A Service of

ECOMNZTOR pr

Make Your Publications Visible.

Leibniz-Informationszentrum
Wirtschaft

Leibniz Information Centre
for Economics

Rosati, Nicoletta

Working Paper

A nonparametric anallysis of welfare and the economic

shocks

cemmap working paper, No. CWP22/06

Provided in Cooperation with:
Institute for Fiscal Studies (IFS), London

Suggested Citation: Rosati, Nicoletta (2006) : A nonparametric anallysis of welfare and the economic
shocks, cemmap working paper, No. CWP22/06, Centre for Microdata Methods and Practice

(cemmap), London,
https://doi.org/10.1920/wp.cem.2006.2206

This Version is available at:
https://hdl.handle.net/10419/79330

Standard-Nutzungsbedingungen:

Die Dokumente auf EconStor durfen zu eigenen wissenschaftlichen
Zwecken und zum Privatgebrauch gespeichert und kopiert werden.

Sie dirfen die Dokumente nicht fiir 6ffentliche oder kommerzielle
Zwecke vervielféltigen, 6ffentlich ausstellen, 6ffentlich zugénglich
machen, vertreiben oder anderweitig nutzen.

Sofern die Verfasser die Dokumente unter Open-Content-Lizenzen
(insbesondere CC-Lizenzen) zur Verfiigung gestellt haben sollten,
gelten abweichend von diesen Nutzungsbedingungen die in der dort
genannten Lizenz gewahrten Nutzungsrechte.

WWW.ECONSTOR.EU

Terms of use:

Documents in EconStor may be saved and copied for your personal
and scholarly purposes.

You are not to copy documents for public or commercial purposes, to
exhibit the documents publicly, to make them publicly available on the
internet, or to distribute or otherwise use the documents in public.

If the documents have been made available under an Open Content
Licence (especially Creative Commons Licences), you may exercise
further usage rights as specified in the indicated licence.

Mitglied der

Leibniz-Gemeinschaft ;


https://www.econstor.eu/
https://www.zbw.eu/
http://www.zbw.eu/
https://doi.org/10.1920/wp.cem.2006.2206%0A
https://hdl.handle.net/10419/79330
https://www.econstor.eu/
https://www.leibniz-gemeinschaft.de/

cemmap

centre for microdata
methods and practice

A NONPARAMETRIC ANALYSISOF
WELFARE AND THE ECONOMIC SHOCKS

Nicoletta Rosati

THE INSTITUTE FOR FISCAL STUDIES
DEPARTMENT OF ECONOMICS, UCL

cemmap working paper CWP22/06



A nonparametric analysis of welfare and the
economic shocks

Nicoletta Rosati
CEMAPRE and ISEG*

15th September 2006

Abstract

The behaviour of the permanent and transitory economic shocks for different
levels of household’s welfare is studied using both consumption and income mea-
sures. After testing for heteroskedasticity of the economic shocks, we use local
polynomial regression models to estimate the variance of the shocks conditional
on welfare level. Italian data covering the period 1980-2004 show evidence of
heteroskedasticity of both the transitory and the permanent economic shocks,
with the poor experiencing higher variances. The permanent shocks seem to
have a more uniform effect at all welfare levels.

Keywords: Heteroskedasticity; income and consumption welfare measures;
local polynomial regression; permanent and transitory shocks.

1 Introduction

The welfare of a family is usually defined according to the level of income or consump-
tion; in particular, the poverty state is normally identified through comparison to a
threshold (poverty line). Intuitively, for those in the poverty state there is more than
a low-income or low-consumption condition, as they also suffer from the consequences
of such low levels, especially in the most difficult times for the economy. The aim of
this study is to investigate the impact of the economic shocks along the distribution
of welfare, in particular trying to understand whether, in addition to a disadvantaged
starting point, the poor are hit harder than the rest of the population.

The study of welfare needs the careful distinction of its temporary and permanent

aspects. For example, in a policy decision process we might be dealing with temporary
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fluctuations of income, which can hide the real, long-run, level of welfare of a household,
and therefore mis-identify the target population. Given the objective of this study, we
wish to be able to distinguish the permanent economic shocks from their transitory
counterpart, and study separately their effects along the welfare distribution.

Some studies have considered (unobservable) permanent income as a measure of
permanent welfare; for instance, Abul-Naga and Burgess (1997) develop a model to
predict household permanent income making use of both income and expenditure plus
an extra set of causal variables for permanent income, such as family size, housing asset
ownership, educational and occupational status of the household. Other approaches
instead, like the studies by Deaton and Paxson (1994) and Blundell and Preston (1998),
combine a specification of the permanent income process with an intertemporal model
of optimization over the life cycle. In particular, the last paper highlights the value of
the joint use of income and consumption measures in the identification of the tempo-
rary and permanent components of inequality. Following this line, the present study
investigates further the joint role of income and consumption in the identification of
temporary and permanent economic shocks.

An assumption that is fairly common in the literature is that the economic shocks
are homoskedastic, at least within certain homogeneous groups. This is usually a
quite mild assumption, since heteroskedasticity-robust inference can be done for most
standard econometric techniques. However, a non-constant variance of the economic
shocks is not only a statistical issue but also an interesting aspect of the economic
study of welfare. As noticed earlier, it is likely that those in the lower percentiles of the
welfare distribution experience a stronger impact of the economic shocks. Therefore,
in the present study, rather than assuming homoskedasticity, the behaviour of the
variances of the economic shocks is investigated, to see whether they vary along the
population.

The paper is organised as follows. Section 2 presents an intertemporal model of
consumer’s behaviour, and identifies the economic shocks. Section 3 develops a formal
model to test for the presence of heteroskedasticity. Section 4 presents a framework
for the estimation of the variance function of the shocks, based on local polynomial

regression. Section 5 presents an application to Italian data, and Section 6 concludes.

2 An economic model for income and consumption

This section presents an economic model of consumer’s behaviour based on the joint
use of income and consumption, following the lines of Blundell and Preston (1998). In

order to catch any generation effect, the population is split into birth cohorts. Suppose



income can be decomposed into a permanent component 4? plus a transitory shock wu,

namely:
Yit = Ypy + Ut (1)

for individual ¢ in cohort j at time ¢, where ¢, and u;; are uncorrelated. The u;’s have

zero mean and are independent over time. Assume that:

e ¢!, evolves according to: Ayf, = vy, where v;; is a permanent shock uncorrelated
with 3%, ; and orthogonal to u;. The v;’s have zero mean and are independent

over time;
o Cov,(us, yi—1) = Covi(ve, yp—1) =0 VI>1

The stochastic component of permanent income, v;;, includes all the economic shocks
that can be considered permanent, such as an increase in the salary, or an increase
in the cost of housing, and so on. It does not include returns on assets, since their
riskiness has a more transitory than permanent nature. That would be part of the
transitory error u; in the income process.
All-together:
Ay = Aug + vy

i.e. the changes in income are affected by both permanent and transitory shocks.
Add now to the above income process a life-cycle model for consumption. Assuming

quadratic preferences, with the discount rate r equal to the fixed real interest rate, we

obtain the random walk property of consumption as in Hall (1978); for small r and

large T' — t the following approximate relation holds:
Acyy = vy

where T is the year of retirement. This relation implies that the consumption decisions
are mainly driven by the permanent shocks if we are sufficiently far from retirement.

The model can be summarised with the following three equations:

Vit = Yh + Us (2)
yZE = yf t—1 T Vit (3)
Cit = Cit—11+ Ui (4)

In this economic model the transitory and permanent shocks are assumed to be
uncorrelated with permanent income or consumption, but their variance is left un-

specified. As noticed earlier, it is likely that the shocks have different effects along



the distribution of permanent income or consumption. In particular, the shocks are
expected to be more volatile in the bottom and top of the distributions. In fact, the
poorer households have - for instance - more difficult access to financial services, or do
not have stable job positions, facts that might increase the effects of the fluctuations
of the economy. On the other hand, the richer families have more choice about the
use of their income, and may show different attitudes towards savings; this in turn de-
termines different reactions to economic shocks, and hence more variability. Therefore
we shall assume that the variances of the shocks are not constant for a given time and

a given cohort.

2.1 Variance of the economic shocks

How can the variance of the shocks be studied, distinguishing between permanent and
transitory? The basic idea is to start from equations (2) and (4) to obtain the two
errors, and then use them to study the behaviour of their variance. For this purpose,
the functions of interest are the two conditional variances Var{u; |yl ) and Var(vy|ci—1)-
For this last case (permanent shocks), v;; can be simply obtained as vy = ¢ — ¢ 1,
and then its conditional variance can be studied.

We know from the Permanent Income Hypothesis that Ay? = Ac¢; = vy, i.e. that
y? and ¢; are parallel time processes. Moreover, consumption over the life-time (3, ¢;)
should approximately equal total permanent income over the life-cycle (3°,47), unless
we are going to leave a large debt or inheritance to our heirs. This, together with
the PIH, implies that ¥ = ¢, therefore for the transitory shocks we can look at the
simplest case where y¥ = ¢;, and obtain u; = y; — ¢;, which corresponds to savings.
The regression of the squared savings on consumption, therefore, gives an estimate of
the conditional variance of the transitory shocks, given consumption, Var(u;|c;).

In both cases, what is studied is the effect of the economic shocks at different points
of the consumption distribution. This implies that here consumption plays the role of

a welfare measure.

3 Testing for heteroskedasticity of the shocks

To study the conditional variances Var(u;|c;;) and Var(vg|ciz—1) consider the following

additive models!:
ul, = mfci) + e (5)

v = glei1) + M (6)
1See, for instance, Hastie and Tibshirani (1990).
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where the regression functions m and g are assumed to be general functions of ¢;
and ¢; 1. To illustrate the testing procedures, we focus now on equation (5) for the
transitory shocks, but analogous reasoning can be followed for the case of permanent
shocks. Since one fixed time period at a time is considered, the time index is dropped
to simplify notation.

For a fixed time period ¢, the error ¢ is uncorrelated with ¢, and E(¢) = 0. Let us
start from the standard case where Var(¢) = o2 is a constant; this point will be relaxed

later. An F-ratio type test can be derived to test the null hypothesis of no effect, i.e.

Hy : E(W?)=2¢6
Hy : E(u})=m(c)
Let RSSy = 3% {u? — k}? be the residual sum of squares under the null, where k is

the sample average of the u?; let also RSS; = Y7 ;{u? — m(c;)}? be the residual sum

of squares under the alternative. Then we can define the following F'-statistic
(RSSO_RSSI)/(dfO_dfl) (7)
RS S /df

where dfy = tr(I — L) and df; = tr(I — S) denote the degrees of freedom for error

under each hypothesis; here L is an n x n matrix filled with the value 1/n, and S is the

F =

matrix such that m = Su?. S is analogous to the projection matrix H = X (X'X)~1X’

in a standard linear model of the form y = X8 + v. Due to the ratio form, the test

2
P

statistic is independent of the unknown error variance o

The simplest way to perform such test is to use the Ordinary Least Squares (OLS)
procedure, wich allows us to test Hy using heteroskedasticity-robust standard errors.
Given the structure of the economic problem, we can reasonably expect an U-shaped
m(.) function, therefore the OLS procedure might happen to fit an horizontal line
through the “U” and not reject constancy of the m(.) function, when in reality it is
non-constant. To avoid this problem, a quadratic term should be added in the OLS
regression, so that under the alternative hypothesis the regression function would be
of the form m(c;) = By + Bic; + B2c2. The F test of zero slopes associated to this OLS
regression is equivalent to (7) , and can be performed using heteroskedasticity-robust
standard errors.

A more flexible alternative to OLS is local polynomial regression®. If m(c;) is spec-
ified locally as a polynomial of order p in ¢, local polynomial regression procedures can
be used to perform the test. In this case, the test statistic (7) turns out to be a pseudo-

likelihood ratio, and therefore shall be referred to as the PLRT (pseudo-likelihood ratio

2See, for instance, Fan and Gijbels (1996).



test). The degrees of freedom are approximate, and the distribution of the test statistic
can be obtained using results on quadratic forms in Normal variables, as illustrated
in Azzalini and Bowman (1997). Standard procedures within this framework assume
that Var(e) = o2 is constant. This would be equivalent to testing for m(c;) constant,
given Var(e) = o2. In this case, the stronger hypothesis of u; independent of ¢; can
be tested, which implies both m(c;;) constant and Var(e) = ¢2. Under the null, the
standard model can be used to test directly for constancy of m(c;).

4 Estimation of the conditional variance

Once verified that the m(.) function is not constant, estimation can be performed.
Local polynomial regression models constitute a semi-parametric framework that is
embedded in the classical weighted least squares problem, providing a full set of infer-
ential tools, and therefore is an ideal setting for our analysis. This framework assumes
that the regression functions m and ¢ are (locally) polynomials of order p in ¢, and
estimates them using a smooth function. As before, let us focus on the m(.) function
for the transitory shocks specified in (5).

Remember that it was assumed that for a fixed time period ¢, the error ¢ is un-
correlated with ¢, and E(g) = 0. Consider first the case Var(¢) = o2 constant. The
variance function for the transitory shocks can be modelled as locally quadratic or
cubic, or even using a higher-order polynomial; however, the local linear approach is
sufficiently flexible for most objectives, so first consider the case p = 1. For a given c,

solving the least squares problem

mlnz:{u — ae — Bele; — ) YPw(c; — ¢; h) (8)

[0 .
cycz 1

and taking as the estimate at ¢ the value of &, gives a local linear regression. The
subscript ¢ in the parameters is to stress the local nature of the minimisation problem,
i.e. the dependence of the parameters on ¢. The smoother w(.) is here chosen to
be the standard normal density ¢(%-°). In this case h is the standard deviation of

the normal kernel, i.e. we use observations approximately within a window of width
range(c)
2

h > % widens the window only to include areas with no observations.

4h; this implies that it is enough to consider 0 < h < ; in fact, choosing an

For p > 1 the problem can be defined in a similar fashion. For instance, in the

quadratic case the minimisation problem would be

min Z{u — e = Belci — €) = velci — ¢)*Pw(ci — ¢ h) (9)

esBeyYe i=1



and so on.

This approach can be viewed as a generalisation of the usual linear regression model.
As the smoothing parameter h becomes very large, the curve estimate approaches the
fitted least squares regression line. This happens when all observations have the same
weight, i.e. when ¢(min |¢; — ¢|) = ¢(max|c; — ¢|). Given that min|¢; — ¢/ > 0 and
that max|c; — ¢| < range(c), then the minimum A that grants equivalence between
local linear regression and ordinary least squares is such that ¢(0) ~ ¢(M), which

h
gives h & 40 range(c). In fact, with this value gb(%) = ¢(0.025) = 0.3988, while
»(0) = 0.3989. It follows that, for instance, the OLS-based test and the PLRT obtained
setting h = 40 range(c) coincide.

The estimate 7(c) has an explicit formula of the type m(c) = 3 §;u?, where the
weights §; are function of the kernel weights w(c; h). We can therefore express the

mean and variance as follows:

E{m(c)} = > & m(c;)
Var{m(c)} = o2 6}
Asymptotic expressions reported in Ruppert and Wand (1994) show that the bias
increases with large h, while the variance increases with small 2. An optimal choice

of the smoothing parameter hA can be obtained via cross-validation. In this case, the

optimal value is that which minimises the function
1 n
CV(h) == {ui —hici)} (10)
nia

where m_;(¢;) denotes the estimate for m based on all observation excluding u;.
Mild assumptions allow a Normal approximation for m(c) using the Central Limit

Theorem, even if ¢ is not Normal, namely
m(c) — m(c) — b(c)
i(c)

where v(c) is the estimated variance of m(c), and b(c) is the bias of the estimator

~ N(0,1) (11)

m(c). If the bias b(c) is known, the approximate result above can be used directly to
construct a confidence interval. When b(¢) is not known, the approximation can still
be used, after substituting into (11) an estimate for b(c). Unfortunately, estimation
of b(c) is rather complex, as highlighted in Eubank and Speckman (1993), since it
involves the second derivative of m(c), therefore some authors, among which Hastie
and Tibshirani (1990), compute confidence bands for the entire curve based on the

maximum deviation of the estimate m(c) from m(c).
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A widely accepted alernative is the computation of variability bands, i.e. pointwise

confidence intervals for E[m(c)] rather than m(c). They are computed as

m(c)iQX\/@

Such bands indicate the level of variability involved in the regression estimator, without
attempting to adjust for the presence of bias. Here all that is required is an estimate

of the variance v(c¢) of 7(c), which is much easier to compute.

5 An empirical illustration

To investigate the behaviour of the economic shocks along the welfare distribution, the

model developed above is now applied to Italian data covering the period 1980-2004.

5.1 Data description

The empirical analyses are run on data from the Survey on Household Income and
Wealth (SHIW) from the Bank of Italy.

The SHIW is available from 1977 to 2004, data being collected annually from 1977
to 1987 except in 1985, then every second year from 1989 to 1995, and again biannually
from 1998 to 2004. The design is substantially a series of cross-sections, but from 1989 a
portion of the sample has been followed over time, producing panel data on a restricted
number of households. Unfortunately the first three waves (1977 to 1979) cannot be
used since consumption is not available in these years. Therefore all the cross-sectional
analyses cover the period from 1980 to 2004. For the last study panel information over
two periods is necessary, hence all the two-wave panels from 1989 to 2004 are used.

Since the economic model is valid far from the year of retirement, in principle it
would be advisable to exclude all families whose head is retired. However, as shown
in Table 1, among the families with head retired, about one fourth has incomes from
employment and /or self-employment. This might be due to other family members who
are still working. Since the income measure that is used is family disposable income,
the behaviour of those family members who are not yet retired has to be taken into
account. For this reason the only families who are excluded from the analysis are those
where the head is retired and no income from employment and /or self-employment is
present.

Households whose consumption or income fell below the 1% percentile or above
the 99*" were dropped. The sizes of the selected samples are reported in Tables 2-3.

The analyses are conducted within six large cohorts, corresponding to heads of the



Table 1: Composition of the sample (%) according to the occupational state of the
head of the household. Cross-sectional data from SHIW, 1980-2004. (1) = Head of
the household not retired (2a) = Head of the household retired, with income from em-
ployment and/or self-employment in the family (2b) = Head of the household retired,
with no income from employment and /or self-employment in the family

Year (1) (2a) (2b) Total

1980 71.79 9.25 18.97 100
1981 7097 9.18 19.85 100
1982 75.11 8.02 16.86 100
1983 71.60 881 19.60 100
1984 70.43 8.00 21.58 100
1986 68.71 7.32 23.97 100
1987 7047 742 2211 100
1989 66.69 8.82 24.49 100
1991 61.60 10.82 27.58 100
1993 59.20 11.25 29.55 100
1995 5830 1215 29.55 100
1998 61.35 11.05 27.59 100
2000 58.77 11.70 29.53 100
2002 54.85 11.50 33.65 100
2004 55.83 9.91 34.26 100




Table 2: Sample sizes of cross-sectional data from SHIW, 1980-2004, by birth cohort
of the head of the household. Cells in parentheses not used in the analyses by cohort.

Cohort
Year | <1910 1910s 1920s 1930s 1940s 1950s 1960s 1970s 1980s | Total
1980 (0) (168) 774 633 524 195 (0) (0) (0) 2294
1981 (0) (225) 954 807 758 364 (0) (0) (0) 3108
1982 (0) (209) 1038 838 720 323 (0) (0) (0) 3128
1983 (0) (210) 1010 902 782 246 (0) (0) (0) 3150
1984 (54) (178) 593 894 874 496 (33) (0) (0) 3122
1986 (56) (197) 902 1647 1660 1192 174 (0) (0) 5828
1987 (60) (223) 814 1628 1771 1290 200 (0) (0) 5986
1989 (27) (147) 631 1487 1715 1448 540 (4) (0) 5999
1991 (22) (115) 505 1378 1700 1401 567 (9) (0) 5697
1993 (11) (92) 442 1147 1583 1443 736 (24) (0) 5478
1995 (4) (65) 360 1020 1620 1437 914 (85) (0) 5505
1998 (3) (37) 209 688 1405 1441 1029 163 (2) 4977
2000 (2) (41) 227 627 1356 1568 1264 325 (19) 5429
2002 (0) (26) 195 533 1190 1488 1243 408 (26) 5109
2004 (0) (20) 137 390 1050 1486 1344 571 (65) 5063
Total | (239) (1953) 8791 14619 18708 15818 8044 1589 (112) ‘ 69873

family born in the 1920s, 1930s, 1940s, 1950s, 1960s and 1970s. Obviously in some
cohorts the head is in retirement age, but there are working members in the family.
The cohorts of families whose head was born before 1919 and after 1980 are excluded
from the cohort analysis due to small sample size (less than 99 observations) in the
cross-sectional and/or in the panel data. Families belonging to other cohorts, but still
in groups with less than 99 observations, were excluded too from the cohort analysis.

As regards the variables used in the analysis, note that income is average monthly
family disposable income, and the consumption measure is average monthly total ex-
penditure, where the average is computed over the year of observation. The analyses
are run in the logarithmic scale; the use of the logarithmic scale is common practice,
and can be found in several other studies on welfare.

Both income and consumption are rescaled according to an equivalence scale giving
weight 1 to the head of the household, 0.7 to extra adults and 0.5 to any household
member aged less than 18. There are other equivalence scales that could have been used
for the analyses; in particular we consider and compare in Table 4 the scales used by
Eurostat, the UK Social Security Department and the Italian National Commission on

Poverty (Carbonaro scale). There are no major differences between OECD, Carbonaro
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Table 3: Sample sizes of utilised two-wave panel data from SHIW, 1989-2004, by birth
cohort of the head of the household. Cells in parentheses not used in the analyses by
cohort.

Cohort
Year | <1910 1910s 1920s 1930s 1940s 1950s 1960s 1970s 1980s | Total
89-91 (3) (36) 129 356 443 379 117 (1) (0) 1464
91-93 (6) (42) 166 478 768 610 203 (3) (0) 2276
93-95 (1) (31) 154 440 747 676 288 (8) (0) 2345
95-98 (0) (13) (85) 254 533 523 268 (21) (0) 1697
98-00 (0) (10) (85) 282 700 774 492 (60) (0) 2403
00-02 (0) (7) (69) 229 558 706 498 99 (7) 2173
02-04 (0) (8) (56) 178 489 675 517 130 (7) 2060
Total (10) (147) 744 2217 4238 4343 2383 322 (14) | 14418

and UK Social Security Department, while the Eurostat scale is quite far from all of
the above. Therefore the choice between the first three scales is basically equivalent,

and this fact guarantees a certain degree of robustness of the results obtained.

5.2 Italy between 1980 and 2004

Before we start the empirical analysis, we report here some main facts and empirical
findings that can give a general picture of the Italian economy between 1980 and 2004.

Brandolini et al. (2001) report several inequality and poverty indices based on
income measures, such as the Gini index, the 90-10 decile ratio, the share of low-paid
workers and the head count poverty ratio. All indices show a decrease starting from
1987 for a few years, going back to the 1987 values only in 1995.

Other factors that characterised the Italian economy in this period are the wage-
setting mechanism “Scala Mobile” (literally “escalator”), which had a strong equalising
effect on wages until 1992, when it was abolished. Moreover, in the early 1990s Italy ex-
perienced the deepest economic recession since the Second World War, which probably
put all families in difficult economic situation, with an equalising effect.

Brandolini et al. (2004) report steady growth of housing prices from 1987 to 1993,
and a decline of wealth inequality from 1989 to 1991, with a following rise in the rest
of the decade “driven by large gains at the very top of the distribution”. Bertola
and Ichino (1995) show decreasing GDP rates in the period 1987-1994, and decreasing

unemployment growth rate from 1989 to 1993. Real wage growth also decreased in the

11



Table 4: Comparison of the weights assigned by different equivalence scales to some
family types.

Family type | OECD Carbon. UK SSD! Eurostat?
Single 1 1 1 1
person

Childless 1.7 1.67 1.81 1.5
couple

Couple + 2.2 2.23 2.2 1.8
1 child

Couple + 2.7 2.72 2.59 2.1

2 children

Couple + 3.2 3.18 2.98 2.4

3 children
Three 2.4 2.23 2.62 2
adults

3 adults + 2.9 2.72 3.01 2.3
1 child

3 adults + 3.4 3.18 3.4 2.6

2 children
Four 3.1 2.72 3.34 2.5
adults

1 We converted the weights to be comparable to those for a 1-component family. This gives weight
1 to the head of the household, 0.81 to the second and third adult, 0.72 to any further adults. For
children, we used the average of the weights for those aged 18 or less, i.e. 0.39.

2 Here we have to consider children those aged 14 or less, since the weights are specified for this age

range.

period 1989-1993, as the country transitioned from rigid to flexible employment.

5.3 Transitory shocks

Consider now the transitory shocks u;;. DBefore estimating the regression in equa-
tion (5), the test for no effect must be performed; only if the test gives indication
of non-constancy of the regression function, the actual variance function will then be
estimated. Both the PLR test and the OLS-based test were performed, and gave very
similar results. The p-values of the nonparametric test are always smaller than 0.05,
in most cases equal to zero, for any values of the smoothing parameter within a rea-

sonable range, as we can see in Figure 1. Likewise, the OLS-based test presents all

12



Table 5: P-values of the OLS-based test of heteroskedasticity of the transitory shocks.
Cross-sectional data from SHIW, 1980-2004, by birth cohort of the head of the house-
hold.

Cohort
Year | 1920s 1930s 1940s 1950s 1960s 1970s | All data

1980 | 0,0000 0,0000 0,0000 0,0002 _ _ 0,0000
1981 | 0,0000 0,0000 0,0000 0,0024 - - 0,0000
1982 | 0,0000 0,0000 0,0000 0,0000 - - 0,0000
1983 | 0,0000 0,0000 0,0055 0,0053 _ _ 0,0000
1984 | 0,0000 0,0000 0,0000 0,0000 _ _ 0,0000
1986 | 0,0000 0,0000 0,0000 0,0000 0,1753 - 0,0000
1987 | 0,2205 0,0531 0,0215 0,0026 0,2518 - 0,0030
1989 | 0,0146 0,0732 0,0001 0,0001 0,0012 - 0,0000
1991 | 0,0014 0,0000 0,0000 0,0015 0,5436 - 0,0000
1993 | 0,0004 0,0000 0,0003 0,1047 0,6472 - 0,0000

1995 | 0,0377 0,0077 0,9513 0,7136 0,2442 - 0,0038
1998 | 0,0000 0,0000 0,0000 0,0000 0,0000 0,0777 | 0,0000
2000 | 0,0000 0,0000 0,0000 0,0000 0,0000 0,0013| 0,0000
2002 | 0,0000 0,0000 0,0000 0,0000 0,0000 0,1071| 0,0000
2004 | 0,0023 0,0000 0,0000 0,0000 0,0000 0,1750 | 0,0000

zero p-values.

When the sample is split into birth-cohorts, the OLS test very often (82% of the
cases) rejects the hypothesis of constancy of the variance. The p-values are shown in
Table 5. Since the behaviour of the PLR is extremely similar (as in the annual case),
it was not performed in the analysis by cohort.

To estimate now the actual regression function, the standard local linear regression
approach is used. In fact, the assumption of Var(c) = o2 only affects the variability
(hence the results of the test), but not the estimates. The smoothing parameter has
been chosen case by case by cross-validation. For simplicity, the annual results jointly
for all cohorts are shown. The optimal values for the smoothing parameter are reported
in in Table 6. In two cases (1984 and 1995) the cross-validation procedure did not reach
convergence, since the objective function (10) changed very little as the smoothing
parameter varied. For these cases the parameter has been set equal to a fixed value.
The regression results are shown in Figure 2, together with the variability bands, and

the logarithm of the poverty line (from Table 7). A local quadratic regression was also
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Table 6: Optimal cross-validation smoothing parameters for the nonparametric esti-
mation of the variance function of the transitory shocks.

Year 1980 1981 1982 1983 1984 51986 1987 1989
hev 03465 0.2757 0.2404 0.3219 0.4000 0.7015 0.2746 0.2039

Year 1991 1993 1995 1998 2000 2002 2004
hev  0.7265 0.3587 0.3000 0.2498 0.2283 0.3732 0.4327

Table 7: Poverty line equivalent to 50% of mean consumption, for a 2-component
family. Thousand Liras.

Year 1980 1981 1982 1983 1984 1986 1987 1989
Line 154 194 219 249 283 316 419 475
log(Line) 5.04 527 539 552 565 576 6.04 6.16

Year 1991 1993 1995 1998 2000 2002 2004
Line 538 584 667 703 788 837 967
log(Line) 6.29 6.37 6.50 6.56 6.67 6.73 6.87

estimated, and is shown in Figure 2; the curve is almost overlapping with the local
linear estimate, and always lying within the variability bands. For this reason, we
analyse here the results from the local linear model.

As expected, the results show that most heteroskedasticity is concentrated at the
bottom of the consumption distribution, in most cases a cut-off point being values
around the logarithm of the poverty line, superimposed in Figure 2, showing that the
families that suffer a more volatile effect of the transitory economic shocks are those
at the bottom of the consumption distribution.

In the central years of observation, in particular from 1987 to 1995, the shocks
show a more homoskedastic behaviour, and then go back to higher variances at the
low consumption levels after 1995. The more equal behaviour between 1987 and 1995
can be due to several factors that affected the Italian economy in those years, recalled
in Section 5.2. In particular, since the transitory shocks are part of the income process,

their more equal behaviour can be a reflection of the reduction in income inequality
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Figure 1: Test for no effect for the transitory shocks.
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paramenter h. SHIW data, 1980-2004.
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Figure 2: Nonparametric estimates of the variance function for the transitory shocks,
as function of log-consumption. Local linear regression (—), local quadratic regression
(---), variability bands (— - — - —). Log of poverty line superimposed (vertical dashed
line). Optimal cross-validation smoothing parameter. SHIW data, 1980-2004.
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and poverty observed in this period in Brandolini et al. (2001).

In the analyses by cohort the same smoothing parameter value was used for all
cohorts in the same year, value corresponding to the optimal cross-validation estimate
obtained in the analysis by year, as in Table 6. This guarantees comparability of the
annual results with the analyses by cohort. The results obtained separately for the
six cohorts do not show any effect due to generation, and are extremely similar to the

annual ones. They are displayed in Figures 3-5.

5.4 Permanent shocks

The analysis of the permanent shocks requires the use of panel information, since the
v;; were obtained as ¢; — ¢;;—1. The dataset used so far is mainly cross-sectional, but
starting from 1989 it includes panel information too. Therefore this analysis can only
be conducted for the last eight waves of the survey, collected in 1989, 1991, 1993, 1995,
1998, 2000, 2002 and 2004. Since the data are observed only every other year (and in
1995-1998 only after three years), economic shocks over two- (or three-) year periods
are analysed. Therefore define v;; = ¢;; — ¢;;—2, and similarly for the three-year case.
Once obtained the values for the permanent shocks, we study regression (6). Again,
due to biannual observations, such equation cannot be used directly; consider then the

following regression:
v, = glci—2) + &

The form of function g shows whether the impact of the permanent shocks is uniform
along the distribution of consumption.

Similarly to what done in the case of the transitory shocks, a test of constancy of
the g function is performed, using the two different techniques. Both in the OLS-based
and in the nonparametric test, the hypothesis of constancy of the variance function is
always rejected. The results of the PLRT are shown in figure 6, while in the OLS case
all p-values are zero. The ¢ function itself is then estimated, using local linear and
local quadratic regression.

The results are reported in Figure 7, together with the variability bands and log-
arithm of the poverty lines, and the local quadratic estimate. The optimal smoothing
parameters are reported in Table 8.

We see again higher levels of variance in the bottom part of the distribution of
consumption, i.e. the families with lower levels of consumption experience stronger
impact of the economic shocks, but an overall more equal effect along the consumption
distribution is evident, if compared to the transitory shocks. In particular, the variance

levels at the top and bottom of the distribution are very similar, which did not happen
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Figure 3: Nonparametric estimates of the variance function for the transitory shocks,

as function of log-consumption. Local linear regression (—) and variability bands
(—-—-—). SHIW data, 1980-1986, by birth cohort.
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Figure 5: Nonparametric estimates of the variance function for the transitory shocks,
as function of log-consumption. Local linear regression (—) and variability bands
(—-—-—). SHIW data, 2000-2004, by birth cohort.

Table 8: Optimal cross-validation smoothing parameters for the nonparametric esti-
mation of the variance function of the permanent shocks.

Year 89-91 91-93 93-95 95-98 98-00 00-02 02-04
hev  0.2000 0.2545 0.2914 0.4689 0.2000 0.4091 0.3369
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Table 9: P-values of the OLS-based test of heteroskedasticity of the permanent shocks.
Two-wave panel data from SHIW, 1989-2004, by birth cohort of the head of the house-
hold.

Cohort
Year | 1920s 1930s 1940s 1950s 1960s 1970s | All data
89-91 | 0,3657 0,0409 0,0074 0,3970 0,1779 - 0,0032
91-93 | 0,0389 0,0963 0,0066 0,0000 0,0264 - 0,0000
93-95 | 0.0116 0,0001 0,0000 0,0398 0,0670 - 0,0000
95-98 - 0,2590 0,0084 0,0124 0,0325 - 0,0000
98-00 - 0,0006 0,0000 0,0001 0,0002 - 0,0000
00-02 - 0,0131 0,1102 0,0001 0,0053 0,1327 0,0000
02-04 - 0,1192 0,0001 0,0006 0,0001 0,3460 0,0000

for the transitory shocks where variances for the poor were around 1.5 to 2 times the
variances of the rich.

Generally, the variances of the permanent shocks are smaller than those of the
transitory shocks, showing that all families are affected more equally and that the
wefare level makes little difference in dealing with permanent changes.

The behaviour of the shocks does not show large differences across time, levels
being slightly flat only in the first wave (1989-1991), and then settling around a U-
shaped pattern from 1993 onwards. The local quadratic regression yields results almost
identical to the local linear case, as is evident from Figure 7.

In the analysis by cohort, only the OLS test was performed, as in the case of the
transitory shocks. The test frequently rejected the hypothesis of constancy of the
variance; p-values are shown in Table 9. We can notice that in general rejection is
slightly lower than in the case of transitory shocks (73% of the times against 82%
in the case of the transitory shocks). This confirms the more equal behaviour of the
permanent shocks with respect to the transitory ones.

The estimates of the variance function are reported in Figure 8; the graphs do not
show any evident cohort pattern, the g(c) function varying very little from cohort to

cohort within the same year of observation.
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5.5 Discussion

Putting together this last information with the results on transitory shocks, we can
observe that the permanent shocks seem to be affecting all families more or less the
same way, while the transitory shocks appear to have a more uneven effect along the
distribution of consumption, with the families with lower consumption levels experi-
encing higher volatility. What seems to be happening is that the transitory shocks
can be absorbed through access to financial and credit system (which is not available
to the poorer families), while the permanent shocks are more difficult to compensate,
and therefore affect everyone more uniformly.

The more homoskedastic behaviour of transitory shocks in the central years could
be interpreted as a signal of the more critical situation of the Italian economy during
and after the recession of the early 1990s: even the richest families lost their ability to
compensate for transitory shocks in the economy, so that such shocks affect all families

similarly.

6 Conclusions

Starting from an economic model of intertemporal optimization, identification of per-
manent and transitory shocks of the economy is obtained through joint use of income
and consumption measures.

The model allows us to derive two tests for the assumption of common variance
of the shocks among all individuals in the same birth cohort, for a given time period,
the first based on OLS results, the second on local polynomial modelling. Estimation
of the conditional variance function of the shocks given the welfare level is performed
using local polynomial regression models.

In an application with Italian data, strong heteroskedasticity is detected for the
transitory shocks, while the permanent shocks seem to be affecting all families more
equally. Higher variances are observed in the lower part of the distribution of con-
sumption; this might be an index of reduced access to the credit system, or a more
unstable job situation. The fact that permanent shocks are more “equal” might be
showing that these shocks are more difficult to compensate, and therefore cannot be

absorbed simply through access to financial and credit facilities.
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