consider an economy with a very large number of agents who live for T periods.
Suppose that no one has initial assets and that there is no uncertainty. Suppose that
current labor income is made of a macro component %, and an idiosyncratic component u}

with has zero mean across the consumers in the economy.
h ___ = h
(1) Ye = Gp T U,

We assume that both components of income are deterministic and known in advance.
The value of lifetime income of a generic agent h discounted to the begenning of

his/her lifetime is:

(2) Wh =Y "Ryt =) (7 +u)R

t=1 t=1

where R, is a discount factor: R, =TL_ (1+7r;)"", t>1
Suppose that each individual consumes a fixed fraction a of his/her idiosyncratic
income. In this sense individual consumption exhibits excess sensitivity to income. Let

H" be lifetime income net of these expenditure:

T
(3) H* =W" - o) Ru}

t=1

Suppose also that each agent consumes a random fraction ¢} of H". Therefore,

(discounted) total expenditure at time t for individual h is given by:

(4) R, = ¢ H" + aRou;

2

The example is inspired by Becker (1962)
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where the ¢;’s are independent (over time and across agents) draws from a uniform distri-
bution [0,2/T]. This implies that, on average, a fraction 1/T of H" is spent *. Therefore, at
the micro level we have both excess sensitivity to labor income and an unstable relatioship
of individual consumption to interest rates. However, if one aggregates across individuals

equation (4) one gets:

1
(5) R, = q_tWh = TWh

where g, is the average realization of ¢”. An analogous relation can be obtained for period

t+1. Therefore, the rate of growth of aggregate consumption is given by:

(6) B (Lt ryy)

Equation (6) shows a stable relationship between aggregate consumption growth and
the interest rate. Furthermore, this relationship does not present any ’excess sensitivity’
of consumption to income. This is because the ”idiosyncratic” part of income (and con-
sumption) is averaged out. And yet, at the micro level, we have both excess sensitivity
and no reaction to the real interest rate. The example is obviously extreme, but makes

the point that aggregate data cannot be used to test hypotheses about micro behavior.

2.2 Under what conditions ts it possible to estimate structural parameters from aggre-

gate data?

The construction of an example where aggregate data support the life cycle model
while the individual behavior deviates substantially from it is necessarily artificial and
elaborate. It is much easier to construct a model in which individuals behave according
to the model, but aggregate data present, if interpreted within the representative agent
framework, substantial violations of the restrictions implied by the model.

In this respect, an interesting question to ask is: provided that individual behaviour
is in accordance with the model, under which conditions can macro data be used to infer

the structural parameters of the model.

® Strictly speaking the consumption rules sketched above cannot be followed in the

last period when consumption is determined by the intertemporal budget constraint. For
simplicity we are ignoring this problem and the issue of non negativity of consumption in
the last period.



Suppose an individual household h maximizes life time utility, subject to an intertem-

poral budget constraint and a household technology.

Tt
(7) Maz E, Z Uty ;)

j=0
(8) s.t. A:L+1+j = yf_H - C,h.” +(1+ Tt+:‘)A?+j
(9) cry; = G(2,CY)

where ¢, are consumption services, C, is consumption expenditure, 2, is a vector of de-
mographic and labor supply variables, A, are financial assets , r is the interest rate and
y is labour income. The function G represents ”household technology”. The z variables
can include the number of household members, the number of children of various ages,
seasonal dummies.

Under suitable assumptions on the functional forms involved in equations 7-9 it is
possible to arrive at a specification which can be easily estimated on the basis of indi-
vidual observations. Blundell, Browning and Meghir (1993), Attanasio and Weber (1993)
and Attanasio and Browning (1992), for instance, estimate the parameters of the utility
function and test the model using average cohort data. Even though it is not necessary,
it is convenient at this point to assume that the utility function is isoelastic, and the G
function is homogenous of degree one in C,.

Under these assumptions and the assumption of log-normality of the real interest rate
and of consumption growth *, it is possible to derive a loglinear equation which relates

consumption growth to the interest rate and other variables.

(10) Alog(Cl, ) =g 2 +olog(1 +r.41) + €,

where ¢ can be interpreted as the elasticity of intertemporal substitution in consumption
and g is a vector of parameters. ¢’z can be interpreted as a linear approximation to the
function G in (9).

4 The assumptions of homothetic preferences and log-linearity are not necessary. At-

tanasio and Browning(1992) discuss the case in which the marginal utility of money is a
linear function of the log rather than the level of consumption and possibly other variables.
In this case the elasticity of intertemporal substitution is not constant.
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Two problems are apparent if we want to aggregate equation (10) and estimate it on
a time series of National Account data. First, the equation is linear in the logs rather
than the levels. Second, the z variables may not be observable at the macro level. We will

analyze them in turn.

If there are H individuals in the economy, we can only observe Alog(2f=1 Ct 1)
which is the log-difference of total personal expenditure. This may differ substantially from
Zi , Alog(C}, ), which is what we get aggregating equation (10). The difference between
the log of the geometric mean and that of the arithmetic mean is sometimes referred to as
the Theil’s entropy measure. This difference will induce a bias in the estimation of equation
(10), unless it is constant or uncorrelated with the set of instruments used. This is the
implicit assumption made in most studies estimating an equation like (10) *. Without
the availability of a time series of cross sections it is not possible to test the validity
of such an assumption. In Attanasio and Weber (1993) 68 quarters of the UK Family
Expenditure Survey are used to construct a time series of Theil’s entropy measure and

¢. By expanding such a measure in a Taylor series it is possible to

study its properties
decompose it into a weighted sum of central moments. Attanasio and Weber (1993) study
the time series behavior of variance, skewness and kurtosis computed on each cross section.
The three moments considered and in particular variance and skewness are characterized

by substantial variability, autocorrelation and seasonality.

The variability of the cross sectional central moments may induce a rejection of the
overidentifying restrictions implied by equation (10) when they are correlated with the
set of instruments used. Attanasio and Weber (1993) find that when they aggregate the
FES data using the arithmetic mean they obtain strong rejections of the overidentifying
restrictions, which disappear when the geometric mean is used. A regression of the various
components of the entropy measure on the instrument set shows that the second and third
central moment of the cross sectional distribution are mainly responsible for the rejection,

being correlated with the instruments.

From the discussion above it is clear that the problem of non- linearities can be
interpreted as a missing variables problem. Indeed, Blundell, Pashardes and Weber (1992)
show how a general aggregation problem can be expressed in terms of missing variables. For
a large class of models, it is possible to express the difference between an aggregated and a
micro relationship in terms of some function of cross sectional moments. The availability

of long time series of cross sections allows the study of the dynamic properties of these

®  See, for instance, Hall (1988).
¢ See also Browning (1991) and Blundell, Pashardes and Weber (1992) .
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moments and the possibility of testing the hypothesis that movements in this quantities
can be safely ignored.

A similar interpretation can be given to the second problem we referred to above,
namely the presence in (10) of a number of variables representing the ’household technol-
ogy’, that transforms consumption expenditure into service flows, which enter the house-
hold utility function. Some of the variables in (10) are observable at the macro level:
seasonality is the most obvious example 7. Others (such as family composition, the com-
position of earners, education) are not. Omission of these variables can cause biases in the
estimation of the structural parameters, and rejection of the overidentifying restrictions.
The problem becomes even more serious if the elasticity of substitution is not constant
but a function of various demographic variables. In this case it will be necessary to intro-
duce in equation (8) terms that interact the log of consumption with various demographic
variables. The omission of these terms will certainly bias the estimation of the structural
parameters of the model 2.

In the macro literature, violations of the overidentifying restrictions and excess sen-
sitivity of consumption to labour income have often been interpreted as a sign of the
presence of liquidity constrained households, or of myopic behavior. Very few papers seri-
ously consider the possibility of misspecification of the utility function. An obvious culprit
for excess sensitivity would be non separability between leisure and consumption °. A
number of macro papers do consider preferences which are non separable between leisure
and consumption: see, for instance, Bean (1986) and Mankiw et al. (1985). However,
without strong assumptions, it is impossible to obtain an equation which is estimable with
aggregate data on employment and/or hours. In particular, as discussed below, the com-
position of earners in the households as well as the phase of the life cycle in which labour
supply decisions are made, can be important. These variables are not observable at the
macro level.

The possibility that a sizable fraction of the population is subject to liquidity con-

straints has received a considerable amount of attention in the macro literature °. The

7 See for instance, Miron (1986).

8 This line of research has been pursued by Blundell, Browning and Meghir (1993) and
by Attanasio and Browning (1992) and will be discussed in the next section

® On the excess sensitivity of consumption to expected labor income see Flavin (1981),
Campbell (1987), and Campbell and Mankiw (1989). For the argument about non sepa-
rability between consumption and leisure see, for instance, Heckman (1974).

10 With few exceptions, no attempt has been made at modeling the behavior of liquid-
ity constrained individuals. See Jackman and Sutton (1982) and, more recently, Deaton
(1990).



relevance of these phenomena can be addressed in a much more direct way with the help
of micro data. On the one hand it is possible to use observable variables (like wealth) to
isolate households that are less likely to be constrained (see Zeldes, 1989, Runkle, 1984,
Keane and Runkle, 1991). On the other hand one can isolate households that are in a phase
of their life cycle in which are unlikely to have the necessity of borrowing (see Attanasio
and Weber, 1993).

A conceptually similar problem is that of possible misspecifications of equation (10)
arising from changes in preferences in the last part of the life cycle. The textbook deriva-
tion of the life cycle model is usually done assuming a fixed and known length of life. The
model can be easily extended to consider an uncertain life time as long as the probability
of death is constant or changes in a fairly regular way. However, we know that the proba-
bility of death changes dramatically after a certain age; this could cause dramatic changes
in preferences. Furthermore, changes in family sizes due to mortality as well as failing
health can also change preferences in a way that is substantially different from the simple
specification assumed in equation (9). The same applies to changes in preferences due
to retirement. It may therefore be important to isolate households that are less likely to
experience dramatic changes in preferences (see Attanasio and Weber, 1993). Once again,

this cannot be done with aggregate time series data.

2.8 Is it useful to study aggregate time sertes of consumption?

From the discussion in the previous two subsections, it should be clear that, in our
opinion, aggregate time series data cannot be used neither to test the life cycle model,
nor to estimate structural parameters. This does not mean, however, that the analysis of
aggregate time series data is completely useless, or that it should be done in a completely
a-theoretical way. We do believe that the life cycle theory can be conceptually useful in the
econometric modeling of consumption time series data. After all, the introduction of the
life cycle- permanent income hypothesis was partly originated in the attempt to understand
the failure of the simple Keynesian consumption function to explain some basic features
of macroeconomic time series. Friedman (1957), for instance, in the introduction to his
famous book, notices that ”Estimates of savings...revealed no rise in the percentage of
income saved during the past half century despite a substantial rise in real income. The
corresponding ratio of consumption expenditure to income - the constancy of which means
that it can be regarded as both the average and the marginal propensity to consume- is
decidedly higher than the marginal propensity to consume that has been computed from

either time series or budget data. ... the savings ratio .. after WWII was sharply lower than

9



the ratio that would have been consistent with findings on the relation between income and
savings in the interwar period. This experience dramatically underlined the inadequacy
of a consumption function relating consumption of savings solely to current income.” (pp.
3-4). Similar comments can be found in Modigliani and Brumberg (1954) and Modigliani
and Ando (1963).

The basic stylized facts that emerge from the analysis of aggregate consumption data
are:

a) Per capita consumption is smoother than disposable income.

b) The long run marginal propensity to consume out of disposable income seems to
be higher than the short run propensity and equal to the long run average propensity to
consume.

c) The short run average propensity to consume (unlike its long run equivalent) seems
to be a decreasing function of income.

These basic facts are all consistent with the life cycle theory. Indeed, their observation
motivated the development of the theory.

The characterization of the aggregate behavior of consumption expenditure can be
useful for several reasons, ranging from policy analysis to econometric forecasts, to business
cycle analysis. The study of individual behavior can be profitably integrated with the time
series analysis of aggregate consumption expenditure. For such a purpose it is necessary
to develop a statistical model of aggregate consumption expenditure which, while not
pretending to test the life cycle theory, is flexible enough to be consistent with the stylized
facts described above a;d with the main implications of the theory. In this respect the life
cycle model can be useful in several respects.

One of the main implications of the life cycle model is that transitory effects in income
should have a substantially different effects on consumption from permanent changes.
Furthermore, the theory suggests that, if utility is non separable between consumption
of non durables and services and durables services, variables such as the relative price
of durables and the stock of existing durables should probably be relevant. The same
applies to other variables that might capture labor supply effects. While it is impossible,
as discussed above, to estimate a fully fleshed structural model, it is desirable, while
modelling the time series behaviour of aggregate consumption, to take into account these
considerations.

First, it is possible to construct carefully time series for disposable income that isolate
in the data episodes known to be reflecting transitory changes in tax law and similar.
Furthermore, it is possible, to a certain extent, to change the definition of consumption

to make it more consistent with the definition relevant for life cycle behavior. These
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changes can be extremely important if we are interested in the analysis of different policy
measures. While there is no way around the Lucas critique other than the estimation of a
structural model, a careful analysis of particular episodes and of the time series behavior
of consumption and income can lead us a long way in understanding the implications of
different policy measures for consumption.

Second, it is possible to keep the dynamic specification of our equation flexible enough
to reflect the differences between long and short run behaviour evident in the data and
implied, to a certain extent, by the life cycle theory. In this respect, the error correction
specification advocated by David Hendry and his collaborators can be extremely useful.
As an aside, the error correction dynamic specification also deals in a direct way with the
problem of non-stationarity which afflicts most aggregate time series. As is well known,
the approach allows the study of co-integrated time series and the separation of long run
relationships from the short run dynamics.

Third, variables the theory suggests to be important can be inserted in the regres-
sion equation and their effect on aggregate consumption studied within a fairly flexible
specification.

An example of the methodology that we are suggesting is the paper by Blinder and
Deaton (1985) where post-war US data are analyzed with care !'. Blinder and Deaton
consider various tax changes episodes and remove from measured labor income transitory
changes that were clearly perceived as such.

Before concluding this section a brief digression on the data used in macroeconomic
analysis is necessary. In the US, the majority of consumption studies use seasonally ad-
justed data. Only recently the work of Miron (1986) has stressed the necessity of looking
at seasonally unadjusted data. This is obviously crucial when trying to estimate structural
parameters. However, even if we want only to describe the dynamic behavior of aggre-
gate time series, it is probably better to start from seasonally unadjusted data and allow

explicitly for seasonal factors at the estimation stage.

'* Blinder and Deaton also attempt to decompose the effects of expected and unexpected

changes in various variables. This is only possible under strong identifying assumptions.
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3. What can be learned from micro data?

The life cycle- permanent income theory of consumption behavior was originated by
the seminal work of Modigliani and Brumberg (1954), Friedman (1957), Modigliani and
Ando (1963). In these studies, the desirability of testing the theory on micro data is
mentioned several times. Modigliani and Ando (1963), for instance state : ”... Friedman’s
formulation of the hypothesis is fairly well suited for testing against cross section data, ....
Friedman’s model, on the other hand, does not generate the type of hypotheses that can be
easily tested against time series data.” '?. Friedman (1957), considering the aggregation
of the individual consumption functions over individuals that differ with respect to the
real interest rate z, the ratio of non human wealth to permanent income and a taste factor
u asserts : ”"The assumption that ... the distribution of consumers units by income is
independent of their distribution by t,w, and u, is obviously false in a descriptive sense .
The variable u, for example, covers such factors as age, size of family, perhaps education,
and these are all known to be connected systematically with the distribution of income..”.

Modigliani and Brumberg (1954), Modigliani and Ando (1960) and especially Fried-
man (1957) present a considerable amount of evidence from cross section data that shows
a substantial support for the LC-PI hypothesis. Indeed, one of the most stunning successes

»

of the theory was its ...” consistency with budget studies ” (Friedman, 1957). Since then,
however, almost all empirical research on the life cycle model was executed on aggregate
time series data.

This is probably explained by the absence of good microeconomic data on consump-
tion. The only US micro data sets available in the 1970 which contained some information
on consumption were the 1960-1961 and 1972-1973 Consumer Expenditure Survey annd the
PSID. The former are pure cross sections and therefore inadequate to test an intrinsically
dynamic theory such as the life cycle model, while the latter only contained information
of food expenditure.

The CES was used by Ghez and Becker (1975) who identified dynamic effects by
looking at individual of different ages and were therefore forced to strong assumptions on
the nature of cohort effects.

The PSID was used by Hall and Mishkin (1982), Zeldes (1989), Runkle (1984) and

Keane and Runkle (1991), among others, to estimate and test Euler equations derived from

12 In their paper, Modigliani and Ando (1963) do estimate and test the life cycle model
on aggregate data. However, they spell out the assumptions necessary for these tests to be
valid. These included: ” ... the constancy in time ....[of] the age structure of the population
and the relative distribution of income, of expected income, and of net worth over the age
groups”.
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a stochastic version of the life cycle model. The fact that only food consumption is available
in the PSID has constituted a major problem with these studies: one of the assumptions
for the formal tests performed in this literature is that utility is isoelastic in food and
separable between food and the rest of consumption expenditure. Both assumptions are
very strong.

If the lack of suitable data was the main explanation for the low proportion of studies
based on micro data relative to those that used aggregate data, this ratio should increase in
the next few years. Since 1980 the Consumer Expenditure Survey, which contains detailed
and exhaustive information on consumption, has been collected on a regular basis. As
discussed below, it can profitably be used to test the life cycle model.

In the UK, the Family Expenditure Survey has been collected on a regular basis since
1970 and has been extensively analyzed for almost a decade (see Atkinson and Mick-
lewright, 1983 ). Only recently, though, a number of studies have used it to assess the
empirical validity of the life cycle model in various forms 2.

In the previous section we stressed the necessity of using individual data to evaluate
the life cycle theory and estimate the structural parameters. In this section we wish to
address the following questions. What use should be made of the available data sets?
What can be and what cannot be learned from them?

The life cycle model is an intrinsically dynamic theory in that it describes the al-
location of resources over the life time of an individual. The first step in assessing the
empirical relevance of the theory is therefore likely to be the estimation of a life cycle
profile for consumption and income which in turns requires the observation of individuals
over time and , therefore, the use of panel data. Unfortunately, as yet, no consumption
panel data is available: in most consumption data sets households are interviewed only
once or over a very short time period.

If individuals born at different ages are identical and experience an identical history
, one could use cross sectional variation to estimate the age profile for consumption and
income. Unfortunately, the absence of cohort effects is highly questionable: in the presence
of productivity growth the amount of resources available to different cohorts grows over
time. Therefore, even in the absence of more complicated effects, the estimation of age
profiles on the basis of single cross sections can be extremely misleading. Shorrocks (1975),
in a paper studying the life cycle accumulation of wealth, constructed a simple example in

which individual wealth is a linear function of age, while the analysis of a single cross section

13 See Attanasio and Weber (1989, 1993), Blundell Browning and Meghir (1993), At-
tanasio and Browning (1992), Browning, Deaton and Irish (1985), Browning and Meghir(1991).
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gives the illusion of a ’hump shaped’ age profile because of the presence of productivity
effects '*.

A similar point applies to the estimation of Euler equations using a single cross sec-
tion. The residual of an Euler equation is typically an expectational error which has zero
mean conditional on lagged information. This implies a set of orthogonality conditions
that can typically be used to estimate the parameters of the individual optimization prob-
lem. The expectation is, however, taken over time, not across individuals. In general the
expectational errors of different individuals are going to be correlated: there is no reason
why averaging across different individuals the error term should converge to zero. As a
consequence, Euler equation estimates obtained using cross sectional variation are going
to be inconsistent *°.

In subsection 3.1 we will discuss methods to describe and characterize the life cy-
cle profile of consumption (and other variables) while in subsetion 3.2 we analyze more

structural approaches more apt to analyze high frequency fluctuations.

8.1 Describing life cycle behavior using a time series of cross sections

The problem of estimating a dynamic relationship without observing the same indi-
vidual over time can be solved if a time series of repeated cross sections is available. The
basic idea, which was pioneered by Browning, Deaton and Irish (1985) and developed by
Deaton (1985), is to divide the individuals in the survey according to their year of birth (or
cohort) rather than their age '*. In this way, even though we do not observe individuals
over time we can analyze the behavior of individuals homogeneous with respect to the
most important factor in terms of life cycle behavior : their age at any point in time. The
idea is that by averaging over individuals belonging to the same cohort, we will be able to
estimate the life cycle behavior of an ’average’ individual. The implicit assumption behind
this procedure is that it is possible to decompose individual behavior into the sum of two
components: one that reflects life cycle behavior and the reaction to common time effects,
and the other that reflects individual heterogeneity orthogonal to the previous effects that
can therefore be safely ignored.

Of course, individuals do not differ in an interesting way only for their year of birth.
Indeed, in some situations, ignoring within cohort heterogeneity may strongly bias our

estimates of life cycle profiles (an example is given below). However, as long as enough

14 Ghez and Becker (1975) circumvent this problem by assuming smooth cohort effects
exemplified in linear productivity growth.

15 This point is discussed in Chamberlain (1983).

16 See also Moffitt (1991)
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individual information is available, we may hope to control, to a certain extent, for within
cohort heterogeneity. To make this point clear, suppose we are interested in modelling
the life cycle behavior of a variable X?°* where the indexes a, ¢, h,t stand for age, cohort,

17 and decompose its variability in a part that is accounted for by

individual and time
changes in the mean for the cohort, and a part that reflects individual heterogeneity.
This last part can in turn be decomposed in heterogeneity linked to observable variables
(w°*) that are constant over the life cycle, and in unobservable heterogeneity. Examples
of variables probably related to differences in consumption behavior within a cohort are
variables such as race, the region of residence, the sex of the households head, and so on.

We can therefore write the following equation:

(11) Xtach — b'tc +,ylwch + E:.ch

If we assume that €7°* is uncorrelated with w°*, equation (9) imposes a fair amount of
structure on the way in which within cohort heterogeneity is modelled. Ideally, one would
like to analyze separately groups that are homogeneous with respect to the w variables.
Unfortunately, this procedure would ofetn leave us with extremely small cells. Equation
(9) could therefore be a reasonable compromise.

If the w variables are uncorrelated with é;, their introduction in equation (9) is only
going to improve the precision with which the é; are estimated. On the other hand, if there
are systematic changes in the w** in our sample, and these changes are correlated with
changes in X#°" failing to control for the w’s is going to introduce a bias in the estimation
of the 6;’s. An example of such a situation is the bias in cohort analysis induced by
differential mortality. It is well known that longevity is positively correlated with wealth.
This implies that, if we follow a cohort over the last part of his life cycle, such a cohort
is going to become, on average, “richer” as it ages. Controlling for variables that are
correlated with wealth (like education levels) can help in reducing this problem.

The 6;’s in equation (9) represent the behavior of the average household belonging to
cohort ¢ in year t. By following this average household over a long time interval we can
study the properties of the age profile for a particular cohort. Two caveats are, however,
in order. First, even if a relatively long time series of cross sections is available, it is
unlikely that we will have enough years to cover the whole life cycle for a given cohort.

Therefore, to cover the whole life cycle, it will be necessary to consider more cohorts

'7 The notation here is slightly superfluous because of the linear relationship that links

age, cohort and time : t = ¢ + a. The exposition here draws from Attanasio (1993)
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simultaneously. Second, the macroeconomic environment changes through time and this
will be reflected in changes in the 67 which will interact with life cycle movements and
will probably affect different cohorts in different ways. These considerations imply that
movements in the estimated 67 will reflect life cycle, business cycle and cohort effects
which are, in general, impossible to disentangle without the help of some ’structure’. The
fundamental identification problem here arises from the equality linking year of birth, age

18 An example will make this point clear. Suppose that a certain cohort is

and time
observed between ages 39 and 40 in a given year, and suppose that we observe a marked
increase in consumption for that particular group in that year. By studying the pattern
of the estimated 67 it will be impossible to distinguish between the following hypotheses
: a) consumption of 40 years old is always ’high’ because everybody celebrates his or her
40th birthday (a pure age effect); b) consumption for that particular cohort has been high
because they have become eligible for a particularly advantageous tax scheme ( a pure
cohort effect); c) there has been a change in interest rates which has affected consumption
(over and above the pure life cycle effect) for the whole population (a pure time effect).
We will further discuss these issues in the next section.

The life cycle behavior of a variable like total household consumption is likely to be
linked to a number of demographic and economic variables which have a pronounced life
cycle pattern. The most obvious example is family composition. In the early part of a
household life cycle family size will increase, it will typically peak around age 40-45 and it
will start declining as children start leaving the household. Another example is labor force
participation.

It might therefore be useful to decompose life cycle movements in é;’s into the part
that can be linked to movements in a vector of variables 22°* and the remainder. To do

so we can re-specify equation (9) as follows:

(12) XgGCh — 5: + ’YIWCh + le:ch + E(tlch

Suppose we can model the z variables as we modelled the X in equation (9):

(13) z;].ch — C!: +ﬂlwch + 77;1ch

Substituting equation (13) into (12) we see that there is a relationship between the
gf ’s and the 6;’s:

1% For a discussion of these issues see Heckman and Robb (1987), MaCurdy and Mroz
(1991), Attanasio (1993).
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(14) 6 =6 + 7'l

The gf will be interpreted as the average level of X?°* after having removed the effect
of the z variables. These averages can be of interest for at least two reasons reasons.

First, it can be useful in testing one of the main implications of the life cycle model:
the smoothing of consumption over the life cycle. While in the textbook presentation of
the model this implication follows directly from the concavity of the utility function of an
individual consumer, if we want to test it with actual data we will have to modify the
model to take into account, among other things, the fact that most consumption decisions
are taken by households rather than by single individuals and that household composition
obviously affects the utility derived from a given amount of expenditure. An implication
of the model will therefore be that consumption per adult equivalent is smoothed over the
life cycle. An equation like (14) can therefore be used to remove the effects of changing
family composition: the hypothesis relevant for the life cycle model would then be that
the gf rather than the §7 are ’smooth’ over the life cycle.

The gf can be estimated by regressing the estimated 6 on the estimated of and
evaluating the residuals of such a regression. These will be orthogonal, by construction,
to the estimated of , which represent the average behavior of the z’s over the life cycle for
different cohorts. If one is interested in testing the hypothesis that consumption ’tracks’
income over the life cycle, and is found that for gf such a hypothesis is rejected, one
could argue that income is highly correlated with the z’s , so that considering the gf
removes most of the correlations one was trying to detect. While this argument is valid
and could be justified for labor supply variables, it is hard to argue that changing family
composition removes all the tracking of income and consumption because income and
family composition are strongly correlated. This objection, however, is valid and it should
be stressed that this method does not allow to distinguish between the hypotheses that
consumption per adult equivalent is being smoothed versus that consumption tracks income
which in turns is correlated with family composition. These issues cannot be addressed
without imposing more structure on the problem.

Second, it might be of interest to establish whether an observed shift in behavior can
be accounted for by a change in the life cycle profile of one of the z variables or is due to
something else. Suppose for instance that we observe that over a particular time period
consumption of the cohorts that happen to be in their 30s and 40s is lower than expected

from the projected age profile. It might be interesting to know if such a downward shift
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can be explained, for instance, by a decrease in the average number of children or similar
factors.

The estimation of the §; can only be a first step in the evaluation of the life cycle
model. The following steps can go into two different directions. On the one hand, one can
try to isolate the pure life cycle profile for consumption. On the other hand one can try
to fit a structural model to the data, and test it and estimate the structural parameters.

As far as the first alternative is concerned, the identification of the age profile for
consumption cannot be done without the help of a number of very strong assumptions,
apriori information, and /or additional data. From a purely statistical point of view, if we
assume that the measured 67 are a complex function of age, time and cohort effects, it is
immediately clear that we cannot identify the linear terms of this relation, but only the
coefficients on the non linear terms. This implies that we will be able to say something
about the shape of the age profile for the first differences in a given variable but not
about its levels. These difficulties can be overcome in different ways. For instance we can
assume something about the way in which time effects affect the level of the variable for
different cohorts or about the level of a given variable at a certain age for different cohorts.
This is the procedure that is behind the smoothing procedure used in the next section.
Alternatively we can use information on a different variable which is linked by some sort
of relationship to the variable of interest. For instance, in Attanasio (1993), the shape of
the age profile for savings is pinned down by looking at information on wealth. Estimating
6. ’s for wealth it will be possible to identify the shape of the age profiles for changes in
wealth, which is obviously related to savings.

The second alternative is to use the average cohort technique outlined above to esti-

mate and test a structural model. It is to this issue that we turn now.

3.2 Structural model of life cycle behavior

One of the big advantages of working with individual data is that the relationship to be
aggregated does not have to be linear and can depend on a number of different individual
characteristics: aggregation within a cohort can be done over different transformations of
the data and over different variables. An example will make this clear.

Suppose that we have a utility function of the form in equation (9) and that the

household technology specializes so that we can rewrite (9) as follows:

Tt

(15) Maz E,. ) A F(Ct, 20, )

7=0
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where :
(cr)y— -1

1—7

and the vector 2" includes demographic, labor supply and seasonal variables. It is possible

F(C¢,2') = ®(z'); ®(z) = exp(c'z)

to show that under some assumptions about the conditional distribution of innovations to
the consumption and the interest rate, it is possible to obtain, for individual h, an Euler

equation of the following form:

(16) Alog(Ch, ) = constant + o/ Az, | +olog(1+rey1) + €4y

where 0 = 1/ and €*,, is an expectational error. Equation 16 can be aggregated across
individuals belonging to the same cohort by summing over the relevant h’s. If all the
variables included in the vector z are observable at the individual level, the equation can
then be estimated using instrumental variables.

In principle, the definition of a cohort is arbitrary: we could define a cohort as all
the individuals born in the same year, or as all the individuals born in the same decade.
Considering tightly defined cohorts allows us the possibility of considering more cohort
simultaneously. It should be clear however, that this does not increase the number of
independent observations. As stressed above, when estimating an equation like (16) con-
sistency can only be achieved by a large number of times observations. The advantages
of considering more cohorts are others. First, it is possible to isolate the behavior of co-
horts that are observed over a part of their life cycle where the life cycle describes more
easily their behavior. Second, some variables, such as demographic do not exhibit strong
variations when averaged across the whole population, while vary substantially over the
life cycle. The consideration of cohorts defined over a narrow interval, therefore, allows
us to identify more precisely the effects of these variables. In this sense, therefore, such a
procedure increases efficiency.

A few econometric problems can be discussed at this point. Notice that if we had a
long panel, equation (16) could be estimated at the individual level and if time aggregation
(as discussed in Hall, 1988) was not a problem, instruments dated ¢ or earlier would be
valid, under the null of correct specification. Using average cohort data, by aggregating
(16) over individual we introduce a measurement error (if the cell size is not infinite) in the
levels of each variables. This implies the presence of an MA(1) residual when we consider
the first difference of the same variable, as in (16). In empirical applications, like Attanasio
and Weber (1993) and Attanasio and Browning (1992) the residuals of equations similar

to (16) indeed exhibit strong negative first order autocorrrelation. This makes the use of
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instruments dated ¢ invalid. If the residuals do not exhibit autocorelation of order higher
than one, instruments dated ¢ — 1 and earlier are valid '°.

A nice interpretation of the average cohort technique used to estimate equation (16)
is that provided by Browning and Meghir (1991) and also discussed by Moffitt (1991). The
time series of average cohort data can be thought of as the projection of all the individual
observations on the interaction of year and cohort dummies. Therefore one can interpret
the use of average cohort data as an instrumental variable technique, where the year-cohort
dummies are the instruments.

Equation (16) has been estimated by Attanasio and Weber (1993) with the 2's vari-
ables including various demographic and labor supply variables. Equation (16) can be
generalized by relaxing the assumption of constant elasticity of intertemporal substitu-
tion. Blundell, Browning and Meghir (1993) and Attanasio and Browning (1992) allow ~
to vary in time as a function of a vector of variables 2} ,. In this case it can be shown that

if 4* is given by:

(17) '7:‘ = 00 + 0'2?’t
the Euler equation for individual ~ will be :
(18) log(1+r.y1) = constant + o' Az, + 0o Alog(CY, ) + 0' A(log(Cly 1)z ) + €v1

Notice that now when we aggregate equation (18) over different individuals we need
not only to compute the mean of the log of consumption, but also of the product of
consumption with each of the z; variables that affect the elasticity of intertemporal sub-
stitution. This is clearly impossible using National Accounts data but is straightforward
using micro data. Attanasio and Browning (1992) show that these interaction terms are
important on FES data.

Attanasio and Browning also offer a different interpretation of equation (18). A
method which is sometime used to derive Euler equations is the so called A- constant
or Frisch demand functions (see MaCurdy, 1981 and Browning, Deaton and Irish , 1985).
This method involves assuming that the marginal utility of money is a function of consump-
tion and a vector of other variables. It is however possible to assume that the marginal

utility of money is a linear function of the logarithm of consumption and eventually other

19 The information contained in the cross sectional variation can in principle be used to

improve the efficiency of the estimates of equation (14). Deaton (1985) and Fuller (1985)
suggest methods that correct for the presence of measurement error.
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variables. If this is the case the Euler equation derived is similar, but not identical to
equation (16). Furthermore, if we go back to the specification in terms of indirect utility
function it is possible to show that utility is not any longer isoelastic.

Estimation of Euler equations for consumption based on aggregate data have strongly
rejected the restrictions imposed by the model ?°. Those studies that have used average
cohort techniques on time series of cross sections have reported a much better empirical
performance of the model ?!.

Still much work needs to be done. The use of micro data in studying Euler equations
for consumption has just begun. In concluding this section we just want to point out some
promising areas of research.

While the use of average cohort techniques can easily accommodate, as we have dis-
cussed, any non linear transformation in the data, it still requires linearity in the parame-
ters. An interesting challenge is to extend the method to allow the estimation of equations
that are non linear in the parameters.

A problem that we have not touched in the discussion so far is that of consumer
durables. The usual argument that is made to avoid the treatment of durables is that
of separability between non durables and durable services. If the micro data contain
information on the stock of durables by individual household, it is possible to condition
on the value of that stock and on the relative price of durables, when estimating Euler
equations for non durables. More generally information on durable expenditure allows
the study of discrete choice problems that are completely intractable with aggregate time
series. While the analysis of discrete choice variables has a well established tradition, to
the best of our knowledge, it has never been modelled simultaneously with non durables
and services consumption choices.

A similar issue applies to labor supply. It is very likely and has been showed (see
Browning and Meghir, 1991) that leisure and consumption are not separable. It is there-
fore necessary to condition, when estimating Euler equations for consumption, on labor
supply variables. An explicit modelling of such a variables is much more difficult, for the
importance of corner solutions in the determination of labor supply.

Finally the level of aggregation across commodities is another important issue. Gor-
man (1959) shows that strong assumptions are necessary to obtain that a singular price

index is sufficient to determine intertemporal allocation. If these conditions do not hold,

20 See, for instance, Hansen and Singleton (1982), Mankiw et al. (1985), Campbell and
Mankiw (1989).
2L Attanasio and Weber (1993), Attanasio and Browning (1992)
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and there is substantial variability in relative prices, it is necessary to consider more com-
modities separatly.

The consideration of conditional Euler equations, such as those that do not impose
separability between leisure and consumption or those that consider more commodities
separately, poses some conceptual problems. Consider for instance the problem of the
excess sensitivity of consumption to income. If conditioning on labor supply the excess
sensitivity disappears, it could be argued that the labor supply variables (hours worked) are
strongly correlated with income and that such variables, becaus of possible measurement
problems in income, actually pick up the syntoms of ‘lack of smoothing’.

More generally, without any restrictions on preferences, it is possible to fit, with
a flexible enough functional forms, virtually any data set. The question is then one of
interpretation of the results: ultimately we are not interested in fitting the data. Rather we
ask: given a model of optimizing behavior that fits the data, are the structural parameters

economically plausible? If not, this constitutes evidence against the proposed model.
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4. Empirical evidence .

In this section we will report some simple evaluations of the life cycle model. These
evaluations are not formal tests, but rather a simple check of the consistency of the model
with the data. They focus on the hypothesis that consumption is smoothed over the life
cycle in the face of an uneven income profile. In this sense they can be interpreted as a
first step toward a more formal test of the implications of the model.

The main implication of the simplest version of the life cycle model is that consumers
with a concave utility function will try to smooth a variable income over their life cycle.
This does not mean that consumption should be constant: allocation will depend on the
relative price of consumption at different dates (interest rates) and on preferences (the
elasticity of substitution between different dates and impatience - the discount rate). If
preferences are separable between consumption and leisure, there should be no relationship
between consumption and current income.

A first test of the life cycle model can therefore be the comparison of the life cycle
profiles for consumption and income. The question we will be asking is : to what extent
do the estimated profiles resemble the textbook picture of a flat consumption profile and
hump-shaped income profile?

If we look at the simple age profile for total family consumption and income, the answer
to the question in the previous paragraph is : not at all. However the reasons for these
deviations might be pretty obvious. Even without estimating a fully fleshed household
technology model as in (9) or (13), it will be necessary to control for demographic changes,
if we want the model to have any hope of fitting household data. We also believe that
the assumption of separability between consumption and leisure is untenable, especially in
the wake of dramatic changes like retirement 22. We will therefore try to control for labor
supply effects in estimating the age profile for consumption.

Another possible interpretation of the results presented in this section is as an illus-
tration of the techniques whose use was advocated in section 3. The examples we present
should make clear both the advantages and the disadvantages of using time series of re-
peated cross sections.

The data we use are taken from two major surveys : the US Consumer Expenditure
Survey and the UK Family Expenditure Survey. Both surveys are collected to compute
the weights of the consumer price index and both are rotating panels. The similarities,

however, stop here. Each household in the CES is interviewed 4 times over a one year

22 Browning and Meghir (1991) find that commodity demands are not separable from

labor supply, which immediately implies that labor suppply cannot be additive separable
from consumption
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period. In each interview the reference person is asked to recall the amounts spent in
about 500 different commodities in the previous 3 months. Together with these data
the survey supplies a substantial amount of information on various household variables
including income, demographic and labor supply variables.

FES households stay in the sample only for two weeks and they are asked to keep a
diary of all their purchases and to document all major purchases. The quality of the data
seems to be higher for the FES. The CES, however, contains richer information. The FES
is available from 1969 to 1990, while the CES is available from 1980 to 1990. For what
we are concerned with in this paper, the much longer time horizon is probably the major
advantage of the FES over the CES. Both for the UK and the US we use expenditure on
non durable and services as our definition of consumption.

Another advantage of using individual data is the possibility of computing household
specific price indexes, using household expenditure shares. This was done both for the UK
and the US.

4.1 Evidence from UK data

The first step in our study is going to be the estimation of equation (11) for income
and consumption. The households in the survey are partitioned in cohorts according to
their year of birth. We consider ten cohorts and follow them for the 22 years of the survey
23 The cohort definition is reported in table 1. The only w variables we controlled for are
seasonal factors: the §; are therefore basically average cohort data. Estimates of the §7 are
obtained by OLS over the entire sample. In figure 1 the §¢ obtained for log consumption
and log income are plotted against age. Each connected segment represent the average
for a given cohort, which is observed, over the sample period, at different ages. From this
picture is evident that total household consumption tracks closely, as stressed by Carrol
and Summers (1991), income.

The next step is to control for some demographic variables: equation (14) is estimated
by using as z variables the number of adults and the number of children of different ages.
The é; so obtained are plotted against age, along with the original data, in Fig. 2. As can
be seen from this picture, the consumption age profile looks now much ’flatter’, especially
in the middle part of the life cycle.

In picture 3 we also control for labor supply variables ?*. Again the profile is much

23 Some of the cohorts are only followed for part of the sample either because they are

too young or too old.
24 The labor supply variables considered are: a dummy for working husband, a dummy
for working wife, the number of hours worked for husband and wife, a white collar dummy
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flatter than in the original case. The interesting aspect here is the fact that the slight
decline in the last part of the life cycle has completely disappeared.

Finally, in figure 4 we plot the same data presented in figure 2 against time rather
than age. What is apparent in this figure is the degreee of synchronization among the
various cohorts (with the possible exception of the youngest cohort, only observed in the
last years of the survey.

The simple facts presented here show that, at least at a first glance, the life cycle
model is not dramatically at variance with the data. This grants further investigations. In
particular, without some kind of structural model it is not going to be possible to isolate

business cycle from age and cohort effects.

4.2 Evidence from US data

The Consumer Expenditure Survey is the only US micro data set with complete
information on consumption. Unfortunately the survey covers only 11 years. We consider,
again, ten cohorts. The cohort definition is reported in table 2.

Unlike in the UK, households stay in the sample for 4 consecutive quarters. We
construct annual consumption by adding the quarterly figures, while income is taken from
the last interview which asks for the amount earned in the twelve months before the
interview. All figures are in real dollars and are deflated, as with the UK data, with a
household specific Stone price index.

When estimating equation (11) we control for several sources of within cohort het-
erogeneity. The w variables included 2 education dummies, a dummy for black household
head, and 3 regional dummies. The ’average cohort data’ so obtained are going to be the
object of our analysis.

Fig 5 plots average log consumption and average log income against age for the ten
cohorts we are considering. Once again, as with the UK data, we observe that the two
profile track each other.

In Fig. 6 we plot the original average for consumption along with those obtained
controlling for demographic variables 2°. In fig. 7 we control for the same labor supply
variables considered for the UK. The story told by these two pictures is analogous to that
told by Figures 2 and 3.

Finally in Figure 8 we plot average log consumption (after removing the effects of

2®  These variables included the number of children between 0 and 2, the number of

males and females between 2 and 15 the number of males and females above 16, and the
number of adults.
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demographic and labor supply variables) against time. The degree of coordination among
different cohorts is less pronounced than in the analogous figure for the UK. It should be
considered that the sample period is much shorter and, unlike in the UK, barely covers
one business cycle. The profile appears to be considerably flatter, even though not, in this
case, we can still observe a peak in the middle part of the life cycle. Furthermore, the
increase in the early part is more marked than in the UK.

From the evidence presented in this section it can be concluded that neither in the UK
nor in the US the life-cycle model seems to be at variance with the observed allocation of
resources over the life cycle, once one controls for changing family composition and labor

supply behavior.
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5. Conclusions

In this paper we stressed the need of using microeconomic data to assess the empirical
relevance of the life cycle model. We first show that evaluating the model on the basis of
aggregate time series can be extremely misleading. This does not imply, however, that the
study of macroeconomic time series is useless. Not only they have to be used for forecasting
and policy analysis, but an appropriate statistical modeling of their dynamic properties is
going to be extremely useful to understand their long run properties. The life cycle model
can be useful in this respect to suggest the variables that can be used in formulating the
dynamic equation to describe the behaviour of aggregate consumption.

The dynamic specification should be flexible enough to reflect the main implication of
the life cycle model. The observation that aggregate consumption reacts in different ways
to anticipated and unanticipated and to transitory and permanent changes to income was
one of the motivations for the development of the life cycle theory. A statistical description
of aggregate consumption should allow for these properties.

What we object to, is an evaluation of the life cycle model on the basis of checking
the first order conditions of an individual optimization problem with aggregate time series
data.

In section 3 we showed that the analysis of a single cross section is of limited use in
evaluating the life cycle model. The absence of panel data can, however, been overcome
by the use of time series of repeated cross sections.

The analysis of repeated cross sections can be made at different levels: from a mainly
descriptive one , to a more structural. In section 4 we estimated simple age profile for
income and consumption and showed that, once we control for demographic and labour
supply variables, the model is not dramatically at variance with the data.

More work is needed in this area, from the theoretical, but especially from the empir-
ical point of view. The analysis of micro data set on consumption has just started and an

enormous amount of work remains to be done.

27



References

Atkinson, A.B. and J. Micklewright (1983) : "On the Reliability of Income Data in the
Family Expenditure Survey, 1970-77”, Journal of the Royal Statistical Soctety, A, Vol.146,
33-61.

Attanasio, O.P. (1993) : ” A Cohort Analysis of Saving Behavior by US Households”, IFS
Discussion Paper No.W93/4.

Attanasio, O.P. and M.J. Browning (1992) : ” Consumption over the Life Cycle and over
the Business Cycle”, Mimeo

Attanasio, O.P. and Weber, G. (1989) : ”Intertemporal Substitution, Risk Aversion and
the Euler Equation for Consumption”, Economic Journal, Supplement, 99, 59-73.

Attanasio, O.P. and G. Weber (1993) :” Consumption Growth, the Interest Rate and
Aggregation” , Review of Economic Studies, forthcoming.

Bean, C.R. (1986) : ” The Estimation of ’Surprise’ Models and the ’Surprise’ Consumption
Function”, Review of Economic Studies, 53, 497-516.

Becker, G. (1962) : ”Irrational Behavior and Economic Theory”, Journal of Political
Economy , 70, 1-13.

Blinder , A. and A. Deaton (1985) :” The Time Series Consumption Function Revisited”,
Brooking Papers on Economic Activity, 2, 465-521.

Blundell, R., Browning, M.J. and C. Meghir (1993) :” A Microeconometric Model of In-
tertemporal Substitution and Consumer Demand ”, Review of Economic Studies, forth-
coming.

Blundell, R., Pashardes, P. and G. Weber (1992) : »What Do We Learn from Micro Data?

? , American Economic Review , forthcoming.

Browning, M.J. (1991) : ”Estimating Micro Parameters from Macro Data: Some Pes-
simistic Evidence”, Mimeo.

Browning, M.J., Deaton, A. and M. Irish (1985) : ” A Profitable Approach to Labor
Supply and Commodity Demands over the Life Cycle”, Econometrica , 53, 503-44.

Browning, M.J. and C. Meghir (1991) :” Testing for the Separability of Commodity De-
mands from Male and Female Labour Supply”, Econometrica , forthcoming.

Browning, M.J. and C. Meghir (1991) : untitled, in progress.

28



Campbell, J.Y. (1987) : ”Does Savings Anticipate Declining Labor Income? An Alterna-
tive Test of the Permanent Income Hypothesis”, Fconometrica , 55,

Campbell, J.Y. and N.G. Mankiw (1989): ”Permanent Income, Current Income and Con-
sumption”, NBER Macroeconomic Annual Cambridge.

Carroll, C. and L.H. Summers (1990) :” Consumption Growth Parallels Income Growth:
Some New Evidence”, Mimeo.

Chamberlain, G.(1983) ” Panel Data” , in Handbook of Econometrics, North Holland.

Deaton, A. (1985) : ”Panel Data from Time Series of Cross Sections”, Journal of Econo-
metrics , 30, 109-26.

Deaton, A. (1987) : ” Life Cycle Models of Consumption: Is the Evidence Consistent
with the Theory? ”, in T. Bewley (ed.) : Advances in Econometrics, vol.2, Cambridge
University Press.

Deaton, A. (1990) : ” Savings and Liquidity Constraints”, Mimeo.

Flavin, M. (1981) : ” The Adjustment of Consumption to Changing Expectations about
Future Income”, Journal of Political Economy , 89, 974-1009.

Friedman, M. (1957) : A Theory of the Consumption Function, Princeton University Press.
Fuller, W.A. (1987) : Measurement Error Models. John Wiley, New York.

Gorman, W.M. (1953) : ” Community Preference Fields”, Econometrica , 21, 63-80.
Grossman, S.J. and R.J. Shiller (1982) : ” Consumption Correlatedness and Risk Measure-
ment in Economies with Non Traded Assets and Heterogeneous Information”, Journal of

Financial Economics , 10, 195-210.

Hall, R.E. (1978) : ”Stochastic Implications of the Life Cycle - Permanent Income Hy-
pothesis: Theory and Evidence”, Journal of Political Economy , 86, 971-87.

Hall, R.E. (1988) : ”Intertemporal Substitution in Consumption”, Journal of Political
Economy , 96, 339-57.

Hall R.E. and F.S. Mishkin (1982) : " The Sensitivity of Consumption to Transitory Income
: Estimates from Panel Data on Households”, Econometrica , 50, 461-81.

Heckman , J. (1974): Life Cycle Consumption and Labor Supply: An Explanation of the
Relationship Between Consumption and Income over the Life Cycle”, American Economic

Review , 64, 188-99.

29



Heckman , J. and Robb (1987) :* Using Longitudinal Data to Estimate Age, Period and
Cohort Effects in Earnings Equations”, in: Mason W. and S. Fienberg (eds) :Cohort
Analysts in Social Research, Springer-Verlag, New York.

MaCurdy, T.E. (1981) : ” An Empirical Model of Labor Supply in a Life Cycle Setting”,
Journal of Political Economy , 89, 1059-85.

MaCurdy, T.E. and T. Mroz (1991) : "Measuring Macroeconomic Shifts in Wages from
Cohort Specifications”, Stanford University, Mimeo.

Mankiw, N.G., Rotemberg, J.J. and L.H. Summers, (1985) : ”Intertemporal Substitution
in Macroeconomics”, Quarterly Journal of Economics , 100, 225-51.

Miron, J. (1986) : ”Seasonal Fluctuations and the Life Cycle - Permanent Income Model
of Consumption”, Journal of Political Economy , 94, 249-65.

Modigliani, F. and R. Brumberg (1954) : ”Utility Analysis and the Consumption Func-
tion: An Interpretation of Cross Section Data”, in K.K. Kurihara (ed.): Post Keynesian
Economics, George Allan and Unwin.

Modigliani, F. and A. Ando (1960) ”The ’Permanent Income’ and the ’Life Cycle’ Hy-
pothesis of Saving Behavior: Comparisons and Tests ”, Consumption and Saving, vol. 2,
University of Pennsylvania.

Modigliani, F. and A. Ando (1963) "The Life Cycle Hypothesis of Saving: Aggregate
Implications and Tests”, American Economic Review , 53, 55-84.

Moffitt, R. (1991) : Identification and Estimation of Dynamic Models with a Time Series
of Repeated Cross Sections”, Mimeo.

Muellbauer, J. (1975) : ” Aggregation, Income Distribution and Consumer Demand”, Re-
view of Economic Studies, 62, 525-43.

Runkle, D. (1984): ”Liquidity Constraints and the Permanent Income Hypothesis”, MIT
mimeo.

Zeldes, S. (1989) : ”Consumption and Liquidity Constraints: an Empirical Investigation
”, Journal of Political Economy , 97, 305-45.

30



Conditional Income and Non durable consumption
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