Chapter 11 )
Calibration Adjustment for Dealing with e
Nonresponse in the Estimation of Poverty
Measures

Maria Illescas-Manzano, Sergio Martinez-Puertas, Maria del Mar Rueda,
and Antonio Arcos-Rueda

Abstract The analysis of poverty measures has been receiving increased attention
in recent years. This paper contributes to the literature by developing percentile
ratio estimators when there are missing data. Calibration adjustment is used for
treating the non-response bias. Variances of the proposed estimators could be not
expressible by simple formulae and resampling techniques are investigated for
obtaining variance estimators. A numerical example based on data from the Spanish
Household Panel Survey is taken up to illustrate how suggested procedures can
perform better than existing ones.
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11.1 Introduction

The analysis of poverty measures is a topic of increased interest to society. The
official poverty rate and the number of people in poverty are important measures
of the country’s economic wellbeing. The common characteristic of many poverty
measures is their complexity. The literature on survey sampling is usually focused
on the goal of estimating linear parameters. However when the variable of interest
is a measure of wages or income, the distribution function is a relevant tool because
is required to calculate the poverty line, the low income proportion, the poverty gap
and other poverty measures.
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The lack of response is a growing problem in economic surveys. Although
there are many procedures for their treatment, few efficient techniques have been
developed for their treatment in the estimation of non-linear parameters. Recently,
in [15] various estimators for the distribution function in the presence of missing
data have been proposed. Using these estimators, we first propose new estimators
for several poverty measures, which efficiently use auxiliary information at the
estimation stage. Due to the complexity of the percentile ratios and the complex
sampling designs used by the official sample surveys, variances of these complex
statistics could be not expressible by simple formulae. Additional techniques for
variance estimation are therefore required under this scenario.

This paper is organized as follows. Section 11.2 introduces the estimation of
the distribution function when there are missing data. In Sect. 11.3, the proposed
percentile ratio estimators are described. In Sect. 11.4 we derive resampling tech-
niques for the problem of the variance estimation of percentile ratio estimators. A
simulation study based on data derived from the Spanish Household Panel Survey is
presented in Sect. 11.5. This study shows how the proposed estimates of the poverty
measures perform in reduction of bias and precision when calibration is used for
nonresponse that is not missing at random.

11.2 Calibrating the Distribution Function for Treating the
Non-response

Consider a finite population U = {l,..., N} consisting of N different and
identifiable units. Let us assume a sampling design d defined in U with positive
first-order inclusion probabilities n; i, € U. Let d; = 71;1 denote the sampling

design-basic weight for unit i € U which is known. We assume missing data on the
sample s obtained by the sampling design d. Let us denote by s,, the respondent
sample of size r, and s, the non-respondent sample of size n — r.

Let y; be the value of the character under study. The distribution function F) (¢)
can be estimated by the Horvitz-Thompson estimator:

~ 1
Fur(@ = ) diht = yo), (11.1)
kesy
where
0 ifr < yg,
A(t — =
(=) :1 i1 > v,

and dy = 1/my, the basic design weights.

This estimator is biased for the distribution function. There are several approach
for dealing with nonresponse. The most important method is weighting. We assume
the existence of auxiliary information relative to several variables related to the main
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variable y, X = (x1, x2, ..., x)". Based on this auxiliary information, calibration
weighting is used in [15] to propose three methods to reduce the non-response bias
in the estimation of the distribution function:

— The first method is ba}ged on the methodology proposed in [14]. We define a
pseudo-variable gy = 8 xx fork = 1,2, ... N, where

-1
ﬂ:(Zdeij> .Zdjxjyj'
JEsr JEsr

Thus we define a calibrated estimator by imposing that the calibrated weights
wy evaluated in the observed sample give perfect estimates for the distribution

function in a set of predetermined points ¢; for j = 1,2, ..., P that we choose
arbitrarily:
1
v D WA= g = F(0), (11.2)
kesy

where F,(t) denotes the finite distribution function of the pseudo-variable g
evaluated at the pointt = (11, .. ., t,,)/ and A(t—gi) = (A(t1 —gk)s .-, Aty —
8K)) -

A common way to compute calibration weights is linearly (using the chi-
square distance method) and we obtain an explicit expression of the estimator
as:

R 1
1 1
ED @) =y > wi Ay

kesy

~ 1 !
= Fur() + (Fg(t) -y > deac - gk)) TV H O (113)

kesy

where T = ZkES, dkA(t—gk)A(t—gk)/ and H = ZkES, dr A(t—gr) At — yi).

Following [14], if we denote by k; = deA(ti — gy fori = 1,..., P the
kesy
condition k; > k;_1 fori = 2, ..., P guarantees the existence of T

— The second method is based on two-step calibration weighting as in the work in
[10]:

1. The first calibration is designed to remove the non-response bias.
Consider the M vector of explanatory model variables, x; which

population totals ), x; are know. The calibration under the restrictions

5 v,ﬁl)xz = ZUXZ yields the calibrations weights v,ﬁl), k=1,...,s.

2. The second one to decrease the sampling error in the estimation of the
distribution function.
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The auxiliary information of the calibration variables x is incorporated

through the calibrated weights vlgz) obtained with the restrictions

Zs, v,EZ)A(t — gk) = Fg(t). The final estimator is given by

R 1 1
F® @) = N wP A — ) = v vPuVAGE -y, (114

kes, kes,

This method allows different variables to be used in each phase (model
variables x; and calibration variables x), since the model for non-response and
the predictive model can be very different.

— The last method is based on instrumental variables (see [6] and[11]). The
calibration is done in a single stage, but different variables are also used to
model the lack of response and for the calibration equation. By assuming that
the probability of response can be modeled by: 6, = f (y,x,t) for some vector
parameter y, where h(-) = 1/f(-) is a known and everywhere monotonic and
twice differentiable function. We denote as zy = A(t — gi).

The calibration equation is given by

1 dk 1 ’
) = drh(P X)zr = Fo(t 11.5
N%J,@ ™ NkZ Wh(P XE)zx = Fq(t) (11.5)

and the resulting calibrated estimator is:

A 1 1 N
Fal = Y w At —yo= | Y dh(PX)DAGC =y,  (116)

kesy kesy

where p is a consistent estimator of vector y. Authors use several approximation
methods for deriving the solution of the minimization problem. We denote by
F gc ?a ;(¢) the estimator based in the Deville’s approach [6] which needs to meet
the condition M = P. To consider more calibration restrictions in Eq. (11.5) than
M, we consider the estimator FI((?’Zlc'al(t) and FI((322c'al(t) based on [11] where
P>M.

11.3 Poverty Measures Estimation with Missing Values

Currently, poverty measurement, wage inequality, inequality and life condition are
overriding issues for governments and society. Some indices and poverty measures
used in the poverty evaluation and income inequality measurement are based on
quantile and quantiles ratios. Thereby, Eurostat currently set the poverty line (the
population threshold for classification into poor and nonpoor) equal to sixty percent
of the equivalized net income median Qsp. On the other hand, the percentile ratios
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Q95/0Q20; Q90/ Q10 and Qso/ Q20 [91; Qos/ Q50 and Qso/ Q1o (see [12] and [4]);
050/ Qs and Os0/ Q25 [7] have been considered as measures for wage inequality.
We focus on estimating the poverty measures based on percentile ratios.

The population ¢-quantile of y is defined as follows

0y (a) = inf{r : Fy(r) > a} = F, ' (@). (11.7)

A general procedure to incorporate the auxiliary information in the estimation of
Oy (@) is based on the obtainment of an indirect estimator I?y (2) of Fy(¢) that fulfills
the distribution function’s properties. Under this assumption, the quantile Q () can
be estimated in a following way:

Oy(a) = inf{t : Fy(1) > a} = F, (o). (11.8)

The distribution function estimators described in the previous section allow us to
incorporate the auxiliary information in the estimation of quantiles in the presence
of non-response and obtain estimators for percentile ratios. Perhaps, some of these
calibrated estimators do not satisfy all the properties of the distribution function and
consequently for its application in the estimation of quantiles some modifications
are necessary. Specifically, the properties that an estimator I?y (t) of the distribution
function F (t) must meet are the following:

i Ey (¢) is continuous on the right.
ii. Fy(t)is monotone nondecreasing, R
iii. (@) lim Fy,(t) =0and(b) lim F,() =1.
——00 t—+00

Firstly, it is easy to see that all estimators satisfy the conditions (i) and iii.(a).
Secondly, following [14], the estimator i’i(all) () meet the rest of conditions if #p
is sufficiently large (i.e Fg(tp) = 1). On the other hand, it’s easy to see that
1/7:52; () satisfy the condition iii.(b) if #p is sufficiently large but it is not monotone
nondecreasing in general. Thus, we can apply the procedure described in [13]. This
procedure, for a general estimator F,, is defined in the following way:

FyGny) = fy(m]), Fy(y) = maX{Fy(y[i]), FyGi—1)) i=2,...,r.
(11.9)

Finally, all estimators based on I/i(jl) (t) are nondecreasing if 6y = f (y,xZ) > 0 for
all k € U (response model based on logit, raking and logistic methods) because

the calibration weights a)l,?) > 0. Moreover, F, g’c)a”(t) fulfills condition iii.(b)

with 7p sufficiently large whereas following [15], F, I((3Zlca ;i () and F, I(<322ca ;; () meet

condition iii.(b) if in addition to considering 7p sufficiently large, a component of
the vector x;’ contains all 1’s.
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Based on the population distribution function F)(¢), given two values 1 > o >
an > 0, the percentile ratio R(«7, «e2) is define as follow:

Riay. ) = 2@V (11.10)
Qy (a2)
and it can be estimated with a generic quantile estimator @ y(a) as follows:
Ry, o) = 2@V (11.11)
Qy(a2)

Thus, the quantile estimator derived from F C(all), F (fjl) and F_] F¢ ) can be employed in
the estimation of R(a, a2).

11.4 Variance Estimation for Percentile Ratio Estimators
with Resampling Method

Given the complexity of the proposed percentile ratio estimators, we have con-
sidered the use of bootstrap techniques for estimating variance and developing
confidence intervals associated with the proposed calibration estimators. In this
study, we consider the frameworks proposed in [1], [2], and [3].

First, the bootstrap procedure described in [3] consider the repetition of sample
units for creating artificial bootstrap populations. The bootstrap samples are drawing
with the original sampling design from artificial populations. Specifically, if the
population size N = n - g + m with 0 < m < n, the artificial population Up
is obtained with g repetitions of s and an additional sample of size m selected by
simple random samphng without replacement from s. Given a generic percentile
ratio estimator R(a 1, @2), if we consider M independent artificial populations Up J
with j = 1,..., M and for each pseudo population U] we select K bootstrap
samples s1 ) e sK with sample size n, we can compute the bootstrap estimates

R*(oel oez)h with the sample sh for the population Uy J and following [5], we can
compute

K
Vi= o | ];uz*(al, @) — R, @), (11.12)
where

K
~ 1 . )
Ri(a1, @) = X ZR*(oq,az){,, (11.13)
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Finally, the variance estimation for the estimator R (1, orp) is given by
| M
V(R a) = Zl V. (11.14)
j:

On the other hand, in [1] and [2] a direct bootstrap method has been proposed, where
it is not necessary to obtain an artificial population, since the bootstrap samples are
drawn from s under a sampling scheme different from the original sampling design.
Both frameworks (see [1] and [2]) can be applied under several sample designs,
but particularly, if the sample s is drawing with simple random sampling without
replacement, the sampling design proposed by Antal and Tillé [1] select two samples
from s, the first one is drawing by simple random sampling without replacement
and the second one is drawing with one-one sampling design (a sampling design
for resampling). Similarly, under simple random sampling without replacement, the
sampling design proposed by [2] draw a first sample with Bernoulli design and
a second sample with double half sampling design (another sampling design for
resampling). For more details see [1] and [2].

For two frameworks, given a percentile ratio estimator ﬁ(al, o), we draw M
bootstrap samples sy, . .., sy, from s, according to the sampling schemes of [1] and
[2] respectively. The bootstrap estimation for variance of the estimator R(aq, op) is
given by

. 1M _
VR0 = | 3 (R, 027 — R, )P, (11.15)
=1

where R (o1, az)j is the bootstrap estimator computed with the bootstrap sample s}f
and

M

_ 1 ~

R(a, )" = M E R(a1, a2)3. (11.16)
j=1

Finally, based on the variance estimation V(ﬁ (a1, orp)) obtained with a bootstrap
method, the 1 —« level confidence interval based on the approximation by a standard
normal distribution is defined as follows:

[ﬁ(a1, o2) — Z1—a/2 - \/V(ﬁ(ah @), R(ar, @) + l—a/2 " \/V(ﬁ(ah 0!2))],
(11.17)

where z, is the o quantile of the standard normal distribution. For all bootstrap
methods included in this study, we can compute with this procedure the respective
confident interval.
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11.5 Simulation Study

To determine the behaviour of the estimators when they are applied to real data
we consider data from the region of Andalusia of 2016 Spanish living conditions
survey carried out by the Instituto Nacional de Estadistica (INE) of Spain. The
survey data collected are considered as a population with size N = 1442 and
samples are selected from it. The study variable y is the equivalised net income and
the auxiliary variables included are the following dummy variables b; = “Home
without mortgage”, b, = “Four-bedroom home” and b3 =“Can the home afford to
go on vacation away from home, at least one week a year?”. We considered the
vector of model variables (x,f)/ = (1, b1x) and the vector of calibration variables
(k) = (1, bik, bk, bap).

We consider four response mechanism where the probability of the k-th individ-
ual of responde is given by

1

= (11.18)
exp(A + bix/B)

with different values for A and B.
The ratio estimators considered in this simulation study, based on the respondent
sample s,, are obtained from the Horvitz-Thompson estimator Fgr (t). We denoted

by R ’T ) the calibration estimator based on [6] and we denoted by R /\(3) 11 and /\(1(322
the cahbratlon estimators based on [11]. The estimator R' has been included only

with comparative purposes with respect to the rest of proposed estimators because
it only considers the respondent sample and it does not deal with nonresponse
whereas the rest of the estimators proposed try to deal with the bias produced by
nonresponse. Although the real response mechanism considered is based on raking
method, for ’g), ﬂlg)u and R A(3) 1, three versions of them are computed based on
linear, raking and logit (1; u) response models.

We selected W = 1000 samples with several sample sizes, n = 100, n = 125,
n = 150 and n = 200, under simple random sampling without replacement
(SRSWOR) and for each estimator included in the simulation study, we computed
estimates of R(a, ap) for 50th/25th, 80th/20th, 90th/10th, 90th/20th, 95th/20th
and 95th/50th. The performance of each estimator is measured by the relative bias,
(RB), and the relative efficiency (RE), given by

N Y (R@i, o)), — R(e, 02)
RB(R(a1, 1)) = wZ:l R(al’ o) , (11.19)
W —~ 2
3[R ), - R@,a)]
RE(R(a1, o)) = “=! , (11.20)

w
> [Rurter.a), ~ Re@r.an]’

w=1
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where ﬁ(al, «) is a percentile ratio estimator and R, HT (01, @2) is the percentile
ratio estimator based in the Horvitz-Thompson F, g (1) estimator .

Tables 11.1,11.2, 11.3, 11.4, 11.5 and 11.6 provide the values of the relative bias
and the relative efficiency for this population for several sample sizes and response
mechanism of the estimators compared.

Results from Tables 11.1, 11.2, 11.3, 11.4, 11.5, and 11.6 show an important
bias for the estimator R, g7 in almost percentile ratios. The estimator 1/2\561{)1 is not
capable of correcting the bias in several situations, giving worse estimates than
the HT estimator for some ratios and some response mechanisms. The proposed
estimators have better values of RB with slight differences between them, although
there is no uniformly better estimator than the rest.

Table 11.1 RB and RE for several sample sizes of the estimators of R(0.5, 0.25).
SRSWOR from the 2016 SPANISH LIVING CONDITIONS SURVEY

RB RE RB RE RB RE RB RE
Estimator 7 = 100 n =125 n =150 n =200
1/exp(0.5 4+ b1/3)

Rur 14641 1 1.6163 1 17126 1 1.932 1

R 0.0543 0.0049 0.0509 0.0032  0.0481 0.0024 0.0461  0.0014

cal
R? 0.0107 0.0038 00056 00022  0.0023 00016 —0.001 9e—04
Riricai 00116 0.0035 0.0051 0.0021 0.0019 0.0015 —8e—04 8e—04
ﬁKLlcalr 0.0109 0.0035 0.0048 0.0021 0.0021  0.0015 —0.0011  9e—04
ﬁKLlcalo 0.011 0.0036  0.0048 0.0021 0.002 0.0015 —0.0012  8e—04
ﬁKLanli 0.0117  0.0035  0.005 0.0021 0.002 0.0015 —8e—04 8e—04
Rkizearr 00108  0.0035 0.0046 0.0021 0.0019 0.0015 —0.0012 8e—04
Rki2calo 00108 0.0035 0.0046 0.0021 0.0019 0.0015 —0.0012 8e—04
Rpeali 0.0101  0.0036  0.0043  0.0021 0.0011 0.0016 —0.001 9e—04
ﬁDcalr 0.0092  0.0036  0.004 0.0021 0.0011 0.0016 —0.0013  9e—04
ﬁDcalo 0.0092  0.0036  0.004 0.0021 0.0011  0.0016 —0.0013  9e—04

1/exp(0.25 + b1 /2)

Rur 05152 1 0502 1 04624 1 04441 1
R 0.046 00264 0041 00236 00391 00249 00385  0.0266
R 0.0074 0.0204 0.0024 00176 —0.0018 00175 —0.0019 0.0172

cal
PN

Riricai  0.0072  0.0188  0.003 0.0168 —0.0014 0.0173 —0.0014 0.0169
Riricar 00069 0.0187 0.0026 0.0168 —0.0015 0.0173 —0.0017 0.0169
RkLicalo 00068 00188 0.0026 0.0168 —0.0015 0.0172 —0.0016 0.0169
Rirzeai 00072 00188 0.0029 0.0168 —0.0014 0.0173 —0.0014 0.0169
Riraearr 00067 0.0188 0.0026 0.0168 —0.0014 0.0173 —0.0016 0.0169
Riraeato 00067 0.0188 0.0026 0.0168 —0.0014 0.0173 —0.0016 0.0169
Rpeali 0.0063 0.0196 0.0025 0.0174 —0.0018 0.0175 —0.0016 0.0171
Rbealr 0.0056 0.0196 0.0023 0.0174 —0.0018 0.0175 —0.0019 0.0171
Rbealo 0.0056 0.0196 0.0023 0.0174 —-0.0018 0.0175 —0.0019 0.0171

(continued)
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Table 11.1 (continued)

RB
Estimator »n = 100
1/exp(0.75 + by /8)
Rur 1.7102
R 0.0601
3% 0.0111
Rxrieai 00132
Rixriear 0.0121
Rikriicalo 0.0121
Rkrocai  0.013
Rk1ocar  0.0121
Rk12cato  0.0121
Rpeaii 0.0105
Rpealr 0.0095
Rpeato 0.0095
1/exp(0.125 + by /2)
Rur 0.2424
R 0.039
R 0.0042
Rkricai  0.0058
Riitcarr  0.0052
Rkitcato  0.0052
Rkrocati  0.0057
Rk1ocar  0.0053
Rk1acato  0.0053
Rbeali 0.0056
Rbealr 0.0051
Rpeato 0.0051

RE

1

0.0046
0.0033
0.0031
0.0031
0.0031
0.0031
0.0031
0.0031
0.0031
0.0031
0.0031

1

0.1481
0.1224
0.1182
0.1159
0.1158
0.1178
0.1177
0.1177
0.1196
0.1195
0.1195

RB
n =125

1.9192
0.0539
0.0066
0.0073
0.0067
0.0069
0.0072
0.0069
0.0069
0.0063
0.0061
0.0061

0.2331
0.0381
0.0021
0.0019
0.0022
0.0021
0.0019
0.0018
0.0018
0.0014
0.0013
0.0013

RE

0.0028
0.0021
0.002
0.002
0.002
0.002
0.002
0.002
0.002
0.002
0.002

1

0.1505
0.1145
0.1096
0.1094
0.1094
0.1096
0.1097
0.1097
0.1132
0.1133
0.1133

RB
n =150

2.1328
0.0491
0.0039
0.003

0.0027
0.0028
0.0028
0.0028
0.0028
0.0019
0.0019
0.0019

0.2224

0.0339
—0.0014
—0.0017
—0.0018
—0.0019
—0.0017
—0.0017
—0.0017
—0.0022
—0.0022
—0.0022
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RE

0.002

0.0014
0.0013
0.0013
0.0013
0.0013
0.0013
0.0013
0.0013
0.0013
0.0013

0.1305
0.0951
0.0917
0.0913
0.0912
0.0917
0.0917
0.0917
0.0945
0.0945
0.0945

RB
n =200

2.4505
0.0467
0.0015
6e—04
2e—04
3e—04
6e—04
3e—04
3e—04
le—04
—3e—04
—3e—04

0.2312

0.0341

—0.0013
—0.0011
—0.0013
—0.0013
—0.0011
—0.0013
—0.0013
—0.0014
—0.0016
—0.0016

RE

0.0012
Te—04
Te—04
Te—04
Te—04
Te—04
Te—04
Te—04
Te—04
Te—04
Te—04

0.1001
0.0679
0.0668
0.0667
0.0667
0.0667
0.0668
0.0668
0.0676
0.0676
0.0676
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Table 11.2 RB and RE for several sample sizes of the estimators of R(0.8, 0.2).
SRSWOR from the 2016 SPANISH LIVING CONDITIONS SURVEY

RB
Estimator n = 100
1/exp(0.5+ b1/3)
Rur 1.0708
R 03746
rRY 0.036
Rkricai 00375
Rkricar  0.0372
Rkricato  0.0372
Riroeai  0.0374
Rirocar  0.0374
Rk12cato  0.0374
Rbeati 0.0371
Rbealr 0.0372
Rpeato 0.0372
1/exp(0.25 + by /2)
Rur 1.3582
R 0.3003
rRY 0.0192
Rxrieai  0.0204
Rikriear  0.0201
Rkricalo  0.0206
Rkiocai 00205
Rkrocarr  0.0201
Rk12cato  0.0201
Rpeaii 0.0197
Rpealr 0.0195
Rpeato 0.0195

RE

0.1456
0.0174
0.0169
0.0167
0.0167
0.0168
0.0169
0.0169
0.0172
0.0173
0.0173

0.0607
0.0083
0.0084
0.0082
0.0083
0.0084
0.0083
0.0083
0.0088
0.0088
0.0088

RB
n =125

1.2001
0.3339
0.0212
0.0225
0.0229
0.0224
0.0224
0.0224
0.0224
0.0232
0.0233
0.0233

1.5555
0.2905
0.0252
0.0243
0.0243
0.0239
0.0241
0.0243
0.0243
0.0232
0.0231
0.0231

RE

0.0729
0.0087
0.0084
0.0085
0.0085
0.0084
0.0085
0.0085
0.0088
0.0088
0.0088

0.036

0.0055
0.0052
0.0052
0.0052
0.0052
0.0052
0.0052
0.0053
0.0053
0.0053

RB
n =150

1.3566
0.3264
0.0183
0.0189
0.019

0.019

0.0189
0.0189
0.0189
0.0182
0.0182
0.0182

1.7488
0.2966
0.021

0.0217
0.0213
0.0215
0.0216
0.0216
0.0216
0.0222
0.0222
0.0222

RE

0.055

0.0063
0.0061
0.0061
0.0061
0.0061
0.0061
0.0061
0.0063
0.0063
0.0063

0.0289
0.0034
0.0032
0.0032
0.0032
0.0032
0.0032
0.0032
0.0033
0.0033
0.0033

219

RB RE

n =200

1.5867 1
0.328 0.0384
0.0166  0.0035
0.0176  0.0035
0.0172  0.0034
0.0174  0.0034
0.0177  0.0035
0.0176 ~ 0.0034
0.0176  0.0034
0.0179  0.0035
0.0178  0.0035
0.0178  0.0035
1.935 1
0.2842  0.0209
0.0155  0.0021
0.0155  0.0021
0.0156  0.0021
0.0156  0.0021
0.0155  0.0021
0.0156  0.0021
0.0156  0.0021
0.0155  0.0021
0.0156  0.0021
0.0156  0.0021

(continued)
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Table 11.2 (continued)

RB
Estimator n = 100
1/exp(0.75 + b1 /8)
Rur 0.848
R 0.4107
RY 0.0342
Rkricai 0.0316
Rkricar  0.0316
Rkricato 00318
Riroeai  0.0316
Riroear  0.0316
Rk12cato  0.0316
Rbeati 0.0334
Rpealr 0.0332
Rpeato 0.0332
1/exp(0.125 + by /2)
Rur 1.6643
R 0.2462
R® 0.0203
Rxrieai  0.0199
Rxricar  0.0199
Riricalo  0.0198
Rkrocai  0.0198
Rkiocar  0.0198
Rk12cato  0.0198
Rpeaii 0.0195
Rpealr 0.0195
Rpeato 0.0195

RE

1
0.3017
0.0236
0.0212
0.0212
0.0214
0.0212
0.0213
0.0213
0.0231
0.023
0.023

0.0296
0.0056
0.0053
0.0053
0.0052
0.0053
0.0053
0.0053
0.0054
0.0054
0.0054

RB
n =125

0.848

0.4107
0.0342
0.0316
0.0316
0.0318
0.0316
0.0316
0.0316
0.0334
0.0332
0.0332

1.8632
0.2345
0.0184
0.0196
0.0195
0.0196
0.0196
0.0196
0.0196
0.0189
0.0189
0.0189

RE

1
0.3017
0.0236
0.0212
0.0212
0.0214
0.0212
0.0213
0.0213
0.0231
0.023
0.023

0.0194
0.0033
0.0032
0.0032
0.0032
0.0032
0.0032
0.0032
0.0033
0.0033
0.0033

RB
n =150

1.1232
0.3705
0.0255
0.0243
0.0241
0.0243
0.0243
0.0243
0.0243
0.0226
0.0226
0.0226

2.0019
0.228

0.0137
0.0134
0.0136
0.0136
0.0134
0.0134
0.0134
0.0134
0.0134
0.0134

M. Illescas-Manzano et al.

RE

0.0972
0.009

0.0087
0.0087
0.0087
0.0087
0.0087
0.0087
0.0085
0.0085
0.0085

0.0149
0.0024
0.0023
0.0023
0.0023
0.0023
0.0023
0.0023
0.0024
0.0024
0.0024

RB
n =200

1.3591
0.3527
0.0156
0.0149
0.0148
0.0149
0.015

0.0149
0.0149
0.014

0.0139
0.0139

2.2985
0.2266
0.0114
0.0119
0.0119
0.012

0.0119
0.0119
0.0119
0.0118
0.0118
0.0118

RE

0.0585
0.0051
0.005
0.0049
0.005
0.005
0.005
0.005
0.0049
0.0049
0.0049

0.0105
0.0014
0.0013
0.0013
0.0013
0.0013
0.0013
0.0013
0.0013
0.0013
0.0013
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Table 11.3 RB and RE for several sample sizes of the estimators of R(0.9, 0.1).
SRSWOR from the 2016 SPANISH LIVING CONDITIONS SURVEY

RB
Estimator n = 100
1/exp(0.5+ b1/3)
Rur 0.6336
R 1.0228
rRY 0.1069
Rkricai 00908
Rkricar 00913
Rkricato 00913
Riroeai  0.0908
Riroear  0.0912
Rk12cato  0.0912
Rbeati 0.0923
Rbealr 0.0926
Rpeato 0.0926
1/exp(0.25 + by /2)
Rur 0.8144
R 0.9912
rRY 0.0773
ﬁKLlcali 0.0704
ﬁKLlcalr 0.07
Ririicalo  0.0708
Rkiocai 00705
Rk1ocar 00708
Rk12cato 00708
Rpeaii 0.0719
Rpealr 0.0723
Rpeato 0.0723

RE

2.4065
0.2128
0.1241
0.1238
0.1238
0.124

0.1242
0.1242
0.1271
0.1273
0.1273

1.4969
0.0842
0.075

0.0747
0.0751
0.075

0.0753
0.0753
0.0804
0.0806
0.0806

RB
n =125

0.6867
1.0892
0.0593
0.0556
0.0552
0.0551
0.0557
0.0558
0.0558
0.0604
0.0604
0.0604

0.9677
1.1483
0.0534
0.0484
0.048

0.0484
0.0483
0.0485
0.0485
0.051

0.0511
0.0511

RE

2.0116
0.0704
0.0675
0.0661
0.066

0.0675
0.0675
0.0675
0.1281
0.1279
0.1279

1.4556
0.0398
0.0352
0.0351
0.0352
0.0352
0.0353
0.0353
0.0369
0.037

0.037

RB
n =150

0.8431
1.238

0.052

0.0476
0.0477
0.0476
0.0477
0.0477
0.0477
0.0485
0.0485
0.0485

1.0907
1.2233
0.0453
0.0431
0.0428
0.0432
0.0431
0.0431
0.0431
0.0444
0.0444
0.0444

RE

1

1.8797
0.0431
0.0403
0.0403
0.0403
0.0403
0.0403
0.0403
0.0416
0.0416
0.0416

1.31

0.0256
0.0236
0.0236
0.0237
0.0236
0.0236
0.0236
0.0253
0.0253
0.0253

221
RB RE
n =200
0.9662 1
1.4022 19122
0.0357  0.0244
0.0334  0.0236
0.0334  0.0236
0.0334  0.0237
0.0334  0.0236
0.0335  0.0237
0.0335  0.0237
0.0342  0.0244
0.0344  0.0244
0.0344  0.0244
1.2854 1
1.4571  1.3506
0.0315  0.0126
0.0295  0.0121
0.0293  0.012
0.0294  0.0121
0.0294  0.0121
0.0294  0.0121
0.0294  0.0121
0.0307  0.0125
0.0306  0.0125
0.0306  0.0125

(continued)
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Table 11.3 (continued)

RB
Estimator n = 100
1/exp(0.75 + b1 /8)
Rur 0.4666
R 0.9788
3% 0.1035
Rxrieai  0.0944
Rkricar  0.0936
Rikricalo  0.0924
Rkrocai  0.0941
Rkrocarr  0.0944
Rirocalo  0.0944
Rpeaii 0.0989
Rpealr 0.099
Rpeato 0.099
1/exp(0.125 + b1 /2)
Rur 1.0535
R 0.9491
rRY 0.0468
Rkricai  0.0401
Rkricarr  0.0403
Rkricato 00397
Riroeai  0.0402
Riroear  0.0401
IEK Localo 0.0401
Rbeali 0.0434
Rbealr 0.0434
Rpeato 0.0434

RE

1

2.7242
0.2375
0.2169
0.2147
0.2081
0.2168
0.2169
0.2169
0.2464
0.2465
0.2465

0.9409
0.0363
0.0319
0.032
0.0317
0.032
0.032
0.032
0.0347
0.0348
0.0348

RB
n =125

0.531

1.0596
0.0761
0.0725
0.0722
0.0726
0.0725
0.0726
0.0726
0.0728
0.0728
0.0728

1.1436
1.0499
0.0508
0.0463
0.0463
0.0465
0.0463
0.0464
0.0464
0.0481
0.0482
0.0482

RE

1

2.6561
0.1307
0.1268
0.1268
0.1271
0.1268
0.1269
0.1269
0.1289
0.1289
0.1289

1.0116
0.0281
0.0254
0.0252
0.0253
0.0254
0.0254
0.0254
0.0274
0.0274
0.0274

RB
n =150

0.65

1.1641
0.0554
0.0534
0.0538
0.0535
0.0534
0.0535
0.0535
0.0551
0.0551
0.0551

1.2894
1.1124
0.038

0.0386
0.0385
0.0385
0.0386
0.0386
0.0386
0.0396
0.0396
0.0396

M. Illescas-Manzano et al.

RE

2.3383
0.0734
0.0717
0.072

0.0718
0.0717
0.072

0.072

0.0737
0.0737
0.0737

0.9087
0.0159
0.0157
0.0156
0.0156
0.0157
0.0157
0.0157
0.0164
0.0164
0.0164

RB
n =200

0.7915
1.3844
0.0431
0.0399
0.04
0.04
0.0399
0.04
0.04
0.0408
0.041
0.041

1.5446
1.3752
0.0364
0.0361
0.0362
0.0362
0.0361
0.0361
0.0361
0.0362
0.0362
0.0362

RE

2.5426
0.0447
0.037

0.0368
0.0371
0.0371
0.0371
0.0371
0.0379
0.038

0.038

0.9261
0.0087
0.0082
0.0082
0.0082
0.0082
0.0082
0.0082
0.0083
0.0083
0.0083
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Table 11.4 RB and RE for several sample sizes of the estimators of R(0.9, 0.2).
SRSWOR from the 2016 SPANISH LIVING CONDITIONS SURVEY

RB
Estimator n = 100
1/exp(0.5+ b1/3)
Rur 0.5727
R 0.9516
rRY 0.0293
Rkricai 00283
Rkricar  0.029
Rkricato  0.0291
Rkrocai  0.0286
Rkrocarr  0.0288
Rk12cato  0.0288
Rbeati 0.0309
Rbealr 0.0311
Rpeato 0.0311
1/exp(0.25 + by /2)
Rur 0.7775
R 0.9419
rRY 0.0105
Rxrieai  0.0067
Rkricarr  0.0069
Riricalo  0.0067
Rk L2cali 0.0066
Rkrocar  0.0067
Rkrocato  0.0067
Rpeaii 0.0074
Rpealr 0.0074
Rpeato 0.0074

RE

1.9501
0.0526
0.0452
0.0451
0.0453
0.0453
0.0454
0.0454
0.0471
0.0472
0.0472

1.3871
0.0219
0.0203
0.0203
0.0203
0.0203
0.0203
0.0203
0.0219
0.0219
0.0219

RB
n =125

0.683
1.0774
0.0277
0.027
0.0269
0.0271
0.0271
0.0272
0.0272
0.0268
0.027
0.027

0.8934
1.0599
0.019

0.0184
0.0181
0.0182
0.0184
0.0183
0.0183
0.0207
0.0207
0.0207

RE

1
1.987
0.034
0.0309
0.0309
0.0309
0.0308
0.0309
0.0309
0.0315
0.0316
0.0316

1.3864
0.0189
0.0182
0.0181
0.0181
0.0182
0.0182
0.0182
0.0193
0.0193
0.0193

RB
n =150

0.7759
1.2049
0.0225
0.0212
0.0214
0.0212
0.0212
0.0212
0.0212
0.0222
0.0222
0.0222

1.0167
1.2055
0.0193
0.0191
0.0191
0.0191
0.0191
0.0191
0.0191
0.0199
0.0199
0.0199

RE

2.0104
0.0214
0.0208
0.0209
0.0207
0.0208
0.0208
0.0208
0.0209
0.0209
0.0209

1.3996
0.0122
0.0119
0.0119
0.0119
0.0119
0.0119
0.0119
0.0124
0.0124
0.0124

223
RB RE
n =200
09313 1
14164  2.0432
0.0157  0.0117
0.0151  0.0115
0.0152  0.0115
0.0152  0.0115
0.0151  0.0115
0.0152  0.0115
0.0152  0.0115
0.0156  0.0117
0.0157  0.0117
0.0157  0.0117
1.2284 1
1.4514  1.4305
0.014 0.0066
0.0136  0.0065
0.0135  0.0064
0.0136  0.0064
0.0136  0.0065
0.0136  0.0065
0.0136  0.0065
0.014 0.0066
0.014 0.0066
0.014 0.0066

(continued)
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Table 11.4 (continued)

RB
Estimator n = 100
1/exp(0.75 + b1 /8)
Rur 0.4117
3% 0.8896
3% 0.0387
Rxrieai  0.035
Rxricar  0.0365
Rikricalo  0.0356
Rkiocai  0.0353
Rkiocarr 00357
Ri1oealo  0.0357
Rpeaii 0.0359
Rpealr 0.0366
Rpeato 0.0366
1/exp(0.125 + b1 /2)
Rur 1.0141
R 0.9229
R 0.0221
Rikricai  0.0222
Rkricar 00228
Rkricato 00227
Rixroeai  0.0223
Riroear  0.0225
IEK Localo 0.0225
Rbeali 0.0237
Rbealr 0.0239
Rpeato 0.0239

RE

2.348

0.0783
0.0713
0.0719
0.0715
0.0713
0.0716
0.0716
0.0744
0.0748
0.0748

0.9531
0.0158
0.0156
0.0156
0.0156
0.0156
0.0156
0.0156
0.0165
0.0165
0.0165

RB
n =125

0.4871
0.9978
0.0272
0.024

0.0237
0.024

0.024

0.0241
0.0241
0.0251
0.0251
0.0251

1.119

0.9997
0.016

0.0154
0.0155
0.0155
0.0154
0.0155
0.0155
0.0163
0.0163
0.0163

RE

2.4013
0.0491
0.0459
0.0458
0.0459
0.0459
0.0459
0.0459
0.0478
0.0478
0.0478

0.9341
0.0109
0.0104
0.0104
0.0104
0.0104
0.0104
0.0104
0.0108
0.0108
0.0108

RB
n =150

0.5832
1.1243
0.0235
0.0224
0.0225
0.0223
0.0224
0.0224
0.0224
0.0231
0.0231
0.0231

1.2479
1.1202
0.0149
0.0146
0.0145
0.0146
0.0146
0.0146
0.0146
0.0153
0.0153
0.0153

M. Illescas-Manzano et al.

RE

2.4448
0.0338
0.0322
0.0323
0.0322
0.0322
0.0322
0.0322
0.0329
0.0329
0.0329

0.9487
0.0077
0.0076
0.0076
0.0076
0.0076
0.0076
0.0076
0.0078
0.0078
0.0078

RB
n =200

0.7334
1.3552
0.0147
0.0148
0.0148
0.0148
0.0148
0.0149
0.0149
0.0145
0.0145
0.0145

1.4519
1.2918
0.014

0.0139
0.0138
0.0138
0.0139
0.014

0.014

0.0146
0.0147
0.0147

RE

2.5469
0.0178
0.0174
0.0173
0.0173
0.0174
0.0174
0.0174
0.0174
0.0174
0.0174

0.9429
0.0045
0.0044
0.0044
0.0044
0.0044
0.0044
0.0044
0.0045
0.0045
0.0045
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Table 11.5 RB and RE for several sample sizes of the estimators of R(0.95, 0.2).
SRSWOR from the 2016 SPANISH LIVING CONDITIONS SURVEY

RB
Estimator n = 100
1/exp(0.5 + b1/3)
Rur 0.2525
R 0.679%4
rRY 0.0519
Rkricai 00418
Rkricar  0.0414
RkrLicato  0.042
Riroeai  0.0418
Riroear  0.0421
Rk1ocato  0.0421
Rbeati 0.0444
Rbealr 0.0446
Rpeato 0.0446
1/exp(0.25 + by /2)
Rur 0.4557
R 0.773
rRY 0.048
Rxrieai  0.0443
Rikricar  0.0441
Riricalo  0.0441
Rkrocai  0.0443
Rkrocarr  0.0446
Rk1ocato  0.0446
Rpeaii 0.0484
Rpealr 0.0487
Rpeato 0.0487

RE

2.4489
0.1743
0.1339
0.1327
0.1334
0.1339
0.134
0.134
0.145
0.145
0.145

1.8254
0.0928
0.0702
0.0702
0.0697
0.0702
0.0704
0.0704
0.0829
0.083

0.083

RB
n =125

0.3418
0.8063
0.0374
0.0339
0.0343
0.0342
0.0338
0.034

0.034

0.0368
0.0369
0.0369

0.5132
0.8512
0.0317
0.0297
0.0293
0.0295
0.0297
0.0298
0.0298
0.0322
0.0323
0.0323

RE

2.5222
0.0959
0.0882
0.0883
0.0882
0.0882
0.0882
0.0882
0.0946
0.0947
0.0947

1.8864
0.0538
0.0511
0.0502
0.0503
0.0512
0.0512
0.0512
0.054

0.0541
0.0541

RB
n =150

0.4087
0.8924
0.033

0.0312
0.0311
0.0311
0.0312
0.0312
0.0312
0.0346
0.0346
0.0346

0.5897
0.9553
0.0266
0.0232
0.0232
0.0235
0.0232
0.0232
0.0232
0.0247
0.0247
0.0247

RE

1

2.5047
0.0638
0.0602
0.0603
0.0602
0.0602
0.0602
0.0602
0.0649
0.0649
0.0649

1.9073
0.0411
0.0366
0.0366
0.0367
0.0366
0.0366
0.0366
0.038

0.038

0.038

225
RB RE
n =200
05525 1
1.0903  2.5143
0.023 0.0322
0.0222  0.0311
0.0219  0.0309
0.0221  0.031
0.0222  0.0311
0.0223  0.0311
0.0223  0.0311
0.023 0.0325
0.0231  0.0325
0.0231  0.0325
0.7267 1
1.1336  1.9188
0.0215  0.02
0.0231  0.0199
0.0229  0.02
0.0229  0.0199
0.0231  0.02
0.0231  0.02
0.0231  0.02
0.0235  0.0201
0.0235  0.0201
0.0235  0.0201

(continued)
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Table 11.5 (Continued)

RB
Estimator n = 100
1/exp(0.75 + b1 /8)
Rur 0.1243
R 0.6477
3% 0.0583
Rxrieai  0.0455
Rikricar  0.0464
Riricalo  0.0462
Rkrocati  0.0457
Rkrocar  0.0462
Rirocalo  0.0462
Rpeaii 0.0451
Rpealr 0.046
Rpeato 0.046
1/exp(0.125 + b1 /2)
Rur 0.587
R 0.7991
rRY 0.039
Rkricai  0.0312
Rkricar 00318
Rkricato 00315
Riroeai  0.0311
Riroear  0.0313
Riroealo  0.0313
Rbeati 0.0304
Rbealr 0.0306
Rpeato 0.0306

RE

1
3.2315
0.2974
0.228
0.2295
0.2279
0.2278
0.2285
0.2285
0.2283
0.2289
0.2289

1

1.488
0.0577
0.0483
0.0486
0.0485
0.0483
0.0484
0.0484
0.0496
0.0497
0.0497

RB
n =125

0.1843
0.7304
0.0409
0.0414
0.0415
0.0416
0.0415
0.0416
0.0416
0.0459
0.0459
0.0459

0.703

0.945

0.0293
0.0277
0.0282
0.0279
0.0277
0.0278
0.0278
0.0295
0.0294
0.0294

RE

3.1825
0.1495
0.1439
0.1444
0.1439
0.144

0.144

0.144

0.1554
0.1554
0.1554

1.5212
0.0352
0.0319
0.0321
0.032

0.0319
0.0319
0.0319
0.0329
0.0329
0.033

RB
n =150

0.2609
0.8417
0.0359
0.0311
0.0308
0.031

0.0311
0.0311
0.0311
0.0337
0.0337
0.0337

0.8148
1.0747
0.0272
0.0265
0.0262
0.0262
0.0264
0.0265
0.0265
0.0272
0.0272
0.0272

M. Illescas-Manzano et al.

RE

3.2802
0.1049
0.092
0.0917
0.0921
0.092
0.092
0.092
0.0975
0.0975
0.0975

1.51

0.0218
0.0212
0.0211
0.0211
0.0212
0.0212
0.0212
0.0218
0.0218
0.0218

RB
n =200

0.389

1.0211
0.0251
0.0225
0.0227
0.0227
0.0224
0.0226
0.0226
0.0238
0.024

0.024

0.9631
1.2532
0.0192
0.0189
0.019

0.0191
0.0189
0.019

0.019

0.0198
0.0198
0.0198

RE

1
3.2011
0.0512
0.049
0.0491
0.0491
0.049
0.0491
0.0491
0.0507
0.0507
0.0507

1.5233
0.0122
0.012
0.012
0.012
0.012
0.012
0.012
0.0123
0.0124
0.0124
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Table 11.6 RB and RE for several sample sizes of the estimators of R(0.95, 0.5). SRSWOR from
the 2016 SPANISH LIVING CONDITIONS SURVEY

RB
Estimator n = 100
1/ exp(0.5 + b1/3)
Rur —0.4625
R 0.5605
RY 0.0305
R Licali 0.0221
Rkricar  0.0223
Rkricato  0.0229
Rk 12cali 0.022
Rixroear ~ 0.0232
Riiocato  0.0232
Rbeati 0.0247
Rpealr 0.0258
Rpeato 0.0258
1/exp(0.25 + by /2)
Rur —0.0577
R 0.6081
R%, 0.0235
RiLicali 0.0195
Rxricar  0.0207
Rikriicalo  0.0205
R Locali 0.0195
Riiocar  0.0204
Riiocato  0.0204
Rpeaii 0.0205
Rpealr 0.0217
Rpeato 0.0217

RE

2.9425
0.2341
0.1788
0.1756
0.1786
0.1786
0.1788
0.1788
0.1849
0.1848
0.1848

3.736
0.208
0.1675
0.1683
0.1679
0.1674
0.168
0.168
0.1768
0.1774
0.1774

RB
n =125

—0.4695
0.6607
0.0106
0.0101
0.0109
0.0108
0.0102
0.0107
0.0107
0.0124
0.0129
0.0129

0.0351
0.8029
0.0201
0.0211
0.0218
0.0215
0.0212
0.0219
0.0219
0.0224
0.023

0.023

RE

3.5969
0.1129
0.1072
0.1079
0.1076
0.1075
0.1075
0.1075
0.1181
0.1183
0.1183

4.5287
0.1103
0.1072
0.1076
0.1072
0.1073
0.1074
0.1074
0.1137
0.114

0.114

RB
n =150

—0.4355
0.7903
0.0129
0.0113
0.0114
0.0114
0.0113
0.0114
0.0114
0.0142
0.0142
0.0142

0.1056
0.8816
0.0111
0.0103
0.0101
0.0101
0.0103
0.0104
0.0104
0.0131
0.0131
0.0131

RE

4.6128
0.1031
0.0919
0.0914
0.0918
0.0919
0.0919
0.0919
0.0971
0.0971
0.0971

4.7993
0.0791
0.0777
0.0759
0.076

0.0776
0.0776
0.0776
0.0809
0.0809
0.0809

RB
n =200

—0.4268
0.9173
0.0115
0.0109
0.0114
0.0114
0.0109
0.0115
0.0115
0.0109
0.0115
0.0115

0.2102
1.0674
0.0104
0.0093
0.0094
0.0094
0.0093
0.0096
0.0096
0.0104
0.0107
0.0107

RE

5.4401
0.0672
0.0655
0.0654
0.0656
0.0655
0.0656
0.0656
0.0665
0.0666
0.0666

1
5.0535
0.0421
0.0413
0.0413
0.0412
0.0413
0.0414
0.0414
0.043
0.0431
0.0431

(continued)
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Table 11.6 (continued)

RB RE RB RE RB RE RB RE
Estimator 7 = 100 n=125 n =150 n = 200

1/ exp(0.75 + by /8)

Rur —0.6162 1 —0.6236 1 —0.6225 1 —0.6319 1
Reatl 0.5322 2.6084  0.6176 2.8892  0.7233 3314  0.8914 4.2668
R, 0.027 02134 0017 0.204 0.0163 0.0954  0.0092 0.059
Rkriewi 00126 0.1638  0.0187 0.113  0.0109 0.0818  0.007 0.0576

Rkricar 00138 0.1636  0.0189 0.113 0.0108 0.0812  0.0077 0.0576
Rkricato 0014  0.1645 0019 01131 0011 0.0818  0.0077 0.0577
Riroewi 00125 0.1635  0.0187 0.1129  0.011 00818  0.007 0.0576
Riroear 0014 0.1644 00191 0.1131 0011 00818  0.0077 0.0577
Riizeato 0014  0.1644 00191 0.1131 0011 00818  0.0077 0.0577

Rpcai 0.015 01697 00231 01266 00145 0.0886  0.0087 0.05%
Rpcair 0.0165 0.1701  0.0234 01267  0.0145 0.0886  0.0094 0.0595
Rpeato 0.0165 0.1701  0.0234 0.1267  0.0145 0.0886  0.0094 0.0595
1/exp(0.125 + by /2)

Rur 02315 1 03475 1 0423 1 05538 1
Reant 0.6754 25757  0.8457 2.5934 09563 27198  1.1544 2.8213
R, 0.0171 0.1007 00112 0.0464 0011 00319  0.0041 0.0181
Riricai 00125 00877 0013 0046  0.0109 00308  0.0025 0.0178

Rk Licalr 0.0125 0.0871 0.0128 0.0458 0.0108 0.0305 0.0028 0.0178
RiL1calo 0.0128 0.0872 0.013  0.0459 0.0111  0.0309 0.0028 0.0178
R Locali 0.0125 0.0878 0.013  0.0459 0.011  0.0308 0.0025 0.0178
Ry Lacalr 0.0133  0.0881 0.0131 0.046 0.011  0.0308 0.0028 0.0178
Ri L2calo 0.0133  0.0881 0.0131 0.046 0.011  0.0308 0.0028 0.0178

Rpcati 0.0156 0.0983 0.0147 0.0477 0.0123  0.032 0.0029 0.0181
Rbeair 0.0165 0.0985 0.0148 0.0477 0.0123  0.032 0.0032 0.0181
Rbealo 0.0165 0.0985 0.0148 0.0477 0.0123  0.032 0.0032  0.0181

Regarding efficiency, in general, the proposed estimators show the best perfor-
mance for all sample sizes. Finally, in terms of bias and efficiency, there are no
differences between the three versions of the estimators (linear method, raking and
logit (1; u)) for the estimators I/Q\EZ)Z

For the variance estimation and confidence intervals, we computed the coverage
probability (CP) , the lower (L) and the upper (U) tail error rates of the 95%
confidence intervals, in percentage and the average length (AL) of the confidence
intervals for each estimator and each bootstrap method.

Concerning the variance estimation and confidence intervals, we used 1000
bootstrap replications from each initial sample with all bootstrap methods included
in the study to compute CP, L, U and AL of the 95% confidence intervals for each
percentile ratio estimator considered. Result from this simulation study for some
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percentile ratios are presented in Tables 11.7, 11.8, and 11.9.

From bootstrap estimates, it is observed that:

— Bootstrap methods produce intervals with high true coverage.
— None of the intervals constructed with each estimator have problems of lack of
coverage.

— The intervals obtained from the proposed calibration estimators always provide
D
R

intervals with less amplitude than the intervals obtained from R grand R, ;.

— The last method [1] provides results very similar to the one in[2].

11.6 Conclusion

In this study we use calibration techniques to estimate poverty measures based on
percentiles ratios in presence of missing data through a more efficient estimation of
the distribution function. The simulation study included shows the improvement in
bias and efficiency with the two proposed calibration techniques, I/Q\Ei)l and ﬁfz)lz
The first one is based in two-step calibration method [10]. In the first step, the
weighting is designed to remove the non-response bias while in the second step
the weighting is designed to decrease the sampling error in the estimation of the
distribution function. The second method is based on calibration weighting with
instrumental variables [11].

The results show a large decrease in bias and MSE for all ratio percentiles
considered, for both calibration methods, and for the three versions of them based
on linear, raking and logit response models, which shows the robustness of the
adjustment method. Although the simulation results show that there is no uniformly
better estimator than another among the proposed estimators (both with respect to

bias and efficiency), the I/Q\g; and ié(]?Lan ; estimators are computationally simpler
than the other alternatives which implies that they are a suitable option for the
estimation of measures for wage inequality based on percentiles ratios.

In [10] is said that there are reasons for preferring the use of two calibration-
weighting steps even when the sets of calibration variables used in both steps are the
same or a subset of the calibration variables in a single step. These reasons, together
with the good performance of the two-step estimator shown in the simulation study,
suggest the choice of the estimator k\fi)l

We used parametric methods to model the lack of response but we could use
machine learning techniques as regression trees, spline regression, random forests
etc. Other way to reduce the bias is to combine calibration technique with other
techniques as the Propensity Score Adjustment [8]. Further research should 318

focus on extensions of those methods for general parameter estimation.
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