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1 Introduction

In this paper, I try to model household income as a dynamic process subject to both id-
iosyncratic and common shocks. In the literature, earnings processes are estimated for
many purposes;1 the objective is to identify the statistical parameters in the stochastic pro-
cess of income: say, the persistence of income, the (conditional) variance of income, etc...
These parameters2 are later used to test between different models of the determinants
of income distribution, to analyse the time series variation in the earnings distribution,
to model labour supply (see Abowd and Card, 1989), to check the impact of anticipated
earnings growth in consumption Euler equations (see Browning and Lusardi, 1996) or to
determine the earnings risk faced by individuals. As an illustration, in my empirical ap-
plication, I will analysis if individuals save in order to protect their future consumption
against bad outcomes in income: that is, if they make a precautionary demand for saving
so as to smooth consumption across states of nature. Therefore, I have to compute the
conditional variances of shocks to income and, then, check if these measures of earnings
risk have a significant effect on consumption growth.

As a significant point of departure from most of the existing literature, I discuss how
to estimate the statistical process of both aggregateand idiosyncratic factors in income.
In previous work with micro data, the earnings process facing individuals was estimated
given the aggregate business-cycle conditions, but without explicitly modelling them.3

Nevertheless, it is important to separately identify common and idiosyncratic stochastic
factors in income when studying precautionary saving. Aggregate shocks to income can
only be smoothed (across state of nature) through the self-insurance that precautionary sav-
ing provides, whereas individuals can more easily get insured against idiosyncratic shocks
because these can be “shared” with other individuals (to the extent that they are not per-
fectly correlated). Therefore, different dynamics needs estimating for idiosyncratic and for
aggregate shocks; then, the conditional variances of each shock can be used as suitable
measures of income risk, which have different key roles for decision making.

Just recently, a few papers have paid attention to the issue of estimating panel data
models with serial correlation in the time effects as well as in the idiosyncratic errors. In
Skoglund and Karlsson (2001a, 2001b), some asymptotic results are presented for random
effects models, and Raknerud (2001) suggests a state space approach. It is worth noting that
separate identification of parameters referred to idiosyncratic and common components is
only possible if both the number of individuals and the number of time periods are large.

For my empirical application, I am using a special kind of data, a long rotating panel
of households: the Spanish family expenditure survey (ECPF). This data has a number of

1SeeÁlvarez, Browning and Ejrnæs (2001) for a brief survey.
2Theseare notbehavioural parameters, although individuals may make their decisions taking into account

such features of earnings.
3Indeed, there are good reasons to follow such an approach. For instance, when analysing earnings

mobility (seeÁlvarez, 1999), one wants to focus on individual transition probabilities: i.e., the chance that an
individual changes her relative position in the income distribution of two consecutive periods, but controlling
for the different aggregate conditions in each period. On the other hand, aggregate dynamics can be analysed
by its side, either neglecting or accounting for heterogeneity; see Blundell and Stoker (2000) for further
discussion.
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interesting features itself and has recently attracted international attention (see Browning
and Collado, 2001). In particular, each household is followed, at most, eight consecutive
quarters: this makes the ECPF comparable to an standard short panel. This is crucial to
identify idiosyncratic dynamics, as compared to, say, the time series of repeated cross-
sections available to Banks, Blundell and Brugiavini (1999), who also study precautionary
saving.4 Moreover, the ECPF is available for a long time period: twelve years in a
quarterly basis. Thus, the aggregate (i.e., common to all individuals) dynamics can be
studied, although different individuals are observed in each round of the survey.

The case of rotating panels is a convenient general framework, because some inter-
esting questions are raised. Identification and inference of the different components are
discussed given three dimensions: the number of individuals in each cross-section (say
N ), the number of periods that an specific individual is observed until she is replaced (say
Ti), and the total number of periods available in the data set (that is, the number of rounds,
sayT ). Thus, these results can be straightforwardly applied to genuine panels and to time
series of repeated cross-sections as particular cases: in the former case, an individual is
followed (unless there is attrition) for all periods (Ti = T andN is also the total number
of individuals ever observed) and, in the latter case, each individual is surveyed only once
(Ti = 1).

I propose a methodology in which estimation of the parameters in the dynamic process
of each component is carried out in two steps. First, the parameters in the individual
component are estimated conditioning on the aggregate component (that is, capturing its
effect by time-dummies). Then, this aggregate component is recovered (based upon an
estimate of the individual process) and I proceed to estimate the aggregate process. This
procedure is shown to be as efficient as joint estimation for the aggregate component.

Finally, in the empirical section, the rotating nature of the Spanish data is exploited
to identify idiosyncratic and aggregate income risks. These conditional variances of id-
iosyncratic and aggregate shocks to income are then used as explanatory variables in a
consumption growth equation. Hence, I assess the importance of precautionary saving
in response to different sources of income uncertainty. Moreover, cohort-specific (rather
than aggregate) risk is found to be significant; this fact implies a failure of between-cohort
insurance mechanisms.

The rest of the paper is organised as follows. Section 2 presents the ingredients of
the econometric problem I am interested in: the econometric modelling of individual and
aggregate income dynamics from rotating panels; later, I propose a methodology of esti-
mation and discuss its properties. In section 3, I move to the empirical application; results
are shown and discussed in section 4. Finally, section 5 concludes.

4Even a similar rotating panel as the Consumer Expenditure Survey in the US is not as good in this respect
as the Spanish survey.
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2 Econometric Framework

2.1 Econometric Model of Income Dynamics

Now, I will consider a variableyit which is determined by two mutually independent com-
ponents:

yit = zt + uit, i = 1, ..., I; t = 1, ..., T (1)

The componentzt could be regarded as an aggregate effect (at a cohort level or at the
economy level) anduit as an idiosyncratic component. Here, I am interested in estimating
the parameters governing the statistical process of bothzt anduit. For simplicity, let me
consider that each one follows a simple AR(1) process:

uit − ηi = α
(
ui(t−1) − ηi

)
+ vit (2)

zt = βzt−1 + εt (3)

whereE [vitεt−k] = 0, ∀i, t, k. I will assume that are both mean independent of their
own past, that is,E

[
vit| Iv

t−1

]
= 0 andE

[
vit| Iε

t−1

]
= 0, whereIv

t−1 andIε
t−1 represent,

respectively, the information set at timet− 1. I also regardvit as statistically independent
of vjs for i 6= j and for anyt ands. Furthermore, I consider that individual specific and
common shocks are conditionally heteroskedastic:

E
[
v2

it

∣∣ Iv
t−1

]
= φ0 + φ1v

2
i(t−1)

E
[
ε2

t

∣∣ Iε
t−1

]
= γ0 + γ1ε

2
t−1

These conditional variances capture the one period ahead expected volatility in income; as
previously commented, these statistical features of the household income process might be
very relevant for consumption decisions. I will also assume that the unconditional variances
of vit andεt are finite:E [v2

it] = σ2
v <∞ andE [ε2

t ] = σ2
ε <∞.

Indeed,yit admits a reduced form representation as an ARMA(2,1) process:

yit = (α+ β) yi,t−1 − αβyi,t−2 + (1− α) (1− β) ηi + vit − βvi,t−1 + εt − αεt−1

But this formulation has an important disadvantage: aggregate dynamics (parameters
β, φ0 andφ1) cannot be distinguished from individual dynamics (parametersα, γ0 and
γ1). On the other hand, focusing onyit as define in(2)− (3), the dynamics depends upon
three latent unobservable factors: the aggregate component (zt), the idiosyncratic com-
ponent (uit) and the individual-specific mean of the latter component (ηi). Skoglund and
Karlsson (2001a, 2001b) write down a joint log-likelihood for all these latent components.
This “random effects” strategy allows to integrate out all the unobservable components.
However, this joint approach may be computationally costly. Moreover, it is not clear how
robust the results are to some distributional assumptions (specially, those concerning with
the statistical relationship ofηi and the initial condition ofuit).
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The way in which I proceed is the following. First, all my analysis is conditional
on ηi (that is, a “fixed effect” approach). The idea is to focus on a transformation of
the original datayit (the within-group transformed data, the first differenced data, etc.),
such that the transformed data does not depend onηi; thus, the information about the
parameters of interest contained in the distribution ofηi will not be considered.Next, I
have to distinguish aggregate and idiosyncratic dynamics. Similarly, the original datayit,
i = 1, ..., I; t = 1, ..., T can be transformed as follows: one the one hand, I compute each
cross-sectional mean of the datay·t = 1

N

∑N
i=1 yit, t = 1, ..., T and, on the other hand,

one can work with the data in deviation from these cross-sectional means:ỹit = yit − y·t,
i = 1, ..., I; t = 1, ..., T . It is worth noting that the same information is contained in the
original and in the transformed data.5 Looking at the original formulation of the model in
(1)− (3), it is easy to see that:

ỹit = ũit, i = 1, ..., I; t = 1, ..., T

y·t = zt + u·t, t = 1, ..., T

subject to(2)− (3). So, one can finally work with a re-formulation of the model which
only depends on observables

ỹit − η̃i = α (ỹit − η̃i) + ṽit, i = 1, ..., I; t = 1, ..., T (4)

y·t = βy·t−1 + εt + u·t − βu·t−1, t = 1, ..., T (5)

with ỹit following an AR(1) process6 andy·t expressed as an ARMA(1,1), since the
error term includes not onlyεt but alsou·t andu·t−1. The interesting point here is that,
similarly to the transformation used to removeηi, equation(4) contains information only
about individual specific dynamics, whereas(5) captures both idiosyncratic and aggregate
dynamics. Again, one could focus just on(4) to learn aboutα (alsoφ0 andφ1), neglecting
(5) at some cost of efficiency. Marshall (1992), in a related context, uses this procedure to
distinguish individual specific and aggregate dynamics. As previously commented, I will
not work directly with(4), which still containsηi, but with its first differenced version.

Now, I stop discussing for a moment how to estimate the parameters of interest in the
transformed model. In the next subsection, I will consider the specific challenges that one
faces when working with rotating panels as I do in my empirical application.

5Actually, the transformation has more than full rank if one uses all the individuals in deviation from
means.

6In this formulation, a minor problem remains: even after assuming thatvit andvjt for i 6= j are inde-
pendent,̃vit andṽjt are cross-sectionally correlated (due to the presence ofv·t) as opposed to the standard
dynamic model for panel data without time effects.
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2.2 Dynamic Modelling in Rotating Panels

Genuine panel data (where all individuals are observed every period) is still relatively rare.7

Instead, researchers may find repeated surveys. Most of these surveys are just repeated
cross-sections (for instance, the British Family Expenditure Survey, FES), where a new
large random sample is drawn for each round. There also exists rotating panels, where
a given individual is just observed for several consecutive periods (and afterwards a new
individual is interviewed in her place). Nonetheless, the originally design of the latter
was also more concerned with having a cross-sectionally representative samples than with
overcoming the problems of genuine panels.

Deaton (1985) suggested to construct a “pseudo-panel” or “synthetic panel” from a time
series of repeated cross-sections. The idea is to take means of variables for individuals in
a group of fixed membership (defined by year of birth or education); then these means are
treated as a panel data observation for this group or “cohort” (which can be tracked over
time). This technique has important advantages itself, because one can get long panels
without attrition and measurement errors are averaged out. Collado (1997) extended the
work of Deaton to dynamic models. Moffitt (1993) provides a discussion of grouping as
an instrumental variable estimator for repeated cross-section.8

Deaton proved that his procedure provides consistent estimates of the parameters in the
“cohort population version of the model”. Thus, this technique assumes that the relevant
relationship holds at the cohort level; then, either the relationship at the individual level
only differs by an individual disturbance from that or it is not regarded as of interest. Put
in terms of the model discussed in the previous subsection, they are looking at(1) with
interest just in(3) and assuming that the individual deviationuit from zt are just white
noise disturbances. However, one could be interested in the individual process of the data;
furthermore, identifying both an aggregate and an individual process would be crucial in
some economic applications as the one I am interesting in.

Thus, the econometric analysis of rotating panels (as the Spanish family expenditure
survey, ECPF) raises a number of interesting questions. Similarities are expected to be
found with the “fixedT ” micro panels when analysing the individual process and with the
“long T ” synthetic panels when analysing the aggregate one. The crucial point is to know
the extent to which the survey design allows to identify either of them. When working with
rotating panels, one has to pay attention to three dimensions.

1. First, how many individuals are interviewed each period, that is, the size of each
cross-section. Without loss of generality, I assume that the size of the cross-section
remains constant from one period to another: let me say in each cross-sectionN
individuals are observed.

7The PSID has a long history in the US; in Europe, just recently, a new survey (the European Community
Household Panel, ECHP), is been carrying out in many countries of the European Union. However, only
four waves (1994, 1995, 1996 and 1997) are available so far, and information on some areas (including
consumption) is very limited.

8Deaton (1985) and Collado (1997) use an error-in.variables estimator, as the observed cohort aggregates
are error-ridden measurements of the true cohort population values. Moffitt (1993), as customary in empirical
applications, neglects this issue appealing to large within cohort size.
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2. Second, how long a specific individual is followed by the survey. Let me say that an
individual is interviewed byTi periods; put into other words, the fraction of indivi-
duals dropped from the sample from one period to another is1/Ti.

This two dimensions are given by the design of the survey.

3. Finally, how many rounds of the survey have been carried out up to the moment
(when the researcher use the data set).

As an illustration, about 3200 households are interviewed each period (each quarter in
this case) in the ECPF and a given household is observed for (at most) eight periods; here,
I have use forty-eight periods. So,N = 3200, Ti = 8 andT = 48. However, after filtering
the data set and as I will later consider two aggregate factors in household income (one at
the cohort level and other at the economy level), the cross-sectional dimension which is
relevant for me isN between30 and150.

In general,Ti can be regarded as fixed (ie, a shortTi framework) as in the standard
micro-panels literature; but unlessTi is long enough, no dynamic individual component
could be identified (for instance, withTi = 1 as in the repeated cross-sections). On the
other hand, the time dimensionT can be viewed as quite long, similarly to the synthetic
panels approach. Note that a genuine panel is characterised byTi = T : the most distinctive
feature of a rotating panel is thatTi andT can be different.

In the Figure I, I graphically describe the structure of a rotating panel. AfterT waves,
the total number of individuals that have been interviewed isI = N + (T − 1)N/Ti.
The rotating panel can be also viewed as an incomplete panel ofI individuals potentially
observed forT periods. So, a variableyit could be observed fori = 1, ..., I andt = 1, ..., T ,
but it is actually observed(yit · St

i ), whereSt
i takes on one if the individuali is observed in

periodt and zero otherwise. It is easy to see that

St
i = 1

(
(t− 1)

N

Ti

+ 1 ≤ i ≤ (t− 1)
N

Ti

+N

)
where1 (•) is the indicator function, which takes on one if the expression inside the

brackets holds and zero otherwise.
Variables(yit · St

i ) observed in the rotating panel are selected from the underlying vari-
ableyit in the complete panel. This “selection”St

i is determined by an exogenous deter-
ministic rule: that given by the survey design. Therefore, it is reasonable to assume that:

E
[
y∗it|Xit, S

t
i

]
= E [y∗it|Xit] (6)

This implies directly thatE [yit|Xit, S
t
i ] = E [y∗it|Xit]·St

i ; so, provided thatE [y∗it|Xit]
is identified in the data, any conditional inference is not affected bySt

i .

2.3 Identification of the Parameters of Interest

So, I want to identify the parameter in the model
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Figure I: Structure of Rotating Panels
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ỹit − η̃i = α (ỹit − η̃i) + ṽit, i = 1, ..., I; t = 1, ..., T

y·t = βy·t−1 + εt + u·t − βu·t−1, t = 1, ..., T

where the datayit comes from a rotating panel so I only observed(yit · St
i ). This does

not pose any special problem if one wants to identifyα. It is easy to see thatyit−2 is
uncorrelated with∆ṽit sinceE

[
vit| Iv

t−1

]
= 0 andvit andvjt, for i 6= j, are independent;

this directly implies that the following moment condition holds:

plim
N,T→∞

1

NT

∑
i,t

(
3∏

k=1

Sk
i · yit−2

)[
∆ (yit − y·t)− α∆

(
yit−1 − y·t−1

)]
= 0 (7)

where
∏3

k=1 S
k
i accounts for the rotating nature of data. Another important point here

is thaty·t = 1
N

∑I
i=1 S

t
iyit.

7



2.4 An Arellano-Bond-type Estimator for the Individual Process

I first re-write equation(1) using(2) to get

yit − zt − ηi = α
(
yi(t−1) − zt−1 − ηi

)
+ vit

whereλt are regarded as parameters to be estimated. The parameterα can be identified
using the following quite standard orthogonality conditions (see Arellano and Bond, 1991):

E
[
yt−2

(
∆yit − α∆yi(t−1) −∆ (zt − αzt−1)

)]
= 0, t = 3, ..., T

In the standard literature of micro panel, the aggregate componentzt is not mod-
elled, but treated as fixed parameter identified inE [yit − zt] = 0, sinceuit = αtui0 +∑t−1

k=0 α
kvi(t−k) andE [vit] = 0, ∀t. In this subsection, I try to understand how this

conditional analysis links to my previous sections.
As an example consider, a simple case whereTi = 4 andT = 6 (and there areN

individuals in each cross section), so I can write dowm the empirical counterpart of the
former orthogonality conditions:

1

N

∑
yi1

3∏
k=1

Sk
i (∆yi3 − α∆yi2 −∆ (z3 − αz2)) = 0

1

N

∑(
yi1

∏4
k=1 S

k
i

yi2

∏4
k=2 S

k
i

)
(∆yi4 − α∆yi3 −∆ (z4 − αz3)) = 0

1

N

∑(
yi2

∏4
k=1 S

k
i

yi3

∏4
k=1 S

k
i

)
(∆yi5 − α∆yi4 −∆ (z5 − αz4)) = 0 (8)

1

N

∑(
yi3

∏4
k=1 S

k
i

yi4

∏4
k=1 S

k
i

)
(∆yi6 − α∆yi5 −∆ (z6 − αz5)) = 0

1

N

∑
St

i (yit − zt) = 0, t = 1, ..., T

This can be more synthetically re-written in the following way:

1

N

∑
i

(
Siyi

ZiHvi

)
= 0

wherevi (and equivalently foryi) is the(T × 1) vector of errorsvit, t = 1, ..., T for
an individual i, i = 1, ..., I, andSi is a (T × T ) diagonal matrix9 of the formSi =
diag

(
S1

i , S
2
i , ..., S

T
i

)
Moreover,H is a(T − 1)× T matrix of the following form

9In the case of a genuine panel,Si = IT .
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H =


−1 1 0 0 · · · 0
0 −1 1 0 0
...

. .. ... · · · ...
0 0 · · · −1 1 0
0 0 · · · 0 −1 1


andZi is aKT × (T − 1) block diagonal matrix with the (transpose) vector of instru-

ments for each period in its main block diagonal and whereKT is the total number of
moments available for estimatingα.. For instance, in the example previously discussed:

Zi =


yi1

∏3
k=1 S

k
i 0 0 0 0 0 0

0 yi1

∏4
k=1 S

k
i yi2

∏4
k=2 S

k
i 0 0 0 0

0 0 0 yi2

∏5
k=2 S

k
i yi3

∏5
k=3 S

k
i 0 0

0 0 0 0 0 yi3

∏6
k=3 S

k
i yi4

∏6
k=4 S

k
i


Let kt be number of these moments in rotating panels,10

kt =

{
(t− 2) , if Ti > t
(Ti − 2) , if Ti < t

then the total number of moments afterT periods is:

KT =
T∑

t=3

kt =

Ti∑
t=3

kt +
T∑

t=I+1

kt

KT =
1

2
(Ti − 1) (Ti − 2) + (Ti − 2) (T − Ti) (9)

Following Arellano and Bond (1991), estimates ofα andλ1, ..., λT are obtained from
the following Generalised Method of Moments (GMM) problem:

(α̂, ẑ1,...,ẑT ) = arg min
(α,z1,...,zT )

[
1

N

∑
i

(
Siyi

ZiHvi

)]′
· Ŵ ·

[
1

N

∑
i

(
Siyi

ZiHvi

)]
(10)

whereŴ it is the weighting matrix.
In order to depict the asymptotic properties ofα̂, I use results from Crepon, Kramarz

and Trogon (1997). These authors consider a general GMM framework. In order to get rid
of a set of “nuisance parameters” (in my case,(z1, ..., zT ) as compared with my parameter
of interestα), I can use a subset of the moment conditions of the same dimension (in this
case,1

N

∑
i Siyi = 0). Thus, I get some(ẑ1, ..., ẑT ) as anempiricalfunction ofα. Thesêzt

can then substitute the originalzt in the second subset of orthogonality conditions (which

10Given that I am thinking on a rotating panel fo which many rounds are available, the conditionT > Ti

is implicitly assumed.
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now depends only uponα). Following Creponet al. (1997), it can be proved for this case
that the solution to this new GMM criterion is asymptotically equivalent toα̂:

α̂ = arg min
α

[
1

N

∑
i

ZiH (vi − v)

]′
· Â ·

[
1

N

∑
i

(vi − v)

]
wherev = 1

N

∑
iDivi, that is, the cross-sectional mean ofvitcomputed with all thevit

available at timet and the weighting matrix is such that

Â−1 =
1

N

∑
i

(
Zi −

1

N

∑
i

Zi

)
N − 1

N
HH ′

(
Zi −

1

N

∑
i

Zi

)′

It will be convenient define a variablẽvi as the variablevi in deviation from its cross-
sectional mean:̃vi = vi − v. Then I can characterisêα as

α̂ = arg max
α

[
1

N

∑
i

ZiHṽi

]′
·

(
1

N

∑
i

Z̃iHH
′Z̃ ′

i

)−1

·

[
1

N

∑
i

ZiHṽi

]

An important issue is in order here:α̂ estimated in this “concentrated” GMM objective
function is not the solution to a standard optimal GMM problem, becauseÂ is not defined
as the inverse of the estimated variance-covariance matrix of the orthogonality conditions.

Another important question is that

A Note on the Asymptotic Properties of the Estimator First, it is apparent (see Arel-
lano and Bond, 1991, and́Alvarez and Arellano, 1998) that this estimator is consistent
whenN goes to infinity for fixedT andTi. In the case of rotating panel, this assumption
for Ti seems appropriate because an individual is followed just for a small number of pe-
riods; nevertheless, I feel that the total number of waves is not so small.11 Therefore, as
in Álvarez and Arellano (1998), I will proceed to analyse asymptotics as bothN andT
goes to infinity, along the asymptotic path where the ratio ofT/N goes to a constant (i.e.,
N, T →∞ with T/N → c, 0 ≤ c <∞).

It should be noted that, for the estimator that uses all the available lags at each period
as instruments, the number of orthogonality conditions grow at a rate ofT 2 in the case
of genuine panels, whereas in this case the growth rate isT (see(9)). Álvarez and Arel-
lano (1998) showed that this estimator for genuine panels displays an asymptotic bias as
the number of moments is large relative to sample size: in fact, the bias vanishes when
c = 0.(or, in other words, whenN → ∞, for fixedT ). Therefore, practitioners in micro-
panel often estimate using a fixed number of lags at each period; thus, the small sample
bias is avoided, but a cost of efficiency (since all the relevant information will not be incor-
porated). In the case of rotating panel, the number of lags available at each period is given
by the survey design: I only have information about a individual up toTi backwards. So, I
finally have a similar case to that actually applied in genuine panels, but with an important

11For instance, I haveT = 48 in the ECPF, which is not negligible.
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difference: here, using a fixed number of lags is optimal given the data available (which is
exogenous to the researcher).

Henceforth, I can expect that my estimators for the individual process will present good
asymptotics properties although I am assuming both thatN goes to infinity and also that
T goes to infinity (what is essential to identify the aggregate process). As a preliminary
example, let use consider a simpler estimator than above: in particular, the so-called Crude
Instrumental Variables (CIV) estimator12 , which differs from the former in its weighting
matrix. In the CIV estimator the correlation induced by first-differencing is neglected in
the weighting matrix, so

Â−1
CIV =

1

N

∑
i

Z̃iZ̃
′
i

Then, it is straightforward that

α̂CIV =

∑T
t=3 ∆y′t−1Z̃t

(
Z̃ ′

tZ̃t

)−1

Z̃ ′
t∆yt∑T

t=3 ∆y′t−1Z̃t

(
Z̃ ′

tZ̃t

)−1

Z̃ ′
t∆yt−1

α̂CIV − α =

∑T
t=3 ∆y′t−1Z̃t

(
Z̃ ′

tZ̃t

)−1

Z̃ ′
t∆vt∑T

t=3 ∆y′t−1Z̃t

(
Z̃ ′

tZ̃t

)−1

Z̃ ′
t∆yt−1

(11)

I now take the expectation of the numerator in equation(11). This will allow me to figure
out the order of magnitude of the asymptotic bias or even the inconsistency of the estimator:
Álvarez and Arellano (1998) show that the CIV estimator is not only biased but inconsistent
unlessT/N → 0.

E

[
T∑

t=3

∆y′t−1Z̃t

(
Z̃ ′

tZ̃t

)−1

Z̃ ′
t∆vt

]
=

T∑
t=3

E
[
∆y′t−1Mt∆vt

]
(12a)

=
T∑

t=3

E
[
tr
[
MtEt

(
∆vt∆y

′
t−1

)]]
(12b)

=
T∑

t=3

E
[
tr
[
−σ2Mt

]]
(12c)

= −σ2

T∑
t=3

kt (12d)

In (??) I have define the idempotent matrixMt = Z̃t

(
Z̃ ′

tZ̃t

)−1

Z̃ ′
t, which only de-

pends on information available at periodt. Then, as∆y′t−1Mt∆vt is a scalar, it coincides

12I am using the terminology ińAlvarez and Arellano (1998).
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with his trace what allow me to go to(??). I then use the law of iterated expectation, by
conditioning on the set of information available at timet. From (??) to (??), I note that
Et

(
∆vt∆y

′
t−1

)
= E

(
∆vt∆y

′
t−1

)
, i.e., it does not depend ont, and then, by using cross-

sectionally independenceE
(
∆vt∆y

′
t−1

)
= E

(
∆vit∆y

′
i(t−1)

)
= −E

(
vit−1y

′
i(t−1)

)
=

−σ2
v. So finally, in(??), I have use thattrace (Mt) = rank (Mt) = kt.
Therefore, I note that, since

∑T
t=3 kt = KT , is of orderT , it can be concluded that. for

0 ≤ c <∞,

lim
N,T→∞

T
N
→c

E

[
1

NT

T∑
t=3

∆y′t−1Z̃t

(
Z̃ ′

tZ̃t

)−1

Z̃ ′
t∆vt

]
= 0

Of course, this results as a consequence of truncating the number of lags used as instru-
ments: the dimension ofyt−2 in each moment condition definedE

[
yt−2

(
∆yit − α∆yi(t−1) −∆ (zt − αzt−1)

)]
=

0, t = 3, ..., T . As discussed býAlvarez and Arellano (1998), this is not optimal in gen-
eral for a genuine panel case. However, in the rotating panel, the survey design limits the
number of lags available to instruments atTi; thus, this is the most efficient estimator given
the data that one wants to use.

2.5 The Aggregate Process and Synthetic Panels

[TO BE COMPLETED]
Next, I will focus on the aggregate process to identify the parameterβ:

y·t = βy·t−1 + εt + u·t − βu·t−1, t = 1, ..., T

This is similar to the synthetic panel context. Usually, practitioner neglects theu·t
terms appealing to largeN . the classical within-group estimator. In general, one has to
take into account thaty·t is a “error-ridden measure” ofzt; so, usingy·t−1 implies that one
has to compute a correction given by correlation betweeny·t andu·t−βu·t−1. The moment
conditions is:

plim
N,T→∞

1

T

∑
t

y·t−1εt + plim
N,T→∞

1

T

∑
t

y·t−1 (u·t − βu·t−1) = 0 (13)

If I had a genuine panel,plimN,T→∞
1
T

∑
t y·t−1 (u·t − βu·t−1) = (α− β)σ2

u/N where
σ2

u = V ar (uit−1). In the technical appendix is proven that a sequential estimation (first
estimatingα andσ2

u, and thenβ) lead to an estimation ofβ as efficient as joint estimation.
This result is mainly given by the following fact: moments conditions forα andσ2

u are
expressed in deviation from means whereas moments forβ are in terms of means. As a
consequence, such conditions are orthogonal to each other. Usingy·t−1 in a rotating panel
does not give too many additional complications: the main point is that for the covariance
term plimN,T→∞

1
T

∑
t y·t−1u·t different individuals are used in computingy·t−1 andu·t;

therefore, one does not gets(α− β)σ2
u/N but α is multiplied by a factor given by the

rotating structure of the data. An alternative could be usedy·t−Ti−1 as an instrument: in

12



this case, as no individual observed at timet or t − 1 was observed at timet − Ti − 1 the
second term can be neglected.

As commented before, in the synthetic panel literature, one often neglect theσ2
u/N

correction. I have proven in this context that estimator that neglect the correction has a
large asymptotic mean square error, although its variance is lower.13 The point is that its
asymptotic bias vanishes asN →∞. Some simulation results are shown in the Table1.

13Following the notation in the Technical Appendix,V ar
(
θP
2

)
=
[
Γ′

22Ω
−1
22 Γ22

]−1
< V ar

(
θS
2

)
, where

θP
2 is the estimator neglecting the variance.
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3 Empirical Application

In the next sections, I will analyse precautionary saving associated with income risk in
Spain for the period 1985-1996. As a theoretical starting point, I consider a standard model
of consumption which allows for precautionary saving; that is, consumers want to borrow
and save to smooth consumption over time and across states of nature. The importance
of the precautionary-saving motive is estimated through the effect of income variability on
consumption growth.

This entails a proper modelisation of income dynamics, up to the second conditional
moment. I use income from all labour sources (not just wages) thus capturing, to some
extent, changes in unemployment risk as well as changes in earnings uncertainty. Thus,
I set up a dynamic model for income in which the variances of the innovations in this
process are allowed to vary over time. Following Banks, Blundell and Brugiavini (1999),
the innovation to household income will be decomposed into three terms: an idiosyncratic
(household-specific) risk component, a cohort-specific risk component (affecting in the
same manner to every household whose head belongs to the same cohort, defined by year
of birth and educational attainment), and an aggregate risk component (common to all
households in an economy).

This analysis is carried out with a household rotating panel: the Spanish family expen-
diture survey, a rotating panel. On the one hand, forty-eight quarterly waves from which
a long time series synthetic panel for cohorts can be constructed; this allows me to cap-
ture the changing nature of income risk over long time series of expenditure and income,
controlling for household unobserved heterogeneity, and consequently relying on the time
evolution of risk terms to elicit precautionary saving effects. But, as a fundamental point
of departure from Banks, Blundell and Brugiavini (1999), I can actually observe each indi-
vidual for several consecutive periods; such a fact is exploited in this paper to identify the
process for idiosyncratic shock.

Under full insurance, only risks common to all individuals should affect consumption;
in other words, the individuals would be able to isolate the consumption distribution from
shocks to the income distribution, through risk-sharing mechanisms. But there are good
reasons to consider further separate components in the aggregate shock: overall risk will
encompass shocks to the macro-economy and shocks specific to individuals in a group.14

For instance, temporary employment regulation was significantly relaxed in Spain since
1984. As those who started a job after the reform were more likely to do so under a tempo-
rary labour contract,15 the income uncertainty associated to these contracts is expected to
have a different incidence in different year-of-birth cohorts. Indeed, this distinction among
aggregate, cohort-specific and idiosyncratic risks allows me to analyse the response of con-
sumption to each component and, therefore, to study the ability of households of insuring
against different sources of risk.

Recent literature has emphasised that full insurance could be not only implemented

14As Banks, Blundell and Brugiavini (1999) clearly point out, there exists an observational equivalence
between a common shock affecting individuals differently and a genuine individual shock; thus both of them
are regarded as “idiosyncratic”. The same applies for cohorts.

15Bentolila and Dolado (1994) quote evidence showing that temporary employment is prevalent among
the youth. As well, it is more frequent for less educated workers.
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through “formal” mechanisms (i.e., perfect capital markets, the Welfare State, etc.), but
there could also exist a wide-range of “informal” schemes open to individual, but unob-
servable to the econometrician. Therefore, it is important to assess,a priori, the size
and importance of these idiosyncratic risks: these may be larger but they are also more
insurable. For instance, at the household level, decisions are made jointly; thus, when
one member faces with a higher employment uncertainty, other members’ can optimally
choose to join to the labour force or to work more, so that the household gets (partly)
self-insured.16 At the cohort level, pay-as-you-go state pension systems andinter-vivos
transfers between extended family members of different generations could be thought of
as informal insurance mechanisms.17 my income measure includes all sources of non-asset
income to the household, and social security receipts; so, contrary to the use of earnings of
the head, earnings from all family members are incorporated, and, therefore, mechanisms
that households have for pooling risk associated with individual components of income
have been taken into account.18

Furthermore, if all three terms correctly measured uninsurable risk, their impact on
consumption growth would be the same. Nevertheless, as individuals are able to pool
idiosyncratic risks in many ways, the estimated effect for the idiosyncratic component
would be expected to be lower than the other two components, due merely to the fact that
the first one is not reflecting true uncertainty.

The results provide evidence on the importance of the precautionary motive for sav-
ing in response to income risks. Like Banks, Blundell and Brugiavini (1999) for United
Kingdom, the common component of risk does not appear to be significant, but instead the
cohort-specific does. This fact suggests a failure of between cohort risk-pooling mecha-
nisms akin to that found by Attanasio and Davis (1996) in the US.

3.1 Precautionary Saving

Let me consider a model of consumption smoothing and precautionary saving; see Deaton
(1992) and Browning and Lusardi (1996) for further details. The optimal allocation of

consumption verifies the standard Euler equationEt

[
1+rt

1+δ
UC(Ct+1,Dt+1)

UC(Ct,Dt)

]
= 1, wherert

denotes the real interest rate,δ the subjective discount rate andUC (•) denotes the first
derivative of the within period utility function with respect to consumptionCt, andDt is
a vector of “modifiers for utility” or “taste shifters” such as family composition, labour
supply or health status, usually referred to as “demographics”.

16Sánchez (1999) analyses how employment uncertainty of the “primary earner” (or husbands) affects
the likelihood of “secondary earners” (or spouses) joining to the labour force; moreover, she uses the intro-
duction and diffusion of temporary contracts as a exogenous source of variation in employment risk to get
identification.

17Bentolila and Ichino (2000) show evidence supporting that extended family networks, whose ties seem
to be quite strong in Spain and Italy (as compared to Germany, the UK and the US), provide an essential
source of insurance against unemployment in those countries.

18Hayashi, Altonji and Kotlikoff (1996) test for family insurance, that is, households who are in-
sured/insurers within the extended family (not insured by the outside world). They take advantage of the
fact that the PSID includes as new households those set-up by emancipated members of a family already
surveyed. I can only control for pooling among family members who are still living together.
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If I further assume that utility function is of the constant relative risk aversion (CRRA)
form, namely,U (Ct, Dt) = 1

1−ρ
exp (ϕ′Dt)C

1−ρ
t , (whereρ > 0 is the relative risk aversion

coefficient)19 , after taking logarithms and making a second order Taylor approximation,
the Euler equation can be re-written as:

∆ ln (Ct+1) = 1
ρ
ln (rt − δ) + 1

ρ
ϕ′∆Dt+1 + 1

2ρ
ω2

t+1 + vt+1 (14)

whereω2
t+1 is a measure of the consumption shock conditional variance.

Equation(14) parsimoniously comprises the main determinants of consumer behaviour.20

The first term accounts for the intertemporal substitution effect and the second ones con-
siders how different periods in the life-cycle are reflected in the consumption path through
changes in circumstances which are implicit in demographic variables∆Dt+1. Finally, the
last term captures the precautionary saving motive: an increased value of the expected vari-
ance of future consumption shocks,ω2

t+1, leads to a higher expected consumption growth,
since current consumption is lowered in order to raise precautionary saving.

It is worth noting thatω2
t+1 reflects uncertainty about future realisations ofeachexoge-

nous uninsured variables. In other words, besides income risk, uncertainty about future
demographics (number of family members, illness,...) could cause consumption shocks
against which individuals would wish to insure by means of precautionary saving. Dy-
nan (1996) estimates an equation similar to(14), including the conditional variance of
consumption growth itself to capture all forms of risk. However, I will use the income’s
innovation conditional variance so as to concentrate on the precautionary-saving motive
due to income uncertainty.

This notwithstanding, the variance termω2
t+1 in equation(14) cannot be simply re-

placed by the income shock conditional variance. The response of the consumption shock
variance to unexpected income changes depends on the amount of financial wealth held
by the household and on the magnitude of current income relative to future income. To
clarify, even if future income becomes risky, some households would not need to save so
as to guarantee their future consumption, if they hold enough liquid assets or if their future
income is expected to be much higher than current income.

Accordingly, I will consider an equation such as:

∆ ln (Ct+1) = 1
ρ
ln (rt − δ) + 1

ρ
ϕ′∆Dt+1 + kπ2

tσ
2
t+1 + vt+1 (15)

whereσ2
t+1 is a measure of the income shock conditional variance andπt is a scaling factor

such that less wealthy individuals are more responsive to future income variance.
Following the approximate solutions derived by Blundell and Stoker (1999), the scaling

factor can be written asπt = Yt/Et (At+1) . This could also be thought of as accounting
for the impact of the wealth-income ratio target that drives buffer-stock saving behaviour in
Carroll (1997). Assuming particular processes for income, Carroll shows that consumers

19As far as this paper is concerned, the most interesting feature of this functional form is that it allows to
go beyond the certainty-equivalence model and, hence, to analyse the precautionary motive for saving.

20See Browning and Lusardi (1996) for a detailed explanation.
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with certainprudenceandimpatience21 patterns have a desired wealth-income ratio. Bel-
low this target, prudence dominates and consumers will save; but above, impatience will
lead households to dissave, i. e., to use up their wealth surplus.

Nevertheless, financial wealth (At) is often not available in micro data-sets. For this
reason, Banks, Blundell and Brugiavini (1999) replace it withCt, and I will also useπt =
Yt/Ct as scaling factor.

3.2 Modelling Income and Income Risk Dynamics

A Dynamic Model of Income

Let Yht be the (log of) total income for householdh at timet:

Yht = β′Xht + η∗h + εht (16)

whereη∗h is an unobservable household effect andXht is a vector of exogenous control
variables.

The error term is assumed to have three (pairwise orthogonal) components

εht = et + ect + eht (17)

whereet is the aggregate component (common to all individuals in an economy) of the
error term,ect is the cohort-specific component (common to all individuals in a year-of-
birth cohort) andeht is the idiosyncratic (household-specific) error term.

Allowing for a degree of persistence in the stochastic specification of income, each
component of the error term is assumed to follow an ARMA, i. e.,

Φ(L)et = Θ(L)εt (18)

φ(L)ect = θ (L) εct (19)

ψ (L) eht = ϑ (L) εht (20)

whereεt, εct andεht are white noise innovations.
The income innovationsεt, εct andεht are assumed to be conditionally heteroskedastic

to capture the time-changing nature of income risk:22 Et

(
ε2

t+1

)
= σ2

t+1, Et

(
ε2

c(t+1)

)
=

σ2
c(t+1) andEt

(
ε2

h(t+1)

)
= σ2

h(t+1). These “one-period ahead” expected variances of in-

come innovations are the determinants of precautionary saving. Controlling for observable
and unobservable characteristics which vary across individuals (Xht andη∗h, respectively,
in 16) and stripping out persistent features of income in(18)−(20) allows me to rely just on
the time series evolution of risk terms to identify the effect of income risk on consumption
growth.

21Consumers displayprudencewhen the third derivative of their utility function with respect to consump-
tion is non-negative (UCCC > 0); see Kimball (1990).

As for impatience, it sets bounds to the wealth accumulation, yet its definition depends on the context. For
example, see Carroll (1997) and the papers referenced there.

22For instance, a permanent worker becoming unemployed will face,ceteris paribus, a higher income
uncertainty.
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Recovering Income Innovations

Along the lines of section 2, I will use a multi-stage procedure to estimate the different
processes of income innovations. First, a separate income process is estimated for each
cohort; as a consequence, all parameters are, by definition, allowed to be cohort-specific
(common to all individuals in a cohort). After recovering the estimated income innova-
tions, their conditional variances can be calculated so as to be included in the consumption
equation.

Taking equations(16) and(17) together for a given cohortc, I haveYht = (βc)′Xht +
η∗h+m

c
t+eht, ∀h ∈ c, wheremc

t = (et + ect) and the superscript denotes that parameters are
specific to cohortc. It is worth noticing that the cohort innovation (ect) and the aggregate
innovation (et) cannot be separately distinguished, since both represent common effects
across all householdswithin a cohort; the parametermc

t reflects this (cohort-specific) time
effect.

Moreover, let me assume a simple first-order autoregressive structure for the idiosyn-
cratic innovation:

eht = αceh(t−1) + εht, ∀h ∈ c (21)

Thus, after some rearrangements, the income equation can be expressed as:

Yht = αcYh(t−1) + (βc)′Xht − αc (βc)′Xh(t−1) + ηh + λc
t + εht, ∀h ∈ c (22)

whereηh = (1− αc) η∗h is a household-specific unobservable effect andλc
t = mc

t −
αcmc

t−1 is a time-effect, simply captured by including time-dummies.
Once the parametersαc andβc have been estimated, the idiosyncratic innovationsε̂ht

are recovered as the residuals in equation(22). Thus, the conditional variance of this
income innovation can be calculated as:Et

(
ε̂2

h(t+1)

)
= σ̂2

h(t+1).
Likewise, it is straightforward to obtain eacĥmc

t = (êt + êct) as the sum across house-
holds of the residuals in(16)for each cross section, that is,

m̂c
t =

1

Nc

∑
h∈c

[
Yht −

(
β̂

c
)′
Xht

]
whereNcis the number of households belonging to cohortc.23 Then,m̂c

t is decomposed
into cohort and aggregate (common to all cohorts) income innovation. The latter can be
recovered as follows:

êt =
1

C

C∑
c=1

m̂c
t

23Without loss of generality, it can be assumedE [η∗h] = 0 andE [εht] = 0. Otherwise, the mean ofη∗h
andεht will be added to the mean of̂mc

t , but the results will not be affected.
On the other hand, the time series form̂c

t could be alternatively obtained from the parametersΛ̂c
t =

m̂c
t − αcm̂c

t−1, by inverting this process witĥmc
1 = 1

Nc

∑
h∈c

[
Yh1 −

(
β̂

c
)′

Xh1

]
as its initial condition.
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whereC is the number of cohorts. The time-series forêct are obtained by subtractinĝet

from eachm̂c
t series.

Finally, the time series processes forêt and êct can be estimated. Following the ap-
proach to prediction in dynamic models with time-dependent variances described in Ballie
and Bollerslev (1992), I will first proceed to estimate the process for the conditional mean
of êt and eacĥect (that is,Φ(L)êt = Θ(L)εt andφc(L)êct = θc (L) εct, c = 1, . . . ,C,
respectively) under the assumption of a constant variance; thus, the white noise innova-
tions ε̂t and ε̂ct can be computed. Then, their conditional variancesEt

(
ε̂2

t+1

)
= σ̂2

t+1,
Et

(
ε̂2

c(t+1)

)
= σ̂2

c(t+1), c = 1, . . . ,C, are calculated.

3.3 Data

The data set used in this empirical application is the Spanish family expenditure survey
(Encuesta Continua de Presupuestos Familiares, ECPF, hereafter). The ECPF is a rotating
panel conducted by the National Institute of Statistics (INE) on a quarterly basis. About
3200 households are interviewed every quarter, with one eighth of the sample being re-
newed each quarter. This survey is highly suitable for my purpose, since it contains very
detailed and comprehensive information on family expenditure and income and on several
control variables (household characteristics such as employment status, demographics, etc
...).

Contrary to the data available to Banks, Blundell and Brugiavini (1999), households
are followed by the ECPF for several, at most eight, consecutive periods. Thus, a true
(although short and unbalanced) panel structure is available. This feature is crucial to
identify a separate dynamic process for idiosyncratic innovations.

Here, I use twelve consecutive years of the ECPF running from the first quarter of 1985
to the fourth quarter of 1996. The long period over which this data is available is also
an important point. On the one hand, the identification of the consumption model would
require long time series panel, so that common (macro) shocks were averaged out (see
Deaton, 1992, and Browning and Lusardi, 1996). Secondly, time series information must
suffice to remove persistence from the income series.

As regards income, I use total household income earned by any member of the family,
from any source with the exception of asset income. I do include unemployment benefits
as a component of household income, since the participation variable accounts for much of
observed income uncertainty (and, consequently, precautionary saving). As for consump-
tion, I use household real expenditure on non-durable consumption goods.24

Likewise, household expenditures, income and nominal interest rate are deflated by the
consumer retail price index (IPC), published by the INE. The nominal interest rate is a
synthetic rate on deposits provided by Cuenca (1993).

Summary statistics relating to the cohort definition are shown in Table 2. I have selected
seven cohorts in which the youngest individuals are 18 years old in 1985 and nobody is
older than 64 years old in 1996. Thus, each household head is observed at working ages

24I have included Food, Drinks and Tobacco (corresponding to Group 1 in theClasificacíon de los Gastos
de Consumoprovided by INE), Clothing and Footwear (Group 2) and Energy and transport (Sub-groups 32,
62, 63 and 64)
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Table 2: Cohort Definition, ECPF, 1985:1-1996:4

Cohort Date of Education Observations each period
Birth Level Median 25th perc. 75th perc.

1 1932-43 Illiterate 49 35 59
2 1932-43 Primary 173 105 185
3 1932-43 Second./Univ. 33 21 37
4 1944-55 Illiterate 23 18 26
5 1944-55 Primary 214 129 227
6 1944-55 Second./Univ 85 46 99
7 1956-67 Primary 110 65 128
8 1956-67 Second./Univ 65 36 100

throughout the sample period.25 In the Data Appendix, additional details are given on how
to obtain the final sample; other variables used in the estimation are described as well.

4 Empirical Results

4.1 Income Equation

To get the predicted conditional variance of the income innovations, the income equation
(22) have first to be estimated. This constitutes a dynamic model with common factor
restrictions on certain coefficients:

Yht = πc
0Yh(t−1) + (πc

1)
′Xht + (πc

2)
′Xh(t−1) + ηh + λc

t + εht, ∀h ∈ c (23)

with

πc
0 = αc; πc

1 = βc; πc
2 = −αcβc (24)

As suggested by Chamberlain (1984), I initially carry out the estimation of the param-
eters in the reduced form(23), namely,π̂c

0, π̂
c
1 andπ̂c

2 (without imposing any restriction).
From these results, I then estimate the parametersαc andβc using a minimum distance
technique:

(
α̂c

MDE

β̂
c

MDE

)
= arg min

αc,βc

 π̂c
0 − αc

π̂c
1 − βc

π̂c
2 − (−αcβc)

′

V̂ −1

 π̂c
0 − αc

π̂c
1 − βc

π̂c
2 − (−αcβc)


25This choice excludes from this study households headed by young and elderly people; however, both of

them are likely to exhibit a precautionary saving behaviour. On the one hand, labour income uncertainty is
expected to be higher at the earlier stages of the life-cycle. On the other hand, as people age, uncertainty
arises from new sources such as medical expenses, the timing of death or assets returns.
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whereV̂ = V̂ ar
[(

π̂c
0, (π̂c

1)
′ , (π̂c

2)
′ )′].

Another issue I must also address is the seasonality of labour income in Spain. The
Spanish pay system presents a particular institutional feature: many workers receive extra
payments in the Summer (June or July) and in the Winter (December) of each year; that
is, the same annual value can be paid through either twelve equal monthly payments or
twelve unequal monthly payments which include these two extra payments. The payment
scheme for a worker is determined by her job and can reasonably be taken as exogenous
to workers’ choices. Hence, the seasonal pattern of income varies randomly from one
individual to another: i. e., the income equation includes a seasonal-individual random
effect. This issue is discussed byÁlvarez (1999).

Consider the income equation re-written as:

Yht = (πc)′Wht + uht, ∀h ∈ c (25)

whereπc =
[
π̂c

0, (π̂c
1)
′ , (π̂c

2)
′ ]′ andWht =

[
Yh(t−1), X ′

ht, X ′
h(t−1)

]′
. The error

componentuht was given in(23) by uht = ηh + λc
t + εht (again,ηh is the household fixed

effect andλc
t is the time effect). In this case, Generalised Method of Moments (GMM) es-

timators forπc are available from the following moment conditions in the first-differenced

equation:E
[
W t−2

h ∆uht

]
= 0, t = 3, ..., T , with W t−2

h =
(
W ′

h1,W
′
h2, ...,W

′
h(t−2)

)′
; see

Arellano and Bond (1991) and Arellano and Honoré (1999).
But, taking into account the discussion two paragraphs above, I will have:

uht = ηh +
4∑

s=1

τ shdst + λc
t + εht

=
4∑

s=1

(ηh + τ sh) dst + λc
t + εht (26)

wheredst are seasonal dummy variables andτ sh are seasonal individual effects.
Hence, given this error structure, the previous moment conditions do not hold, since

some lagged endogenous variables (included inW t−2
h ) are now correlated with∆uht =∑4

s=1 τ sh

(
dst − ds(t−1)

)
+ ∆ (λc

t + εht) through the first term (the seasonal-individual ef-
fects). Nevertheless, aśAlvarez (1999) points out, those can be easily generalised by
using seasonal differencing (so that such effects can actually be removed):∆4uht =∑4

s=1 τ sh

(
dst − ds(t−4)

)
+∆4 (λc

t + εht) = ∆4 (λc
t + εht), because∆4dts =

(
dst − ds(t−4)

)
=

0, ∀t, s. Therefore, the following orthogonality conditions could be used to estimate the
(unrestricted) parametersπc:

E
[
W t−5

h ∆4uht

]
= 0, t = 6, ..., T

with W t−5
h =

(
W ′

h1,W
′
h2, ...,W

′
h(t−5)

)′
; then, the parameters of interestαc andβc are

recovered as explained before..26 The estimation results of these parameters (for each
26Estimation was performed with the DPD98 program (written in Gauss by Arellano and Bond, 1998),

using an extended procedure provided by Olympia Bover to get minimum distance estimates from DPD
results.
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cohort) are shown in the Appendix of Tables, Table I.
With regard to the conditional variance of idiosyncratic income shock,σ̂2

h(t+1) = Et

(
ε̂2

h(t+1)

)
,

it has been estimated (Appendix of Tables, Table II) allowing it to depend on:

1. The information set at timet (past observation of̂εh(t+1), ε̂
2
h(t+1) and other weakly

exogenous variables: demographics, number of household members having an em-
ployment, labour status for household head, ...).

2. Control variables which account, to some extent, for permanent differences in id-
iosyncratic risk.

Lastly, Tables III and IV in the Appendix of Tables report the estimated ARMA pro-
cesses for the conditional mean and ARCH processes for the conditional variance of the
time serieŝec(t+1) andêt+1. The main purpose of this estimation is to capture the time series
dynamics, so as to get suitable forecasts of the conditional variances,σ̂2

c(t+1) andσ̂2
(t+1), to

be included in the consumption growth equation. It should be noted that these estimates are
purely based on time series, which emphasises the need for a long time series of income
on each cohort. Along the lines of discussion in section 3, some corrections should be
done in order to take into account thatêc(t+1) andêt+1 have been obtained from a previous
stage. At this point, this has not been attempted yet (so it could be thought of as appealing
to largeN in my cross-sections). In the Appendix of Figures, I show the evolution of the
cohort-level and aggregate variances (actually, their fitted values from regressing them on
a 3rd degree polynomial trend and seasonal dummies).

4.2 Consumption Growth Equation

Making use of the conditional variance of the income innovations estimated above, I finally
move on to study the impact of precautionary saving on consumption growth. Thus, the
estimated consumption growth equation will be:

∆ ln
(
Ch(t+1)

)
= 1

ρ
rt + 1

ρ
ϕ′∆Dh(t+1)

+k1π
2
htσ

2
t+1 + k2π

2
htσ

2
c(t+1)

+k3π
2
htσ

2
h(t+1) + vh(t+1) (27)

where the expectational error is included invh(t+1). Nevertheless, in the presence of mea-
surement errors in consumption, these extra terms will also be added to the disturbance;
provided that the measurement errors are serially uncorrelated, the error term in equation
(27) will have a MA(1) structure.

It follows that a GMM estimator for the parameters in(27) is defined by the moment
conditions:

E

[(
Zt−2

h

Z̃t
h

)
vht

]
= 0, t = 3, ..., T
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with Zt−2
h =

(
Z ′

h1, Z
′
h2, ..., Z

′
h(t−2)

)′
, Z̃t

h =
(
Z̃ ′

h1, Z̃
′
h2, ..., Z̃

′
ht

)′
and whereZht is a vector

of endogenous variables in the model andZ̃ht is a vector of exogenous variables. Moreover,
I have used optimally reweighted instruments taking into account of the autocorrelation in
vht.

The results are reported in Table 3. Demographic variables are treated as exogenous27

whereas employment variables, the interest rate, income, consumption and conditional
variances are, obviously, regarded as endogenous.

Table 3: Estimates for the Consumption Growth Equation

∆ ln
(
Ch(t+1)

)
= 1

ρ
rt + 1

ρ
ϕ′∆Dh(t+1) + k1π

2
htσ

2
t+1 + k2π

2
htσ

2
c(t+1) + k3π

2
htσ

2
h(t+1) + vh(t+1)

(1) (2) (3) (4)

rt 1.816 1.802 1.842 1.838
(1.044) (1.048) (1.042) (1.051)

Age of head 0.001 0.001 0.001 0.001
(0.001) (0.001) (0.001) (0.001)

∆#children 0.002 0.003 -0.003 -0.001
(0.004) (0.004) (0.005) (0.001)

∆#members 0.066 0.085 0.058 0.059
(0.190) (0.188) (0.187) (0.187)

∆#employed 0.183 0.309 0.333 0.410
(0.143) (0.155) (0.153) (0.149)

π2
htσ

2
h(t+1) 0.001 -0.001 -0.001

(0.001) (0.001) (0.001)
π2

htσ
2
c(t+1) 1.867 1.291

(0.568) (0.613)
π2

htσ
2
t+1 15.314 11.345

(4.083) (4.571)

Notes:

1) See the Data Appendix regarding the variables displayed in this Table. Seasonal dummies (not reported) were also included.

2) Numbers in parentheses are standard errors.

3) The set of instruments includes: age and age squared of the household head and household head’s wife,

Number of total members, children, and elderly in the household dated att, t − 1, t − 2, t − 3 andt − 4; real interest rate, number

of employees, labour status of household head and his wife, household income, consumption and conditional variances (in the columns

where they appear) dated att− 2, t− 3 andt− 4.

In the first column, it is reported, as a baseline, a conventional consumption growth
equation, that is, without including the risk terms in the right hand side. Several results

27Statistical tests cannot reject the demographics dated att andt− 1 as valid instruments.
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are worth noting. First, the estimated coefficient for real interest rate (i.e., the elasticity
of intertemporal substitution) is positive and significantly different from zero. Likewise,
some demographic variables are found to have important effects: the estimated response to
an increased number of household members is significantly positive. These results remain
unchanged when conditional variances are introduced as explanatory variables into the
consumption equation.

In columns(2) and(3), besides the idiosyncratic risk term, I have included a common-
risk term: the aggregate risk termσ2

t+1 in (2) (common to all households) and the cohort-
specific risk termσ2

c(t+1) (common to all households whose head belongs at the same co-
hort) in (3). Similar conclusions can be reached from both columns: the idiosyncratic
component is not significant, whereas the common-risk components are positive and sig-
nificantly different from zero; the latter confirms the importance of a precautionary motive
for saving. It is also worth noting that the theoretical model for consumption, see equation
(14), predicts that the coefficient for risk term should be one half of the coefficient for
interest rate; the estimated coefficients in columns(2) and(3) seem to verify this property.
On the other hand, the non-significance of the idiosyncratic term suggests that much of
what is being counted as idiosyncratic risk inσ2

h(t+1) does not pose true (i. e., uninsurable)
risk; as commented before, households can get insured against idiosyncratic risks through
many different schemes unobservable to the econometrician.

Finally, all the three risk components have been included in column(4). As expected,
fully aggregate uncertainty appears to be important for individuals saving decisions. Nev-
ertheless; the coefficient for the variance of cohort component is still significantly different
from zero (and positive).28 Hence, these results indicate that “between groups” insurance
mechanisms at the cohort level have not worked out to limit the differential impact of these
risks across households, so households needed to protect themselves from uncertainty as-
sociated with cohort level income variability by means of saving.

5 Conclusions

In this paper, I started from an interesting empirical application: the analysis of precau-
tionary saving. I have a household rotating panel with information on family expenditure.
I need identify the individual and the aggregate process of income, because idiosyncratic
and aggregate income risks are expected to be play different roles in household decision
making. Aggregate shocks can only be smoothed (across state of nature) by using pre-
cautionary saving, whereas individuals can more easily get insured against idiosyncratic
shocks, because these can be “shared” with other individuals.

In many aspects, my data set,Encuesta Continua de Presupuestos Familiares(ECPF),
is unique. Individuals are interviewed for eight consecutive periods, so I have a short
true panel for each unit which crucially allows to identify the individual process; having
as many as eight periods is not so common in rotating panel. Furthermore, I can easily

28Notice that the cohort-specific shock has to be regarded as including some macroeconomic shocks (com-
mon to all households in an economy), which have different impacts on individuals in different generations.
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applied synthetic panels technique to study the aggregate process, because I also have a
quite long time series (forty-eight periods).

Undoubtedly, these features raise very interesting econometric questions. So, I have
taken seriously my data set and, in a econometric section, I discuss the properties that my
estimates are expected to have, given the structure of the data that I am using. Finally, in the
empirical section, I present results providing evidence on the importance of precautionary
motive for saving in response to income risk.
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A Technical Appendix

Let me introduce some notation. Let these moment conditions be:

Ψ (wit; θ) =

[
Ψ1 (wit; θ1)

Ψ2 (wit; θ1, θ2)

]
such that(7)− (??) areΨ1 (wit; θ1) with θ1 =

(
α σ2

u

)
, andΨ2 (wit; θ1, θ2) are(13)

with θ2 = β. These conditions verify that its expectations evaluated at the true parameter
equals zero:plimN,T→∞

1
NT

∑
i,t Ψ (wit; θ0) = E [Ψ (wit; θ0)] = 0. Let me also define

E

[
δ

δθ′
Ψit (θ0)

]
= Γ =

[
Γ11 0
Γ21 Γ22

]
E
[
Ψit (θ0) Ψit (θ0)

′] = Ω =

(
Ω11 0
0 Ω22

)
where (given thatΨ1 (wit; θ1) is independent ofθ2) and Ω is block diagonal since

Ψ1 (wit; θ1) depends on∆ (yit − y·t) andΨ2 (wit; θ1, θ2) depends ony·t which are orthog-
onal to each other. The point is to know whether there is an efficiency loss in proceeding in
two stages. Let callθJ the joint estimator andθS the sequential estimator (first estimating
θS

1 and thenθS
2 using the previous estimates).

Then it is easy to prove that

V ar
(
θJ
)

=
[
Γ′Ω−1Γ

]−1

V ar
(
θS

2

)
=

[
Γ′22 (Ω∗)−1 Γ22

]−1

Ω∗ = AΩA′ andA =
[
−Γ21

(
Γ11Ω

−1
11 Γ11

)−1
Γ11

... I

]
After some basic manipulation, one can show thatV ar

(
θJ

2

)
= V ar

(
θS

2

)
. Therefore,

given thatΩ is block diagonal and that the weighting matrix is optimally chosen in the first
step (that is whyΩ−1

11 appears inA), one is not doing it worse in a sequential estimation for
β than in a joint estimation.
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B Data Appendix

The final sample of the households has been constructed by imposing the following re-
quirements on the original data set:

• Households having permanent guests at any interview period are dropped, since I
could be dealing with some kind of rooms-for-rent business which does not fit to my
purpose in this paper.

• Every household member must have fully answered the survey. When a household
member does not answer the survey, his/her income and expenditure are attributed
by the INE according to his/her known characteristics (age, attained education, ...);
I have decided to keep only households whose information is actually reported by
themselves.

• The household head must be a married male.

• The household head must have been born between 1932 and 1959 (i. e., he belongs
to any cohort in Table 2).

• The household must have answered the survey for, at least, 6 consecutive periods.
This allows me to use lagged variables as instruments in the seasonally differenced
panel data estimates.

The following variables, used in the estimates, are easily available from ECPF records:

• Age and age squared of the household head.

• Age and age squared of the household head’s wife.

• Number of household members.

• Number of females in the household.

• Number of children: calculated as those household members aged 17 or less.

• Number of members older than 65 years old.

• Number of household members having an employment, either as wage earners or as
self-employed.

• Dummy variables for the labour market status of the household head: part-time em-
ployed, unemployed, and out of the labour force (dummy for fully employed29 is
omitted in estimates).

• Dummy variables for the household head’s educational attendance: illiterate or no
schooling, secondary schooling, and university and post-graduate studies (dummy
for primary schooling is omitted in estimates).

29Concerning employees, an individual working less than one third of the legal shift is regarded as partly
employed and, otherwise, as fully employed.
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C Appendix of Tables

Table I: Estimates for the Income Equation, by Cohort

Yht = αcYh(t−1) + (βc)′Xht − αc (βc)′Xh(t−1) + ηh + λc
t + εht, ∀h ∈ c

Coh. 1 Coh. 2 Coh. 3 Coh. 4 Coh. 5 Coh. 6 Coh. 7 Coh. 8
Yh(t−1) 0.370 0.538 0.633 0.576 0.495 0.577 0.668 0.669

(0.193) (0.144) (0.125) (0.135) (0.124) (0.139) (0.140) (0.103)
#employed 0.182 0.213 0.337 0.251 0.367 0.266 0.312 0.499

(0.082) (0.150) (0.088) (0.095) (0.102) (0.118) (0.132) (0.140)
#members 0.051 0.191 -0.205 0.416 0.354 -0.072 0.218 -0.294

(0.172) (0.133) (0.090) (0.297) (0.156) (0.314) (0.223) (0.183)

Note: Numbers in parentheses are standard errors.
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Table IV: Estimates for the Conditional Variance of Cohort Specific and Aggregate Shocks
to Income, by Cohort

ε2
ct = exp

(
κ0 +

4∑
s=1

κ1sε
2
c(t−s) +

4∑
l=1

κ2lεc(t−l) + τσ2
c(t−1) + ϑct

)

Coh. 1 Coh. 2 Coh. 3 Coh. 4 Coh. 5 Coh. 6 Coh. 7 Coh. 8 Aggregate
Constant -5.964 -11.012 -3.502 -9.348 -6.413 -1.209 -0.362 -2.720 -3.244

(2.611) (1.261) (0.926) (0.379) (1.648) (1.848) (0.863) (1.367) (1.251)
ε2

c(t−1) -0.905 0.791 2.119 0.846 0.419 -0.350 -0.455 -0.920 -1.056
(0.568) (0.218) (0.554) (0.610) (0.670) (0.240) (0.336) (0.672) (0.473)

εc(t−1) -0.423 -0.521 -0.157 0.013 0.339 -0.090 0.067 -0.115 -0.521
(0.292) (0.273) (0.340) (0.341) (0.178) (0.192) (0.117) (0.545) (0.306)

ε2
c(t−2) -1.003 0.477 0.407

(0.709) (0.672) (1.013)
εc(t−2) -0.576 0.053 0.290

(0.305) (0.232) (0.568)
ε2

c(t−3) 0.054 0.088
(0.622) (0.887)

εc(t−3) -0.070 -0.139
(0.266) (0.563)

ε2
c(t−4) -2.863 -0.407

(0.528) (0.854)
εc(t−4) -0.644 -0.771

(0.390) (0.432)
σ2

c(t−1) -0.331 -0.479 0.671 -0.895 -0.068 0.772 0.886 0.371 0.475
(0.556) (0.196) (0.154) (0.085) (0.204) (0.282) (0.088) (0.330) (0.186)

Note: Numbers in parentheses are standard errors.
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D Appendix of Figures

Evolution of (Fitted) Conditional Variances
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