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Abstract

Interpreting differences between point estimatedifférent waves may be misleading, if
we do not take the sampling variation into accolins therefore necessary to estimate
the standard error of these differences in ordejutiye whether or not the observed
differences are statistically significant. A majproblem is to take into account of
temporal correlations between estimators. Corgati play an important role in
estimating the variance of a change between cexdfeaal estimates. The standard
correlation can be biased, because of the rotatfathe design used for the European
Union Statistics on Income and Living ConditionsU(BILC) surveys. Furthermore,
poverty rates depend on poverty thresholds whiehestimated. We propose to use a
multivariate linear regression approach to estintgecorrelations. We also show how
this approach can be adjusted to account for thmason of poverty thresholds. The
proposed estimator is not a model-based estimasothis estimator is valid even if the
model does not fit the data. We implemented th@gsed approach to the Turkish EU-
SILC survey data.
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1. Introduction

In order to monitor the process towards agreecpgoals, particularly in the context of
the Europe 2020 strategy, the evolution of soaidicators plays an important role.
However, interpreting differences between indicatat different waves may be
misleading. It is therefore necessary to estintagestandard error of these differences in
order to judge whether or not the observed diffeesrare statistically significant.

The poverty rate is an important policy indicatspecially within the context of the
Europe 2020 strategy. This rate is defined as ‘pheportion of people with an



equivalised total net income below 60% of the maianedian income” (Eurostat 2003
p.2). This indicator is calculated from the Eurapddnion Statistics on Income and
Living Conditions (EU-SILC) surveys (Eurostat 20Mhich collect yearly information
on income, poverty, social exclusion and living ditions from approximately 300,000
households across Europe. The poverty rate is gleanstatistics unlike population
totals or means; since, it is based on a povergstiold computed from the median of the
income distribution. Hence, there exist two souroésvariability: one is due to the
estimated threshold and the other one comes fremestimated proportion given the
estimated threshold (Berger and Skinner 2003; VanthBetti 2011). Berger Osier and
Goedemé (2012) proposed an estimator for the wagiasf change. However, this
estimator ignores the sampling variability duehe poverty threshold. In this case, the
poverty rate is treated as a ratio. In Sectionelstwow how this approach can be adjusted
to take into account of the sampling variabilitytbé poverty threshold. In Section 5, we
compare the proposed approach with the varianemasts produced using the simpler
approach proposed by Berger Osier and Goedemé Y{6&& also Berger and Priam
2010, 2013).

2. Rotating sampling designs

As the EU-SILC surveys use rotating designs tocsedamples at different waves, the
samples of two consecutive waves are different. éler, there are units which are
selected at both waves. We consider that the sadgdign is such that the common
sample has a fixed number of units. With panel eysyit is common practice to select
new units in order to replace old units that haserbin the survey for a specified number
of waves (e.g. Gambino and Silva 2009; Kalton 20089g units sampled on both waves
usually represent a large fraction of the first waample. This fraction is called the
fraction of the common sample. For example, for B SILC surveys, this fraction is
75%. For the Canadian labour force survey and thesB labour force survey, this
fraction is 80%. For the Finish labour force surviys fraction is 60%.

3. Estimation of changein poverty

Suppose, we wish to estimate the absolute cha@ng#, — 8, between two population
poverty ratesg, and &,, from wave 1 and wave 2 respectively. Suppose that

estimated byA = 92 - él; whereél and 92 are the cross-sectional estimators of poverty
rates. The design-based variance of the chaf‘nQegiven by

var(A) = var(él) + var(éz) -2 corr(él, 632)\/ var(él) var(é’z) .
Stangard design:based estimators can t{e ysedimuamtthe cross-sectional variances
var(@) and var(6,). The correlationcorr(g;,6,) is the most difficult part to estimate

becauseSAﬁ and éz can be estimated from different samples.

Berger and Priam (2010, 2013) proposed a multiterégpproach to estimate the
variance of the change between functions of tofdiss approach can be used to estimate
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the variance of change between poverty rates whey are treated as ratios; that is,
when we ignore the sampling variability of the pdye¢hreshold. If we consider that the

poverty threshold is fixedd, and &, are ratios; that isf = 7;/7, and 6, =3/7,.
Therefore the change is also a smooth functionotdls; that is,A:g(%); where
T =(1y,72,73,74)" is a vector of four totals. Berger and Priam (202@L3) showed that

using a Taylor linearisation approach, the desigsed variance of can be estimated
by

Var(A) = grad(z)’ var (z) grad(z) , (1)

where grad(z) is the gradient ofg(t), and var(z) is the covariance matrix which is

computed using a multivariate regression (genémabt) model (see Berger and Priam
2010, 2013). The covariates of this model are thatiBcation variables and suitable
interactions which account for the rotation of #aenpling design. Note that the approach
proposed by Berger and Priam (2010, 2013) alsoustdor multi-stage sampling, using
an ultimate cluster approach. Correlations/an () are estimated by taking into account

of the whole sample; not only the common part. Tdines an approximately unbiased
estimator for the variance of change (Berger amahi2010, 2013).

In a series of simulations based on the Swedislolwaborce Survey, Andersson et
al. (2011a) (see also Andersson et al. 2011b) stholat for estimation of change within
strata domains, the estimator proposed by Berd#4(2is more accurate than standard
estimators of variance of change (e.g. Tam 1984li@@uand Tillé 2008). Therefore,
based on Andersson et al. (2011b) simulation ssudiee estimator proposed by Berger
(2004) is recommended when we are interested ingehavithin strata domains. The
estimator (1) has the same property, as it rediactkee Berger (2004) estimator when the
sampling fractions are negligible (see Berger armahir2013).

4. Allowing for the variability of the poverty threshold

Note that in (1), the variability of the povertyéshold is not taken into account because
we treatd, and 6, as ratios. Treating the poverty threshold as firedht lead over-

estimation of the cross-sectional variances (Predf®95; Berger and Skinner 2003;
Verma and Betti 2011). Verma and Betti (2011) coregahe ratio variance estimator
(i.,e. when the poverty threshold is treated asdiixeith linearisation and Jackknife
repeated replication. They found that the ratioiarare estimator over-estimated the
standard errors for all the poverty measures awdrakcomplex statistics. However,
these findings are related to cross-sectional estire and do not necessarily hold for
variance of change.

Taking into account the whole variability meanstttree sampling variation of the
poverty threshold is also considered. However,pibnerty rate is more complex than a
ratio and cannot be expressed as a function ofistotdence, the Taylor method
(described in Section 3) cannot be used if we wagbnsider the whole variability. We
propose to use the linearisation approach propobgd Deville (1999). The
implementation of this approach for the povertyerahd inequality measures can be
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found in the literature (e.g. Verma and Betti 2008jer 2009; Minnich and Zins 2011,
Verma and Betti 2011).
Osier (2009) proposed the following linearised &alé for the poverty rate.

1 ; ~ 06 f (06Y;q5) .
Lt ==—(I{yt;j < 06Y; o5} ‘@)‘wasw{yt;i <VYios5t—05) (t=12) (2)
Nt Nt  f(Yi.05)

where f([ﬂ is the kernel estimator of the income density fiomc (Preston 1995). The
function &{ A} =1, when A is true, andd{ A} =0 otherwise. The quantityQIt is the

estimator of the population size at wavét =12) and \?t;o.s is the estimator of the

median of the income distribution.
The proposed estimator for the variance of chasggven by

var(A) = var(@l'-) + var(%) -2 corr(él'- , éz'-)\/ var(@l'-) var(@z'-) ,
where

gtL = > Wi Ly - €))
i0s;
Berger and Priam (2010, 2013) proposed an estinfatothe correlation between two
totals. This estimator is also based upon the wasicariance of a multivariate regression
model. We propose to use the approach proposecelyeBand Priam (2010, 2013) by
treating (3) as estimators of totals. The resultingance estimator is different from (1),
because in (1) a different multivariate regressimdel with more variables is used.

5. Numerical results based on the Turkish EU-SILC survey

For the purpose of analysis, the 2007 and 2008s&estional Turkish EU-SILC data
sets were used. The personal cross-sectional sweigihts (RB0O50 in R-file) were used.
The effect of calibration was not taken into acdobecause we did not have any
information about the auxiliary variables. The effef imputation was also ignored.

Table 1 gives the estimates for several domainsine poverty threshold is treated
as fixed. We observe a significant change for thrmain “tenants” at the 95% confidence
level. Therefore, the absolute change (i.e. 6. ®syatistically significant. Table 2 gives
the estimates obtained using the linearisation agggbr described in Section 4. We also
observe a highly significant change for the donmfémant”. We do not observe major
differences in the p-values between Table 1 anex2ept for the domain “owner” for
which we observe a smaller p-value when the sampianiation of the poverty threshold
is taken into account. This is due to the fact thatvariance of change is larger in Table
2.



Table 1. Estimates when the poverty threshold istreated asfixed (see (1))

Domain| Pov '07 (%) Var '07 Pov '08 (%) Var '08 Change4ipoint) Var Change Corr p-value

Overall 23.4 0.616 24.1 0.644 0.7 0.447  0.65 0.297
Male 23.0 0.650 23.7 0.665 0.7 0.494 0.62 0.328
Female 23.8 0.639 24.6 0.678 0.7 0.465 0.65 0.299
Owner 24.9 0.739 23.8 0.872 -1.1 0.593 0.63 0.140
Tenant 18.5 1.395 25.3 1.511 6.7 1.522  0.48 0.000
0_ 14 335 1.164 34.5 1.258 11 0.882 0.64 0.263
15 24 24.2 1.162 25.3 1.181 11 1.118 0.52 0.296
25 49 19.8 0.527 20.7 0.548 0.9 0.405 0.62 0.178
50_64 14.4 0.568 15.0 0.719 0.6 0.569 0.56 0.404
65+ 17.7 1.077 16.2 0.929 -1.5 0.988 0.51 0.120

Source: 2007 and 2008 cross-sectional data of th8IEC survey for Turkey conducted by TurkStat.

Table 2. Estimates when the sampling variation of the poverty threshold taken into
account (see Section 4)

Domain| Pov '07 (%) Var '07 Pov '08 (%) Var '08 Changeéfipoint) Var Change Corr p-value

Overall 23.4 0.281 24.1 0.275 0.7 0.338 0.39 0.230
Male 23.0 0.382 23.7 0.386 0.7 0.375 0.51 0.262
Female 23.8 0.375 24.6 0.403 0.7 0.354 0.55 0.234
Owner 24.9 0.362 23.8 0.420 -1.1 0.450 0.43 0.090
Tenant 18.5 1.123 25.3 1.242 6.7 1.357 0.43 0.000
0_ 14 335 0.919 34.5 0.986 11 0.762  0.60 0.228
15 24 24.2 0.984 25.3 1.023 11 1.013 050 0.273
25 49 19.8 0.332 20.7 0.351 0.9 0.325 0.52 0.133
50_64 14.4 0.482 15.0 0.615 0.6 0.516 0.53 0.380
65+ 17.7 0.990 16.2 0.856 -1.5 0.938 0.49 0.111

Source: 2007 and 2008 cross-sectional data of th8IEC survey for Turkey conducted by TurkStat.

We observe smaller estimates of the correlationsnvthe variability of the poverty
threshold is taken into account. Indeed, the catieis in Table 2 are less than the
correlations in Table 1 throughout. Moreover, thare noticeable decreases in the
correlations for the overall population and for ttmmain “owners”. This reduction may
be explained by the fact that some part of theetations has been captured by the
underlying variables in (2). We can attempt to axplthis situation by viewing (2) as
residuals. For example, Andersseinal. (2011a, 2011b) showed that the correlation
estimated with a generalised regression estimatbich is based on the residuals, is
lower than the correlation between the actual e of interest. In other words,
underlying variables created some kind of confongdiffect on the correlation. This
result depends on the data used. Hence, how thabiy of the poverty threshold
affects the correlation should be studied more lggbpough simulation studies.

By comparing Table 1 with Table 2, we also founat thll variances were estimated
more conservatively when the threshold is treatedix@ed. Preston (1995), Berger and
Skinner (2003) and Verma and Betti (2011) demotedirghat cross-sectional variances
are more conservative when the poverty thresholtreiated as fixed. However, for
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variance of change, we cannot anticipate an iner@ashe variance when the poverty
threshold is treated as fixed. Let assume thatctiess-sectional variances are equal

vér(él):vér(éz). Then, the variance estimator of change is givey b

vér(A)=2vér(6§L)(1— corr(6,6,)) . Hence, variance of change is affected in the same
direction by the variance term and in the oppaditection by the correlation term. Thus,
when both the variance and the correlation terrosease or decrease concurrently, the
direction of the effect on the variance of changmnot be predicted. We may not
necessarily have more conservative estimates ohn@e of change when the poverty
threshold is treated as fixed. However, with theadee used, we found that the variances
of changes were more conservative (see Table 1).

Table 3. Estimates when the sampling variation of the poverty threshold taken into
account (see Section 4). The smoothing parameter is based on the inter-quartile
range of theincome distribution.

Domain| Pov '07 (%) Var '07 Pov '08 (%) Var '08 Changeéfipoint) Var Change Corr p-value

Overall 23.4 0.292 24.1 0.290 0.7 0.372 0.36 0.252
Male 23.0 0.361 23.7 0.350 0.7 0.368  0.48 0.257
Female 23.8 0.350 24.6 0.354 0.7 0.346 0.51 0.228
Owner 24.9 0.347 23.8 0.385 -1.1 0.457 0.38 0.092
Tenant 18.5 1.088 25.3 1.171 6.7 1.325 0.41 0.000
0_14 335 0.815 34.5 0.828 11 0.708 0.57 0.211
15 24 24.2 0.973 25.3 0.988 11 1.003 0.49 0.270
25_49 19.8 0.320 20.7 0.324 0.9 0.319 0.50 0.129
50_64 14.4 0.505 15.0 0.630 0.6 0.525 0.54 0.384
65+ 17.7 0.989 16.2 0.876 -1.5 0.940 0.50 0.111

Source: 2007 and 2008 cross-sectional data of th&IEC survey for Turkey conducted by TurkStat.

As shown by Verma and Betti (2005), probability signfunctions are quite sensible
to the chosen bandwidth parameter in (2). The targkie of the bandwidth parameter is,
the smoother density functions will be. We alsoestigate the situation when the
smoothing parameter is based on the inter-quarsitege of the income distribution
(Berger and Skinner 2003). The results are givehainle 3. By comparing Table 1 with
Table 3, we also observed smaller cross-sectioaghmnces, variances of changes and
correlations when the bandwidth parameter baseth@nnter-quartile range. When we
compare Table 2 with Table 3, variance estimatesa@odiffer so much between two
linearisation methods based on different smootimiagameters. However, the estimates
slightly vary from each other for the age groupld-However, differences between
variance estimates of change calculated from twealisation methods are negligible
although correlations seem to differ a little bibn@ over some domains.
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