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1

Cross-tabulation is a useful descriptive tool that is routinely used in economics, so-
ciology, political science and other disciplines. It is easy to produce and helpful for
understanding the relationship between two discrete variables of interest. Typical units
of observation are individuals, households, firms, agricultural plots etc. For ease of
exposition we will refer to observations as “households”.
computing a cross-tabulation is that these two variables are available for the same
households, which either means that the variables come from the same survey or that
households have been re-visited for different surveys. If the above requirement does not

apply, cross-tabulations cannot be produced, at least not by conventional one-sample
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Abstract

Conventional one-sample cross-tabulation of two categorical variables assumes
that the data are available for the same individuals, households, plots, or firms.
This requirement is however not always met. One way to proceed in that case is to
cross-tabulate exact observations with imputed values. The resulting two-sample
cross-tabulation will be subject to both imputation error and sampling error. The
added imputation error increases the standard errors relative to the one-sample
analogue, and may introduce a bias. We put forward a bias-corrected estimator
and derive its asymptotic properties. This gives the applied user analytic standard
errors that are easily implemented without the use of bootstrapping. Monte-Carlo
simulations confirm that: (a) the analytic standard errors coincide perfectly with
bootstrap standard errors for all sample sizes considered, (b) the contribution of
imputation error to total error is not negligible, and (c) the bias-correction works

remarkably well. An empirical example is also provided.

Introduction

methods.

The only requirement for



It is not uncommon that variables of interest are divided over different samples that
cannot be linked with certainty at the household level. Surveys tend to be specialized
and are undertaken by different parties. It is often not in the interest of those com-
missioning the survey to collect data beyond that what is relevant for their program or
project. Even if funding and coordination are not an issue, grouping multiple special-
ized surveys into one so that all data are collected for the same sample of households
will be demanding both on those being interviewed and on the enumerators. This may
compromise the quality of the data collected. For a recent review study on combining
survey data, see e.g. Ridder and Moffitt (2007).

A popular approach, when no one sample contains both variables of interest, is
to pick one sample and impute the variable that is missing. It is assumed that the
samples have a set of variables in common in addition to the variables that are unique
to each sample. The shared variables then serve as instruments in the model used for
imputing the missing variable. This means that exact observations (for variable one)
will be cross-tabulated with imputed values (for variable two). We will refer to this as
a two-sample cross-tabulation.

Two-sample cross-tabulations are subject to two types of error: imputation error
and sampling error. The added imputation error will add to the standard error of
the estimates. It will generally also introduce a bias, as the imputation error is likely
to be correlated with the variable with which it is cross-tabulated. The dual error
structure is often ignored in empirical applications leading to an over-estimation of
statistical precision of cross-tabulations that feature imputed values (examples will be
given below).

This paper puts forward a bias-corrected estimator and derives its asymptotic dis-
tribution. The asymptotic distribution takes into account both the imputation- and
the sampling error. These analytic results enable the user to compute standard errors
without having to resort to bootstrap simulations. To ensure exact standard errors for
any sample size and sampling design we also offer a bootstrap procedure. Monte Carlo
simulations suggest that the asymptotic- and bootstrap standard errors are equally
accurate also for small sample sizes; both match the true standard errors. Having an-
alytic standard errors that are both easy to compute and accurate makes two-sample
cross-tabulation a user-friendly tool for a wide audience of applied users.

The contexts in which two-sample cross-tabulations can be applied are wide-ranging.
Two prominent examples of specialized surveys are the household budget survey (HBS)
and the demographic health survey (DHS). The HBS collects detailed household expen-
diture data that is commonly used to determine a household’s poverty status. The DHS

collects detailed health and health-care data that includes anthropometric indicators,



whether the individual is HIV positive, and useage of health services. While basic de-
mographics, education, asset ownership and dwelling unit characteristics are typically
available in both types of surveys, the detailed expenditure and health data are unique
to the corresponding surveys. A cross-tabulation of health with poverty would then
require a combination of the two surveys. More specifically, one may wish to examine
the relationship between socio-economic status and child malnutrition (see e.g. Sahn
and Stifel, 2003), child health care (see e.g. Schellenberg et al., 2003), and useage of
health services more generally (see e.g. Lindelow, 2006).!

Breaking down estimates by region, province, and district too denotes an example
of a two-sample cross-tabulation when there is no one sample that both contains the
variable of interest and is representative at the desired subnational level. A frequently
adopted solution is to bring in a larger survey (or census) that provides the necessary
coverage, but is lacking the variable one is interested in. See the small area estimation
method put forward by Elbers et al. (2003), which inspired Demombynes et al. (2007),
Elbers et al. (2008), Tarozzi and Deaton (2009), Tarozzi (2011), and Viet-Cuong et al.
(2010). In these studies poverty derived from a household expenditure survey is imputed
into the larger survey (or census), which is then aggregated at the small area level.?
Ivaschenko and Lanjouw (2010) apply the same approach to impute the probability
of being tested HIV positive into a DHS (that does not collect HIV data) to obtain
subnational estimates of HIV prevalence. Here the imputation model is estimated with
sentinel survey data which contains HIV data for a sample of individuals that is not
representative at the stratum or even national level. Fujii (2011) combines the DHS
with census data to estimate child malnutrition at the small area level.

The tracking of welfare over time offers another example. It denotes an important
tool in monitoring progress and identifying leading and lagging areas. In two scenarios
there is a need for imputed data in which case the cross-tabulation of poverty say ver-
sus time becomes a two-sample cross-tabulation: (1) the household expenditure survey
is outdated and/or conducted infrequently. A viable solution may then be to impute
household poverty into an alternative survey that is conducted more regularly such as
a DHS, see e.g. Stifel and Christiaensen (2007) and Christiaensen et al. (2011); (2)

even if household expenditure surveys are up-to-date, the comparison of consumption

!These studies measure socio-economic status by means of an asset index. The latter is often
computed as predicted consumption in which case it coincides with imputed consumption. By treating
the variable as an exact asset index however rather than imputed consumption, one circumvents the
problem of having to account for imputation error. See for example Filmer and Scott (2008). By the
same token, had consumption and health data been available in the same sample, consumption would
likely have been preferred over the asset index to determine the individual’s socio-economic status. The
approach advocated in this paper enables one to obtain estimates of the latter with easy to implement
standard errors that does not do away with the error due to imputation.

2If a census is used, then there is no sampling error only imputation error.



poverty between time periods may be hampered by a lack of comparability due to sig-
nificant changes in the questionnaires. The Indian poverty debate denotes a well-known
example, see e.g. Deaton and Dreze (2002), Deaton (2003), Kijima and Lanjouw (2003),
and Tarozzi (2007), where the offered solution is to work with imputed consumption
that is comparable over time.

The transition matrix is also an example of a cross-tabulation which is conventionally
only available if one has panel data. The two-sample analogue is obtained by combining
repeated cross-sections to create a so-called synthetic-panel. Consider a table that shows
the percentage of households falling into and out of poverty which helps address the
question of whether poverty is of a chronic or a transient nature. Lanjouw et al. (2011)
estimate this poverty transition matrix by imputing time ¢ consumption into the time
t + 1 survey and vice versa. Similarly one may study the transitions between levels of
food security and malnutrition, sectors of employment, political preferences, location of
residence (urban or rural; country of origin or abroad) etc. Note that transition matrices
can also be estimated from repeated cross-sections without the use of survey-to-survey
imputation. With the help of additional assumptions one could estimate the transition
probabilities directly by means of maximum-likelihood, see e.g. Moffitt (1993) for the
methodology and Pelzer et al. (2001) for an empirical application.

Few empirical studies implement correct standard errors that acknowledge the dual
error structure of estimates based on imputed data. It is common practice to either treat
the imputed data as observed data or ignore the sampling error, or omit the standard
errors all together. This includes the empirical applications listed above. While there
are bootstrap procedures available to deal with imputed survey data (see e.g. Shao and
Sitter, 1996), to the best of our knowledge they have not yet been adopted in the context
of cross-tabulations and made available in standard statistical packages. This leaves to
user to having to program it him- or herself. The analytic standard errors presented
in this paper are easily implemented, without the use of bootstrapping, making the
two-sample cross-tabulation almost as user-friendly as its one-sample counterpart.

The paper is organized as follows. Section 2 reviews the commonly used cross-
tabulations, both the one-sample and the two-sample version. We offer a bias-corrected
alternative to the naive two-sample cross-tabulation in Section 3, which includes a
discussion of its asymptotic properties. Sections 4 and 5 provide respectively a Monte-

Carlo simulation study and an empirical application. Section 6 concludes.



2 Conventional cross-tabulation

A cross-tabulation presents in a tabular form estimates of the proportion of the popula-
tion that belongs to combinations of two categories. For example a the share of children
that are both poor and malnoursihed denotes one of four cells of a cross-tabulation of
poverty and/with child malnutrition. To simplify the presentation, we focus on the
point estimate and the standard error for a particular cell in the cross-tabulation table.

We start with a general framework and make progressively more restrictive (but still
fairly general) assumptions to obtain sharper analytical results. Throughout the paper,

we maintain the following assumption:?

Assumption 1 (z;,y;) denotes an independently and identically distributed sequence

of dummy (binary) variables.

The subscript 7 is the observation unit in the data. To be consistent with our empirical
application, we shall refer to ¢ as “household” in this paper. Our objective is to derive
a consistent estimator of y,, = Pr(z; = 1,y; = 1) = E[z;y;] and find its asymptotic
properties. The results are easily extended to the other cells of the cross-tabulation:

Elei(1 = yi)l, BI(1 = @)y, and B[(1 = 2;)(1 = 3;)].

Remark 2 Under the assumption of binary x; and y; the cross-tabulation takes the

form of a 2 x 2 table. Our approach is equally applicable however to the case of two

categorical variables. Assume that the variables x; and y; can take on the values k, €
T Yoo Y ;

{ot,-- 0] } and K, € {0, ,vdy}, which may represent more than two values, and

suppose that we want to estimate Pr(k, = vZ, k, = v]). Then, by letting v; = Ind(k, =

T

vZ) and y; = Ind(ky, = v}), we have pizy = Pr(k, = 02, Kk, = v}).

2.1 One-sample cross-tabulation

Suppose that z; and y; are observed for the first n households in the sequence. Then,
the (standard) one-sample cross-tabulation estimator ugy is simply the following sample

average:
n
~O0 _— 712 :
/,ny =N TilYi,
i=1

where n is the size of the sample.
Under Assumption 1 we have that ,&?y is unbiased and consistent, and has a variance

of n”'War[z;y;] = n ' pugy(1 — pzy). The variance can be consistently estimated by

3When more restrictive assumptions are made subsequently, this assumption becomes redundant.
However, to keep the presentation simple, we shall not explicitly drop the assumptions implied by
other assumptions.



the n~'svar[z;y;] (i.e. the sample variance of w;y; divided by the sample size). As
sampling denotes the sole source of randomness, the error in the one-sample estimator

is commonly referred to as sampling error.

2.2 Naive two-sample cross-tabulation

To create a cross-tabulation from two independently-drawn samples that cannot be
linked at the household level we need a set of covariates z € R” that are available in
both samples, where L is the dimension of the covariates. z serves as a set of instruments
that will be used to impute y in the sample that holds x (or impute z in the sample that
holds y). In what follows, we shall maintain the following set of assumptions, which is

slightly more restrictive than Assumption 1:
Assumption 3 The triple (x;,y;, z;) is independently and identically distributed across .

Without loss of generality, let the index set for Sample 1 and Sample 2 be & =
{1,---,n1} and Sy = {ny + 1, -+ ,ny + na}, respectively. We assume that the pair
(x;, z;) is observed for all i € S; and the pair (y;, 2;) is observed for all i € S;. With
some abuse of notation, we shall also use S§; and S, to refer to Sample 1 and Sample 2,
respectively.

It is possible that some of the factors in z are related only to # but not to y, and
that others are related only to y, but not to x. In this case, we may set the coefficient on
“irrelevant” covariates identically equal to zero in the estimation of model parameters
discussed below. In general, 2z does not perfectly determine x and y so that x and y are
stochastic conditional on z.

We denote conditional moments by bar variables, and assume that they can be

described by the following parametric models:
w; = Blwilzi] = Grw(2i,0) for we{z,y}, and Ty = Elvyilz] = Go(zi,0),

where ¢ includes 0,, 0,, and possibly some other parameters.

In previous studies cross-tabulation tables have been constructed from two samples
in the following manner: First, the parameter 8, is estimated using Sample 2. Then,
using the estimate éy, y; is imputed by 9;(= Giy(2i, éy)) for each i € §;. Taking the

sample average of x;; over i € Sy, we obtain the following naive two-sample estimator

of gy
~N -1 ~
i, =nyt @i,
1€S

where n, = #(Ss) is the sample size s € {1,2}.



Remark 4 [t is in general possible to swap the sample for estimation and the sample
for imputation. That is, we can estimate the parameter 6, using Sample 1 and impute

(= Gha(2,0,)) for each observation in Sample 2.

We refer to /livy as a naive two-sample estimator as it is in general biased even when
both n; and nsy tend to infinity. This is because the estimator does not take into
account the correlation between x and y conditional on z. This point can be easily seen
by considering the special case where 6, is estimated without error (all the proofs are

provided in the appendix):

Proposition 5 Suppose that éy = 0,. Then, the bias B of the naive estimator /:Li\;
solves B = E.[2;y; — T7yi] = — E.[Cov|wi|2i, yilzi]].

Remark 6 The bias expression given in Proposition 5 also applies to the case where
x; is imputed for each record in sample 2 where 0, is estimated without error. This
can be readily seen from the symmetry of the bias expression. In practice, 0., # 0,
for w € {x,y}, in which case the symmetry is broken, i.e. it will matter for the bias

whether we impute in Sample 1 or Sample 2.

In the current form, it is difficult to see how important the bias could be. Therefore,
we maintain the following assumption, which is slightly more restrictive than Assump-

tion 3, for the remainder of this paper:

Assumption 7 The triple (2;, €4, €y:) is independently and identically distributed across i.

Further, the variables x; and y; are jointly described by:

v, = Ind(z10, + e, <0) (1)
Y = Ind(z;pr +e, <0), (2)

where Ind(-) is the indicator function that equals 1 if the argument is true and 0 other-
wise. The idiosyncratic error terms €5 and €, are independent of z;, and have mean

zero, unit variance, and correlation p.

Note that we may normalize €,; and €, to have zero mean and unit variance without
loss of generality by including a constant term in z;. We denote the joint distribution
function of €,; and €,; by F5 and their marginal distribution functions by Fi, and Fj,.
We shall denote the probability density functions corresponding to Fi, and Fy, by fi,
and fi, respectively. We assume that the probability density functions are at least once
differentiable. We define s(w) = Ind(w = z) + 2Ind(w = y), which is the index for the

sample that contains w € {x,y} (e.g., s(x) =1 as z is contained in Sy).

7



Two-sample estimation requires estimation of the model parameters. In what fol-

lows, we make the following assumption:

Assumption 8 Forw € {x,y}, the estimator O of 0., satisfies the following properties

as Ny, — 00
0w 2 0,
ns(w) (éw - €w> i> N(O, Qw) (3)

ew L (Zia Exiy <<3yi) for 7€ 83—5(111)7
where §,, is the asymptotic variance of O,p.

Remark 9 Assumption 8 is very general. For a wide range of Fy, and Fy,, /n-
consistent estimators of 8, and 8, are available. An obvious example is the mazimum
likelihood (ML) estimator when the ML regularity conditions are satisfied. Furthermore,
the independence condition is typically satisfied because Sy [S1] contains y; [x;] and z;
and thus 6, [0.] can be estimated with Sy [Sy1] alone.

Under Assumption 7, we have w; = Pr(ey; < —270,|2;) = Fiu(—210,,) for w € {z,y}
and T;y; = Fo(—210.,—270,,p) = Pr(es; < —zl0,,e, < —2]0,]z). Therefore,
the functions F' and G are related by Giy(2i,0,) = Flo(—210,) and Gay,(2;,0) =
Fyu(—210,,—210,,p). The imputed values can be written as w; = Flw(—ziTéw). With
a slight abuse of notation, we denote the derivative of Iy with respect to the first and
second argument by F5, and Fj,, respectively.

The bias is seen to satisfy:

B = E.[Fio(=20,) Fiy(=2]0,) — Fo(=2] 0., =2] 0, p)]. (4)

Note that the naive estimator is implicitlty built on the assumption that p = 0. If
that assumption were to hold, there would be no bias as can be seen from eq. (4). In
practice p will rarely equal zero. In general we have that the more p deviates from zero
the larger the bias. [Include Corollary that shows exactly that?]

To derive the asymptotic distribution of the naive estimator, we need to make an
assumption about how fast the two sample sizes tend to infinity. Therefore, we make

the following assumption:

Assumption 10 The sample sizes ny and ny are non-decreasing functions of t. Fur-
ther, ny — 0o and ny — 00 as t — 0o. We also assume that lim;_,o n(t)/ni(t) =r €
0, 1] and lim;—,oo n(t)/na(t) = ro € [0,1], where n(t) = min(ny(t), na(t)).



We assume the convergence of n/n; and n/ny for the convenience of argument. Later
we shall discuss the consequence of relaxing this assumption. Under this assumption

we obtain the following proposition:

Proposition 11 Let VN = r\Var(z;gi|+r2 E[m!'1Q, E[m;], where m; = x; fi,(—z10,) 2.
Then, under Assumptions 7, 8, and 10, and under some reqularity conditions, the naive
estimator ﬂi\; has the following asymptotic properties as t — oo:
a, =, = 0
d
_>

V(i — i, N (0, V),

where i, = Elx;7;] which is generally different from pig,.

Proposition 11 shows that there are two sources of error that contribute to the variance
of the naive estimator. The first component, r;Var|x;y;], is due to sampling error from
the first sample. The second component is due to model error, i.e. the error in the
estimation of the model parameters. In this case, the model error is éy —0,. When we
specifically refer to the model error for 6, for w € {z,y}, we call it w-model error. The
w-model error leads to the imputation error, w; — w;.

From Proposition 11 we also learn that if we ignore the fact that g; is an imputed
value and not an observation, we will underestimate the variance. Therefore, even
if p = 0 in which case the naive estimator has no bias asymptotically, conclusions
drawn from the naive estimator may still be misleading unless the standard errors
are appropriately calculated. In other words, conventional one-sample cross-tabulation
standard errors where imputed data is treated as observed data (i.e. svars, [z;9;]"°)
cannot be used as an estimate of the naive estimator’s standard errors because they do
not take into account the imputation error (i.e., g; — ;).

It is useful to have an idea about the order of magnitude of the bias. To this end
we shall make two normality assumptions for the remainder of this subsection. Results
derived under these assumptions reveal how the bias is shaped by the underlying model

parameters. In particular, we can see how sensitive the bias is with respect to p.

Assumption 12 The pair (e4,¢€y:) jointly follows a bi-variate standard normal distri-

bution for all 7.

Note that under Assumption 12, x and y are described by a bi-variate probit model.
We denote the bi-variate and univariate standard normal distribution functions by &,
and @1, respectively. Their probability density functions are denoted by ¢, and ¢;.

To obtain an (approximate) analytical closed form expression for the bias we addi-

tionally make the following normality assumption:



Assumption 13 Let the systematic components be Zy, = —z10, and Zyi = —zZ-THy.

Zyi and Z,; jointly have the following distribution for all i:

NN Hzx O-zx )‘O-z:va-zy '
Moy || MO0y 02

Note that if z is normally distributed, this assumption is satisfied. Also, it should

Z;Bi
Z

Y

be noted that the variance of the systematic component serves as a measure of the
goodness-of-fit because the variance of the idiosyncratic component is fixed.

Under Assumptions 12 and 13, we obtain the following closed-form expression for
the bias:

Theorem 14 Let Wy = (1-N)o2,02,+ 02, +02,+1, Wi = (02, + 1)uZ, + (02, + 1),
Wae = A0o00y — (02, + Dfize, Way = A02002y — (07, + 1) iz, Wae = (1= N2)2W3, /W —
(02, + )W, and W, = (1 — N*)*W3 /W5 — (02, + 1)Wo. Then, under Assumptions
12 and 13 and using a third-order Taylor approzimation of ®o with respect to p around

p =0, the bias solves:

PP
>~ —C <,0 + ECQ + ECg) y (6)

where:

co = (2m/Wy) texp [(QWO)_l(Q)\Uzmazyyzwuzy — Wl)}
cy = VVO_2 ()\(WO — W1)0200. + (Wo + 22252 o2 ),um,uzy)

zx” 2y

C3 = W3xW3y + 2)\0’szZyWO_2(262WO — )\Uzzazy)'

For most practical purposes this approximation will suffice. As can be seen in Figure 7,
the third-order approximation is indeed very accurate. [ADD SOME FIGURES HERE].

As eq. (6) shows an intricate function of the model parameters, let us focus on the
first-order term (—cop) to get a sense of what determines the bias. Due to Wy > 0, and

the fact that the following relationship holds true:

2)\0zx0_zy/lzx,uzy - Wl:c - le
= MOuallon + Oayhtzy)” + (L+ A)(05 2, + 02 0%,) + 12, + 112,
> 0, (7)

10



we have that | — cop| < (2mv/Wp)tp. Therefore, (2mv/Wy)~!p can be considered as a
first-order approximation to the upper bound on the bias when p., and p, are allowed
to vary. Since eq. (7) is held with equality if and only if p,, = p,, = 0, this upper
bound is the largest when the center of distribution of (Z,;, Z,;) is at the origin. This is
where the binary outcomes (z;,y;) are most sensitive to the error terms. Furthermore,
when the center of distribution of (Z,;, Z,;) is at the origin, the bound is found to be
the largest when |\| = 1.

Because W, is a monotonically increasing function of o2, and o2, the upper bound
tends to be smaller when the variance of Z; and Z,; is larger. This is because when the
variance of the systematic component is large, the goodness-of-fit of the model is good.
As a result, the idiosyncratic component will be relatively unimportant in determining
the value of x; or y;.

Note that p cannot be estimated from the data, which has motivated the use of the
naive estimator. One could however guesstimate the value of p, and use this ‘estimate’
to correct for the bias. A natural choice is to borrow estimates of p from other data sets
that contain both z; and y; (e.g., data taken at different time periods or in different
countries). We shall show in subsequent sections that even a crude guesstimate can

substantially improve the estimate.

3 Bias-corrected two-sample cross-tabulation

If we know the value of p, we can estimate the bias. This in turn means that we
can adopt a bias correction. The bias is estimated by replacing in Proposition 5 the
expected values of the conditional moments (i.e. the bar variables) by their sample

averages [analogues| (i.e. the hat variables):

R . o
B =n] E TilYi — TiYs,

I€EST
where 7;7; = Fy(—2z0,, —ziéy,p).
It will be convenient to define ¢; = (x; — Z;)y; + T;y; and its estimate by ¢; =

(v; — &;)9; + T;y;. Subtracting B from /lfy then yields the following bias-corrected

estimator A<, :
- 1
~C N N
ﬂxyZ/ﬁchy—BZn— Gi (8)

Assuming that the true value of p is inserted, it is straightforward to establish the

consistency of the bias-corrected estimator fi$,.

11



Proposition 15 Under Assumptions 7 and 8 and under some reqularity conditions,

the bias-corrected estimator /lgy satisfies the following asymptotic property as t — oo:
. p
:ugy — Hay — 0.

Notice that the bias-corrected estimator features both g; and ;. This means that
we now have two different sources of model error; 4, is a function of éy — 0, as well as
0, — 0,. The former model error originates from S; and is thus independent from the
sampling error which comes from S;. As ém is estimated using data from S; the latter
model error will generally not be independent from the sampling error.

To derive the asymptotic distribution of ¢, taking into account the correlation
between model error and sampling error, it is necessary to impose some structure on

0,. We make the following assumption:

Assumption 16 0, for w € {z,y} is an ML estimator:
Vi, —0,) % N(0,Q),

where:
flw(_zz‘Tgw)2 T

2, = Blm el 9)

We are now ready to establish asymptotic normality of ﬂgy:

)

(2 — w3) fry(—2]0,) — Foy(—=2] 00, =270y, 0)) 2, duwi = (fro(—2]0:) (2 — 25)/(2:(1 -
7))z, and a; = q; + Elm1)Q.d,;. Then, under Assumptions 7, 8, 10 and 16, and

under some reqularity conditions, the bias-corrected estimator ﬂgy has the following

Proposition 17 Let us define my; = (§ifio(—2]02) — Fou(—2] 04, —27'0,,p)) 2, ma; =

asymptotic property as t — oo:
. d
Viliig, = tiey) = N(0,VC),

where:
Ve = rVarfa;] + TzE[mg;]QyE[m%]' (10)

The rate of convergence is clearly determined by the sample that increases at the
slowest rate. If n; grows at a slower rate than ny as t — oo, the y-model error component
is less important than the sampling error and the z-model error. The opposite is true
when n; grows faster than ny. Notice that n/ny and n/ny do not necessarily converge.

In this case, the following interpretation is possible:

12



Remark 18 Define 7y = limsup, ., n/ny and 7o = limsup, . n/ne. By replacing
ry and ro by 1 and 7o wn Propositions 11 and 17, we have the upper bound on the

asymptotic variance.

A natural estimator for the variance of ﬂgy is obtained by replacing 6,, by éw, Quw

by Q. and expected values by sample averages:

~ 1 1 - A A
n"VY = —svars, [a;] + — E[mL]Q, Emay) (11)
ny N2
where a; = ¢; + E[mﬂ]@xdzl, EA[mkl] =n;" Ziesl
denotes the sample variance operator. Note that for the maximume-likelihood estimator,
the estimate for ,, is given by €, = ns_(iu) ZieS( )(flw(—ziTéw)Q)(wi(l — ;) el

my; for k € {1,2}, and where svarg,

It is straightforward to establish consistency of V-

Proposition 19 Under Assumptions 7, 8, 10, and 16 and under some regularity con-

ditions, VE€ 5 VC as t — .

Assumption 16 is motivated by the fact that the maximum-likelihood estimator
denotes a popular choice for estimating the parameters of the probit model (see As-
sumption 7). However, the proofs of Propositions 17 and 19 essentially only rely on
the consistency of éw, Q,, and some relevant sample moments. Therefore, replacing the
maximum-likelihood estimator with an alternative such as a GMM estimator requires
only minor modifications to the derivation of the asymptotic distribution of ﬂgy.

To see how standard errors are shaped by the underlying parameters we derive a
variance decomposition of the total estimation error. These results show when the
estimation error can be expected to be either large or small. By taking the first-order
Taylor expansion of z;y; and w; for w{z,y} around (6,,6,) we obtain:

w; = W; — fl(—zTew)zT(éw — O0w) + hiw

K3 (2

T = Ty — Z Fou(—270,, —270,, )2 (B — 6) + haa,

wefz,y}

where h;, and h; are functions involving second- or higher-order terms of ém — 0,

~

6, — 6,, or both. Noting that p,, = E[z;y;] yields:

. 1 A .
(S, — oy = - > g — Elgi) + m(0; — 0,) + m3(0, — 0) + h, (12)

1E€ST

where h;. is a function involving second- or higher-order terms of 6, — 6,, 6, — 0, or

both.
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Eq. (12) shows that the estimation error consists of three important components.
The first component, n;* > ics, & — Elqi], is due to the sampling error. The second
component, ny ' . o m% (0, — 6,), is due to the z-model error. The third component,
ny! Y ics, mgi(éy —0,), is due to the y-model error.

It follows that the first two components are in general correlated because both
components originate from &;. The correlation between the third component and the
first two on the other hand can be ignored asymptotically as the third component is

primarely driven by Ss.

Proposition 20 Let us define my; = fi.(—2]0.)y;2;. Then, under Assumptions 7,
8, 10, and 16 and under some reqularity conditions, the asymptotic variance of the

bias-corrected estimator ﬂgy can be decomposed as follows:

VY = Bzl - z)y + riVar[Tim) — 2r EimT]Q Elma)
+ rEm{Q.Elmy] + 7’2E[m§i]QyE[m2i].

Proposition 20 decomposes the asymptotic variance V¢ into five components. The
first two components are both due to sampling error from &;. The first component
(rE[z;(1 — z;)7?]) increases with the variation in the idiosyncratic error term e,; (and
decreases when the systematic part increases). The second component (riVar[z;y;))
increases with the variation in z;. The third component (2r; E[m?T]Q, E[my;]) measures
the covariance between the x-model error and the sampling error. The remaining two
components (rq E[mi,]Q, F[my;] and roE[mi;])Q, E[ms;]) are both due to model error.

To highlight the factors that determine the variance we next evaluate each of the
components of the variance decomposition as a function of the underlying model pa-
rameters and moments of z. Because E[(Z; — x;) fi,(—210,)] = 0, we have E[my;] =
E[—Fy,(—2160,)z]. Under Assumption 12 (the bivariate probit model) we have: holds.

Blmi) = ity oi(==0,) (@1(=276,) = @:1(0(p:T b — 276,))) =
1€S]
Elma] = —ni' 3 o1(=210,)®: (w(p2l0, - 210.)) 2
1€S]
where 1 = (1 — p?)~ V2.
Applying a variant of the delta method to V¢ with respect to z yields the following

proposition:

Proposition 21 Suppose that Assumptions 7, 12, and 16 hold and that 0, and éy are

mazximum-likelihood estimates of 8, and 0, respectively. Then, by taking the second-
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order approximation around z; = 0 of each function involving z; before the expectation

is taken, each term in the variance decomposition for VC can be approximated by:

Elz(1 - z:)y]] ~ 1_16 - ﬁﬁfuz
b (B0 o)y — 615 + D)) (13)
Varleg] = (6, + 0,756 +6), (14)
20, Bl = 1 =67 = 07 (5. + nopd) 0, (15)
B0, Blm] =~ 67 (5. + pupil) © (16)
Bl 10, Bima] = g (54 ) e+ =il (00, = 6.)
0, = 07 (2. a) (00,0, (17)

where ¥, = Var(z], . = Elz], and © = (¢ — 1)0, — ¢ pb,.

Unlike the standard delta method, the first-order term does not disappear unless E[z;] =
0. It can be verified however that the approximations in Proposition 21 remain accurate
as long as >, and pu, are not too large in absolute value.

Proposition 21 shows what factors play an important role in determining the mag-

nitude of the variance.

e When u, = 0y, where O, is a L-vector of zeros, all components except for the
covariance term tend to increase with the variance of z (i.e. the diagonal elements
of 3,). (Increases in ., when pu, slightly deviates from 0y, tend to have a similar

effect on all error components.)

e When p, # 0, the variance of z still increases the z-model error component but
the same is not necessarily true for the y-model error component. Simulation
results presented later confirm that total variance can be both an increasing and

a decreasing function of the variance of z (largely depending on the value of p,).

e [t follows that the y-model error component is generally larger than the z-model
error component when the two sample sizes are comparable. The third and last
term of eq. (17) (y-model term) is found to be of a similar order of magnitude as
the corresponding (and sole) term of eq. (16) (x-model term). The extra terms
in eq. (17) is what typically makes the y-model error component larger than the

x-model error component.
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e The covariance component is generally small. For |p| << 1 we have that ) — 1 is

small, which in turn tends to make the terms featuring © small.

e The parameter vectors 6, and 0, have a similar effect on the sampling error
components. This is not the case for the model error components. For the latter
pb, — 0, appears to be an important vector from which it follows that 6, generally

has a smaller role in the model error than 6,, especially when p is small.

Remark 22 For ease of exposition all results derived in this section are based on the
1d assumption. This assumption is however not crucial and can be relaxed. In many
practical applications sampling is carried out in two stages. The first stage randomly
draws a specified number of primary sampling units (clusters). The second stage then
randomly draws a specified number of households from each of the clusters selected in the
first stage. By considering the asymptotics with respect to the number of clusters, our
propositions will hold without major modifications. All relevant population moments,
assuming they exist, can be estimated by their sample analogs. The main difference is
that the sample variance as well as the ) matrices must now be computed in a way

consistent with the sampling design.

Finally note that the bias-corrected estimator /lfy requires knowledge of p. In general
p cannot be estimated from two separate samples that cannot be linked at the unit
record level. One therefore needs to use a guesstimate p instead. As we shall show in
the next two sections, working with reasonable guestimates of p generally yields superior

estimates compared to estimates that ignore this correlation (i.e. effectively assuming
p=0).

4 Monte-Carlo

We use Monte-Carlo simulations to illustrate: (a) how standard errors of two-sample
cross-tabulations are shaped by both sampling error and model error, (b) that the
analytic (asymptotic) standard errors are accurate also for small sample sizes, and (c)
that the bias-corrected estimator provides a significant improvement over the naive
estimator even if the guestimate of p used represents a crude estimate.

In all simulations we impute E[y|z] into sample 1, which contains the other dummy
variable x as well as the regressor z. The parameter values shown in Table 4 form
the basis for the simulations. Specifications 1 and 2 correspond to models where the
systematic part is small relative to the idiosyncratic error (i.e. a modest goodness-of-

fit). With specification 3 the systematic part plays a more dominant role. We condider
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centered regressors (., = ., = 0) as well as non-centered regressors (., = i, = 0.5).
By shifting the center of the systematic part of the model away from zero, the joint
probability p,,, the parameter we are estimating, will move closer to either 0 or 1, which
will reduce the sampling error component but may increase the model error component
of the standard error. We will examine in more detail how the statistical precision
changes with 0, o2, and the sample sizes n; and ny by varying these parameters while

keeping the other parameters fixed.

parameter 0. g, R o2 covlzy, ze]  p
1 (—05,0) (0,0.5) (0,0), (0.5,0.5) (0.5,0.5) 0 0.5
2 (0.5,0)  (0,0.5) (0,0), (0.5,0.5) (0.5,0.5) 0 0.5
3 (0.5,1)  (1,0.5) (0,0), (0.5,0.5) (0.5,0.5) 0 0.5

The number of Monte-Carlo simulations is set at K = 10,000. Standard errors
obtained by bootstrapping are based on R = 200 replications. With each simulation
k=1,.., K, we go through the following steps:

1. Generate samples S¥ = {zF, 2F1'="1 and S§ = {y¥, 2F}'=12, which will take on the

role of ‘orginal data’.

N(K)

2. Compute fizy~ (the naive estimator) and Ao (

the bias-corrected estimator) by

using samples S¥ and S§.

3. Compute the asymptotic standard errors for ,&zy( and /1 ,uxy (k) (see Propositions ...),

denoted by sef (L) and sek (AS).

4. Call the bootstrapping procedure. For replications r = 1,..., R, go through the
steps:

a. Bootstrap sample 1 to obtain sample ka’r)

b. Bootstrap sample 2 to obtain sample Sék’r)
§(k.r)

c. Construct the estimator 6, 7’ using sample ka’r)

d. Construct the estimator é;’”) using sample Sék’r)

e. Derive imputed values 5" = Fy (=276 using sample S\

f. Compute the naive estimate /);Vy(k’r) = n% > a:ig)f””) using sample Sy”)

g. Compute the bias-correction term BC*") = B(z, gier) glkr), p) (see Propo-

sition ...) using sample S\"".

h. Compute the bias-corrected estimate asy™" = am*" — Bk,
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i. Take the sample standard deviations over the R replications of ﬂiif’”) and

,&gy(k’r) as estimates of the bootstrapped standard errors of respectively the

naive and bias-corrected estimator, denoted by se¥ (™) and sek(a©).
5. Compute the average standard errors over the K Monte-Carlo simulations.

6. Take the sample standard deviations over the K Monte-Carlo simulated values
of ﬂi\gk”) and ﬂfy(’“”, which we will refer to as the ‘true’ standard errors for

respectively the naive and the bias-corrected estimators.

4.1 Analytical approximation of standard errors

This sub-section considers the bias-corrected estimator only. We compare estimates
of the standard errors obtained by: (a) asymptotics (analytic standard errors), (b)
bootstrapping, and (¢) Monte-Carlo simulation. The latter measures the standard
deviation over the K Monte-Carlo simulations of the bias-corrected point estimates
which is considered to be closest to the true standard errors. The objective is to see
how accurate the asymptotic standard errors are for finite samples with a realistic
number of observations.

Figures 1 to 4 examine the sensitivity of the estimates to values of the sample
size n = n; = ng, the correlation parameter p, and the variance of the regressors
relative to the idiosyncratic errors 2, respectively. We included Figure 2, which shows
the estimated standard errors multiplied by /n plotted against n, to facilitate the
comparison between the different estimates for larger n.

We find that the asymptotic standard errors are remarkably accurate, for both large
and small sample sizes (Figures 1 and 2), and for all values considered of p and o2
(Figures 3 and 4 respectively). That is good news as the use of analytical standard
errors makes the two-sample cross-tabulation particularly easy to implement as well as
fast.

The reported results are for parameter specification 1 (see Table 4). Estimates not

included here confirm that the results are similar for other choices of model parameters.

4.2 Model- and and sampling error vs. sample size

How significant is the model error when compared to the sampling error? The simu-
lations presented in Figure 5 show the magnitude of both types of error as we change
sample sizes n; and ns. As theory predicts, sampling error declines as we increase nq,
the size of the sample in which we are computing the sample means. In contrast to the

conventional one-sample cross-tabulation, the overall standard error does not vanish
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unless the size of the second sample ny too tends to infinity. The latter sample has an
important stake in the model error. It is used to identify the model used to impute y
into the first sample. The simulations confirm the significance of both sample sizes n;
and ns. The simulations also show that model error does not play a secondary role, its

magnitude is comparable to that of sampling error.

4.3 Model- and sampling error vs. model parameters

The simulations presented here examine the determinants of the standard error. What
makes the errors large or small? We center our attention on the roles played by the
model parameters 6, o2, and p.. (The sample variance is expected to be smallest when
[iey tends to either O or 1, which is when the systematic part of the model is not centered
around zero.)

The analytic approximation of the variance decomposition (see Proposition ...) pre-
dicts that:

e 0: The parameter § impacts the model error by means of the vector v(6) = pf,—6,.
Whether increasing 7 increases or decreases the model error largely depends on
the distribution of z. The term that is linear in 4 can make a positive and a
negative contribution depending on the sign of p,. The term that is quadratic in
v is strictly a non-decreasing function of v, yet its magnitude depends also on the
magnitude of o2 and p,. Note that the effect of 6 is non-linear; increasing 6 may

first decrease (increase)  before it increases (decreases).

e p: The correlation parameter p largely controls the non-linearity of 8’s effect on
the model error. Note that it also determines the significance of the 6, vector.
When p tends to zero, 0, drops out. Unless p tends to one, ¢, will generally have

a larger impact on the model error than 6,,.

e o2 Model error can be both an increasing and a decreasing function of 2. For

2

i, = 0, increasing o strictly increases the model error. For non-zero p,, the

2

2

error has two terms that are a function of o2. One is increasing while the other

model error tends to decline when increasing ¢2. In the latter case the model
decreasing. For a wide range of parameter values we find that the decreasing

function dominates.

The simulation results confirm the theoretical predictions. Figures 6 and 7 plot the
standard errors for both the sampling error and the model error as functions of 6, o2,
respectively. We observe that: (a) both 6 and o2 have a sizeable impact on the model

error; by changing these parameters, the model error can both be made larger and
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smaller than the sampling error, (b) 6 has a non-linear effect on the model error; you
can tell when the vector pf, — 6, is minimized, (c) o2 increases the model error when
i, = 0, but decreases the model error when p, = 0.5, as predicted.

Note that the results are for selected parameters. Simulations not included show

similar findings for different parameters.

4.4 Bias-corrected vs. naive vs. one-sample estimator

Here we focus on the root-means-squared-error (RMSE) as a measure to compare the
performance of the bias-corrected to the naive estimator. The conventional one-sample
cross-tabulation (based on sample 1) is included as a benchmark, as this denotes the
best possible outcome, i.e. no two-sample estimator can do better than the one-sample
estimator.

The RMSE as a function of p for two different choices of parameter values (specifica-
tions 1 and 3, see Table 4) is shown in Figure 8. Since the true value of p is not known
in practice, we also included bias-corrected estimates that have been obtained with
distorted values of p; the true p plus and minus 0.15 which represents a realistic margin
of error for guestimated values used in practice. It is found that the bias-corrected
estimator outperforms the naive estimator (build on the naive assumption of p = 0) for
practically all values of p. Only when the true p is particularly close to zero does the
naive estimator outperform the bias-corrected estimator that is based on an imprecise
guestimate of p. Not surprisingly, the estimators do equally well when the guestimated
p used by the bias-corrected estimator is as far from the true p as the p assumed by the
naive estimator is (p = 0), i.e. when p equals the distortion imposed on the guestimated

value of p.

4.5 Sensitivity of bias-corrected estimator to guesstimated value

of p

We include this subsection to examine in more detail how sensitive the precision of the
bias-corrected estimator is to the precision of the guestimated value of p. For each true
value of p we ask: What are the worst possible guestimates of p for which the true g,
(the parameter being estimated) is still included in the 95 percent confidence interval
belonging to the bias-corrected estimator? We numerically solve for p! and p* using
the analytic expression for the asymptotic distribution of the bias-corrected estimator:
S, (p') +1.966%(p') = piay, and [, (p%) — 1.966% (p°) = pay. The results are shown
in Figure 9. We find that the permitted margin of error for the guestimate of p for

which the bias-corrected estimator still yields accurate estimates is reasonably large,
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large enough to accommodate the margin of error we expect to find in practice (see also

the empirical section in this paper).

5 Empirical application

5.1 Data and Measurement

We use the following five living standards measurement surveys (LSMS) for our empiri-
cal analysis: the Albania Living Standards Measurement Survey for 2002 and 2005, the
Tajikistan Living Standards Measurement Survey for 2003 and 2007, and the Malawi
Second Integrated Household Survey for 2004-2005. In what follows, we shall refer to
these as ALB02, ALB05, TJK03, TJK07 and MLWO04, respectively.

All of these surveys are collected by the national statistics office in the respective
country in collaboration with the World Bank.* They contain a wide array of household-
level variables including demographic characteristics, education, employment, housing
conditions, detailed consumption expenditure, asset holdings and subjective assessment
of poverty. In the upper part of Table 1, some basic summary statistics for these data
are provided.

The three countries we study are obviously very different, among other things, in
culture, ethnicity, religion, and geographic location. The three countries are also very
different in the level of economic development. The Gross Domestic Product per capita
on a purchasing power parity basis in 2005 is about USD 6,000, USD 1,500 and USD
600 in Albania, Tajikistan and Malawi, respectively. Table 1 also shows that Albanian
households tend to possess more assets than Tajikistan and Malawi households. While
our empirical findings may not be directly applicable to other countries, we do not have
compelling reasons to believe that our results are driven by the choice of countries.

In this study, we use the consumption poverty (CP) and subjective poverty (SP)
measures as dependent variables. We choose this example for two reasons. First,
consumption measure has been widely used to define poverty, but it is not obvious how
well this “objective” measure of poverty compares with the subjective assessment of
poverty. If they are similar, measuring either one of them is sufficient, and fighting
CP would be almost the same thing as fighting SP. We can determine whether this is
indeed the case by looking at a cross-tabulation table between CP and SP.

Second, the consumption and subjective poverty measures are likely to be correlated

even after controlling for a number of observable indicators. This is because some

4All the data used in this study as well as the supporting documents are available from the World
Bank’s LSMS website (http://www.worldbank.org/lsms/).
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Table 1: Key summary statistics

Variable ALB02 ALBO5 TJKO03 TJKO7 MLWO04
Household Size 4.324 4272  6.284  6.239 4.547
Ratio of children (-15) 0.254 0217  0.351  0.323 0.391
Ratio of elderly (64+) 0.113  0.125  0.064  0.063 0.063
HH has a SP 0.862 0.867  0.771  0.775 0.715
Age of HH 50.79 5191 4896  51.08 42.46
HH away for 12+ mths 0.001 0.015  0.040  0.001 0.004
HH employed 0.621 0.637  0.649  0.630 0.960
HH completed 8+ yrs schooling 0.846 0.859  0.837  0.893 0.238
HH completed sec.school 0.496 0.515  0.736  0.776 0.137
HH completed college educ 0.173 0.163  0.186  0.194 0.007
Age of spouse 44.52 45.74  42.67 4517 34.37
SP employed 0469  0.476  0.489  0.343 0.880
SP completed 8+ yrs schooling 0.868  0.864  0.894  0.900 0.132
SP completed sec. school 0.432 0.407 0.746 0.698 0.068
SP completed college educ 0.137  0.108  0.062  0.078 0.002
Single house 0.632 0.670  0.740  0.761 0.801
Elec. meter within premise 0.704  0.883 0.826  0.836 0.056
Flush toilet 0.764  0.817  0.313  0.207 0.028
Drinking water from pipe 0.699 0.681 0.507  0.516 0.218
Have a telephone 0.295 0.307  0.179  0.244 0.008
Have a mobile phone 0.367 0.776  0.008  0.376 0.030
Have an air conditioner 0.020 0.048  0.052  0.066 0.002
Have a bicycle 0.148 0.123  0.007  0.136 0.362
Have a car 0.099  0.130  0.106  0.158 0.012
have a refrigerator 0.825 0.891 0.333  0.360 0.020
Have a tape or CD player 0.500 0.497  0.280  0.262 0.164
Have a truck 0.025 0.020  0.015  0.028 0.002
Have a washing machine 0.533 0.644  0.125  0.110 0.002
Rural area 0.456  0.451  0.635  0.648 0.872
Capital 0.167  0.176  0.159  0.185 0.043
# Clusters 450 455 208 270 564
# Obs 3599 3638 4160 4860 11257
CP line (PPP USD) 3.616  3.616  3.601  4.220 1.253
ECP line (PPP USD) 2253  2.253  1.868  2.702 0.778
# Steps 10 10 10 6 6
SP line 3 3 3 2 2
Extreme SP line 2 2 2 1 1

Note: HH and SP refer to household head and spouse, respectively.
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unobservable characteristics, such as the inane ability of household members and the
presence of relatives in the neighborhoods who provide assistance to the household,
are likely to affect both the consumption and subjective well-being of the household.
Therefore, we have a strong prior belief that our method would be essential if a CP-SP
cross-tabulation table is to be created from two samples.

We adopt the definition of CP widely used in empirical studies. A person is deemed
(consumption) poor if the consumption per capita in the person’s household falls below
the poverty line. We simply use the national poverty lines to make our figures compara-
ble with official poverty figures. These poverty lines are set at the level of consumption
that is required to meet the basic food requirement and some non-food consumption.

As shown in Table 1, the poverty lines for CP (“CP line”) are not set at the same
level across surveys; they range between 1.253 and 3.616 dollars per day per capita.
Therefore, poverty figures we report in this study are not comparable across surveys,
except for ALB02 and ALBO05 whose consumption figures are based on constant prices
for year 2002. While the choice of poverty line is not important for the illustration
of our methodology, we also check the robustness of our results by using the extreme
consumption poverty line (“ECP line” in Table 1), which is set at the consumption
level just enough to satisfy the basic food needs.

The subjective measure of poverty is based on the subjective assessment of their po-
sition on the economic ladder. Each survey asks a question like the following: “imagine
a k-step ladder where on the bottom, the first step, stand the poorest people, and on
the highest step, the kth, stand the rich. On which step are you today?” The number
of steps k varies from survey to survey as shown in Table 1. We set the subjective
poverty line (“SP line” in Table 1) at around the bottom 30th percentile. As with the
CP, we use the extreme subjective poverty line (“ESP line”), which is set at around the
bottom 20th percentile, to check the robustness of our results. It would be reasonable
say that those under the SP or ESP line think of themselves poor at least in relative
terms, though alternative choice of poverty lines would be possible. Hereafter, we shall
simply refer to the combination of CP and SP poverty lines as “normal” poverty lines,

whereas the combination of ECP and ESP poverty lines as “extreme” poverty lines.

5.2 Bivariate Probit Estimation of p

Since our results depend on the educated guess (“guesstimate”) of the unknown pa-
rameter p, it is important to assess how stable p is across countries and over time.
Therefore, we estimate a bivariate probit regression model using an identical set of

regressors for each of the five data sets to make the estimates comparable, which is all
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the variables above the double line in Table 1. These variables are relatively easy to
observe and included in many LSMS data sets.

The first column (“Baseline”) in Table 2 reports the estimates of p for each com-
bination of poverty lines and for each data set.> As can be seen from the estimates,
the point estimates do vary across countries, but the range of estimates is only 0.177.
From these estimates, we can take a guesstimate of p = 0.28 for our model. None of
the estimates are different from this guesstimate by more than 0.1.

Our estimates also indicate that the value of p is reasonably stable over time and
with respect to the choice of poverty lines. Therefore, if p can be estimated using a
past data set in a given country, the estimate of p is likely to be accurate enough for
the purpose bias correction.

Since the estimates of p depends on the choice of regressor, it is important check
how the choice of regressors matters. To this end, we have also run bivariate regressions
with only the constant term, which is reported in the second column (“Const. only”)
in Table 2. As can be seen from this table, the value of p in this column is generally
higher than the baseline values of p in the first column. This clearly indicates that the
guesstimate of p should not be taken from a completely different model.

A natural question that arises here is how much p changes due to the model selection.
To address this, we have randomly selected | € {5, 10, 15,20, 25} variables out of the
thirty variables in the baseline model and estimated p for 400 times.® We find that the
point estimates of p tend to be higher when [ is smaller, and that the standard errors
due to model selection never exceeds 0.045.

It should be noted that the estimates of p for the constant-only model do not have
a straightforward relationship with the unconditional correlation between consumption
and subjective poverty, which is reported in the third column (“Uncond.”) in Table 2.
This is because unconditional correlation depends not only on p but on the coefficients
on the constant terms in the bivariate probit model. As a result, the unconditional
correlation per se is not particularly informative of the value of p.

The results presented here are limited both in scale and scope; we are only using five
data sets and the application is made only for the cross tabulation of consumption and
subjective poverty. Whether p is stable in other data sets or for other problems is an
empirical question we are unable to answer here. However, our results do indicate that,
with sufficient prior information, having a guesstimate that is off the true parameter

value by 0.15 is not an unreasonable requirement.

5The full regression results for the normal poverty lines are reported in Tables 5 to 9 in the Appendix.
6The details are reported in Table 10 in the Appendix.
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Table 2: Estimation of conditional and unconditional correlations

Data Poverty Lines Baseline Const. only | Uncond.
ALBO2 Normal 0.212 (0.047) | 0.501 (0.032) 0.301
Extreme 0.333 (0.075) | 0.518 (0.055) 0.219
ALBO5 Normal 0.362 (0.048) | 0.562 (0.033) 0.312
Extreme 0.334 (0.087) | 0.565 (0.060) 0.218
TJKO03  Normal 0.198 (0.037) | 0.305 (0.030) 0.166
Extreme 0.212 (0.033) | 0.297 (0.029) 0.176
TJKO07  Normal 0.185 (0.030) | 0.271 (0.027) 0.168
Extreme 0.282 (0.047) | 0.321 (0.043) 0.142
MLWO04 Normal 0.285 (0.024) | 0.438 (0.018) 0.240
Extreme 0.276 (0.021) | 0.350 (0.018) 0.206

Note: Figures in parentheses are the standard errors.

5.3 Evaluation of bias correction

The usefulness of our methodology rests on the validity of the assumptions about the
underlying model and whether a guesstimate is good enough to allow a reasonable bias
correction. Therefore, it is important to verify that our estimation procedure works
in a practical setting. To this end, we use a simulation procedure described below
to compare the following three types of two-sample estimators with the standard one-
sample estimator: best, guesstimate, and naive two-sample estimators.

The “best” two-sample estimator is the bias-corrected two-sample estimator that
uses the point estimate of p in the first column of Table 2. This is a benchmark case
where we have a very accurate estimate of p. The second is the guesstimate two-sample
estimator, which is the bias-corrected estimator that uses p regardless of the survey
or poverty line used for estimation. This is a realistic case where we have some prior
information about p, but the information is not as good as the best case. Finally, we
consider the naive two-sample estimator, in which no bias correction is made.

To focus on the applicability of two-sample estimation, let us for now treat the
original sample as a simple random sample. With this simplifying assumption, we
independently draw with replacement two bootstrap samples of the original sample
size in each of the 400 rounds of simulations. In each round, we compute the point
estimates and analytic standard errors (ASE) for all the cross-tabulation estimators.”
The reported point estimate and the bootstrap standard errors (BSE) are given by the

mean and standard deviation of the point estimates taken over simulations, whereas

“For the analytic standard error of one-sample estimation, we simply adopt the formula for a

binomial distribution (i.e., n_lﬂi\g(l - ﬂ%))
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the reported analytic standard errors are the average of the analytic standard errors
over simulations.

Two points should be noted here. First, it is inappropriate to randomly split the
original sample into two samples. Random splitting violates the assumption of two
independence samples. It can also result in misleadingly small standard errors when p
is positive. To see this point, suppose that Sample 1 happens to contain a large fraction
of positive ¢, and Sample 2 a large fraction of negative €. In this case, g; tends to
underestimate the true value of ¥; because 8, is estimated only with Sample 2. On the
other hand, since p is positive, a large fraction of ¢,; is likely to be positive in Sample 1.
Therefore, the value of x; tends to be larger than z; on average in Sample 1, offsetting
the effect of the underestimation of 7;. As a result, the two-sample estimates tend to
be relatively stable under random splitting when p is positive.

Second, while using two independently-drawn samples does increase the total num-
ber of observations used for estimation, the number of observations used in any part of
the two-sample estimation never exceed the original sample size. Therefore, we are in
fact making a fair comparison between the one-sample and two-sample estimators.

Let us now turn to the main estimation results reported in Table 3. NC and NS
stand for not consumption poor and not subjectively poor, respectively. The first col-
umn (“One smpl”) presents the one-sample estimates. For example, the proportion
of people who are both consumption poor and subjectively poor in Albania in 2002 is
19.21 percent. The ASE and BSE for this point estimate are 0.66 percent and 0.75
percent respectively. The second column (“BC(best)”) reports the best two-sample es-
timator, whereas the third column (“BC(guest.)”) reports the guesstimate two-sample
estimator. The fourth column (“Naive)”) reports the naive estimator that does not
correct for the correlation between unobservable error terms.

Table 3 shows that the point estimates in the second column are very close to those
in the first column, suggesting that our bias-correction method works extremely well
with a direct estimate of p. However, direct estimation of p is typically not available in
a situation where two-sample estimation is required.®

To make a more realistic assessment, it is important to look at the results for the
guesstimate two-sample estimator reported in the third column. As expected, these
estimates are generally not as close to the first column as the second column. However,

they are still close enough to the one sample estimate. In fact, when we carry out a

8Note that two-sample estimation may be better than one-sample estimation even when one-sample
estimation (and direct estimation of p) is possible. Such a situation arises when there are two large
cross-section data sets with a very small number of overlapping observations. By combining the two
large samples, both the sampling and model errors could be made very small so that the resulting
estimates are more accurate than the one-sample estimate.
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Table 3: Cross-tabulation tables with the normal poverty lines.

One smpl BC (best) BC (guest.) Naive

Data NS SP | NS SP | NS SP | NS  SP
Est. | 43.99 30.62 | 43.67 30.89 | 44.19 30.47 | 42.29 32.33

NC ASE | (0.83) (0.77) | (0.95) (0.90) | (0.95) (0.90) | (0.95) (0.89)

BSE | [1.09] [1.05] | [0.98] [0.90] | [1.00] [0.91] | [0.91] [0.88]

ALBO02 Est. 6.18 19.21 6.39 19.06 5.82 19.52 7.85 17.52
cp ASE | (0.40) (0.66) | (0.48) (0.78) | (0.47) (0.78) | (0.50) (0.78)

BSE | [0.40] [0.75] | [0.45] [0.80] | [0.46] [0.79] | [0.47] [0.78]

Est. | 47.70 33.80 | 45.86 34.91 | 45.28 35.45 | 45.61 35.96

NC  ASE | (0.83) (0.78) | (0.99) (0.97) | (0.99) (0.96) | (0.97) (0.92)

BSE | [1.01] [1.01] | [1.22] [1.06] | [1.04] [0.95] | [0.97] [0.91]

ALBO05 Est. 3.39 15.12 3.61 15.62 4.13 15.14 5.61 12.82
cp ASE | (0.30) (0.59) | (0.39) (0.72) | (0.40) (0.72) | (0.41) (0.69)

BSE | [0.31] [0.65] | [0.33] [0.79] | [0.36] [0.76] | [0.39] [0.69]

Est. | 11.03 5.96 10.91 6.05 11.59 5.40 9.40 7.56

NC ASE | (0.49) (0.37) | (0.42) (0.34) | (0.42) (0.33) | (0.42) (0.34)

BSE | [0.60] [0.50] | [0.47] [0.31] | [0.45] [0.30] | [0.44] [0.35]

TJKO03 Est. | 35.63 47.38 | 35.69 47.35 | 35.08 47.93 | 37.20 45.84
cp ASE | (0.74) (0.77) | (0.86) (0.88) | (0.86) (0.88) | (0.86) (0.88)

BSE | [0.83] [0.95] | [0.86] [0.84] | [0.94] [0.91] | [0.84] [0.86]

Est. | 34.73 12.18 | 34.65 12.26 | 35.82 11.08 | 32.46 14.45

NC ASE | (0.68) (047) | (0.71) (0.45) | (0.70) (0.45) | (0.72) (0.47)

BSE | [0.82] [0.62] | [0.76] [0.45] | [0.74] [0.43] | [0.76] [0.48]

TJKO7 Est. | 30.79 22.29 | 30.84 22.25 | 29.71 23.39 | 33.03 20.06
cp ASE | (0.66) (0.60) | (0.78) (0.64) | (0.78) (0.64) | (0.76) (0.62)

BSE | [0.80] [0.68] | [0.81] [0.64] | [0.79] [0.68] | [0.79] [0.63]

Est. | 12.86 34.75 | 11.93 35.04 | 11.94 35.06 | 10.86 36.70

NC ASE | (0.32) (0.45) | (0.31) (0.49) | (0.31) (0.49) | (0.31) (0.48)

BSE | [0.37] [0.51] | [0.66] [0.52] | [0.65] [0.48] | [0.31] [0.50]

MLWO04 Est. 4.58 47.81 4.69 48.34 4.73 48.26 6.43 46.01
cp ASE | (0.20) (0.47) | (0.21) (0.51) | (0.21) (0.51) | (0.23) (0.52)

BSE | [0.20] [0.51] | [0.21] [0.67) | [0.20] [0.69] | [0.23] [0.51]

Note: All figures in percentages. ASE in parentheses and BSE in square brackets.
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piecewise z-test of equality between the one-sample, the null hypothesis could not be
rejected at a 5 percent significance level regardless of whether the direct estimation or
the guesstimate is used.® This indicates that our guess is good enough for practical
purposes. However, the one-sapmle estimates and the naive estimates are statistically
different from each other at least in one cell for each of the five surveys. Therefore, while
the naive estimates do not appear to be completely unreasonable, statistical inferences
based on the naive estimates are likely to be misleading.

Table 3 also shows that ASE and BSE are generally very close, though there are
some gaps. The gaps may arise for a number of reasons, including the misspecification
of the underlying model and poor finite-sample propertes. However, we do not have
evidence that suggests the ASE is systematically biased. In the subsequent discussions,
we shall use the bootstrap standard errors. However, our conclusion will not be affected
even if analytic standard errors are used. In Table 11 in the appendix, we also show
the results of variance decomposition. While the patterns vary across data sets and
cells, the idiosyncratic error, z-samling error and y-model error tend to be larger than
x-model error and covariance terms.

The problem with the naive estimates is even more pronounced when we derive
the conditional distribution of poverty. Table 4 presents four conditional probabilities.
For example, CP|SP is the probability that the person is consumption poor given that
he is subjectively poor. CP|NS, on the other hand, is the probability that the person
is consumption poor given that he is not subjectively poor. As expected from the
discussion above, the best two-sample estimates are very close to one-sample estimates.
Table 4 also shows that the guesstimate two-sample estimates also do well, whereas the
naive estimator can be very different from the one-sample estimator. As with before,
the bias-corrected estimators never failed to pass the z-test of equality at a 5 percent
significance level, whereas the equality was rejected for the naive estimator in fourteen
out of twenty piecewise comparisons at the same significance level.

To investigate the robustness of our main results, we have first checked our results
with the extreme poverty lines. The estimates of the joint distribution and conditional
distribution are reported in Tables 12 and 13 in the appendix. While there are a few
cases where the naive estimates are closer to the one-sample estimates, the two-sample
estimates are much closer to the one-sample estimates on average.

We have also checked the robustness of our results with respect to the sampling

9Let fio and jir be the one-sample and two-sample estimates, respectively, and Vi [ii] be the boot-
lfo—fur]
Viaol+Vipr]
independence of the two estimates, which is justified because the bootstrap simulations for the two
estimators are carried out independently.

strap estimate of 1. The two-sided z-statistic we used here is Z = . We assume the
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design. To this end, we have estimated 6 allowing for clustering. Further, we have
carried out two-stage bootstrapping to account for the sampling design. The standard
errors tend to get larger for all the estimators, but the advantage of the bias-corrected

estimators over the nalve estimator still hold.

5.4 Tips for practitioners

As discussed in Remark 4, one can always create cross-tabulation tables using the two-
sample estimators in two different ways; one way is to estimate ¢, using Sample 2 and
impute z; in Sample 1. The other way is to estimate 0, using Sample 1 and impute y;
in Sample 2.

The estimates produced in these two different ways coincide with each other asymp-
totically. In practice, however, the two estimates are not identical. To see how much
the direction of imputation affects the results, we have estimated the cross-tabulation
table by imputing x; instead of y;. As Table 14 in the appendix shows, the differences
between the two estimates are remarkably small.

It should also be noted that the standard errors are the asymptotic variance is in
general different. Since the variance from the smaller sample tends to dominate, the
better choice of the direction of imputation would depend on whether the sampling
error component of the variance dominates the model error component or vice versa.
The former is likely to dominate when z has a high variance. On the other hand, the
latter would dominate when the estimate of 8 is poor, which is likely to be the case
when z has a small variance. Therefore, it is likely to be better to use the smaller
sample for estimation [imputation] if z has a high [low] variance in that sample.

In practical applications, the underlying populations for the two samples may not
be identical. For example, it is common to combine two samples collected at different
points in time. In this case, we need an additional assumption that the parameter value
is time invariant. With this assumption, we can make two-sample tabulations in two
different ways. However, they may not be the same because the distribution of z may
change over time. In fact, the two-sample estimators produces the estimates of ji,, for
the underlying population of the sample for imputation.

If the cross-tabulation tables produced from two-way imputation are very different,
there may be misspecification of the model or the violation of the constancy of model
parameters over time. Therefore, it is generally useful to produce the cross-tabulation
tables by the bi-directional imputation. This exercise serves as a robust check of the

estimates.
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6 Concluding remarks

Standard errors associated with conventional cross-tabulations are easily computed and
tend to be small. The sole source of estimation error is sampling error. When no one
sample contains both variables, two-sample cross-tabulations denote a viable alternative
where one of the two variables is imputed. This means that imputation error is added
as a second source of error. While it is straightforward to cross-tabulate observed data
with imputed data, conventional standard errors no longer apply. It is tempting to
treat the imputed data as observed data but this ignores the imputation error and
thereby underestimates the standard error. Similarly, treating the sample as a census,
focussing solely on the imputation error, ignores the samping error (see e.g. Elbers et
al., 2003 and Ivaschenko and Lanjouw, 2010). Accounting for both types of error can be
achieved by means of a double bootstrap (one bootstrap for each type of error) which
provides precise standard errors regardless of sample size. Implementing this bootstrap
procedure however will likely pose a hurdle for many applied users.

To provide an alternative to bootstrapping we derived the asymptotic distribution
for the two-sample cross-tabulation. This gives the applied user analytic standard
errors that are easily implemented without the need for simulation, and account for
both imputation- and sampling error. While the analytic standard errors are only valid
asymptotically, Monte Carlo simulations confirm that they perfectly coincide with the
boostrap standard errors also for small sample sizes.

The ultimate objective is to make two-sample cross-tabulations both precise and
user-friendly. To this end, we implemented both the asymptotic and bootstrap versions
in STATA; the ado-files are available upon request by the authors. Suggestions for
further research include extensive testing of the approach using a variety of empirical
data.

A appendix

A.1 Lemmas

In this section, we shall prove some useful lemmas.

Lemma 23 Under Assumption 12, ®o.(z,y,p) = ¢1(x)¢1(\;7’—x2) and Do, (z,y,p) =
-p
O1(y) 21 (£5).

Proof of Lemma 23 Because the proof for ®,, is similar, we only provide the proof
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for ®,.

)
(I)Zx(zayap) = / ¢2($787p)d8

S

1 y 1
2my/1— p2 J oo 2 1—p 2

y—px ,

Vi-p? s' ds s’
exp | ———

o P 2ds

1
#(7) V21— p?) /_
= 1(7) Py R )
otom (755)
where s' = (s — pz)/+/1 — p?. O

Lemma 24 Let k > 0. The k-th order derivative of ®y with respect to p evaluated at

p = 0 satisfies:
8kCI)2(.1', Y, p)

R = 2" (2)2{(y), (18)

(=,y,0)

where <I>§’“) () denotes the k-th order derivative of the univariate standard normal cu-

mulative distribution function ®q(x).

Proof of Lemma 24 First, eq. (18) holds for k = 0:

Oy (z,y,0) = /_; /_: Pa(r, s,0)drds = (/_1 qﬁl(r)dr)-(/_: ¢1(s)ds) = Oy (x)Py(y).

Now suppose k > 1. Letting [ = k — 1, we can rewrite Eq.(18) as follows:

o3 (2,,0) = ¢ ()6 (), (19)

where gbgl)(w) is the [-th order derivative of ¢;(w) for w € {x,y}, and qf)g)(x, y, p) is the
[-th order derivative of ¢o(x,y, p) with respect to p.
Any probability density function may be written as a unique transform of its char-

acteristic function. For ¢; and ¢,, we have:

1 + 2ptits + 13

ooz, y,p) = (2#)_2/ / exp (—i(t1$+t2y) - 5 )dtldtg.
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Therefore, for w € {x,y}, we have:

o (w) = (2m)"! /: % [exp (—z’tw — g)] dt = (27)~" /_Z(—it)l exp (—itw — g) dt.

Using this, we can prove Eq.(19) as follows:

o0 00 al t2 2 it t2
65 (2,,0) = (QW)_Q/ / apt [exp <_i(t1x+t2y) ~az p21 2 2)]
—o0 J—c0 O

oo oo

= (2n)7?2 3 (—t1ts) exp <—i(t1x + toy) +

—00 o0

= [(2@‘1 /Z(—itl)lexp (—itlm + g)dtl]

X {(27r)_1 /_Z(—z’tg)l exp (—ito + %) dt2:|

Hence, eq.(18) holds for £ > 1 as well, completing the proof of the lemma. O

dt,dit,

p=0
2 + t2

)dtldtg

Lemma 25 Let D = a,,2% + a,@ + ay,y® + ayy — 2a,,xy, where az, > 0, a,, > 0 and

Ugalyy — a, > 0. Then, we have:

aiayy +a?2/a,;m; +2azayazy

ya 2 8(azzayy*a%y)
//egdxdy — 7 (20)

=A
amayy_a%y
//wegd:cdy = Afi, for we {x,y} (21)
—00 —O0
//xyegdxdy = A(fipfiy + p5,0,) (22)
//wze_gdxdy = A(ﬁfu—i-&z}) for w e {z,y} (23)
/ / e Sdudy = A((B +6)( + 5y) + 26.6,p(2fiufty + 05:6,)) . (24)
~  __ azayytayaq ~  __ QyGzzt+agag ~ a ~ Az
where i, = z(agziazZayZ)f Hy = Q(Zgy—amayZ)f T = amayziazy’ Oy = Azalyy —a2,’ and
p= s
= Aralyy
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Proof of Lemma 25 It is straightforward to verify that the following relationship
holds:

D— 1 T — [y 2+ Y — Hy ? 925 T — fly Y — fly +a§ayy+a2axw+2awayawy
1o 5. G, P\75, G, K2, — ageay,)

yﬂy

Therefore, letting = = , we have:

e~ % dady = Agy(7, 7, f)didg.

Eq. (20) immediately follows from this. We arrive at Eqgs. (21)-(24) by integrating the

following equations over the R? space.

ve 2dady = A, +6,8)2(7, 7, p)didy
vye Rdady = A(fi, + 622)(fiy + 6,)6a (i, 7, p)didy
xze_%dxdy = A(jip + 6.7)%0(%, 7, p)dady
pyfe tdady = A(jis + 6.2)2(fiy + 6,8)262(%, 7, p)dEdy
= (202 + P262° + 26257 + dfiufiy 5.0, 37 + 6262557 ¢o(Z, 9, p)dEdg,
where we let w = x in egs. (21) and (23). The proof for w = y is similar. O

Lemma 26 Let us define the following:

flx(—ZZTéx)(iUz — Ti)%

d..(0,) =
i 0 —2T9 TG YT
mgm(ﬁ 6) = flx( Z; 6iﬂc)flac(_Zz Ql,)zlzz
Ti(1 — ;)
mio (00,0 = nity ] man(0,,0
i681

Then, under Assumptions 7 and 16 and some regularity conditions, there exist 0
such that each of its component is between the corresponding components of 6, and 0,

that satisfies eq. (25) below:

Vii(l, —0,) = mz) (6,67 )n 1/2deé (25)

A N0, B [miswi (0, 0,)])  as nq — oo. (26)
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Proof of Lemma 26 Let us define the log likelihood function as follows:
L(O) = wiln Fip(=20) + (1 — ;) In(1 — Fio(—2]6))
By the definition of the maximum likelihod estimator, we have:

0, = arg max L(0).

Taking the first order condition and applying the Mean Value Theorem, we have:

(& — 23) fro(—270,) 2

OZVGL(éx) = Z

€S L%Z(]_ o L%Z)
_ A f1x<_ZTéa:)Z7,
N N 1 N
_ + _ o E .
- m3x(9xa eag )(990 0:(:) n dm(ex)a

1€S)

where 67 satisfies the condition in Lemma 26. Eq. (25) follows directly from this.

By the law of large numbers and the consistency of ém, we have:

~

With this and by the law of large numbers and the consistency of éx, we have:

~

vn(l, —0,) LN (0, E7 Mg (0, 0,)]V ar[de: (0)| B~ [mzwi (02, 0,)]).

Eq. (26) holds because

fio(=2 0a)2i2;

Var[d,:(0)] = E ((fz - 1)2@‘ + f?(l - jZ)) = E[mz. (0., 0.)].

21— 1)
OJ
A.2 Proofs
Proof of Proposition 5 Since éy = 0, we have §; = ¥;. Therefore, B = E[ﬂi\; —
oy = EL[Evg; — vyl 2] = B2y — Tigi) = —E.[Cov[zi|zi, yil 2] O

Proof of Theorem 14 Applying Lemma 24 for k = 1,2, 3 provides the derivatives of
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Oy(Zy, Zy, p) with respect to p evaluated at p = 0.'° Therefore, the third-order Taylor

expansion of ®5(Z,, Z,, p) with respect to p around p = 0 is:

2

02 2y ) = 02BN + (94 5 2.2, + (22 - 102 1)) 61 ZIn(2),

Substituting this approximation for ®,(Z,, Z,, p) into eq. (5) and rearranging terms,

we have:

B=-|(o+ 522+ L2 -0E V) 0ZIaz)]. @
Let g(Z,, Z,) be the probability density function for (Z,, Z,). Then, we can write:
¢1(Zz>¢1(zy)g(zza Zy)
e_% |:Z3+Z§+171>\2 [( ZzU;l;zz )2+(ZyU;Zzy)2_(2A(szﬂozzz£§'izfﬂzy)):|:|

A2/ 1 — N20,,0,,

agx Zo+ag Zytayy Zotay Zy —2azy Zz Zy

= Aoe_ 2 ,
where
_ _ 2 Apzy Kza
Ap = 1+ (1— /\2)0'2 y Gy = (1-=X2)02z | 02y Ora
— — 2 >\Uzz _ /ﬂ
ayy =1 -+ (1= )\2)02 3 ay == (1_>\2)0.zy O o2y (28)
_ 1 u%m +“zy _2Apzapzy
0, = L L T
Ty o (17)\2)Uzzo'zy ) 0 _ 471'2\/17)\20'220'2?!

Thus, applying Lemma 25 to eq. (27), we have:

B ~ —// p+ 2ZZ + 6(22_1)( )] 01(Z:)01(Z,)9(Z, Z,))A 2,42,
— —// p+ 2ZZ + 6(Z2Z2 Zz )] &1(Zy)01(2y)9( 2y, Z,)dZ,d 2,
—00 —00 )
= —AjA [p—l-(ﬂz,uy—i—axayﬁ)?

3
- L2 4N\ <2 | =2 4N s o~ aia o~ ~ p
+ ((Ni + ngc - 1)(:uy + ‘7 - 1) + QUzO'yp(UxO'yp + QMxFLy)) 6 } .

It is straightforward to verify ¢g = AgA and ¢y = figfly + 0,0,p. Noting fi, = (1 —
)\)sz/WO, ﬁy = (1—>\)Wgy/Wo, 5’2 —1= —(O'gy-i—l)/W(), and 5‘5— 1= —(O'Ex—i—l)/W(),

T

10The lemmas used in this proof are proved in Section A.1.
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we can also verify ¢3 = ((A2 + 62 — 1)(fi5 + 0 — 1) + 2640,p(620yp + 2fiafly))- O

Proof of Proposition 11 Using the first-order approximation of ¢; around éy, we

have:
Ui = Ui — fl(_ZzTey)Zz‘T(éy —0,) + hi'

where hY involves second- and higher-order terms of éy — 0.

Therefore, by Assumption 8 and the law of large numbers, we have:

= — Z i —m; ( —0y) + ih;! = Elzy] = ﬂ;]t\; as t — 0o,
’LESl

because the second and third terms go to zero.

By the law of large numbers and the central limit theorem we have the following as

t — oo
1
m 1€S1
1/2 Z TiYi — xzyz i> N (07 VaT[xng]) (30)

1€ST

Note that independence between éy and z;y; for all i € &; follows from Assumption 8.

Therefore, noting that E[z;g;] = fil, holds, we have:
V(g = i)

- iYi 1Yi iYi — E iYi

\/_[nlzxy il + x37; — Bl

I€S]

= \/7 [ T2 leyl zy'L
1€8,
= n? x; hN]
alE
d

= N (O, rVar[zy;] + TQET[mi]QyE[mi]) )

where the convergence in distribution follows from Assumption 8, egs. (29), and (30).
0

Proof of Proposition 15 By the law of large numbers, we have ny' Zz‘esl my; -
E[my;]. By this and Assumption 8, we have the desired result. O
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Proof of Proposition 17 Let m; =n;*Y
by eq. (8) and Lemma 26, we have:

— -1
ies, M and my = ny - Y g My Then,

\/ﬁ(l[lgy - ny)

= n i i m (9 —0
’/nl 1[7111628161 Elq;] /oy )

n ~
N n—ng\/n—z(ey )+ 0t Y hie

1€S]
- \f r[ > i~ +\/gm§¢n—z<éy—9y>

\/T: —ETmh 1[M3xi(9x,9w)]2[dm(é) dm(ex)}

i€S1

+\/n71(m1m3x(9$,0;) E"[mi B~ [magi (0, 0,) ) deé 'Y hig

2681

5N (0,71 Var(g] + T2E[m;]QyE[m2iD ;
where ¢; = ¢; + ET[my;|E~msgi(0,,0,)]dwi(0,) and the convergence in distribution
follows from the law of large numbers and the independence between ¢; and éy.

By Assumption 16, we have Q, = E~[m3,(0,,0,)]. Therefore, we have the following

relationship:
VC”’[CE]
= Var[g] + Elml]Q.Eml] + 2EmL]Q, Elqd.(0.)]
= Eln(1 - )5 + Var[zg) + Elmi)QElmy] — 2Em§ |0 B fie(—2] 02)7:2],

where we used the law of total variance to obtain the last equality. The proposition

immediately follows from this. [

Proof of Proposition 19 Notice first that 0, 2 6, under the ML regularity
conditions. Therefore, by this and the law of large numbers, E[mg;] % Elmy] for
a € {1,2,4}. The consistency of VC follows from this, Q, % Q,, for w{z,y} and

svar[T) L Var[zm). O

Proof of Proposition 21 We shall drop the subscript 7 for the simplicity of the proof.
Let the gradient operator for z be V, = (9/9z',0/022, - ,8/(9zL)T and the Hessian
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operator be V2. Then, for w € {x,y}, we have:
w=®(Z,), V.0=—01(Zy)0,, and V20 = —Z,01(Zy)0.0L.

Therefore, w, V,w and V2w evaluated at z = 0 are 1/2, —¢;(0)6,,, and O, respectively,
where Oy is a L x L matrix of zeros.

Letting v1(2) = Z(1 — Z)5?, we have:

V.o, = (1-22)9°V.z +22(1 — 2)yV.9y (31)
Vi, = 72((1-22)V%z —2V.,2V7Tz) +2(1 — 23)5(V.aViy + V.5V z)
+22(1 = 2)(§Viy + V.5V.7) (32)

By taking the second-order approximation of v; around z = 0, we have:

Elvi(2)] ~ FE|vi(0)4 Vv (0)z + %ZTV301(O)Z (33)
= 1—16 \/1— y M z+—(9T(Z o )0y — 03 (32 + papl )0z)  (34)

Let vs(2) = 7§ = s(Zs, Z,, p). Then, we have:
V.va(2) = =1(Ze) @1 (Y (pZe — Zy))0: — 1(Zy) 1 (V(pZy — Z2))0,,
and thus V. v5(0) = —1(0)1(0) (6, + 6,). Therefore,
Varfva()] ~ VT0s(0)Var[2]V.vs(0) = 8%(91 +0,)75.(0, +6,).

With some slight abuse of notation, we shall write m;(z) to emphasize that it is a

function of z. Then, we can show:

Om ( 1 = = 9%m
~ 1 ! 1 l l’
Elma(z)] ~ ) + Z azl Im() ;1 5 ;; azlazl'
= Eﬁ (¥ = 1)0y — ¥p0,] (35)
B 27 y — PPVl
1
= o [Betpaz] (0 = 10, — vpb] (36)
Similarly, we have:
24/21 21 v
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When 6, for w € {x,y} is a maximum likelihood estimator, its asymptotic variance

Q,(2) can be approximated in the following manner:

0*(Zw)
©(Z,)(1 — (2,

™

2

Qu(z)=E~ [ ))zz } ~ E~'4¢*(0)z2" ] X+

Finally, we have:

Elmy(z)] =~ E ! Tgy} -t

z
— — —2z =2 — —[¥, +uulle,
{2\/% 2 221 27 [+ ] 0,
Therefore, using the approximation of my, ms, €2, and €, we have egs. (16) and

(17). O

A.3 Additional Tables and Figures
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Table 5: Biprobit regression results for Albania 2002.

Dependent variable Consumption Poverty | Subjective Poverty
Household Size 0.345%* (0.027) | 0.079**  (0.020)
Ratio of children (-14) 0.716** (0.230) | -0.126  (0.185)
Ratio of elderly (65+) 0.363 (0.253) | 0132 (0.165)
HH has a SP 0.579 (0.391) | 0196  (0.318)
Age of HH -0.005 (0.006) | -0.006  (0.005)
HH away for 12+ mths 1.148 (0.727) | 6.167%*  (0.210)
HH employed 10362+ (0.092) | -0.397%*  (0.074)
HH completed 8+ yrs schooling | -0.008 (0.123) | -0.019 (0.100)
HH completed sec school -0.184* (0.090) | -0.185* (0.076)
HH completed college educ -0.293* (0.148) | -0.125 (0.096)
Age of spouse -0.006 (0.007) | -0.004 (0.005)
SP employed -0.096 (0.087) | -0.120  (0.070)
SP completed 8+ yrs schooling | -0.076 (0.136) | 0.084 (0.114)
SP completed sec school -0.246* (0.104) | -0.119 (0.080)
SP completed college educ 0.178 (0.161) | -0.105 (0.112)
Single house -0.054 (0.090) | -0.071 (0.069)
Elec. meter within premise 0.203** (0.079) | -0.021 (0.065)
Flush toilet -0.337%* (0.095) | -0.454%*  (0.082)
Drinking water from pipe 0.115 (0.084) | 0.087 (0.066)
Have a telephone -0.620** (0.115) | -0.351**  (0.079)
Have a mobile phone -0.660** (0.090) | -0.494**  (0.064)
Have an air conditioner 0.337 (0.348) | -1.043**  (0.247)
Have a bicycle -0.085 (0.105) | -0.295**  (0.078)
Have a car -0.913%* (0.258) | -0.649**  (0.114)
have a refrigerator -0.385** (0.094) | -0.384**  (0.094)
Have a tape or CD player -0.058 (0.076) | -0.085 (0.060)
Have a truck -0.617 (0.386) | -0.299 (0.202)
Have a washing machine -0.211* (0.096) | -0.205**  (0.073)
Rural area -0.463** (0.113) | -0.069 (0.085)
Capital 0.270* (0.112) | 0.478**  (0.081)
Constant -1.235%* (0.424) | 1.526**  (0.328)
rho 0.212 (0.047)

# obs 3599

chi-sq 4344.45

Note: Standard errors in parenthesis.
* . Significant at a 5 percent level.
**: Significant at a 1 percent level.
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Table 6: Biprobit regression results for Albania 2005.

Dependent variable Consumption Poverty | Subjective Poverty
Household Size 0.270** (0.031) | 0.073**  (0.021)
Ratio of children (-14) 0.291 (0.224) | -0.056 (0.177)
Ratio of elderly (65+) -0.157 (0.257) | -0.122 (0.156)
HH has a SP 0.779 (0.452) | -0.266  (0.319)
Age of HH -0.003 (0.007) | -0.003  (0.005)
HH away for 12+ mths 10.046 (0.312) | -0.232  (0.276)
HH employed -0.126 (0.102) | -0.148  (0.078)
HH completed 8+ yrs schooling | -0.126 (0.137) | -0.197 (0.104)
HH completed sec school -0.185 (0.096) | -0.073 (0.070)
HH completed college educ 0.109 (0.153) | -0.187 (0.101)
Age of spouse -0.010 (0.008) | 0.002 (0.005)
SP employed L0.245%* (0.088) | -0.120  (0.066)
SP completed 8+ yrs schooling | 0.126 (0.150) | 0.230%* (0.113)
SP completed sec school -0.229* (0.108) | -0.025 (0.079)
SP completed college educ 0.294 (0.171) | -0.284* (0.120)
Single house -0.260* (0.101) | -0.089 (0.069)
Elec. meter within premise 0.107 (0.116) | -0.213* (0.090)
Flush toilet -0.139 (0.096) | -0.436**  (0.083)
Drinking water from pipe 0.211 (0.166) | 0.260 (0.105)
Have a telephone -0.357** (0.112) | -0.322**  (0.075)
Have a mobile phone -0.367** (0.091) | -0.509**  (0.079)
Have an air conditioner -5.155%* (0.137) | -0.744**  (0.175)
Have a bicycle -0.123 (0.119) | -0.297**  (0.083)
Have a car -1.432%* (0.327) | -0.621**  (0.095)
have a refrigerator -0.492%** (0.107) | -0.521**  (0.108)
Have a tape or CD player -0.014 (0.081) | -0.067 (0.059)
Have a truck -0.818%** (0.307) | -0.943**  (0.210)
Have a washing machine -0.434%* (0.096) | -0.350**  (0.075)
Rural area -0.137 (0.106) | -0.367**  (0.082)
Capital -0.391* (0.147) | -0.080  (0.082)
Constant -0.844 (0.473) | 2.341**  (0.345)
rho 0.362 (0.048)

# obs 3638

chi-sq 4585.45

Note: Standard errors in parenthesis.
* . Significant at a 5 percent level.
**: Significant at a 1 percent level.
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Table 7: Biprobit regression results for Tajikistan 2003.

Dependent variable Consumption Poverty | Subjective Poverty
Houschold Size 0.001%% (0.016) [ -0.009 _ (0.010)
Ratio of children (-14) 0.516%* (0.148) | -0.048  (0.132)
Ratio of elderly (65+) -0.194 (0.229) | 0.349 (0.223)
HH has a SP 0.052 (0.273) | -0.085  (0.238)
Age of HH 0.000 (0.004) | -0.004  (0.003)
HH away for 12+ mths -0.104 (0.176) | -0.471%*  (0.151)
HH employed 20,046 (0.078) | -0.097  (0.066)
HH completed 8+ yrs schooling | 0.069 (0.134) | -0.163 (0.108)
HH completed sec school -0.161 (0.109) | -0.020 (0.083)
HH completed college educ -0.120 (0.080) | -0.203**  (0.069)
Age of spouse 0.000 (0.005) | 0.001 (0.004)
SP employed 10.088 (0.068) | -0.033  (0.056)
SP completed 8+ yrs schooling | 0.140 (0.137) | 0.015 (0.115)
SP completed sec school -0.054 (0.094) | -0.104 (0.077)
SP completed college educ -0.187 (0.124) | -0.284* (0.128)
Single house 0.121 (0.081) | -0.113  (0.076)
Elec. meter within premise -0.141* (0.071) | 0.000 (0.064)
Flush toilet 0.257%* (0.076) | -0.143*  (0.065)
Drinking water from pipe -0.146* (0.059) | 0.011 (0.052)
Have a telephone -0.187* (0.093) | -0.160* (0.081)
Have a mobile phone -0.446 (0.234) | -0.200 (0.258)
Have an air conditioner -0.160 (0.132) | -0.231 (0.118)
Have a bicycle 0.251 (0.305) | 0.036 (0.313)
Have a car -0.470** (0.088) | -0.528**  (0.083)
have a refrigerator -0.179** (0.069) | -0.284**  (0.061)
Have a tape or CD player -0.432%** (0.063) | -0.298**  (0.057)
Have a truck -0.549** (0.210) | -0.082 (0.182)
Have a washing machine -0.315%* (0.086) | -0.302**  (0.083)
Rural area -0.403** (0.088) | -0.075 (0.073)
Capital L0.311%% (0.093) | 0.000  (0.084)
Constant 0.887** (0.292) | 1.181**  (0.256)
rho 0.198 (0.037)

# obs 4160

chi-sq 748.48

Note: Standard errors in parenthesis.
* . Significant at a 5 percent level.
**: Significant at a 1 percent level.
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Table 8: Biprobit regression results for Tajikistan 2007.

Dependent variable Consumption Poverty | Subjective Poverty
Houschold Size 0.104%F (0.012) | -0.013 __ (0.011)
Ratio of children (-14) 0.693** (0.126) | 0.128 (0.126)
Ratio of elderly (65+) 0.729%* (0.221) | 0.252 (0.221)
HH has a SP -0.175 (0.232) | -0.159  (0.233)
Age of HH -0.007* (0.003) | -0.001 (0.003)
HH away for 12+ mths 10.408 (0.543) | -0.100  (0.644)
HH employed L0176+ (0.058) | -0.146%  (0.058)
HH completed 8+ yrs schooling | -0.058 (0.108) | 0.168 (0.102)
HH completed sec school -0.057 (0.080) | 0.081 (0.079)
HH completed college educ -0.277** (0.069) | -0.225**  (0.070)
Age of spouse 0.002 (0.004) | 0.002 (0.004)
SP employed 0.010 (0.057) | -0.019  (0.057)
SP completed 8+ yrs schooling | 0.052 (0.109) | 0.066 (0.103)
SP completed sec school 0.044 (0.069) | -0.118 (0.070)
SP completed college educ -0.129 (0.123) | -0.157 (0.135)
Single house 0.268** (0.084) | -0.038 (0.089)
Elec. meter within premise -0.096 (0.066) | 0.045 (0.064)
Flush toilet 0.028 (0.098) | -0.218*  (0.105)
Drinking water from pipe 0.232%* (0.056) | -0.051 (0.056)
Have a telephone -0.150* (0.072) | 0.017 (0.075)
Have a mobile phone -0.252%* (0.051) | -0.280**  (0.052)
Have an air conditioner -0.689** (0.116) | -0.495**  (0.123)
Have a bicycle -0.012 (0.065) | -0.074 (0.067)
Have a car -0.405%* (0.069) | -0.315**  (0.074)
have a refrigerator -0.029 (0.060) | -0.414**  (0.061)
Have a tape or CD player -0.183** (0.059) | -0.161**  (0.060)
Have a truck -0.767** (0.154) | -0.247 (0.164)
Have a washing machine -0.248** (0.088) | -0.185* (0.092)
Rural area -0.197** (0.076) | -0.119 (0.077)
Capital 0.100 (0.084) | 0.209%  (0.088)
Constant -0.187 (0.253) | 0.171 (0.262)
rho 0.185 (0.030)

# obs 4860

chi-sq 769.16

Note: Standard errors in parenthesis.
* . Significant at a 5 percent level.
**: Significant at a 1 percent level.
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Table 9: Biprobit regression results for Malawi 2004-2005.

Dependent variable Consumption Poverty | Subjective Poverty
Houschold Size 0.147% (0.013) | -0.022F __ (0.010)
Ratio of children (-14) 1.413%* (0.093) | 0.166 (0.098)
Ratio of elderly (65+) 0.122 (0.111) | 0.241 (0.148)
HH has a SP -0.010 (0.099) | 0.212  (0.111)
Age of HH 0.006** (0.002) | 0.002  (0.002)
HH away for 12+ mths 0.330 (0.219) | -0.182 (0.244)
HH employed L0.216+* (0.082) | 0.075  (0.090)
HH completed 8+ yrs schooling | -0.348** (0.054) | -0.299**  (0.055)
HH completed sec school -0.155* (0.074) | -0.241**  (0.069)
HH completed college educ -1.820** (0.559) | -0.481 (0.291)
Age of spouse 0.000 (0.002) | -0.005* (0.002)
SP employed 0.157* (0.064) | -0.080  (0.063)
SP completed 8+ yrs schooling | -0.125 (0.082) | -0.256**  (0.076)
SP completed sec school -0.251* (0.124) | 0.037 (0.102)
SP completed college educ 2.555%% (0.548) | -0.043 (0.635)
Single house -0.071 (0.040) | -0.066 (0.045)
Elec. meter within premise -0.997** (0.137) | -0.347**  (0.096)
Flush toilet -0.109 (0.165) | 0.043  (0.126)
Drinking water from pipe 0.032 (0.045) | 0.035 (0.052)
Have a telephone 0.405 (0.400) | -0.170 (0.217)
Have a mobile phone -1.082%** (0.275) | -0.474**  (0.116)
Have an air conditioner -0.303 (0.278) | -0.253 (0.320)
Have a bicycle -0.418%* (0.035) | -0.369**  (0.038)
Have a car -1.927** (0.411) | -0.465* (0.187)
have a refrigerator -0.792* (0.362) | 0.049 (0.164)
Have a tape or CD player -0.592%** (0.050) | -0.403**  (0.047)
Have a truck -6.193** (0.229) | -0.637 (0.438)
Have a washing machine 0.324 (0.361) | 0.063 (0.392)
Rural area 0.182%* (0.078) | 0.145 (0.076)
Capital -0.126 (0.116) | -0.328**  (0.096)
Constant -1.226** (0.147) | 1.293**  (0.153)
rho 0.285 (0.024)

# obs 11257

chi-sq 8257.52

Note: Standard errors in parenthesis.
* . Significant at a 5 percent level.
**: Significant at a 1 percent level.

45



"SI01I0 [OPOUL o1} 9Ie SJo¥ORI] palenbs UT soInSI P)0N

[1e00] 21€°0 | [€€0°0] 20€0 | [620°0] €620 | [F200] 98270 | [L10°0] 0820 QUIDIYXT]

[0700] 29¢0 | [8€0°0] 0£€0 | [ge00] ¥1€0 | [20°0] ©0L0 | [L10°0] 2620 [euioN  FOMNTIN

[9100] S0€0 | [LT0°0] 9620 | [L10°0] 1620 | [F10°0] 28270 | [010°0] €820 QUIIIXT]

[610°0] 6£2°0 | [610°0] Tgz0 | [810°0] 8070 | [F10°0] 661°0 | [010°0] 16170 [PWION  LOM[L

[2200] 89Z°0 | [€c0'0] 6%20 | [2200] 9€z0 | [810°0] G2z'0 | [210°0] 8120 OUIDIIXT]

[620°0] 12270 | [920°0] 8¥2°0 | [F00] €¢z0 | [6100] 6120 | [F10°0] L0Z0 [PWION  €0M[L

[170°0]  66%°0 | [F70°0] @S¥0 | [6£0°0] FT1F°0 | [c€00] 80 | [€20°0] T9€0 QUIIIXT]

[eco0] 86%°0 | [1€0°0] 2570 | [L20°0] 92F0 | [2g00] @0F0 | [910°0] 08€°0 [ewioN  G0dIv

[9¢0°0] 9¢¥°0 | [9¢0°0] STF°0 | [0€0°0] G8€°0 | [F200] ©9¢0 | [910°0] SFEO QUIOIYX]

[6200] T1EF0 | [6£0°0] 29¢°0 | [260°0] Tg€0 | [€0°0] 1820 | [S20°0] 9¥Z 0 [ewioN  g0dTv
SIRA G SIeA 0T SIRA CT SIRA (07 SIRA GT soul| A110A0J eyR(]

"UO01}09[9S [OPOUL 0} anp d JO SPeWI)SO 9T JO SSOUISNQOI YT, 0T ORI,

46



"syoyorlq arenbs ur Qg pue sisorjjuared ur QY -odejueoiod ur ore sonsy oYy [[y :0ION

8z 1] eLzot | [ezol Lr1- |80t oper | [tool ¥rO| 61Tl 8¢8z | (€21 ¥26S | IS X dD
[e20] 2966 | [er0l Lr0- | [1eT] eviL | (00l @80 | [v6°0] ¢€'9 | [eT'T] LTOT | SN B D | pomTiv
lee'1]  w1eoT | P20l ver- | [le60] 1Tee | [coo] <ro | [18°0] €zer | [6670] 7929 | IS %3 ON
[ze'o]  8e00T | [8T°0] we0- | [86°¢] 8¢'8g | [so0] s8¢0 | [9vF] weee | [FL0] SvL | SN % ON
[8z°0] 62201 | [L1°0) 1€T | [6LT) 2129 | [1000] 210 |[80°T) 221 | (e 1] o0zee | AS ¥ D
[ev0]  sT86 | [8T0] 96T | [1871] gzev | [100] 10| [FOT] 6L | [RT] 6897 | SNB ID | soyrr
28°0] 26¢0T | [ec0] 69~ | [eeT] LS| [FO0] ee0 | [eL0] 16°C | [FRT) 88°€P | S ¥ ON
660] <16 | [Lzol zee | lter]l 60z | [tool ero|levtl Lr1z | [ecT] 0F°CS | SN 2 ON
l9z'0) 1ze01 | [ezo) 9re- | log 1) €gLL | [c00] 9z0 | [ST'T) 89°€T | [¢670] 6911 | IS 3 D
[sz0]  ¥696 | [LT0] 18T | [8¥T] 68°GL| [co0] 920 | [FOT] G99 | [90°T] THFYT | SN dD | egyirr
loee]  ogger | (291 cege-| [ev1] 6Lec| (6101 T1TT|[9L0] 909 | (€82 9¢€6 | S ¥ ON
06'T] 8,06 |[sL0] 9801 | [#60] 9211 | [800] 660 | [SL1] 6271c|[ev1] 656G | SN 23 ON
7ozl 1266 | (9600 ¥SL | lge1) €88 | [c10] TrT1 |69 168 | [Fee] 09€r | S 3 D
[eo0t] TeLer | [66°¢) vOVE- | [pae] 9Lov|[e60] gzg|[e9T] <o | [199] 6V6L | SN IO | qogry
8T'1]  9¥26 | [2e0] 90F | [89°T] €619 | [F00] 0970 | [c0'T] 086 |[9eT] 09°€T | S ¥ ON
leg0] 68701 | [260] T0%- |lozel €e€9|lso0] 290 | [66T) 6970 | [660) S¥'6 | SN ¥ ON
17'1] sv86 | [av0] 28T | [F1el 9v91 | [c00] <czo | (81Tl €68 | (e ¥STw | S ¥ D
[cLe]  La601 | [ezt] €rL- | [80'€l co9v | [60°0] 0L0 | [1T] 96°0T | [€8°€] 2V6v | SN B dD | zogTv
[z80] 0s'86 |lozo] geT | [6LT] e’8Fe | (100l 610 | [FTT) GLIT | [egT] 68°T¢ | IS ¥ ON
lo9v'0] 29101 | [8T°0] G21- | [80e] 016 | [100] L1°0 | [W6'1) ¥ese | [L0'T] Lz'2l | SN 23 ON
HSg 1A ASg SH | ASI H | IS sd | ASd wH | HSd 1sH eye(]
OE@M Nm @UQ@TH@\/OU ﬁwﬁogu@ MQWOEJ&“ MQEwuw .og\mmOSuH

uo1)1sodwod9p 9dOURLIBA T 9[q€],

47



Table 12: Cross-tabulation tables with the extreme poverty lines.

One smpl BC (best) BC (guest.) Naive

Data NS SP | NS SP | NS SP | NS  SP
Est. | 72.38 22.88 | 68.68 25.82 | 68.67 25.86 | 71.50 23.73

NG ASE | (0.75) (0.70) | (1.03) (0.97) | (1.03) (0.96) | (0.94) (0.87)

BSE | [0.00] [0.82] | [1.05] [0.98] | [1.05] [0.99] | [0.93] [0.85]

ALBO02 Est. 1.46 3.28 1.72 3.78 1.88 3.59 2.25 2.51
cp ASE | (0.20) (0.30) | (0.31) (0.36) | (0.31) (0.36) | (0.28) (0.30)

BSE | [0.22] [0.33] | [0.26] [0.40] | [0.26] [0.41] | [0.27]  [0.30]

Est. | 73.32 23.21 | 68.30 27.40 | 68.14 27.55 | 72.55  23.96

NC ASE | (0.73)  (0.70) | (1.06) (1.01) | (1.07) (1.01) | (0.92) (0.86)

BSE | [0.89] [0.87] | [1.13] [1.09] | [1.16] [L.08] | [0.91]  [0.86]

ALBO05 Est. 0.83 2.64 1.18 3.11 1.32 2.99 1.54 1.95
cp ASE | (0.15) (0.27) | (0.28) (0.38) | (0.28) (0.38) | (0.23) (0.30)

BSE | [0.14] [0.25] | [0.21] [0.41] | [0.25] [0.42] | [0.22]  [0.29]

Est. | 47.84 10.15 | 47.49 10.30 | 48.18 9.61 45.34  12.45

NC ASE | (0.77) (0.47) | (0.82) (0.44) | (0.82) (0.43) | (0.84) (0.47)

BSE | [0.92] [0.55] | [0.81] [0.44] | [0.81] [0.44] | [0.83] [0.48]

TJKO03 Est. | 2827 13.73 | 28.44 13.78 | 27.77 1444 | 30.59 11.63
cp ASE | (0.70) (0.53) | (0.81) (0.52) | (0.81) (0.53) | (0.79) (0.49)

BSE | [0.78] [0.61] | [0.84] [0.52] | [0.87] [0.53] | [0.81]  [0.49]

Est. | 7788 472 | 77.72 480 | 77.66 4.80 | 76.69 5.85

NC  ASE | (0.60) (0.30) | (0.74) (0.32) | (0.74) (0.32) | (0.76) (0.36)

BSE | [0.64] [0.40] | [0.75] [0.33] | [0.72] [0.32] | [0.78] [0.38]

TJKO7 Est. | 1469 270 | 14.82 266 | 14.87 2.66 | 15.86 1.60
cp ASE | (0.51) (0.23) | (0.68) (0.18) | (0.68) (0.18) | (0.67) (0.14)

BSE | [0.54] [0.25] | [0.71] [0.19] | [0.67] [0.18] | [0.71]  [0.14]

Est. | 48.10 29.50 | 45.94 30.70 | 45.99 30.66 | 45.13  32.36

NC ASE | (0.47) (0.43) | (0.49) (0.46) | (0.49) (0.46) | (0.50) (0.45)

BSE | [0.51] [0.50] | [0.66] [0.51] | [0.68] [0.54] | [0.51]  [0.46]

MLWO04 Est. 8.41 14.00 | 8.83 14.53 | 8.81 14.54 | 11.06  11.46
cp ASE | (0.26) (0.33) | (0.31) (0.32) | (0.31) (0.31) | (0.31) (0.30)

BSE | [0.26] [0.36] | [0.30] [0.34] | [0.31] [0.37] | [0.30] [0.28]

Note: All the figures are in percentage. ASE in parenthesis and BSE in square brackets.
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Table 14: Two-way imputation.

BC (best) BC (best), rev Naive Naive, rev

Data NS SP | NS SP | NS SP | NS  SP
Est. | 43.67 30.89 | 44.01 30.69 | 44.19 30.47 | 4252 32.17

NC ASE | (0.95) (0.90) | (0.94) (0.90) | (0.95) (0.90) | (0.96) (0.90)

BSE | [0.98] [0.90] | [1.00] [0.91] | [1.00] [0.91] | [1.00] [0.90]

ALB02 Est. | 6.39 19.06 | 6.19 19.11 | 5.82 1952 | 7.68 17.64
cp ASE | (0.48) (0.78) | (0.50) (0.80) | (0.47) (0.78) | (0.52) (0.79)

BSE | [0.45] [0.80] | [0.48] [0.83] | [0.46] [0.79] | [0.52] [0.82]

Est. | 45.86 34.91 | 45.80 35.08 | 45.28 35.45 | 43.56 37.33

NC  ASE | (0.99) (0.97) | (0.96) (0.99) | (0.99) (0.96) | (0.99) (0.97)

BSE | [1.22] [1.06] | [1.23] [1.09] | [1.04] [0.95] | [1.26] [1.06]

ALBO5 Est. | 361 15.62 | 3.52 1559 | 4.13 15.14 | 5.77 13.35
cp ASE | (0.39) (0.72) | (0.38) (0.75) | (0.40) (0.72) | (0.43) (0.71)

BSE | [0.33] [0.79] | [0.37] [0.83] | [0.36] [0.76] | [0.45] [0.79]

Est. | 1091 6.05 | 1099 5.98 | 11.59 540 | 9.48  7.50

NC ASE | (0.42) (0.34) | (0.46) (0.31) | (0.42) (0.33) | (0.43) (0.34)

BSE | [0.47) [0.31] | [0.45] [0.32] | [0.45] [0.30] | [0.42] [0.37]

TJKO03 Est. | 35.69 47.35 | 35.70 47.33 | 35.08 47.93 | 37.21 45.82
cp ASE | (0.86) (0.88) | (0.87) (0.85) | (0.86) (0.88) | (0.85) (0.87)

BSE | [0.86] [0.84] | [0.91] [0.87] | [0.94] [0.91] | [0.89] [0.88]

Est. | 34.65 12.26 | 34.79 12.29 | 35.82 11.08 | 32.61 14.47

NC  ASE | (0.71) (0.45) | (0.73) (0.46) | (0.70) (0.45) | (0.73) (0.47)

BSE | [0.76] [0.45] | [0.73] [0.44] | [0.74] [0.43] | [0.73]  [0.47]

TJKO7 Est. | 30.84 22.25 | 30.72 22.20 | 29.71 23.39 | 3291 20.01
cp ASE | (0.78) (0.64) | (0.78) (0.62) | (0.78) (0.64) | (0.77) (0.62)

BSE | [0.81] [0.64] | [0.76] [0.65] | [0.79] [0.68] | [0.74] [0.64]

Est. | 11.93 35.04 | 12.01 35.06 | 11.94 35.06 | 10.23  36.85

NC ASE | (0.31) (0.49) | (0.29) (0.48) | (0.31) (0.49) | (0.29) (0.49)

BSE | [0.66] [0.52] | [0.68] [0.49] | [0.65] [0.48] | [0.71]  [0.49]

MLW04 Est. | 469 4834 | 4.65 4829 | 4.73 4826 | 6.46  46.46
cp ASE | (0.21) (0.51) | (0.24) (0.52) | (0.21) (0.51) | (0.24) (0.52)

BSE | [0.21] [0.67] | [0.21] [0.70] | [0.20] [0.69] | [0.25] [0.70]

Note: All the figures are in percentage. ASE in parenthesis and BSE in square brackets.

20



References

Christiaensen, L., Lanjouw, P., Luoto, J. and Stifel, D. (2011). Small area estimation-
based prediction methods to track poverty. Policy Research Working Paper 5683.
The World Bank.

Deaton, A. (2003). Adjusted indian poverty estimates for 1999-2000. Economic and
Political Weekly, January 25, 2003, 322-326.

Deaton, A. and Dreze, J. (2002). Poverty and inequality in India: A re-examination.
Economic and Political Weekly, Semtember 7,2002, 3729-3748.

Demombynes, G., Elbers, C., Lanjouw, J.O. and Lanjouw, P. (2007). How good a map?
putting small area estimation to the test. Policy Research Working Paper 4155. The
World Bank.

Elbers, C., Lanjouw, J.O. and Lanjouw, P. (2003). Micro-level estimation of poverty
and inequality. Econometrica, 71, number 1, 355-364.

Elbers, C., Lanjouw, P. and Leite, P.G. (2008). Brazil within Brazil: Testing the
poverty map methodology in Minas Gerais. Policy Research Working Paper 4513.
The World Bank.

Filmer, D. and Scott, K. (2008). Assessing asset indices. Policy Research Working
Paper 4605. The World Bank.

Fujii, T. (2011). Micro-level estimation of child undernutrition indicators in Cambodia.

World Bank Economic Review number forthcoming.

Ivaschenko, O. and Lanjouw, P. (2010). A new approach to producing geographic
profiles of HIV prevalence: An application to Malawi. World Medical and Health
Policy, 2, number 1, 235-266.

Kijima, Y. and Lanjouw, P. (2003). Poverty in India during the 1990s: A regional
perspective. Policy Research Working Paper 3141. The World Bank.

Lanjouw, P., Luoto, J. and McKenzie, D. (2011). Using repeated cross-sections to
explore movements in and out of poverty. Policy Research Working Paper 5550. The
World Bank.

Lindelow, M. (2006). Sometimes more equal than others: how health inequalities

depend on the choice of welfare indicator. Health economics, 15, 263-279.

51



Moffitt, R. (1993). Identification and estimation of dynamic models with a time series

of repeated cross-sections. Journal of Econometrics, 59, 99-123.

Pelzer, B., Eisinga, R. and Franses, P.H. (2001). Estimating transition probabilities
from a time series of independent cross sections. Statistica Neerlandica, 55, number
2, 249-262.

Ridder, G. and Moffitt, R. (2007). The econometrics of data combination. Handbook
of econometrics, 6B, number 75, 5469-5547.

Sahn, D.E. and Stifel, D. (2003). Exploring alternative measures of welfare in the
absence of expenditure data. Review of Income and Wealth, 49, number 4, 463-489.

Schellenberg, J.A., Victora, C.G., Mushi, A., de Savigny, D., Schellenberg, D., Mshinda,
H. and Bryce, J. (2003). Inequities among the very poor: health care for children in
rural southern Tanzania. The Lancet, 361, 561-566.

Shao, J. and Sitter, R.R. (1996). Bootstrap for imputed survey data. Journal of the
American Statistical Association, 91, number 435, 1278-1288.

Stifel, D. and Christiaensen, L. (2007). Tracking poverty over time in the absence of
comparable consumption data. The World Bank Economic Review, 21, number 2,
317-341.

Tarozzi, A. (2007). Calculating comparable statistics from incomparable surveys, with
an application to poverty in India. Journal of Business and Economic Statistics, 25,

number 3, 314-336.

Tarozzi, A. (2011). Can census data alone signal heterogeneity in the estimation of

poverty maps? Journal of Development Economics, 95, 170—-185.

Tarozzi, A. and Deaton, A. (2009). Using census and survey data to estimate poverty
and inequality for small areas. The Review of Economics and Statistics, 91, number
4, 773-792.

Viet Cuong, N., Ngoc Truong, T. and van der Weide, R. (2010). Poverty and inequality
maps for rural Vietnam. Policy Research Working Paper 5443. The World Bank.

52



