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1 Introduction

This paper reviews the lectures given by Richard Blundell at the 27th NAKE Workshop,
held in Amsterdam in December 1999.

In this paper, only a concise overview can be given of the topics Blundell discussed
and touched on during the week. | will preserve the same order as Blundell and therefore
kick oa with a discussion about the usefulness of non- and semiparametric methods.
These methods are useful for examining the relationship between the expenditure on
speci..c commodities and the total expenditure for an individual and they provide useful
benchmarks to test parametric speci..cations against. In Section 3, the data set considered
consists of panel data. In particular, the problem of using the common GMM estimator for
estimating a dynamic panel data model when the instruments are weak, is discussed and a
solution to this problem is given. Section 4 deals, also on the basis of panel data, with the
guestion how the impact of treatments, like e.g. a labor market program, can be evaluated.
This problem can be seen as a missing data problem. The measure proposed is the
dicerence-in-dicerence estimator. Finally, in Section 5, matters are combined: attempts
are made to describe the consumption of an individual over his life cycle by solving the
dynamic programming problem. The issue which IV variables to use is elaborated on.

2 Non- and Semiparametric Estimation

The relationship between expenditure on speci..c commodities and total expenditure at a
particular point in time and location (the Engel curve) as stated in the classical Working-
Leser form is Elfl =®j+ jInx+23; 8 = 1;:::;n. pj is the price of commodity j,
g; the quantity, x total expenditure and 2; an error term for which it is assumed that
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E(3jx) = 0 8j. A number of studies has indicated that this linear speci..cation of the
relationship between the commodity expenditure and log income is inaccurate for an
appreciable number of goods. For some commodities, e.g. food, the linear speci..cation is
reasonably in accordance with reality but for others, like alcohol, the curvature indicates
that further terms in income are required (see Banks, Blundell and Lewbel (1997)).

One way to analyze the actual relationship is with the use of non- and semiparametric
methods. These methods are increasingly used in the ..eld of microeconometrics. They
are used as a means to relax distributional assumptions. In many cases, non- and semi-
parametric analysis is a useful alternative to test a parametric speci..cation against. Two
requirements that limit the potential use of nonparametrics are a lot of observations are
needed and that the variable x is not measured with errors.

Nonparametric Regression

I will ..rst outline how nonparametric methods are applied to Engel curve analysis. Sub-
sequently, I explain how a particular subset of semi-parametric models, the partial linear
models, can be used to include demographic shifts in the regression model. Finally, |
will show how outcomes can be compared with the parametric alternative. Details can
be found in the article of Blundell and Duncan (1998) which covers a large part of the
material.

Suppose that the relation of interest is given by

y=9g(x) +32 (€Y)

where 2 is an independent random error satisfying E(3jx) = 0; var(3jx) = %2(x). In the
Engel curve analysis y represents the expenditure share on some good and x the total
budget. Nonparametrics allows us to investigate the relationship between y and x without
making parametric assumptions on g. The object of interest is the conditional expectation
E(yjx) = g(x) which can be estimated by the use of Kernel regression!. The conditional
expectation can be rewritten as

R
‘ yFOGy)dy.

E(yix) = yf(yjx)dy = ) @3]

Given observations X;;Y;g, the quantities on the right hand side to be estimated are
f(x;y) and f(x). The general form for the multivariate density estimator is

X
f\H(x) :% Ku(Xi i X); 3)

i=1

INote that this is just one out of more non-parametric estimation techniques, which also include for
example Nearest Neighbour, Splines and Median Smoothing.
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where Kiy(x) = det(H)1'K(Hilx) and H the (nonsingular) bandwidth matrix. One
form the multidimensional kernel function K(Hi1x) may take on is the product kernel
K(Hi1x) = Ki(Hix);)¢::: ¢ K ((H11X),). Plugging the above in to (2) and using this
product kernel , after some manipulations, the Nadaraya-Watson estimator

P
_nit R Ka(X i XY
gh(X) - nil F'{n

j=1 Kn(X 1 Xj)

(4)

is obtained. Conditions for the consistency and the asymptotic normality of this estimator
are given in Blundell and Duncan (1998) and Hardle (1990). These conditions allow us
to derive pointwise con..dence bands around the estimated regression curve. Popular
choices for K(¢) are the Gaussian kernel K(u) = 1912=1/4expi”2=2 and the Epanechnikov
kernel K(u) = 7(1 i u?1(juj - 1), where 1(¢) denotes an indicator function. The last one
has the useful property that it truncates the distribution.

Particularly important is the choice of the bandwidth h. This can be chosen on the
basis of plug-in methods or using the method of Cross Validation (CV). An example
of a plug-in method is Silverman’s rule of thumb which asymptotically minimizes the
expected mean squared error of the estimate ¢(x) of the density g(x) over the range of x.
The optimal choice for h is in this case fi ¥ 1:08%ni2%5. This bandwidth choice has the
disadvantage that it is sensitive to outliers due to the estimator of % occuring at the right
hand side.

In an alternative approach, the method of Cross Validation, the function minimized is

— 1 X - 2.
CV(h) = - WX i Bnj (X))
1

with w(x;) some trimming function®. This criterion function gives the average squared
error between the observation y; and the estimator ¢, (X), where ¢,(x) is replaced by the
leave-one-out-estimator

X ij

Oni (X)) = Vit (X5);

i6j
with
- Kn(Xi i Xj)

Vil (%) = P ;

in order to obtain an unbiased estimate of the average squared error. Note that when using
0n (X) instead, the criterion function could be made arbitrarily small by letting h ¥ 0.

2This trimming function may be used to assign less weight to observations at the tail of the distribution
of x.
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Semiparametric Regression

Sometimes, it is useful to add to the purely nonparametric part g(x) on the right hand side
of (1) a purely parametric part °'z which represents an index in terms of a ..nite vector of
observable exogenous regressors z and unknown parameters °. Then the partially linear
model

y=g(x)+°'z+2 (5)

is obtained, which is a subset in the class of semiparametric models. Assume E(3jz;x) =0
and V ar(3jz; x) = %2(z;x). One reason to make a partitioning between the explanatory
variables x and z may be that the variables x are continuous and the variables z binary
or discrete. In the Engel curve analysis this gives a convenient way to account for hetero-
geneity in the population, in particular dicerences in family size; Blundell and Duncan
(1998) show that the dicerence in number of children leads to a dicerence in share equa-
tions that is su€cient to consider semiparametric estimation techniques. To obtain an
estimate for ° a transformation is made by taking expectations of (5) conditional on x
and subtracting from (5), yielding

y i E(Yi¥) =(z i E(zjx))’° + 2

The conditional expectations in this expression can be estimated using nonparametric
kernel regression and subsequently ° can be estimated by applying OLS to the resulting
equation. Finally, these estimates and (5) can be used to derive an estimate for g(x).

Parametric versus Nonparametric Models

For the Engel curve estimates, Blundell and Duncan (1998) compared the nonparametric
speci..cation with both the Working-Leser speci..cation and the quadratic parametric
regression curve. This last speci..cation is extensively discussed in Banks, Blundell and
Lewbel (1997). Using the goodness-of-..t statistic derived by Ait-Sahalia, Bickel and
Stoker (ABS), Blundell and Duncan, the results given in Table 1 are obtained. Looking
at the P-values given in this table, it is not possible to reject linearity for the food share
equation, whereas for the alcohol share the quadratic speci..cation is sustained by the
empirical evidence.

Local Polynomial Regression

Till now, in the kernel regression the Nadaraya-Watson estimator (4) was used, which is
in fact a local constant estimator. However, | can do better by using prior information on
the shape of the curve. For example, from Table 1 I might conclude that for the food share
Engel equation a local linear estimator is appropiate and for the alcohol equation a local
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Table 1: Estimates of the ABS test statistic

Food | Alcohol
Ho: linear 1.679 | 4.633
[.195] | [.031]
Ho: quadratic | 0.567 | 0.526
[.451] | [.468]

Note: The nonparametric estimates are based on a Gaussian kernel with bandwidths chosen by
Least Squares CV. The statistics are distributed as A% under Hy and the values between brackets
give the P-values.

quadratic ..t. The estimator is now de..ned as ¢,(x) = mFfx;/®,(x)g where m(x;;®) =
®p + ®;X; +::: + ®,xF. The Nadaraya-Watson estimator corresponds to the choice p =0
and the local linear and local quadratic estimator to p = 1 and p = 2 respectively. When
the parametric model is indeed true, using the higher order polynomial estimators will
lead to a reduction in the asymptotic bias of the estimator. Another advantage of using
local polynomial regression is that it makes the estimation less sensitive to the choice of
the bandwidth h.

3 Dynamic Panel Data Estimation

The preceding discussion on non- and semiparametric estimation techniques dealt with
cross section data. The subject of the current section is how to act when one has data
that combine time series and cross sections. These panel, or longitudinal data sets contain

dynamic exects are called dynamic panel data models.
This section points out why the ..rst dicerenced GMM estimator may perform poorly
in a dynamic panel data context and how this can be solved.

GMM Estimation

The idea of the Method of Moments is, that one estimates k parameters by expressing
these parameters in terms of k population moments and one then replaces these popula-
tion moments with the corresponding sample moments. However, when there are more
moment conditions than parameters, the system is overdetermined. One way to reconcile
conficting estimates is to minimize a certain criterion function. Suppose the criterion
function has the form q = f(u)’Arm() where the element h; (1) of () denotes the
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to moment j corresponding sample mean and A a positive de..nite matrix that is not
a function of u. Then the Generalized Methods of Moments (GMM) estimator is the
estimator that minimizes this function (see Greene (1999)).

GMM Estimation and the Dynamic Panel Data Model

Within the context of the dynamic error components model, the standard ..rst dicerenced
Generalized Method of Moments (GMM) estimator performs very poorly in situations
characterized by a moderately large autoregressive parameter and a small amount of
observations (Blundell and Bond (1998)). Therefore, an alternative linear estimator is
considered. Many of the details can be found in Blundell and Bond (1998).

In order to de..ne these estimators, | consider the following AR(1) model

Vit = ®Yit;1+ i+ Vi fori=1;::;Nandt=1;:::;T (6)
where ujy ~ 7 + Vi is the usual ’..xed eoects’ decomposition of the error term and where

it is assumed that “; and v;; are independently distributed across i. The familiar error
components structure implies the %(T i 1)(T j 2) orthogonality conditions

These moment restrictions can be compressed to
E(Zi&;) = 0;

with Z; a (T j 2) £ m instrument matrix given by

(@) 1
yii 0 O 0 0
Z, = 0 yii Vi 0 -0 g;
¢ ¢ ¢ ¢ ¢
0 0 0 @ Vi ! Viri2

Using these conditions and the assumed absence of serial correlation in the v;;, the two-
step GMM estimator ® can be calculated. In case T = 3, this estimator is just identi..ed
which means that no weighting improvements are available to enhance the asymptotic
eCciency.
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The Problem of Weak Instruments

The instruments in the standard ..rst-dicerenced GMM estimator become less informative
when ® in (6) is close to 1 or when the relative variance of the ..xed ezects “; gets large.
In case T = 3, the GMM estimator ® reduces to a simple Instrumental Variable (1V)
estimator with y;; as instrument for €y;, with the corresponding reduced form equation

Cyi, = Yyip + 1 fori = 1;:::;N: (7)

Cyi, = (@ j 1)yin + i +vip fori =1;:::;N: (8)

Since “; and yj; are correlated, ® j 1 will be biased upward, causing the reduced form
coeCcient to be biased towards zero, such that the instrument y;; is only weakly corre-
lated with €y;,. One can show that under the assumption of stationarity and denoting
var(";) = %% and var(vy) = %2, the plimof 4# ® 0as® ¥ loras (%"2=%2) ¢ 1
(Blundell and Bond (1998)).

Imposing Restrictions on the Initial Conditions

One way of gaining precision of the GMM estimator in ..nite samples and asymptotically,
is to use additional nonlinear moment conditions. A number of these conditions can be
found in Blundell and Bond (1998). Another way of improving precision, is to impose some
mild conditions on the initial conditions and using the T j 3 linear moment conditions

E(Uit®yYi.t;1) =0fort=4;5;:::;T 9)

This amounts to using the lagged dicerences of y;: as instruments for the equations in
levels. Since | observe €yi,, | can use the additional restriction

E(uis®yiz) = 0 (10)

This equation can be written as E[("; +Viz)(Yi2 i Yi1)] = E[(i +Viz) (Vi +(® § Du;))] =0
which requires restrictions on the initial condition y;;. When y;; is expressed as yj; =
ﬁ + Uj1, (210) is equivalent to E[("; +Vi3)(vi2 + (® j 1)uj1)] = 0, and necessary conditions
requirement is that the deviations of the initial conditions from “;=(1 j ®) are uncorrelated
with the level of ";=(1 j ®) itself (Blundell and Bond (1998)). When this requirement is
satis..ed, ¢y;, stays informative as an IV estimator for y;, as ® increases towards 1.
Comparisons of the asymptotic variance of the GMM estimator using (9) and (10) with
that of the standard ..rst dicerenced GMM estimator and the nonlinear GMM estimator,
shows that large e€ciency gains are obtained when using the former and T is small.



Workshop Report: Adriaan Soetevent on Richard Blundell 43

4 Evaluation Methods

In the previous section, a problem related to the estimation of dynamic panel data was
discussed. In this section, the econometric approaches to evaluation methods will be ex-
plored, also in the context of panel data. The evaluation problem central in this discussion
is the measurement of the impact of a program, e.g. a labor market program, on each
type of individual. The di€cult point is constructing the right counterfactual for assessing
the impact of a particular treatment and therefore, the evaluation problem can be seen
as a missing data problem. Blundell and Costa Dias (1998) and Blundell and MaCurdy
(1998) give a profound discussion on these subjects.

Social Experiments and Dizerence-in-Dicerences

The evaluation problem arises because one is unable to observe the outcome variable for
participants in a particular program had they not participated and the same goes the other
way round for members of the control group. In appropriately de..ned social experiments,
the measurement problem can be overcome by randomly assigning individuals out of a
particular group to the treatment. However, often, experimental data are not available
and even when they are, side eoects occur like people dropping out in a nonrandom
way or a change in the behavior of the participants due to external factors or caused by
the experiment itself. Other disadvantages of experiments are that they are di¢cult to
extrapolate; they might be expensive to administer and the ethical approval might be
doubtful — can you deny someone a promising new treatment which will likely cure him
from a life threatening disease?

On the other hand, social experiments have some clear advantages, like a minimiza-
tion of statistical assumptions and that the answers can be easily understood by non-
economists. The counterpart of social experiments are natural experiments, where the
experimental and control group are put together in a natural way. One example is the
length of the time someone enjoys schooling, which is dependent on the year and month
of birth. Another is an enquiry into the intfuence of minimum wage laws; the dicerent
states in the US introduced dicerent minimum wage laws, whereas they are subject to
the same macro economical infuences.

One way to measure the impact of a treatment in the setting of a natural experiment,
is using the dizerence in dicerence (DID) estimator. To apply this estimator, longitudinal
or repeated cross section data are needed, with at least one wave before and one wave after
the program change. Assume that treatment takes place in period k, then the outcome
equation can be written as

Yit = Xit_ + d|® + Uit if t>Kk
Yit = Xit_ + Uit if t-k: (11)
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In this equation, d; is a dummy which takes on the value 1 if individual 1 participates in
the program and 0O if otherwise. ® measures the impact of treatment; the parameters
de..ne the relationship between the exogeneous variables X and the dependent variable Y .
Uit is an error term of mean zero which is assumed to be uncorrelated with X (Blundell
and Costa Dias(1998)). When t° denotes the pre-program period and t* the after program
period, the DID estimator can be written as

®pip :(‘%J i Yo)i (Y5 i ?Ltg ;

where ¥T and ¥ are the mean outcomes for the treatment and comparison groups,
respectively.

However, for the DID estimator to yield consistent estimates of the treatment ecect,
two assumptions have to be made. The ..rst is that the composition of groups needs to be
time invariant and the second is, that macro eafects must acect the two groups in the same
way. If the ..rst assumption is violated, dicerencing does not eliminate averages of the
individual ezects in both the experimental as the control group. Violation of the second
assumption — for example by dicerences in demographic composition of the experimental
and control group — may contaminate the estimate of ®.

The solution put forward by Blundell and Costa Dias (1998) to solve the latter prob-
lem, is the use of an additional time interval t° to t*™ over which a similiar macro trend
has occured. The resulting dicerentially adjusted DID estimator can be written as

®papip = [(Yd i Y&) 1 (VWS i ¥ i [(F- i V) i (Vs i VoI,

5 Consumption Growth

The life-cycle model plays an important role in understanding consumer behaviour. Within
the life-cycle framework, it is assumed that consumers maximize their expected discounted
sum of period-speci..c utilities conditional on the information set at time t. The life-cycle
hypothesis implies that households will allocate consumption expenditures in such a way
that the marginal utility of wealth _, stays constant over time. This variable is unob-
servable in practice so that the consequences of imposing the life- cycle hypothesis can
only be inferred from observing expenditures on individual goods. Usually, this is done
by specifying a parametric utility function and then to derive the Euler equation that
governs individual expenditures (Blundell, Browning and Meghir (1994)).

Choosing a utility function with constant relative risk aversion leads to a constant
intertemporal substitution elasticity (ISE)?® .

3The ISE is de..ned as ©; = @ InC=@In(1 + i), that is, the percentage change in consumption in
period t when the real price level increases with one per cent in period t (Blundell, Browning and Meghir
(1994)).
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Estimation of the ISE is done by applying GMM. | use the orthogonality conditions
E (%it+1]—it), Where the 2’s are residuals from regressing the ..rst dicerence of the log-
arithm of consumption for individual i at time t on the real interest rate and income

the nominal interest rates and income, respectively. With the help of these instruments,
the GMM estimator of the ISE can be obtained.

Naturally, you may worry about measurement erors in the logarithm of consumption,
which may urge you to lag instruments a further period, thereby running the risk that
the problem of weak instruments pops up.

Estimation with Cross-Section, Panel and Pseudo Panel Data

However, in most cases, income shocks will be correlated with current consumption growth
such that E(vifj—it) & 0, where the v;;’s denote the residuals after regressing the ..rst
dicerence of the logarithm of consumption on the instrumental variables zj;. This is for
example the case if the income process is modelled as Xjt+1 = ®iM+1 + Yjgs1, With Misq
a macro economic shock and »jt+1 idiosyncratic risk. In this case cov;j(Vit+1; zit) & 0 and
one needs to average over a long time series of macro economic shocks.

This long time series can be obtained in two dicerent ways. Firstly, when available, one
can use long panels. That means, a series of observations on the same observational units
for a substantial amount of years. Drawbacks of these data are that the measurement
error is typically large and that in most cases, only observations on food are tracked for
a long time.

An alternative is to use time series of repeated cross-sections. From these data pseudo-
panel can be constructed by grouping individuals into cohorts, e.g. on basis of their date
of birth. This has the convenience of having a long time series and maintaining the ’life-
cycle’ evolution of cohorts and information. On the other hand, disadvantages are that by
aggregating over cohorts, some micro variation is smoothed out and that the assumption
is made that there is no systematic entry or exit from the cohort.

Blundell, Browning and Meghir (1994) come with the help of such a series of repeated
cross-sections to the conclusion that household characteristics, like the number of chil-
dren, are of great importance in explaining the growth of consumption over a households’
life-cycle and that controlling for these characteristics is su€cient to eliminate excess
sensibility of consumption growth to predicted income growth.
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