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Abstract

I develop a GMM-based framework for asymptotic inference to analyze data from

surveys whose designs involve strati�cation and clustering. I set up the estimation

problem, derive the appropriate asymptotic distribution theory as the number of clus-

ters per stratum tends to in�nity and compute asymptotic standard errors that are

robust to sample-design e¤ects. The analysis is then extended to nonparametric regres-

sion and to semiparametric estimation based on U-processes. Empirical illustrations

are provided using consumption expenditure data from the complexly designed Indian

national household survey.
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1 Introduction

Analysis of cross-sectional data typically proceeds by assuming that the data are gener-

ated by a simple random sample from the entire population1. However, large-scale cross-

sectional household surveys, the main sources of large cross-section data on individual

behavior, are rarely simple random samples and have designs that involve strati�cation

and clustering. Examples include all of the World Bank�s multi-country Living Standards

Measurement Studies (LSMS)- the primary source of micro-data from developing countries,

USA�s Current Population Survey (CPS), the (cross-section component of) Panel Study of

Income Dynamics (PSID), the Indian National Sample Survey (NSS) among many others.

Ignoring the survey design in the estimation process can lead to inconsistent estimates

of the population parameters and almost always produces inconsistent estimates of the

standard error of these estimates.

The main features of a complex survey design are strati�cation and clustering. Strat-

i�cation means that the original population is �rst (i.e. prior to sampling) divided into

several subgroups, based on criteria like area of residence, race, age etc. obtained from the

latest census2. Sampling is done separately within each stratum, independently across the

strata. Clusters are (physically) contiguous groups of households existing within a stratum;

in rural areas they are villages, in urban areas, they are blocks or neighborhoods. Typically,

a �xed and large number of clusters are sampled randomly within each stratum and then

within each selected cluster, a small and �xed number of households are sampled randomly.

Such designs are motivated by a variety of �nancial and administrative considerations (see

Cochran (1977) for further details).

Historically, e¤ects of sample design on estimation were analyzed in the sample sur-

vey literature (e.g. Cochran (1977)) in statistics since the mid-sixties. This literature is

concerned exclusively with the estimation of population means and its exact �nite sample

distribution theory (assuming �nite populations and using combinatorial methods) be-

comes unwieldy for more complex parameters like the population median for which one

1To the best of my knowledge, Wooldridge (2001a) is the only textbook on cross-section econometrics

that has a limited discussion of alternative sampling designs.
2 In the context of regression of y on x, strati�cation can be either endogenous (on y) or exogenous

(on x). This distinction is unimportant for computation of standard errors, given a method of consistent

estimation of the parameter of interest.
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has to keep track of stratum and cluster identities of the ordered observations. Asymp-

totic analysis provides an elegant alternative which is applicable to a much larger class of

estimation problems and provides reasonably accurate approximation to the exact �nite

sample results when large sample sizes are available (as is frequently the case for real-life

large-scale household surveys). No uni�ed framework currently exists in the econometrics

literature for asymptotic analysis with complex survey data3. In this paper, I develop a

framework for asymptotic inference, which enables one to handle data from complex sur-

veys. I show how to set up the estimation problem, derive the appropriate asymptotic

distribution theory and �nally, compute the asymptotic standard errors that are robust to

sample-design e¤ects.

The procedure of inference from multi-stage strati�ed samples involves two distinct

stages of correction (relative to simple random samples), one involving the estimation

of the parameters and the second involving the computation of standard errors of these

estimates. One needs to modify the method of estimation (the �rst �level�of correction)

to account for the fact that the distribution of the sampled observations generally di¤ers

from their distribution in the population as a result of the multi-stage design. One can

usually achieve this by suitably weighting the data where the weights, computed from

the latest census, are typically available in the survey data (see section 1.1 for more on

this). At the second �level�, one needs to use asymptotic theory for dependent and non-

identically distributed observations to derive the asymptotic distribution of the estimates

and compute standard errors that are robust to the sample-design e¤ects. Brie�y, clustering

induces positive correlations in variables and increases standard errors; strati�cation leads

to smaller variability of statistics over repeated samples leading to smaller standard errors

(relative to simple random samples). Ignoring the design, therefore, produces inconsistent

estimates of the standard errors unless, by rare chance, the two e¤ects exactly cancel.

The phenomenon of clustering and correlation between physically proximate units have

3Wooldridge (2001b) and Sakata ( working paper) have analyzed asymptotic properties of M-estimators

under strati�cation. In contrast, this paper covers GMM, a large class of semiparametric estimation prob-

lems (all of which are M-estimators, although the U-statistics based estimators considered here could be

viewed as an extension of standard M-estimation) as well as purely nonparametric inference. The sam-

pling design considered here, unlike the aforementioned papers, combines strati�cation with clustering and,

therefore, closely resembles the designs of most real-life large-scale household surveys. Also, see footnote 7.
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been discussed in the restrictive form of random e¤ects in panel data models (e.g. county-

speci�c random e¤ects in a cross-section regression, see Moulton, 1986 for instance) and

more explicitly in the spatial statistics literature (c.f. Conley (1999), Kloek (1981) and

Pfe¤ermann and Nathan (1981)). Unlike the above instances, in this paper, we do not

impose any structure on the nature of this correlation and derive estimates of standard

errors that are robust to arbitrary correlation structures (and heteroskedasticity) between

units residing in the same cluster.

Strati�cation (without clustering) has been extensively studied in econometrics in the

context of choice-based sampling (e.g. Manski-Lerman (1977), Cosslett (1981), Imbens

(1992)). That literature implicitly assumes that the strata are also chosen probabilisti-

cally. Therefore, standard errors do not warrant the strati�cation-correction. In most real

surveys, the strata are not chosen probabilistically, the number of units sampled per stra-

tum is �xed by design4 and therefore a correction is necessary because the strata remain

�xed over repeated samples.

The plan of the paper is as follows: Section 2 introduces the MoM problem, sets out

the moment conditions for a two-stage design with strati�cation, section 2.1 lists the main

theorems. Section 2.2 illustrates theoretically the design e¤ects on the variance of the

GMM estimator by breaking up the total e¤ect into stratum and cluster e¤ects. Section

3, extends these methods to nonparametric regressions and a class of semiparametric

estimators which are de�ned as minimands of U-processes. Section 4 brie�y discusses

the actual implementation of the methods for real-life surveys. Section 5 provides a brief

illustration of the methods, using data from the complexly designed Indian National Sample

Survey. Section 6 concludes. In the next subsection, I provide a brief discussion of sampling

weights and their role in estimation from complex surveys.

1.1 A brief note on weighting and consistent estimation

The issue of whether to weigh observations during parameter estimation is distinct from

correcting standard errors for survey design. The current paper focuses on the second of

these two issues. Nonetheless, in this subsection, I brie�y clarify the role of weights in

4Some authors have previously noted this di¤erence, including Cosslett (1995), Imbens and Lancaster

(1996) and Wooldridge (1999) and have named this "standard strati�ed sampling".
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estimation (see DuMouchel and Duncan (1983) and Wooldridge (1999, 2001a) for further

details).

Because of the strati�ed, clustered design, not all households in the population, in

general, have an equal probability of being included in the sample. As a result, di¤erent

sample observations are usually assigned di¤erent weights, with the sampling weight of the

observation denoting how many observations in the population it represents.5 In general,

when the parameter of interest is the census parameter (i.e. the parameter one would

get if one performed the same estimation exercise with the entire population), a weighted

estimation technique is appropriate. Unweighted estimates will not be consistent for the

census parameter. However, when the researcher�s model, say for the conditional mean

of y given x, is correct and the strati�cation and clustering are based on the independent

variables x, then unweighted estimates will be consistent for the parameters of that model.

When comparing standard errors for the estimate of the parameter of interest that are and

are not corrected for the sample design (the main focus of the paper), I shall focus on the

same estimate of the parameter (weighted for the method of moment estimators in section

2 but unweighted for the nonparametric regressions in Section 3).

2 The Method of Moment problem

In this section, I shall set-up the method of moment problem with data from a strati�ed,

multi-stage clustered sample. In the next section, I shall extend the analysis to cover purely

nonparametric estimation (of conditional means), followed by U-statistic based estimation

for a large class of semiparametric models.

The sampling design I consider is generic and is as follows. The population is divided

into S �rst stage strata. Stratum s contains a mass of Hs clusters. A sample of ns clusters

(indexed by cs) is drawn via simple random sample with replacement (sampling with or

without replacement has no e¤ect on my asymptotic analysis based on increasing number of

clusters) from stratum s, for each s. The csth sampled cluster in the sth stratum contains

5 In many real-life surveys, the probability of drawing a cluster is proportional to its (estimated) size.

Such designs are called self-weighted, implying that all population units have equal probability of being

included in the sample. As a result, all units have identical weights and the weights are dropped from the

data set.
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a �nite population of Mscs households. A simple random sample of k households (equal

for all strata and clusters and indexed by h) is drawn from it. The hth household in the

csth cluster in the sth stratum has �scsh members. The joint density of a (per capita)

characteristic Y and household size N in the sth stratum is denoted by dF (y; �js) with
F (a; bjs) denoting the population proportion of households in stratum s with Y < a and

N < b : Note that this joint density can di¤er across strata, so that sampled observations

from di¤erent strata are independent but in general not identically distributed.

Let

n =

SX
s=1

ns and ns = nas with
SX
s=1

as = 1.6

The weight of every member in the hth household in the csth sampled cluster in the sth

stratum is given by

wscsh =
MscsHs
kns

�scsh

and equals the number of individuals in the population represented by this particular indi-

vidual. All expectation and variances are taken with respect to the sampling distribution,

which di¤ers in general from the population distribution due to the non-simple random

sampling. I shall let Ehjcs;s (:) ; V arhjcs;s (:) to denote expectation and variance respec-

tively taken with respect to the second stage of sampling, conditional on stratum s and

cluster cs (analogously, Ecsjs (:) and V arcsjs(:) for �rst stage of sampling). When expecta-

tions and variances are taken with respect to both the stages of sampling, I simply denote

those by Ejs (:) and Vjs (:); Op (1) and op (1) will denote quantities that are respectively

(asymptotically) bounded in probability and go to 0 in probability;!d and!P will denote

convergence in distribution and probability, respectively.

In most real-life surveys, the number of clusters sampled per stratum is much larger

than the number of households sampled per cluster, the latter typically being very small

(in the Indian NSS for instance, the numbers are about 120 and 10, respectively). There-

fore, asymptotic analysis with the number of clusters (n) going to in�nity with number

of households staying �xed and �nite is likely to yield a more accurate approximation to

6Note that this can be equivalently written as

ns
n
! as <1 as ns; n!1; s = 1; 2:::S
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the true distributions of the estimates, and this motivates our �xed-k, large-n asymptotics.

But we note in passing that situations could arise where asymptotics on the number of

households sampled per cluster could be more appropriate7. Secondly, clusters sampled

within a stratum are geographically scattered over a large area; households sampled within

a cluster are physically close to each other. This motivates my assumption that cluster-level

aggregates are independent across clusters within a stratum but household level variables

are correlated within a cluster.8

Suppose one is interested in estimating a parameter �0 of dimension p (typically char-

acterizing an individual level characteristic, e.g. the per person mean consumption in the

population), which solves the l � p population moment condition

0 =
SX
s=1

Hs

Z
�m (y;�0) dF (y; �js). (1)

For instance, the population mean �0 solves:

0 =

SX
s=1

Hs

Z
(y � �0) �dF (y; �js)

=
SX
s=1

HsEcs

8<:
M(s;cs)X
K=1

�scsK (yscsK � �0) js

9=; .9
The method of moment estimator of �0 is based on the sample analog (corresponding to

7Sakata considers asymptotics on the number of strata. His objects of interest are parameters of a super-

population from which the strata are sampled. So the strata for his analysis are like clusters for our analysis

and correction of standard errors (of superpopulation parameter estimates) due to �xed strati�cation are

irrelevant. Also, see the next footnote.
8For smaller strata, cluster level variables might be correlated and, as in the spatial statistics literature,

one needs this dependence to �disappear�(spatial ergodicity) as the distance betwen clusters increases, in

order for the laws of large number to hold as the number of clusters tends to in�nity. The information

on spatial distances between clusters is rare if not totally non-existent in survey data, which makes this

approach infeasible. A similar consideration holds for asymptotics on the number of (correlated) households

per cluster (which would arise in a design where the number of clusters selected per stratum is much smaller

relative to the number of households selected per cluster; but such designs are rare).
9Consider for a given stratum s;

Ec

8<:
M(s;c)X
K=1

nscKyscK js

9=;
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the multi-stage design) of the moment conditions (1), viz. :

SX
s=1

Hs
ns

nsX
cs=1

M(s; cs)

k

kX
h=1

�scshm (yscsh;�) ' 0. (2)

For later use, let us de�ne zscsh = (yscsh;�scsh) and ~m (zscsh;�) =�scshm (yscsh;�) :

The following analysis characterizes the asymptotic distribution of �̂. By �asymptotic�

I mean that the number of sampled clusters for every stratum goes to in�nity at the same

rate, so that the quantities as�s stay �xed. I shall re-index clusters by i with i running

from 1 to n. n denotes the total number of clusters in the sample. Corresponding to every

cluster i is associated the index si which denotes the stratum from which i is drawn. Then

by de�nition,

#(ijsi = s) = ns for each 1 � s � S. (3)

Then (2) reduces to

1

n

nX
i=1

~mi(�) ' 0 where

~mi(�) =
h PS

s=1
Hs
as
1(si = s)

M(si;i)
k

Pk
h=1m (ysiih;�) �siih

i
. (4)

De�ne

gn (�) =
1

n

nX
i=1

~mi(�).

The GMM estimate �̂ of �0 solves

�̂ = argmin
�2�

�
gn (�)

0Angn (�)
	

(5)

where An is an appropriate random weighting matrix. Note that the functions mi(�)

are independent (though not identically distributed owing to strati�cation) across i: This

makes the asymptotic analysis of the estimator completely standard via the theory of GMM

This equals the expectation (over clusters) of total cluster income (added across all population households

in that cluster) whereas

Ec

8<:
M(s;c)X
K=1

nscK js

9=;
equals the expectation (over clusters) of total cluster population of individuals.
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estimators developed in the econometrics and statistics literature over the last two decades.

The �rst two chapters in the Handbook of Econometrics volume 4, in particular, have a

comprehensive treatment of this theory. Note that the proof of consistency uses WLLN for

independent non-identically distributed random variables; the proof of asymptotic normal-

ity uses the Central limit theorem (Lindeberg-Feller-Lyapunov version) for independent

and non identically distributed variables. After stating the relevant theorems (without

proofs which are standard), I shall derive the expression for asymptotic variance which

takes into account the sample design.

2.1 The main theorems

Assumptions:

A0a. For s; s0 = 1:::S,
�
zscsh; zs0c0

s0h
0

�
are independent unless s = s0 and cs = c0s0 for

cs = 1; :::ns, c0s0 = 1; :::ns0 and h; h
0 = 1:::k:

A0b. For each s; fzscshgcs=1;:::ns;h=1;:::k are identically distributed.
10

A0c. For s 6= s0; zs and zs0 are independent (but not necessarily identically distributed)
where zs � fzscshgcs=1;:::ns;h=1;:::k.

A1. ~mj (:;�) is continuous at each � with probability 1 (which includes singleton points

of discontinuity as in quantiles), for each j = 1:::l:

A2.9 d (:) with E (d (:)) <1 such that jj ~mj (t;�) jj � d (t) for each j = 1:::l for all t:
A3.The parameter space � is compact.

A4.�0 solves (1) uniquely in � and �0 2 int (�) :
A5.E ( ~m(z;�)) is continuously di¤erentiable at �0 and

p lim
1

n

nX
i=1

@

@�0
E ( ~mi (�0)) = � , nonsingular.

A6.The sequence

�n (�) =
1p
n

nX
i=1

f ~mi(�)� E ~mi(�)g

10Note that A0a-b are not conditioned on the clusters; clearly conditional on the clusters,
�
zscsh; zs0c0

s0h
0

�
are independent for all s; s0; cs; c0s0 ; h; h

0 and also
n
zscsh; zsc0

s0h
0

o
may not be identically distributed given

cs and c0s0 :
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is stochastically equicontinuous11.

A7. sup�2�Ej ~mi(�)j3 <1.
A8. a. limn!1

Pn
i=1

V ar( ~mi(�))
i2

<1.
b. limn!1 1

n

Pn
i=1 V ar ( ~mi(�)) � limn!1Wn =W0 <1:

A9. p limn!1An = A0 and An positive de�nite with probability 1 for each n:

Proposition 1 Under assumptions A0 through A4 and A8a, A9.

p lim
n!1

(�̂ � �0) = 0:

Proposition 2 Additionally, under A0-A7 and A8b, A9,

p
n(�̂ � �0)!d N(0; V )

with

V =
�
�A0�

0��1 �A0W0A0�
0 ��A0�0��1 :

Choosing An = W�1
n yields the e¢ cient estimator with asymptotic covariance matrix

Veff =
�
�W�1

0 �0
��1
. Moreover, V is consistently estimable. (See the next subsection

for an expression for Veff and for consistent estimates of � and W0, that are robust to the

sample design.)

The method of moment framework is �exible enough to encompass linear and IV re-

gressions, maximum likelihood estimation, concentration curves and nearly all measures

of poverty and inequality. Several papers have been written on the latter measures that

have employed di¤erent techniques to prove asymptotic normality12. The above framework

shows that the same technique works for all these measures so that separate asymptotic

results are not required. It is standard to verify that assumptions A1-A7 hold for each of

the problems mentioned above.

11Su¢ cient conditions for stochastic equicontinuity can be found in Andrews (1999) and Pakes and

Pollard (1989). In most applications like linear and quantile regression, inequality and poverty estimation

etc., these su¢ cient conditions will be met via piecewise linearity of the m (:) functions, boundedness of

the parameter space and bounded moments up to order 2 of the m-functions. Assuming �nite and positive

moments of the Y 0
i s is also su¢ cient to guarantee �nite moments of the m-functions.

12For instance, Zheng (2002) uses the Bahadur representation of quantiles for complex surveys; Beach

and Davidson (1983) used asymptotic results for order statistics for i.i.d. samples.
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2.2 Expression for variance and design e¤ects

In this section, I derive an expression for Wn and illustrate theoretically the separate

e¤ects of strati�cation and clustering on estimates of standard error. This decomposition

shows the factors on which the stratum and cluster e¤ects depend and therefore suggests

some diagnostic checks, that can be made prior to the corrections to assess the degree of

inconsistency, absent the corrections.

Note from above that

W0 = V ar

 
SX
s=1

nsX
cs=1

kX
h=1

wscshm (yscsh;�0)

!
:

� = p lim
1

n

nX
i=1

@

@�
E ~mi (�0) :

A consistent estimate of � is given by

�̂ =
@

@�

(
1

n

nX
i=1

~mi (�)

)
�=�̂

:

Now,

W0 = V ar

 
SX
s=1

nsX
cs=1

kX
h=1

wscshm (yscsh;�0)

!

=
SX
s=1

H2
s

ns
Ecsjs

 
V arhjcs;s

(
Mscs

k

kX
h=1

�scshm (yscsh;�0)

)!

+

SX
s=1

H2
s

ns

1

k
V arcsjs fMscs�scshm (yscsh;�0)g

+

SX
s=1

H2
s

ns

M2
scs

k2

kX
h=1

X
h 6=h0

covcsjs f�scshm (yscsh;�0) ;�scsh0m (yscsh0 ;�0)g :
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So that a consistent estimate Wn of W0 is given by:

Wn =

SX
s=1

nsX
cs=1

kX
h=1

w2scshm
�
yscsh; �̂

�
m
�
yscsh; �̂

�0
+

SX
s=1

nsX
cs=1

kX
h=1

X
h 6=h0

wscshwscsh0m
�
yscsh; �̂

�
m
�
yscsh0 ; �̂

�0

�
SX
s=1

1

ns

 
nsX
cs=1

kX
h=1

wscshm
�
yscsh; �̂

�! nsX
cs=1

kX
h=1

wscshm
�
yscsh; �̂

�!0
:13 (6)

The �rst term in (6) is the estimate of the variance without taking the sample design into

account. This would be the correct expression if the sample were i.i.d. and the parameter

of interest solved a weighted moment condition. The design described above warrants two

correction terms which are the second and the third terms in (6). The second term is

the cluster e¤ect and is a function of the covariance between values obtained from the

same cluster. If the covariances are positive on average (which is empirically true and is

natural), this term is positive and implies that the wrong estimate of the standard error

is an underestimate of the true standard error. The greater the degree of correlation

between the observations inside a single cluster and the larger the number of observations

(k) sampled from each cluster, the larger the degree of underestimation.

The third term is the stratum e¤ect. First note that if there was just one stratum, the

original moment conditions would cause this term to be close to zero asymptotically and

one could ignore this term. But in general, with multiple strata, the expression within (:)

is asymptotically non-zero (a weighted average of these expressions across strata is zero).

So that its �square�is a positive de�nite matrix. Intuitively, the variance with a strati�ed

design is the sum of within-stratum variances. Ignoring strati�cation and estimating the
13For the sample mean, for instance, the corresponding expression is

Wn =

SX
s=1

nsX
cs=1

kX
j=1

w2scsj (yscsj � �y)
2

+

SX
s=1

nsX
cs=1

kX
j=1

X
j 6=j0

w2scsj (yscsj � �y) (yscsj0 � �y)

�
SX
s=1

H2
s

ns

 
1

ns

nsX
cs=1

Mscs (�yscs � �y)
!2
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variance as if it were a simple random sample causes over-estimation by wrongly adding on

the between strata-variances. The degree of overestimation is larger the more homogeneous

are the units within a stratum and the more heterogeneous the units across the strata (in the

extreme case where the distribution of variables in every stratum is identical to that in the

population,
Pns
cs=1

Pk
h=1wscshm

�
yscsh; �̂

�
= 0 for each s and there is no overestimation).

Since the stratum and cluster e¤ects go in opposite directions, the �nal e¤ect depends

on which e¤ect dominates14. For the mean, one can easily compute the ratios of these

two terms to the naive estimate of variance to get a prior sense of whether correction of

the standard errors will alter results signi�cantly. When the parameter of interest is an

method of moment type estimator but more complicated than the mean, the calculations

for the mean can be a computationally cheaper and yet useful diagnostic tool.

For a standard GMM problem solved with an arbitrary weighting matrix, my procedure

will produce the right standard errors. From e¢ ciency considerations, my methods provide

the correct optimal weighting matrix viz. the inverse of the second moment matrix of

the moment conditions which takes the sample design into account; the naive �optimal�

weighting matrix that ignores the survey design will produce a suboptimal weighting matrix

and therefore an ine¢ cient estimate.

3 Two extensions

In this section I extend my methods to nonparametric regression estimation and to the

estimation of the parametric component in semiparametric models. For the former, I shall

use ordinary kernel based estimators and for the latter I shall focus on estimators which

are minimands of U-processes. I shall assume the same sample design as in section 2 of the

paper. These extensions are not mere applications of the results in section 2 and therefore

broaden the scope of my analysis to include nonparametric and semiparametric models.

14For simple cases like the population mean and linear regression coe¢ cients, empirical studies using the

sample survey methods (for exact �nite sample standard errors) show that cluster e¤ects usually dominate

(cf. Deaton (1997), Howes and Lanjouw (1998)).
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3.1 Kernel-based estimation

I only outline the case for nonparametric regression, the case of density estimation is similar

and easier. Consider the following model generating the data

yscsh = � (xscsh) + "scsh

where for all s; cs

E ("scshjxscsh; s) = 0

V ar ("scshjxscsh) � �2 (xscsh) :

Also

cov("scsh; "s0c0sh0 jxscsh; xs0c0sh0 ; s; s
0) 6= 0 for s = s0; cs = c0s

= 0, otherwise.

One is interested in estimating the function � (:) at a given point x0. Let, as above,

ns = asn with
P
s as = 1: The Nadaraya-Watson estimate �̂ (x0) satis�es

�̂ (x0)� � (x0)

=

1
hn

P
s
1
ns

Pns
cs=1

Pk
h=1 ("scsh + � (xscsh)� � (x0))K

�
xscsh�x0

hn

�
1
k

1
hn

P
s
1
ns

Pns
cs=1

Pk
h=1K

�
xscsh�x0

hn

�
1
k

where hn is an appropriate bandwidth and K (:) a standard kernel function15. Under

standard conditions, one can show the consistency of this estimate. I now outline the steps

15Note that we do not use sampling weights in the estimation since the conditional mean function is

assumed to be identical in every stratum and cluster. Unweighted estimates are therefore consistent for the

true population regression function.
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in deriving the standard error of this estimate. Observe that one can write

(nhn)
1=2 (�̂ (x0)� � (x0))

=

(nhn)
1=2

hn

P
s
1
ns

Pns
cs=1

Pk
h=1 "scshK

�
xscsh�x0

hn

�
1
k

f̂ (x0)

+

(nhn)
1=2

hn

P
s
1
ns

Pns
cs=1

Pk
h=1 (� (xscsh)� � (x0))K

�
xscsh�x0

hn

�
1
k

f̂ (x0)

=

(nhn)
1=2

hnn

Pn
i=1 t1i

f̂ (x0)
+

(nhn)
1=2

hnn

Pn
i=1 t2i

f̂ (x0)
(7)

where I have again re-indexed the clusters to run from 1...n and

f̂ (x0) =
1

hn

X
s

1

ns

nsX
cs=1

kX
h=1

K

�
xscsh � x0

hn

�
1

k

t1i =
X
s

1

as
1 (si = s)

kX
h=1

"ihK

�
xih � x0
hn

�
1

k

t2i =
X
s

1

as
1 (si = s)

kX
h=1

(� (xih)� � (x0))K
�
xih � x0
hn

�
1

k

f̂ (x0) �
X
s

f̂ (x0js)!P

X
s

f (x0js) :

Note that f (x0js) is not the true density of X in the sth stratum (since the f̂ (x0js) terms
are unweighted).

Under standard regularity conditions (see for instance, Pagan-Ullah (1999, pages 110-

111), modi�ed for non-identically distributed independent sequences, the �rst term will

converge to a normal distribution with mean 0 and variance given by

V = lim
n!1

1

hn

(
1

n

nX
i=1

V ar (t1i)

)

and the second term will converge to 0 in probability. So, to sum up,

(nhn)
1=2 (�̂ (x0)� � (x0))!d N

 
0;

V

(
P
s f (x0js))

2

!
: (8)
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It is easy to show (see appendix for the intermediate steps) that

V ar (t1i) =
X
s

1 (si = s)

a2s
V arjs

 
kX
h=1

"sihK

�
xsih � x0
hn

�
1

k

!

=
X
s

1 (si = s)

a2s

1

k
Ejs

�
K2

�
xsih � x0
hn

�
�2 (xsih)

�
+
X
s

1 (si = s)

a2s

k � 1
k

�
Ejs

�
K

�
xsih � x0
hn

�
K

�
xsih0 � x0

hn

�
�s (xsih; xsih0)

��
where

�s (xsih; xsih0) = E ("sih"sih0 jxsih; xsih0 ; s) :

= hn
X
s

1 (si = s)

a2s

1

k

Z �
K2 (u)�2 (x0 + hnu) f (x0 + hnujs) du

�
+h2n

X
s

1 (si = s)

a2s

k � 1
k

Z Z
dudv

"
K (u)K (v) �s (x0 + hnu; x0 + hnv)

g (x0 + hnu; x0 + hnvjs)

#

where g (x0 + hnu; x0 + hnvjs) denotes the joint density of two sampled x-values from the

same cluster in stratum s (note that since clusters are sampled within the strata, this joint

density depends only on the strata). Therefore,

1

hn

1

n

nX
i=1

V ar (t1i)

=
X
s

1

as

1

k

Z �
K2 (u)�2 (x0 + hnu) f (x0 + hnujs) du

�
+hn

X
s

1

as

k � 1
k

Z Z
dudv

 
K (u)K (v) �s (x0 + hnu; x0 + hnv)

g (x0 + hnu; x0 + hnvjs)

!
: (9)

which converges to �Z �
K2 (u) du

��
� �2 (x0)

X
s

1

as

1

k
f (x0js)

as n ! 1 and hn ! 0: The striking feature of (9) is that the covariance terms are of

smaller order than the variance terms, so that asymptotically, under the normalization

with (nhn)
1=2 ; the covariance terms vanish, implying that cluster e¤ects do not matter
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asymptotically. The intuition for the result is as follows. The asymptotics for the non-

parametric estimate is driven by the number of clusters going to in�nity, with the number

of households staying �xed. Therefore, as the number of clusters increases (and the band-

width hn shrinks), in the hn-neighborhood of a �xed observation x0, the proportion of

households, from the same cluster as x0; goes to zero but the proportion of households

from other clusters goes to in�nity. This happens since the total number of observations

in the neighborhood grows to in�nity and X has a density in a neighborhood of x0: Re-

sults of somewhat similar spirit were derived in the time-series literature (c.f. Robinson,

1983). Note also that it is important for this result that not all population units in the

population clusters be identical (existence of the joint density g (:; :js) and the fact that
�s (xscsh; xscsh0) 6= �2 (xjs) where x = xscsh = xscsh0 guarantees this). If that were true, I
would get

V ar (t1i) =
X
s

1

as

1

k

Z �
K2 (u)�2 (x0 + hnu) f (x0 + hnujs) du

�
+
X
s

1

as

k � 1
k

Z �
K2 (u)�2 (x0 + hnu) f (x0 + hnujs) du

�
:

and the non-vanishing cluster e¤ects are the (limits of the) second term in this expression.16

The variance of the estimate for a �nite sample (and �nite bandwidth) can be esti-

mated using the �rst term in (7) (after replacing all quantities by their estimates) as the

relevant in�uence function and then applying the expressions in (6) without the cluster

terms. Although the cluster correction term vanishes asymptotically, this term may not

be ignorable in real applications for a �nite sample size corresponding to the choice of a

�nite and non-zero bandwidth (see section 5 and table 4 for an illustration of this). So it

is advisable to retain the cluster correction terms if it makes a signi�cant di¤erence to the

results17.
16The stratum correction terms would also increase (implying adjusted standard errors would decrease

by larger and larger proportions) as the bandwidth increases, but given the large number of observations

within a stratum (unlike clusters), this rise will be modest.
17 I am grateful to a referee for pointing this out.
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3.2 U-statistics based estimates

Many estimators of the parametric component of a semiparametric model can be inter-

preted as minimizers of U-processes. See for instance Han (1987), Sherman (1994a, 1994b),

Bhattacharya (2003), Honore and Powell (1994). In this subsection, I show how to derive

large sample distribution theory for such estimators when the data come from strati�ed

clustered samples.

I shall only consider U-statistics of order two based on all distinct pairs of observations.

The sampling design is the same as above. Let N denote the total number of sampled

observations (households) in the sample and n the total number of sampled clusters with

N = nk. I am interested in �nding the asymptotic distribution of the estimate (of the true

parameter �0), which minimizes

QN (z; �) =
1

N (N � 1)
X
I

X
J 6=I

Q2 (zI ; zJ ; �)

where zI = (yI ; xI) and Q2 (:; :; �) is symmetric in the �rst two arguments.18I shall re-index

clusters from 1; :::n (keeping track of which stratum each cluster came from) and re-write

this objective function as

QN (z; �) =
1

n (n� 1)

nX
i=1

nX
j=1;j 6=i

G (zi; zj ; �)+
1

(n� 1) k2

8<: 1n
nX
i=1

8<:
kX
h=1

kX
h0=1;h0 6=h

Q2 (zih; zih0 ; �)

9=;
9=;

where i and j denote clusters and

zi = (yi1; :::yik; xi1; :::xik)

G (zi; zj ; �) =
1

k2

kX
h=1

kX
h0=1

Q2
�
zih; zjh0 ; �

�
; i 6= j:

The idea is to split the objective function into two parts- one involving distinct pairs

of households from di¤erent clusters (the �rst term) and the second involving all dis-

tinct pairs of households that belong to the same cluster. Under the assumption thatPn
i=1

nPk
h=1

Pk
h0=1;h0 6=hQ2 (zih; zih0 ; �)

o
is Op (n) uniformly in � (which holds for instance

18Note that I do not use sampling weights in the estimation step since such problems usually arise from

a speci�cation of conditional mean or median, which is assumed to be identical in every stratum. So an

unweighted procedure will yield consistent estimates of the parameter of interest.
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if Q2 (zih; zih0 ; �) are bounded, uniformly in �), the second term is asymptotically negligible

and one is left with

QN (z; �) '
1

n (n� 1)

nX
i=1

nX
j=1;j 6=i

G (zi; zj ; �)

which is a U-process on independent (though not identically distributed) observations. Us-

ing results from Sherman (1994), which require only the independence of the observations,

it is straightforward to show that (under appropriate di¤erentiability conditions and ex-

istence of �nite moments) the minimizer of QN (z; �) is asymptotically equivalent to the

minimizer of an empirical process on independent observations, whence
p
n-consistency

and asymptotic normality follow. The minimizer itself will have an empirical process form

with in�uence functions given by

	i (�0) = 2
SX
s=1

1(si = s)
kX
h=1

1

n� 1
@

@�
E

8<:X
s0

X
j; (s0;j) 6=(si;i)

Q2
�
zsiih; zs0j1; �0jzsiih

�9=; :
Replacing population quantities by their sample counterparts and using numeric derivatives

in place of analytic ones, one can estimate the covariance matrix of the minimizer. One

can show

p
n
�
�̂ � �0

�
= 2

8<:k @2

@�@�0
E

24 1

n (n� 1)

nX
i=1

X
j 6=i

Q2
�
zih; zjh0 ; �

�359=;
�1

� 1p
n

nX
i=1

SX
s=1

1(si = s)

kX
h=1

0@ 1

n� 1
@

@�
E

8<:X
s0

X
j; (s0;j) 6=(si;i)

Q2
�
zsiih; zs0j1; �0jzsiih

�9=;
1A

+op (1)

where EzjQ2 (zih; zj ; �0) denotes expectation taken w.r.t. the second random variable in

Q2 (:; :; :). Let r̂lQ2 (zih; zj ; �0), l = 1; 2 denote 1st & 2nd order numeric derivatives of
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Q2 (zih; zj ; �0),

	̂sih =
1

n� 1

24 P
s0 6=s

1
ns0

Pns0
cs=1

1
k

Pk
h0=1 r̂1Q2

�
zsih; zs0csh0 ; �̂

�
+ 1
ns�1

Pns
cs=1;cs 6=i

1
k

Pk
h0=1 r̂1Q2

�
zsih; zscsh0 ; �̂

� 35
�	sh =

1

ns

nsX
cs=1

	̂sih

�	h =

PS
s=1

�	sh
S

�̂ =

PN
I=1

P
J 6=I r̂2Q2

�
zI ; zJ ; �̂

�
N(N � 1)

where
PN
I=1

P
J 6=I denotes the sum over all pairs of observations. Also let

�̂ =

SX
s=1

nsX
i=1

kX
h=1

�
	̂sih � �	sh

��
	̂sih � �	sh

�0
�̂ =

SX
s=1

nsX
i=1

X
h

X
h0 6=h

�
	̂sih � �	sh

��
	̂sih0 � �	sh0

�0
:

A consistent estimate of the asymptotic variance of �̂ is given by 4�̂�1
�
�̂ + �̂

�
�̂�1. Note

that

�̂ =
SX
s=1

nsX
i=1

kX
h=1

�
	̂sih � �	h

��
	̂sih � �	h

�0
�

SX
s=1

ns

kX
h=1

�
�	sh � �	h

� �
�	sh � �	h

�0
so that the cluster e¤ect is �̂ and the stratum e¤ect is

PS
s=1 ns

Pk
h=1

�
�	sh � �	h

� �
�	sh � �	h

�0.
4 Comments on Implementation

Data agencies di¤er in terms of availability of stratum and cluster information in the public-

use data �les. For almost all developing countries, including the LSMS surveys (which

currently cover more than thirty developing countries for multiple years), the stratum and

cluster identi�ers are available in the public use micro-data. In some cases, these occur as
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variables in the data set19. In other cases, the stratum and cluster identities are contained

in the unique household identi�er variable which is constructed by concatenating stratum

and cluster identity numbers20. Ideally, one should consult the sample design document

to see what variables are the strati�cation and clustering based on and identify them in

the micro-data before applying my methods. For several US surveys like the PSID and

the HRS, the stratum and cluster information are available upon signing a sensitive data

agreement for protection of respondents�privacies.

Di¤erent real-life surveys in the real world employ di¤erent number of levels of strati-

�cation and clustering. With multiple layers of strati�cation, only the �nal, i.e. the �nest

level of strati�cation matters and that is what should be used as the stratifying variable.

e.g. if the strati�cation is �rst by state and then by districts within every state, then each

state-district cell constitutes one stratum. For multiple layers of clustering (as in the PSID,

the LSMS survey for Peru etc.), taking into account correlations between observations from

the primary clusters su¢ ces since this also takes into account correlations between units

residing in secondary clusters. Thus no changes are warranted in my formulae when there

are multiple levels of strati�cation and clustering; it is enough to set the stratum variable

to the �ultimate�stratifying variable and the cluster variable to the �primary�level of clus-

tering and then applying my formulae developed above for one stage each of strati�cation

and clustering.

Sampling weights are included in all micro-data �les. One needs to use the right weights

depending on whether one is performing the analysis at a district level, household level,

individual level etc. For instance, for the individual level analysis, household weights should

be multiplied by household size.

5 Illustration with Indian NSS data

In this section, I brie�y illustrate my procedures with data from the complexly designed

Indian National Sample Survey (NSS) for 1993-4. This survey applies several levels of

19The terminologies vary between surveys: e.g. the LSMS survey for Azerbaijan lists strata as raions and

clusters by the variable PPID, that for Pakistan are stratum and psu, for Peru it is regtype and cluster etc.
20e.g. in the Albanian survey of the LSMS, the �rst two digits of the hhd id represent the bashki (stratum)

and the next two represent the village (cluster)
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strati�cation, �rst by states, then by sector (rural and urban) and �nally by districts

(rural) and size of town (urban). The �nal level of strati�cation is denoted by the variable

�stratum�in the data set. Within each stratum, clusters- villages in rural areas and blocks

in urban areas- are selected at the �rst stage. From each selected cluster, a sample of ten

households are drawn21. The clusters are identi�ed by the variable �fsu_number�.

In Table 1, I report estimates of the mean and the Lorenz share at median (denoting the

percentage of total resources accruing to the bottom 50% of the population) for monthly per

capita household expenditure (mpce) (in the appendix, I show how Lorenz share estimation

can be interpreted as a method of moment problem). I report both the weighted estimates

and the unweighted naive ones for all India and the four largest states in the west, north,

east and southern parts of the country. Estimates are provided separately for the entire

state as well as for the rural and urban sectors.

For the mean, note that the naive estimates always overestimate the population mean.

This happens because the NSS consciously tries to oversample wealthier households, rel-

ative to their population frequencies. The unweighted estimates therefore load the result

disproportionately towards the wealthier households. A similar reasoning shows that un-

weighted estimates of the Lorenz share will produce systematically lower estimates since

the relatively poorer people are under-represented in the sample. Weighting serves to cor-

rect for this under-representation and produces the consistent estimates of true population

quantities.

In Table 2, I compare two di¤erent estimates of the standard error- one taking the design

into account and the other not- for the same estimate of the parameter viz. the weighted

consistent estimates of mean and Lorenz share. Since the results di¤er in interesting ways

between rural and urban sectors, I report the two sectors separately. Columns 1-6 report

the numbers for the mean and columns 7-12 for the Lorenz share at median. As explained

in the footnote to the table, columns 2 and 3 (8 & 9 resp.) report the standard errors that,

respectively, do and do not take the survey design into account and column 6 (12 resp.)

reports the % change in standard errors due to overall design e¤ects as percentage of the

naive standard error estimates. Column 4 (resp., 10) shows the % change in standard errors

21 In fact, the clusters are further strati�ed into a wealthy and a non-wealthy strata. 2 households are

drawn from the wealthy strata and 8 from the poorer one. This second level of strati�cation is identi�ed

by the variable �substratum�in the data set.
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(negative when the standard error declines) as a result of taking only strati�cation (and

not clustering) into account (for instance, -30.97 in row 4, column 4 means that by taking

strati�cation into account the estimate of the standard errors has fallen by 30.97% of the

naive standard error for a consistent estimate of the mean for all of rural India). In terms

of the expression in equation (6), this corresponds to the standard error one would get if

one ignored the second term but included the third. The idea is to look at the separate

contributions of the three terms in (6) to the overall standard error. Similarly column 5

(11, resp.) shows the increase in standard errors as a result of taking only clustering (and

not strati�cation) into account.

Note from Table 2 that in general, cluster e¤ects are larger than stratum e¤ects. They

are also much larger in urban areas relative to rural ones. The most likely explanation for

this is that due to higher mobility in urban areas (better property markets and no strong

attachment to land unlike the agricultural rural population), the urban population sorts

itself more e¢ ciently by income. So urban clusters are more homogeneous in terms of

income. In other words, there are poor neighborhoods and rich neighborhoods in cities to

a larger extent than there are rich villages and poor villages.

Next, note that the cluster e¤ects are much larger for the mean than they are for the

Lorenz share. This happens because the Lorenz shares are nonlinear functions of the data

and the correlations between these nonlinear functions (of mpce, say) within a cluster tend

to be smaller than the correlations between the mpce�s themselves.

These results suggest that for countries with greater degrees of segregation, survey

design will have stronger e¤ects on standard errors through larger cluster e¤ects. Strata

being larger in size are likely to be less homogeneous and therefore will produce relatively

smaller stratum e¤ects on estimates of standard errors.

In Table 3, I report the Lorenz shares at medians corresponding to two successive

rounds of the NSS survey- 1987-88 and 1993-94. I report the shares, the observed increases

in Lorenz share at median in 1993-4, relative to 1987-8 and �nally in the last two columns,

I report the naive and the design-corrected t-statitics for testing hypotheses regarding the

change in Lorenz shares22. The purpose of this table is to demonstrate that the relative

22We have assumed here that the samples for the two di¤erent years are independent so that the variance

of the di¤erences in Lorenz shares is the sum of the variances of the shares for each year. Since clusters are

sampled independently in the two years, this assumption is plausible.
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magnitude of the standard errors become critical when testing changes in inequality. It

is often the case that sample Lorenz shares actually move very little over long periods of

time (c.f. column 3 of Table 3 where the largest change in Lorenz share at median over six

years is merely 1.6 percentage points), which reinforces the importance of computing the

correct standard errors. I observe from Table 3 that in the urban sector for all India as

well as for each of the states, except Andhra Pradesh, corrected t-values would lead one to

accept the hypothesis of no change at either 95% or 99% level, whereas the naive t-values

would lead to the opposite conclusion. In the rural areas, that is not the case, as expected.

Finally, in Table 4, I provide results from a Nadaraya-Watson regression of (log) per

capita calorie consumption on (log) mpce to illustrate the design e¤ects on standard errors

in nonparametric regressions, the theory of which is laid out in Section 3.1, above23. I

report the results for urban West Bengal where, as can be seen from Tables 2 and 3,

the cluster e¤ects were the largest. The value of (log) mpce at which I compute these

regressions equals 10.70 (equivalent to 581.47 rupees), which is the sample median24. I use

a quartic kernel, given by

k (u) =
15

16

�
1� u2

�2
, � 1 � u � 1

= 0, otherwise.

The optimal bandwidth (marked with an asterisk in Table 4) was chosen proportional

to n�1=5 where n equals the number of clusters (335) in the sample, with the constant

of proportionality determined by minimizing a (leave-one-out) cross-validation criterion,

over a large range of possible bandwidth choices25. I report the results for a range of

bandwidth choices ranging between 0.2 times the optimal bandwidth to 1.8 times the

optimal bandwidth (in multiplicative increments of 0.2). We notice that at the optimal

23The choice of this particular example is arbitrary since we are only using it for illustrations. No causal

e¤ects are to be inferred from them. For more careful treatments of calorie-income relations, see, for

instance, Subramanian and Deaton (1996).
24The choice of this point is motivated by the fact that one would expect the regression estimates at the

�center�of the expenditure distribution to be more accurate than at the boundaries. However, this is not to

be interpreted as an estimate of the regression function at the population median. Otherwise, the correct

standard error would have to account for the fact that the median is estimated.
25Results from a local linear regression or choice of a higher order kernel for the purpose of bias reduction

were of very similar orders of magnitude.
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bandwidth, cluster e¤ects are 34.16% and the overall increase in standard error 33% of the

naive estimate of standard error. This reinforces the point that in �nite samples, cluster

e¤ects may not be ignorable, although asymptotically, they should vanish. Moreover, as

expected, the standard errors decrease and cluster e¤ects increase as bandwidth increases.

The e¤ect of strati�cation is modest.

6 Conclusion

This paper has illustrated method of moments estimation when the data come from strat-

i�ed, clustered surveys. It has outlined the methods of estimation of the parameters of in-

terest and demonstrated the method of standard error computation that takes into account

the survey design. The paper shows that ignoring strati�cation leads to overestimation of

variances and the extent of overestimation increases with the degree of homogeneity inside

and the degree of heterogeneity across strata. It also demonstrates that ignoring clustering

likely leads to underestimation of variances with the extent of underestimation increasing

in homogeneity within clusters. The analysis is presented for GMM-based estimation prob-

lems and extended to cover nonparametric regression and U-statistic based estimators for

semiparametric models.

A related question, not covered in this paper, is how to best design a survey, given

the �nancial constraints. Clearly, �ner strati�cation and less clustering are desirable but

also costlier. The formulas above should convince the reader that cluster and stratum

e¤ects upon standard errors also depend on the estimation problem at hand (through the

moment functions). The scale of these e¤ects are likely to be di¤erent for di¤erent types of

estimation problems (e.g. means and medians). So in order to design a survey e¢ ciently,

one has to make a judgement on both what types of parameters are to be estimated from it

and also how much is it worth (in dollars) to reduce standard errors by a certain percentage.
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7 Appendix

Variance of nonparametric regressions
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Eijs
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�
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hn
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��
+
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�
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�
K

�
xsih � x0
hn

�
K

�
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hn

�
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��
where

�s (xsih; xsih0) = Ejs ("sih"sih0 jxsih; xsih0)

= hn
X
s

1 (si = s)

a2s

1

k
Ecsjs

��Z �
K2 (u)�2 (x0 + hnu) f (x0 + hnujs; cs) du

���

+h2n
X
s

1 (si = s)

a2s

k � 1
k

Ecsjs

(Z Z
dudv

"
K (u)K (v) �s (x0 + hnu; x0 + hnv)

�g (x0 + hnu; x0 + hnvjs)
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nX
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V ar (t1i)
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=
X
s

1

as

1

k
Ecsjs

��Z �
K2 (u)�2 (x0 + hnu) f (x0 + hnujs; cs) du

���

+hn
X
s

1

as
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k

Ecsjs

(Z Z
dudv

 
K (u)K (v) �s (x0 + hnu; x0 + hnv)

�g (x0 + hnu; x0 + hnvjs)

!)
:

Lorenz shares
Here I report the moment functions for Lorenz share estimation. Recall that for a given

percentile p, the Lorenz share at p is de�ned as

� (p) =

PS
s=1HsEjs fy1 (y � Q (p))gPS

s=1HsEjsy
� � (p)

�
; say

where Q (p) satis�es

p =

PS
s=1Hs Pr fy � Q (p) jsgPS

s=1Hs

The corresponding sample moment conditions are

SX
s=1

nsX
cs=1

kX
h=1

wscsh

�
p� 1

n
yscsh � Q̂ (p)

o�
= 0

SX
s=1

nsX
cs=1

kX
h=1

wscsh

�
�̂ (p)� yscsh1

n
yscsh � Q̂ (p)

o�
= 0

SX
s=1

nsX
cs=1

kX
h=1

wscsh (�̂� yscsh) = 0:

Using the methods for GMM, developed in the text, one gets the joint asymptotic distri-

bution of
�
Q̂ (p) ; �̂ (p) ; �̂

�
: Using the usual delta method, the asymptotic distribution of

�̂ (p) follows.
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