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Prologue

This report contains a description of the software devekmpnon small area estimation carried out by
the partners of WP2 in the SAMPLE project. The target of thmreis to give a guide for users of the
developed software. For the sake of completeness, we hsweald special attention to introduce the
programmed statistical methodology and to illustrate howse the software in applications to data.

The manuscript is organized in 28 chapters. Chapters 14i#ios the statistical methodology, the
the software description of the R function and the examplesage. Chapters 15-28 contains the codes
of the R functions

Chapter 1 introduces the basic Fay-Herriot (FH) model arstrilees the corresponding software.
As some of the models proposed by the SAMPLE project are trgieeralization of the FH model, this
chapter will be of great interest for users.

Chapter 2 introduces an area-level spatial model and testwio fitting methods and two bootstrap
procedures to estimate the mean squared error (MSE) of thzieah best linear unbiased estimator. An
example data set is given to illustrate how to use the prograsnR functions. The software in chapters
15-16 has been programmed by the UC3M team.

Chapter 3 deals with area-level time models. Two models ggsepted. The second one contains
time random effects following an auto-regressive procdélAand the first one is a simplification where
these effects are independent. Theoretical descriptienprasented as well as an example of use. The
software in chapter 17 has been programmed by the UMH team.

Chapter 4 presents some area-level partitioned time modlbks considered models can ne applied
to populations that can be divided in two parts with différetatistical behaviors. The models in this
chapter generalize those one appearing in Chapter 3. Ttweasefin chapter 18 has been programmed
by the UMH team.

Chapter 5 contains some area-level spatio-temporal madgttisandom effects that take into account
for time and space variability between areas. The softwahapter 19 has been programmed by the
UMH-UC3M teams.

Chapter 6 gives the software for fitting two unit-level timedels. The software to calculate the
Empirical Best Linear Unbiased Predictors (EBLUP) and toreste their mean squared errors is also
given. The software in chapters 20 has been programmed hyNhéteam.

Chapter 7 introduces a methodology for obtaining small astination of a domain mean by using
the M-quantile regression approach. Chapter 8 deals wehntimparametric M-quantile small area
estimation of a domain mean. Chapter 9 do the same but usngtuantile geographically weighted



regression approach where the regression parameters mydyetaveen specified locations. Chapters 7-9
also discuss the estimation of the domain means and theadstimof the corresponding MSEs. These
chapters present software descriptions and examples géusa

Chapter 10 introduces an estimators of the small area ctirreutiistribution function (cdf) by using
the Chambers-Dunstan estimator of the cdf and the lineaudfisle small area model. Chapter 11
deals with the nonparametric M-quantile estimation of a dclhapter 12 is devoted to the M-quantile
estimation of poverty indicators and the bootstrap-bastichation of the mean square error.

The software in chapters 21-26 has been programmed by thekIDBMAE and the Southampton
teams.

Chapters 13 and 14 deals with the Empirical Best (EB) priedliaif poverty measures with unit level
models and with the Fast EB method for estimation of fuzzyepigvmeasures.

The software in chapters 27 and 28 has been programmed by @8Ny University Florence.



Chapter 1

Fay-Herriot model

1.1 Methodology

1.1.1 Model and small area EB estimator

Fay-Herriot (FH) models were introduced by Fay & Herriot 789 to obtain small area estimators of
median income in small places in the U.S. These models aleknalvn in the literature of small area
estimation (SAE) and are the basic tool when auxiliary dataeaunit level are not available or there are
confidentiality reasons preventing their use, and theeedaty aggregated data at the small area level are
available.

The basic Fay-Herriot model, assuming normality, is defiaed

i) Yie ™ N@®,Dy), i=1,...,m
i) 6 " NXBA),i=1..m (1.1)

Component (ii) of (1.1) is the linking model and componehtgithe sampling model. Marginally,
Y Y N(XB,Di+A), i =1,...,m (1.2)
In matrix notation, (1.2) may be written &s~ N{X(,Z(A)}, whereY = (Y1,...,Ym), X = (X1, ..., Xm)’
andX(A) = diag(A+Dy,...,A+ D).
The best (or Bayes) estimator @funder squared error loss is given by

B —E@N) = Y- X
= {1-Bi(A)}Y +Bi(A)XB, (1.3)

noting thatd; |Y; nd N{6E,0u(A)}, where

01 (A) =Di{1-Bi(A)} (1.4)

andB;(A) = Di/(A+Dj). Expression (1.3) shows thé@ is a convex combination of the direct estimator
Y; and the regression synthetic estimat/f-



4 Chapter 1. Fay-Herriot model

In practice, the model parametgdsand A are unknown. For a giveA, the maximum likelihood
(ML) estimator off3 is obtained from (1.2) as

BA) = {X=THAX} Xz LAY

-1
m m
= > (A+D) XX o Y (A+D)) Y. (1.5)
=1 =1
Note thatﬁ(A) is also the weighted least squares (WLS) estimatds without normality assumption.
Substituting(A) for B in (1.3), we get the first-step empirical best (or empiricalyBs) estimator,
éiEB(A), of 6; which is also equal to the best linear unbiased predictiddJ@) estimator oB; without
normality assumption.

Several estimatord, of A have been proposed in the literature including moment estira without
normality assumption, ML and restricted (or residual) Mltireator (REML) estimator; see Section
1.1.2. Substituting for A in the first-step empirical best (EB) estimat8FB(A), we get the final EB
estimatorfFB :

BFE=B%(A) = {1-B(A)Y +BI(AXD
= Y~ Bi(A)(Y —xB). (1.6)
Whereﬁ = B(A). Without the normality assumption, the estimator (1.6) g0 dhe empirical BLUP
(EBLUP) estimator.

1.1.2 Fitting methods

In this section, we give the formulae for an estimatoAdbased on moment method, ML and REML
methods. A moment estimator, due to Fay and Herriot (19g@ivien byAgy = max0, A%, ) with Ag,
obtained iteratively as the solution of the following namelar equation i:

Z (A+Dj) Y, —XiB(A)}2 =m—p. (1.7)

This equation can be solved using an iterative method suttedsisher-scoring algorithm. For this, let
us define

m ~
Z (A+Dj) Y] —x|B(A)}*—m—p.
By a first order Taylor expansion e(AFH) around the trué\, we get
0=s(Arh) ~ S(A) + 5 (A)(Arn — A). (1.8)

The Fisher-scoring algorithm replaces in this equatioa dérivatives (A) by its expectatiore[—S (A)],
which in this case is equal to

m
z (A+Dj)
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Then, solving forAc in (1.8), we get
Aen = A+ {E[-S(A)]} 's(A).

This algorithm starts with an initial valué(FO,L, and then in each iteration it updates the estimate using
the updating equation

k+1) _ Ak A
AN = RS+ LS|, g ) SAR),
FH
In the functionfitFH , the starting value is set té)(Fo,L = mediar{D;). It stops either when the number

of iterationsk > MAXITER where MAXITER can be chosen by the user (default i9(®r when

Akt A(K)
A A < 0.0001

Convergence of the iteration is generally rapid.

Assuming normalityA andp can be estimated by ML or REML procedures. In fact, underlezgy
conditions, the estimators derived from these two methadd {ising the Normal likelihood) remain
consistent at orde(Dp(mfl/z) even without the Normality assumption, for details seeg@i@d®96). ML
estimators ofA andf3 are obtained by maximizing the log-likelihood, given by

(A B;Y) = ¢ S 1og|Z(A)| ~ (Y —XBYZ H(A)(Y ~ XB). 1.9)

wherec denotes a constant. Taking derivative/afith respect td3 and equating to zero, we obtain the
maximum likelihood equation fo8, which gives the WLS estimator (1.5). The maximum likelidoo
equation forA is obtained taking derivative dfwith respect toA and equating to zero, and is given by

m m
Z (A+Dj)~2{Y; —X;B(A Z (A+Dj)~ % (1.10)
Again, Fisher-scoring algorithm may be used to solve thisaégn. Let us denote
m m
ZA+D )72{Y; — X,B(A) ZAJFDJ

The Fisher information foA is obtained by taking expectation of the negative derieatifsy (A), and
is given by

1 m
(A =E{-sw.(A)} =3 Z (A+Dj)”
Finally, the updating equation for the ML estimator/ois

Ak)

ALY = Ay + {]ML(AI(\}I(I)_)}_].SML(AI(\/IL)-
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Initial value of A and stopping criterion are set the same as in the FH methauiiloled before. Leﬁ’,(,”_
be the estimate obtained in the last iteration of the algrit Then, the final ML estimate iéML =
max(0, At ).

The REML estimator ofA is obtained by maximizing the joint p.d.f. of a transformatF’Y of
the dataY, whereF is anmx p matrix satisfyingF’X = 0. Then, the REML estimator maximizes the
following function that does not depend fin

(RIAY)=c— % log|F'Z(A)F| — %Y’F (F’Z(A)F)‘lF’Y.

It holds that
-1

F(FZ(AF) "F =P(A),

where
P(A) =32 1(A) - T HAX (X'TLAX) X'z LA).

Using this relation, we obtain
RIAY)=cCc— % log|F'Z(A)F| — %Y’P(A)Y.
The score is obtained by taking derivative/gfwith respect tdA, and is given by
SR(A) = —%trace{P(A)} - %Y’Pz(A)Y

- i(AJr Dj) " —trace (X'T L(A)X) T X'Z2(A)X}
J:

vl i
_ < H{SRAA+DY X} ) o B)?
=2 (A+Dj) Z Xi (A+D 2 Z A+DJ

J

The REML estimator oA\ is obtained by solving the non-linear equatsA) = 0. Again, application
of Fisher-scoring algorithm requires also the Fisher imfation forA, which is given by

RA) = E{-K(A)} = %trace[Pz(A)}
= %trace[Z(A)‘z}—trace[{X’Z‘l(A)X}‘1X’Z‘3(A)X}
+%trace{ ([{X'= Y A)X} X'z 3(A)X] )2} .
Finally, the updating equation is
A,;(E,\l,”__ AREML"‘ {IR AS(I)EML)}_lsR(A(Fle(l)EML)'

Initial value A©) and stopping criterion are set the same as in the FH and MLadsttAgain, ifAse .
is the last value obtained in the iteration, then REML estinigfinally Agg . = max(0, Ay
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The estimator oB is obtained by replacing in (1.53 by an estimatoA, that is, = B(A). Similarly,
the EB estimator is obtained as in (1.6). FunctfitRH delivers, together with estimates of model
coefficients3, their asymptotic standard errors given by the diagonahetds of the Fisher information
in each case, the statistics obtained by dividing the estimates by theirddaa errors, and the p-values
of the significance tests. Since for langeit holds

B~N(B,17XB)),

wherer (B) is the Fisher information, then thestatistic for a coefficienB; is

Zi=B/\/var(;), j=1....p,

wherevafr(f}j) is the estimated asymptotic variance[}?f given by thej-th element in the diagonal of
17(B). Finally, for the test
Ho:Bj =0 versus Hi:Bj#0,

p-values are obtained as
p-value= 2P(Z > |Zj|),

whereZ is a standard normal random variable.

Three different goodness of fit measures are also deliveyddriztion fitFH . The first one is the
estimated Iog-likelihood(A,ﬁ;Y), obtained by replacing the obtained estimaﬁmndﬁ in (1.9). The
second is AIC, given in this case by

AIC = —20(AB;Y)+2(p+1).
Finally, the BIC is obtained as

BIC = —2¢(A,B;Y) + (p+ 1) log(m).

1.1.3 Mean squared error of the EB estimator

In practical applications, the EB estimal@?B should be accompanied with its estimated MSE. Under
model (1.1), the MSE of the best estima6fris given by

MSE(BP) = E(6F — 6,)2 = E{V(8i[Y))} = E{0u(A)} = gui(A),

showing that a large reduction in MSE oWdiSE(Y,) = E[E{(Y; — 6)2|6;}] = E(D;) = D; is obtained
when 1- B;j(A) = A/(A+D;) is small. Under normality of random effects and errors, theBVof the
EB can be decomposed as

MSE(6F®) = MSEBFB(A)] +E{[6FB(A) —BFB(A)%)
= [01(A) +02(A)] +a3i(A), (1.11)
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wheregy;i (A) is O(1) for largem, gyi(A) is due to the estimation @ and isO(m~1), and the last term
measures the uncertainty of the EB estimator arising froenetstimation ofA and is of lower order
(Prasad & Rao, 1990). The last two terms on the right handddiie 11) are given by

. -1
%i(A) = {Bi(A }ZI{Z (A+Dj) } Xi

=. {Bi( )} hii (1.12)
and B

gs(A) = {Bi(A)}*(A+ D)V (A), (1.13)
whereV (A) is the asymptotic variance (as— ) of an estimatoA of A. Note thatgs (A) depends on

the choice ofA.
Using the REML estimatoAgemi, @ nearly unbiased estimator MSE(6FB) is given by

ms&emL(OF5) = gii (Aremr) + 921 (AremL) + 20ai (Arem), (1.14)
whereg;;(A) is given by (1.5) and
— A 2
V(AREML) = ST.(ATD) 2 (1.15)

see Datta and Lahiri (2000).
For the Fay—Herriot (FH) estimatdt:, we need the following expression for its bias to terms of
orderO(m1):

2|3y (A+Dj) 2~ {3T4(A+D)) 1]
{3Mi(A+D) 1} '

Note that the bias ofggwy is zero if terms of ordeo(m™1) are ignored.
A nearly unbiased estimator 8fSE(6FB) usingAg is given by

mse (855) = gui (Arn) + 02i(Arn) + 2031 (Arn) — ber (Aer) {Bi(Aen) }2, (1.17)

where, ings; (AFH), the asymptotic variance is

ben (A) = (1.16)

V(Aen) = m (1.18)

(5™, (A+Dy)-1}*

see Datta et al. (2005).

1.2 The Software: description of R functions

This section describes the implemented R functions thatditoasic Fay-Herriot model (1.1), give the
small area EB estimates and analytical estimates of the M3BeoEB estimator. In the rest of this
section we describe briefly these R functions. An examplevsigpthe use of these functions is provided
in Section 1.3 and full R codes are included in Appendix 1.
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1.2.1 fitFH

R functionfitFH fits the basic Fay-Herriot model (1.1). This function is defiras
fitFH<-function(X,y,Dvec,method="REML",MAXITER=500)
Arguments of this function are:

X: matrix containing the aggregated (population) valuep afixiliary variables, with dimensiom x p,
wheremis the number of areas or sample size. The elements in fitatncoimight be equal to 1 if
the model includes an intercept.

y: vector containing the direct estimates of the responsabiarifor them areas.
Dvec: vector containing then sampling varianceBq,...,Dn, of direct estimators.

method : type of fitting method, to be chosen between REML or FH methoBefault is REML
method.

MAXITER maximum number of iterations allowed in the Fisher-scorahgorithm. Default is 500
iterations.

The function returns a list with the following objects:

convergence : a logical value equal to TRUE if Fisher-scoring algorithnneerges in less than
MAXITER iterations.

modelcoefficients : data.frame in the shape of a table with estimated model cagffs in first
column, their (asymptotic) standard errors in second colufnstatistics in third column and p-
values of the significance of each coefficient in last column.

variance : estimated random effects variange

goodnessoffit . a vector containing three basic goodness-of-fit measurgkélihood, AIC and
BIC.

EBpredictor : avector of sizanwith the values of the EB predictor for tmeareas.

1.2.2 MSE.FHmodel

R functionMSE.FHmodel gives analytical MSE estimates of EB predictors forithhemall areas, when
EB predictors are obtained from the basic Fay-Herriot métdl). This function is defined as

MSE.FHmodel<-function(X,Dvec,A,method="REML")

Arguments of this function are:
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X: matrix containing the aggregated (population) valuep afixiliary variables, with dimensiom x p,
wheremis the number of areas or sample size. The elements in fitgintoimight be equal to 1 if
the model includes an intercept.

Dvec: vector containing then sampling varianceB1, ..., Dn, of direct estimators.
A: estimated random effects variand®btained using the fitting method specifiedmethod :.

method : Type of fitting method, to be chosen between REML or FH methobsfault is REML
method.

The function returns:

mse; a vector with the estimated MSEs of the EB small area estimato

1.3 Examples of usage of R functions

This section shows how to use the R functions described itidpet.2 to produce small area EB estima-
tors along with their corresponding estimated MSESs, baseti®basic Fay-Herriot model (1.1).

1.3.1 Example data set

We consider the data set on milk expenditure used initiafhAtora and Lahiri (1997) and later by You
and Chapman (2006). This data set comes from the Consumené#igre Survey conducted by the U.S.
Bureau of the Census and is used by the Bureau of Labor &sitistcompute the monthly Consumer
Price Index (CPI) numbers. Here the small areas arenthed3 publication areas of the CPI throughout
the U.S. andy is thei-the area direct estimator of the average expenditure sh frdnole milk for the
year 1989. As explanatory variables in the Fay-Herriot rhosle used indicators for the 4 major areas
created by You and Chapman (2006). Table 1.1 lists the fu#l oecluding Small area, sample sigg
direct estimatey;, standard error of direct estimate(SD), coefficient of variation of; (CV) and Major
area.

Small area n; Vi SD CV  Major area
191 1.099 0.163 0.148
633 1.075 0.08 0.074
597 1.105 0.083 0.075
221 0.628 0.109 0.174
195 0.753 0.119 0.158
191 0.981 0.141 0.144
183 1.257 0.202 0.161
188 1.095 0.127 0.116
204 1.405 0.168 0.12
188 1.356 0.178 0.131
149 0.615 0.1 0.163

el
PEBoo~oorwNeR
NNOMNNRRRRRP R



1.3. Examples of usage of R functions

1.3.2 Example of R code for running function fitFH

12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32
33
34
35
36
37
38
39
40
41
42
43

290
250
194
184
193
218
266
214
213
196
95
195
187
479
230
186
199
238
207
165
153
210
383
255
226
224
212
211
179
312
241
205

1.46
1.338
0.854
1.176
1.111
1.257

1.43
1.278
1.292
1.002
1.183
1.044
1.267
1.193
0.791
0.795
0.759
0.796
0.565
0.886
0.952
0.807
0.582
0.684
0.787

0.44
0.759

0.77

0.8
0.756
0.865

0.64

0.201
0.148
0.143
0.149
0.145
0.135
0.172
0.137
0.163
0.125
0.247
0.14
0.171
0.106
0.121
0.121
0.259
0.106
0.089
0.225
0.205
0.119
0.067
0.106
0.126
0.092
0.132
0.1
0.113
0.083
0.121
0.129

0.138
0.111
0.167
0.127
0.131
0.107
0.12
0.107
0.126
0.125
0.209
0.134
0.135
0.089
0.153
0.152
0.341
0.133
0.158
0.254
0.215
0.147
0.115
0.155
0.16
0.209
0.174
0.13
0.141
0.11
0.14
0.202

AADMDPADNMDARNDIMARNADNAEARRNADRDNOWWWWWWWWWWNNN

Table 1.1: Data on Milk expenditure.

11

Here we include an example of R code used to read the data $abla 1.1 and run functiofitFH

using that data. R code includes suitable comments exptpinhat is each line doing.

# Set the Path or folder where data set and functions are.

setwd("Path")

# Read data set
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data<-read.table("MilkData.txt",header=TRUE)
attach(data)

# Create the auxiliary variables, which are the indicators
# of 4 Major Areas
# Create these indicators and put them in the columns of matri x X.

m<-dim(data)[1]

M<-length(unique(MajorArea))
X<-matrix(0,nr=m,nc=M)

for (i in 1:4) {X[,i]J<-as.numeric(MajorArea==i)}

# Load file where function is located
source("Fitting_ FHModel.R")

# Call the function using REML method and put the output
# in the list results.
results<-fitFH(X,yi,SD"2,method="REML")

# Print function output
print(results)

# Fit function using FH method.

# Include the function output in an object call results.

# Now call the function using FH method and put the output in
# list results.

results<-fitFH(X,yi,SD"2,method="FH")

print(results)

1.3.3 Output of function fitFH
Output of functionfitFH when setting
method="REML"

is given below:

$convergence
[1] TRUE

$modelcoefficients
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beta.REML std.errorbeta  tvalue pvalue
1 0.968189 0.06936237 13.95842 2.795652e-44
2 1.100970 0.07614518 14.45882 2.205456e-47
3 1.195135 0.06094029 19.61158 1.231550e-85
4 0.726888 0.04301468 16.89860 4.606911e-64
$variance

[1] 0.01855048

$goodnessoffit
loglike
12.677463 -15.354927 -6.548926

$EBpredictor

[1.]
[2.]
[3.]
[4.]
[5.]
[6.]
[7.]
(8]
9]
[10,]
[11,]
[12,]
[13,]
[14,]
[15,]
[16,]
[17,]
[18,]
[19,]
[20,]
[21,]
[22,]
[23,]
[24,]
[25,]

[1]

1.0219708
1.0476021
1.0679516
0.7608159
0.8461566
0.9743727
1.0584532
1.0977764
1.2215462
1.1951466
0.7852141
1.2139470
1.2096603
0.9834961
1.1864247
1.1556980
1.2263414
1.2856494
1.2363250
1.2349603
1.0903013
1.1923057
1.1216465
1.2230299
1.1938055

AIC BIC

13
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[26,] 0.7627197
[27,] 0.7649553
[28,] 0.7338445
[29,] 0.7699297
[30,] 0.6134414
[31,] 0.7695564
[32,] 0.7958257
[33,] 0.7723190
[34,] 0.6102299
[35,] 0.7001781
[36,] 0.7592790
[37,] 0.5298859
[38,] 0.7434468
[39,] 0.7548997
[40,] 0.7701921
[41,] 0.7481165
[42,] 0.8040778
[43,] 0.6810868

Output of functionfitFH when setting

method="FH"

is given below:

$convergence
[1] TRUE

$modelcoefficients

beta.FH std.errorbeta  tvalue pvalue
1 0.9679012 0.06695896 14.45514 2.326569e-47
2 1.0973513 0.07400814 14.82744 9.737434e-50
3 1.1946922 0.05925359 20.16236 2.096386e-90
4 0.7257494 0.04150620 17.48532 1.853544e-68
$variance

[1] 0.01642027

$goodnessoffit

Chapter 1. Fay-Herriot model
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loglike AIC BIC
12.76205 -15.52410 -6.71810

$EBpredictor
[1]
[1] 1.0179759
[2,] 1.0449639
[3,] 1.0644808
[4,] 0.7706920
[5,] 0.8525124
[6,] 0.9738262
[7,] 1.0508569
[8,] 1.0961652
[9,] 1.2105053
[10,] 1.1856404
[11,] 0.7975687
[12,] 1.2021499
[13,] 1.2004587
[14,] 0.9889713
[15,] 1.1867450
[16,] 1.1579920
[17,] 1.2242232
[18,] 1.2786804
[19,] 1.2335659
[20,] 1.2318601
[21,] 1.0959551
[22,] 1.1922126
[23,] 1.1259974
[24,] 1.2206948
[25,] 1.1936875
[26,] 0.7602435
[27,] 0.7623581
[28,] 0.7322880
[29,] 0.7674591
[30,] 0.6173102
[31,] 0.7649969
[32,] 0.7893148
[33,] 0.7693760
[34,] 0.6128615
[35,] 0.7009616
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[36,] 0.7568908
[37,] 0.5371932
[38,] 0.7418816
[39,] 0.7532513
[40,] 0.7675187
[41,] 0.7470595
[42,] 0.7993630
[43,] 0.6831609

1.3.4 Example of R code for running function MSE.FHmodel

Here we include an example of R code used to read the data Sabla 1.1, fit the Fay-Herriot model
to that data set using functiditFH which gives also the small area EB estimators, and finally run
functionMSE.FHmodel to obtain analytical MSE estimators of EB predictors. R cogdtides suitable
comments explaining what is each line doing.

# Set path where data set and functions are
setwd("Path")

# Read data set
data<-read.table("MilkData.txt",header=TRUE)
attach(data)

# The auxiliary variables are indicators of 4 Major Areas
# Create these indicators

m<-dim(data)[1]

M<-length(unique(MajorArea))
X<-matrix(0,nr=m,nc=M)

for (i in 1:4) {X[,i]J<-as.numeric(MajorArea==i)}

# Load files where R functions are
source("Fitting_ FHModel.R")
source("MSE_FHModel.R")

# Fit FH model using FH method
results<-fitFH(X,yi,SD"2,method="FH")

# Compute estimated MSEs of EB estimators
mse<-MSE.FHmodel(X,SD"2,results$variance,method="RE ML")
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mse

1.3.5 Output of function MSE.FHmodel

Output of functionMSE.FHmodel when setting

method="REML"

is given below:

[1] 0.012757016
[6] 0.011178151
[11] 0.007558331
[16] 0.011181888
[21] 0.009599980
[26] 0.008855177
[31] 0.014211799
[36] 0.009253152
[41] 0.005391054

0.005314467
0.014867661
0.015325273
0.010423673
0.015890239
0.008855177
0.013571948
0.006264329
0.008855177

0.005632201 0.008323471 0.00
0.010252709 0.013470878 0.01

0.012038943
0.012914352
0.010810965
0.015041525
0.008691546
0.009709449
0.009484220

0.011640323
0.010580560
0.012857861
0.007569376
0.003833361
0.007020470

0.0
0.0
0.0
0.0
0.0
0.0

9283520

4094867
11466957
12385543
07864537
05975211
07569376
08185874

17
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Chapter 2

Area-level spatial model

2.1 Methodology

2.1.1 Model and small area EB estimator

The Fay-Herriot model defined as (1.1) can be also expressed a
y=XB+Vv+e (2.2)

wherey = (y1,...,ym)' is the vector of direct estimators for tme small areasX = (X1,...,Xm)" iS
amx p matrix containing in the columns the values pExplanatory variables for the areas,v =
(V1,...,Vm)" is a vector of independent and identically distributedalalés (called random effects) with
v~ N(0,02l,) ande= (ey,...,em)" is the vector of independent sampling errors, independentwith
e~ N(0O,W), where the covariance matrik = diag(Ws,...,Wn) is known. Here, the target quantity is
the vecto® = XB+v = (01,...,8y)", which usually contains the true means of the target vaiaihe
mareas.

Model (2.1) can be extended to allow for spatially corraladeea effects as follows. Le&tbe the
result of a SAR process with unknown autoregression paermednd proximity matrixW (Anselin,
1988; Cressie, 1993), i.e.,

vV =pWvV +u. (2.2)

We assume that the matrik, — pW) is non-singular. Them can be expressed as
v=(Im—pW) u. (2.3)

Here,u = (ug,...,un)" is a vector with mear® and covariance matrixyﬁlm, wherel, denotes the
mx m identity matrix ando? is an unknown parameter. We consider that the proximity it is
defined in row standardized form; that M/ is row stochastic. Therp € (—1,1) is called spatial
autocorrelation parameter (Banerjee et al., 2004). Hexedhe vector of variance components will be
denotedw = (wy,wp)" = (02,p)". Equation (2.3) implies thathas mean vectdyand covariance matrix
equal to

G(w) = G5[(Im—PW)T (Im— pW)] ™. (2.4)

19
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Sinceeis independent of, the covariance matrix of is equal to
V(w) =G(w)+W.
Combining (2.1) and (2.3), the model is
y=XB+ (Im—pW) tu+e (2.5)
Under model (2.5), the Spatial BLUP of the quantity of ing#@ = x{ B+ V; is
6i(w) =X B(w) +b] G()VH(w)ly — XB(w)], (2.6)

whereB(w) = [XTV-1(w)X] IXTV-L(w)y is the generalized least squares estimator of the regressio
parametefy andbiT is the 1x mvector(0,...,0,1,0,...,0) with 1 in thei-th position. The Spatial BLUP
6i(w) depends on the unknown vector of variance components(c2 p)T. The two stage estimator
6i(®) obtained by replacingin expression (2.6) by a consistent estimaitor (62,p)T is called Spatial
EBLUP (Singh et al., 2005; Petrucci & Salvati, 2006).

2.1.2 Fitting methods

A maximum likelihood estimator (MLE) ofo = (02,p)" is obtained maximizing the log-likelihood of
w given the data vectay,

t(eny) = o3 log V(@) ~ 3 (v~ XB)™V X (@)(y XB),

wherec denotes a constant. In practice, an iterative algorithrh ssahe Fisher-scoring algorithm must
be applied to maximize the likelihood. L&w) = (S,S,SP)T be the scores or derivatives of the log-
likelihood with respect t@? andp, and letr (w) be the Fisher information matrix obtained frdifw;y),

with elements
o) = (o T ),
Ipoz  Ipp
Then the Fisher-scoring algorithm starts with an initiaireate w(© = (05(0),p(°))T and then at each
iterationk, this estimate is updated with the equation
w(k+1) — Q)(k) + I_l(Q)(k>)S(OO(k>).
The ML equation fo3 obtained by equating the corresponding score to zero yields
B(w) = X"V Hw)X] XV Hw)y. (2.7)
Let us denote
C(p) = (Im—pW)" (Im—pW)

and
-1

P(w) =V H(w) -V Hw)X [XTV Hw)X] "XV (w).
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Then the derivative o€(p) with respect t@ is

9CMP) _ yy_wT +2pWTW
op

and the derivatives of (w) with respect tas2 andp are respectively given by

i, Do e To e p) £ Aw),

OV ()
002

The scores associateddg andp, after replacing (2.7), are given by

S5 = —gtrace(V 1 @)C(p)} + 5y P@IC ()P,
S = —%trace{V‘l(w)A‘l(w)} + :—ZLyTP(w)A(Q))P(w)y.
The elements of the Fisher information matrix are
lagof = 3 race{VH@)C Hp)V Hw)C H(p)}
Iopp=Ipg? = %trace{Vfl(oo)A(oo)Vfl(oo)Cfl(p)},
Ipp = %trace{Vfl(u))A(u))Vfl(u))A(oo)} .
In the functionfitSpatialFH , the starting value ofi? is set tooﬁ(o) = mediar{y;). Forp, we take

p® = 0.5. The algorithm stops either when the number of iterationsMAXITER where MAXITER
can be chosen by the user (default is 500), or when

max{

A restricted maximum likelihood estimator (RMLE) af is obtained by maximizing the restricted
likelihood, which is the joint p.d.f. of a transformation thfe responsg, that eliminates the vector of
coefficientsp. Let F be anm x p matrix satisfyingF' X = 0. Then, the restricted log-likelihood is the
logarithm of the joint p.d.f. of the transformed d#&&y and is given by

2(k+1)

o2 ®

— g2
(k)

p(k+1) _ p(k)
pk

9

> < 0.0001
Oy

1

(R(Wy) =C— >

0 FTV (@)F| — 5 y" F(FTV (@)F) ¥y,

where
1

FIFTV(w)F] "F" =P(w),

so that the restricted log-likelihood becomes

t(@y) = ¢~ 5 10g|FV (@)F|

5 y P(w)y.
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Using the following properties of the matriX w),

we obtain the scores corresponding to this restrictedilagihood,
§, = 3 trace(P(W)CX(p)} + 3y P(GIC HPIP(@)Y,
S = S trace(P@)A(®)} + 5y PA(@P).
Finally, the elements of the Fisher information obtainemhfrg are

iR %tr{P<w>c-1<p>P(w)tfl(p)},

02,03

180 = 155 = 2 U{PWA@POC ()},
I = :—;tr{P(w)A(w)P(w)A(w)}.

Starting values and stopping criterion are set the sametas icase of ML estimates.

2.1.3 Mean squared error of the Spatial EBLUP

Again, under normality of random effects and errors, the M&the Spatial EBLUP can be decomposed
as . ~ X oAl &
MSE[6; (w)] = MSE[6;(w)] + E{[6i(&) — 6i(0)]?}
= [gu(w) +gi(w)] + g3i(w),
where the first two terms on the right hand side are easilyutztked due to the linearity of the Spatial
BLUP 6, (w) in the data vectoy. They are given by

(2.8)

(@ = b'[G(w)—G(w)V Hw)G(w)b, (2.9)
%i(w) = b [Im— GV HW)]X(XVH)X) X [In—VH(w)G(w)]b;. (2.10)

However, for the last termy; (w) = E{[6; (&) — 6 (w)]}, an exact analytical expression does not exist due
to the non-linearity of the EBLUﬁi(G)) in y. Under the basic Fay-Herriot model (2.1) with independent
random effects; (diagonal covariance matriX), Prasad & Rao (1990) obtained an approximation up
to o(m~1) terms ofgs;(w) through Taylor linearization, see Section 1.1.3. Theinfola can be taken
as a naive approximation of the trgg(w) under model (2.1)—(2.2). Straightforward applicationlo$t
formula to model (2.1)—(2.2) yields

g5 (w) = trace{Li(e)V (@)L{ (w) 1 H(w)},

where
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Then the full MSE can be approximated by
MSE"R[8i()] = g1 () + g2i (@) + g5 (). (2.11)

Singh et al. (2005) arrived to the same formula (2.11) fortthe MSE under a Fay-Herriot model
with random effects following a SAR process. However, tlusrfula is not accounting for the extra
uncertainty of the Spatial EBLU@’,((I)) due to the estimation of the autocorrelation paramgter
As to MSE estimation, whe® is obtained by REML method, Singh et al. (2005) derived thieie
ing MSE estimator
mseSKB; (&)] = g (®) + g2 (®) + 205R(®) — g (). (2.12)

Here,gs4i (w) is given by

2 2
"2 2 %b‘wvﬂ(‘*’) gul/z(agzvl<w>”’fkﬁ<w>bi,

where the second order derivatives\w) are given by

g4|

NIH

VW

0(0_5)2 — Ymxms

0V(w) 0°V(w) 4, 0C(P) . 1
doz0p  oozop = Wgp © (@

2
0 a\(;g;) — 20%C () _OC;ép) cYw) —a%ép) CY(w) — 202C "L (@)WTWCH(w),

When is obtained by ML, their estimator is
mseir 105 (@)] = gui (&) + 921 (6) + 2057(%) — 9 (&) — by, (&) g (), (2.13)

whereJg;i (w) = dgs; (w) /0w is the gradient 0§ (w) andby (®) is the bias of the ML estimatab up
to ordero(m™1). This bias is equal tby (©) = 1 ~X(@)h(&)/2 with h(&) = (hy (&), hx(®))T and

hy(w) = trace{ [XTV~Hw)X] -19 [XT\(;(;(Q))X} } , k=12

2.1.4 Parametric bootstrap mean squared error

Here we propose to use the parametric bootstrap of Gonrkéderreiga et al. (2008) extended to the FH
model with spatial correlation (2.1)—(2.2). The final MSEraate obtained by this procedure is expected
to be consistent if the model parameter estimates are ¢ensisThis could be seen by the method of
imitation as in Gonzalez-Manteiga et al. (2008), usingakgmptotic formula of the MSE obtained by

Singh et al. (2005). This extended parametric bootstrafksvas follows:

1) Fit model (2.5) to the initial data= (y1, ...,ym)", obtaining estimate® = (62, )T andp = B(&).
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2) Generate a vectdi whose elements arm independent copies offd(0,1). Construct bootstrap
vectorsu* = Gt} andv* = (Im— pW)~1u*, and calculate the bootstrap quantity of inte@st=
XB+Vv*, by regarding3 andd® as the true values of the parameters.

3) Generate a vecto} with mindependent copies ofté(0, 1), independently of the generationtgf
and construct the vector of random errets= W25,

4) Obtain bootstrap datg directly applying the model* = 6" +€* = Xﬁ+ V¥ -+ €,

5) Regard|nq3 and® as the true values @ and w, fit model (2.5) to bootstrap datg, obtalnlng
estimates of the trueB and & based on bootstrap daya: first, calculate the estimator @
calculated at the “trueb,

B'(@) = XV L(@)X] XV @)y
next, obtain the estimatdb* based ory*, and finally, the estimator cfi calculated atv*, that is,

ok

B (&)

6) Calculate the bootstrap Spatial BLUP from bootstrap glatand regardingv as the true value of
W,
67 (0) =X B(@) + b G(&)V(®) H[y* — XB'(®)].
Calculate also the bootstrap Spatial EBLUP usirign place of the “true’®,

B (&) =X B (&) + b G(&" )V H&")[y* — XB (&")).

7) Repeat steps 2)-® times. Inb-th bootstrap replication, Ieﬁi*(b) be the quantity of interest for
i-th area &y ® the bootstrap estimate af, 8 (&%) the bootstrap Spatial BLUP ari® (6(®)
the bootstrap Spatial EBLUP foith area.

8) A parametric bootstrap estimator @ (w) is

. 2
gSl =B~ z [ e|( )( )} .
Similarly, a naive parametric bootstrap estimator of tHeEMISE is

2

msdaPBG, ()] = B~ Z { e;‘“’)} . (2.14)
Another MSE estimate can be obtained as in Pfeffermann &fTi2006), by adding the analytical
estimatesgs; () and gzi(®), the bootstrap estimagg®(®), and a bootstrap bias correction of
011 (®) + goi (®). The final estimator obtained in this way is

B

MR (@)= 2004(@) + (@] =87 5 Jau(@) +anl@ )] + @, @19
=1



2.1. Methodology 25

2.1.5 Nonparametric bootstrap

This section describes a nonparametric bootstrap for M3maton, in which bootstrap random ef-
fects{uj,...,u;,} and bootstrap random errofs;, . .., €;,} are obtained by resampling respectively from
the empirical distribution of predicted random effe¢ts, ..., 0y} and of residualdfy,...,fm}, where
r=vyi—6 (@), i =1,...,m, both previously standardized. This method avoids the méedistribu-
tional assumptions; therefore, it is expected to be morastotw non-normality of any of the random
components of the model.

Under model (2.1)—(2.2), the BLUPs ofandv are respectively

U(0) = GV Hw)ly —XB(w)], (w) = (I —pW)¥(w),
and the covariance matrix f w) is
Vu() = (I = pW)G(w)P(w)G(w) (I — pWT).

Moreover, consider the vector of residuals

F(00) =y — XB(0) — U(w) = (Y1~ B1(w), -, Ym — Bm(e)) T
It is easy to see that the covariance matrix @) is
Vi(w) =¥YP(w)W.

The covariance matricas,(w) andV, (w) are not diagonal; hence, the elements of the veétamg and
f'(w) are correlated. Indeed, botliw) andf(w) lie in a space of dimensiom— p. Since the methods
that resample from the empirical distribution work well enén ideallyiid setup, when applying these
methods, a previous standardization step is crucial. Her@mpose to transform both= {i(&) and

f = f(&) to make them as close as possible to vectors with uncordetate unit variance elements. We
describe the standardization method onlydpsince forf the process is analogous. Let us consider the
estimated covariance matiik, = Vy(®). The method works by carrying out the spectral decompasitio
of Vy,

\7u = QuAuQIa

wherel\, is a diagonal matrix with then— p non-zero eigenvalues of, andQy is the matrix with the
corresponding eigenvectors in the columns. Then we takentiex \75”2 = QUAJUZQJ. Squaring
this matrix gives a generalized inverse\gf. With the obtained square root, we transfdiras

s ~-1/24
asS=v; Y.

The covariance matrix di® is thenVar((S) = Q,Q/, which is close to an identity matrix. Observe that
in the transformation

S —1/2 T~
u :QuAu /Quu>
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the vectorQ[ (i contains the coordinates dfin its principal components, which are uncorrelated with co
variance matrixy,. Then multiplying byA, Y 2, these coordinates are standardized to have unit variance.
Finally, this standardized vector in the space of the ppalccomponents is returned to the original space
by multiplying by Q.. Thus, the transformed vectd? contains the coordinates of the vedkg?rl/ 2QIG,
with standard elements, in the original space. The eigaagalwhich are the variances of the uncorre-
lated principal components, collect better the varigpilitan the diagonals of .. Indeed, simulations
were also carried out standardizing simply by takiﬁg:“ﬂi /+/Vii, wherey; is thei-the diagonal element
of V,, but the resulting nonparametric bootstrap did not work.wel

The final nonparametric bootstrap procedure works by ramasteps 2) and 3) of the parametric
bootstrap by the new steps 2") and 3") below:

2') With the estimateg = (62,p)" andf3 = [~3(G)) obtained in step 1), calculate predictorsvaindu
as follows
7=G(OV(®) Hy—XB), a=(1—pW)I=(0y,....0m)".
Then takedS =V, 720 = (@$,...,0S)T, whereVy/? is the square root of the generalized inverse
of V,, obtained by the spectral decomposition. It is conveniemetscale the eIemenu? 8o that
they have sample mean exactly equal to zero and sample ea@gn This is achieved by the
transformation
Gy(0P—mtyM, 07)
\/m‘lzﬁll(ﬂﬁ'— miyi, 018)2
Construct the vectou* = (uj,...,us)T, whose elements are obtained by extracting a simple
random sample with replacement of sizefrom the set{($5...,055. Then obtainv' = (I —
pW)~1u* and calculate the bootstrap quantity of inte¥st= X3+ v* = (6%,...,6:)7

a>s

i=1...,m

3’) Compute the vector of residuafs=y — X[§ — ¥ = (fy,...,fm)T. Standardize the residuals by
PS=V, Y% = (5. ,FS)T, whereV, = WP(&)W is the estimated covariance matrix avid"/
is a root square of the generalized inverse derived frompbetsal decomposition of,. Again,

re-standardize these values
FS —1c<m £S
B ==y
- M
_ m ~S _ m £S
\/m Ly (fg—m iy, i)

Constructr* = (ri,...,r,’;)T by extracting a simple random sample with replacement & 15iz

from the set{7SS ... fSS}. Then takes* = (e!,....€:)T, wheree” = ¢"/?rs, i =1,...,m.

fss

i=1,....m

This procedure yields naive and bias-corrected nonparanieiotstrap estimators analogous to (2.14)
and (2.15). They are respectively denoted as"M$&[8; (&)] and ms&NPES; (Q)].

2.2 The Software: description of R functions

This section describes the implemented R functions thahditarea-level spatial model with random
effects following a SAR process as defined in (2.5), give thegtial EBLUP small area estimators and
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provide analytical, parametric bootstrap and nonparametotstrap MSE estimators. A brief descrip-
tion of these R functions is given in the rest of this secti?dn example showing the use of these
functions is provided in the next section and full R codesiackided in Appendix 2.

2.2.1 fitSpatialFH

R function fitSpatialFH fits the area-level spatial model with random effects follmyva SAR
process, as defined in (2.5), using REML fitting method. Tinetion is defined as

fitSpatialFH<-function(X,y,Dvec,W,method="REML",MAX ITER=500)
Arguments of this function are:

X: matrix containing the aggregated (population) valuep afixiliary variables, with dimensiom x p,
wheremis the number of areas or sample size. The elements in fitatnzoimight be equal to 1 if
the model includes an intercept.

y: vector containing the direct estimates of the responsabiarifor them areas.
Dvec: vector containing then sampling varianceBq,...,Dn, of direct estimators.
W mx m proximity matrix with rows adding to one.

method : type of fitting method, to be chosen between REML or ML metho@sefault is REML
method.

MAXITER maximum number of iterations allowed to the Fisher-scomgprithm. Default is 500
iterations.

The function returns a list with the following objects:

convergence : a logical value equal to TRUE if Fisher-scoring algorithnmeerges in less than
MAXITER iterations.

modelcoefficients . data.frame in the shape of a table with the estimated modsficients in
first column, their asymptotic standard errors in secondroal theZ statistics in third column
and the p-values of the significance of each coefficient incalsimn.

variance : estimated random effects varianog
spatialcorr . estimated spatial correlation paramgter

goodnessoffit . a vector containing three different goodness-of-fit measunamely the loglikeli-
hood, the AIC and the BIC.

EBpredictor : avector of sizanwith the values of the EB predictor for tmeareas.
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2.2.2 MSE.SpatialFHmodel

R functionMSE.SpatialFHmodel  gives the analytical MSE estimates of the Spatial EBLUP$fer
m small areas obtained from the Spatial Fay-Herriot modél)(Z his function is defined as

MSE.SpatialFHmodel<-function(X,Dvec,A,rho,W,method= "REML")
Arguments of this function are:

X: matrix containing the aggregated (population) valuep afixiliary variables, with dimensiom x p,
wheremis the number of areas or sample size. The elements in fitgintoimight be equal to 1 if
the model includes an intercept.

Dvec: vector containing then sampling varianceB1, ..., Dn, of direct estimators.

A: estimated random effects varianggobtained using the fitting method specifiechiethod .

rho : estimated spatial autocorrelation parameter obtainedtise fitting method specified method .
W proximity matrix with rows adding to one.

method : type of fitting method. Currently only REML method is avaiab

The function returns:

mse: a vector with the analytical MSE estimates of the Spatial BBLsmall area estimators.

2.2.3 PBMSE.SpatialFHmodel

R functionPBMSE.SpatialFHmodel gives parametric bootstrap MSE estimates of the SpatiallFRi.
for them small areas obtained from the Spatial Fay-Herriot modél)(Z his function is defined as

PBMSE.SpatialFHmodel<-function(X,Dvec,beta,A,rho,W, n.boot,method="REML",
seed=Sys.time())

Arguments of this function are:

X: matrix containing the aggregated (population) valuep afixiliary variables, with dimensiom x p,
wheremis the number of areas or sample size. The elements in fitsintomight be equal to 1 if
the model includes an intercept.

Dvec: vector containing then sampling varianceB1, ..., Dy, of direct estimators.
beta : estimated regression coefficiefi®btained using the fitting method specifiechiethod .
A: estimated random effects variancgobtained using the fitting method specifiechiiethod .

rho : estimated spatial autocorrelation parameter obtainedtise fitting method specified method .
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W proximity matrix with rows adding to one.
n.boot : number of bootstrap replicates.
method : type of fitting method. Currently only REML method is avaikab

seed: Seed to be used in the generation of samples for the pararhetiistrap method. Default is the
system time.

The function returns a data frame containing the followivg vectors:
PBmse naive parametric bootstrap MSE estimates of the SpatiallBB&Emall area estimators.

bcPBmse: bias-corrected parametric bootstrap MSE estimates of pia¢ich EBLUP small area esti-
mators.

2.2.4 NPBMSE.SpatialFHmodel

R functionNPBMSE.SpatialFHmodel gives nonparametric bootstrap MSE estimates of the Spatial
EBLUPs for them small areas obtained from the Spatial Fay-Herriot moddd)(2This function is
defined as

NPBMSE.SpatialFHmodel<-function(X,y,Dvec,W,n.boot,m ethod="REML",
seed=Sys.time())

Arguments of this function are:

X: matrix containing the aggregated (population) valuep afixiliary variables, with dimensiom x p,
wheremis the number of areas or sample size. The elements in fitgtncoimight be equal to 1 if
the model includes an intercept.

y: vector containing the direct estimates of the responsabiarifor them areas.
W proximity matrix with rows adding to one.

n.boot : number of bootstrap replicates.

method : type of fitting method. Currently only REML method is availab

seed: Seed to be used in the generation of samples for the non pai@im@otstrap method. Default
is the system time.

The function returns a data frame containing the followivg vectors:
NPBmse naive nonparametric bootstrap MSE estimates of the SglBalUP small area estimators.

bcNPBmse bias-corrected nonparametric bootstrap MSE estimateseoSpatial EBLUP small area
estimators.



30

2.3 Examples of usage of R functions

This section shows how to use the R functions described itiddet.2 to produce small area EB estima-
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tors along with their corresponding estimated MSE, baseiti®basic Fay-Herriot model (1.1).

2.3.1 Example data set

The example data set used to show the use of functit8atialFH
has been obtained drawing a sample from the Italian AgticailtCensus of year 2000, see Molina et al.
(2008) for a description of the data generation. The smaksaran = 274 municipalities of Tuscany
and a proximity matrix was obtained from the neighborhoadcstire of these municipalities, with one
assigned to the pairs of municipalities that share a comrdga.eData set for the first ten municipalities
is shown below. The response variable with the direct estisnBor them municipalities is grapehect,

andMSE.SpatialFHmodel

the auxiliary variables are area and workdays, and var isah#ling error of direct estimators.

grapehect
30.9477582
57.2161416
73.7540672
66.2420341

50.4567217
41.9724571
111.5708810

10

1
2
3
4
5 36.9317990
6
7
8
9

10.2326214

area workdays
203.93775 73.95884
187.22505 148.21444
590.73016 171.34921
318.32333 105.86333
217.25789 87.83813
78.5339314 1562.02985 202.68657
101.47826 93.48161
147.48728 85.71624
274.27101 233.63077
145.89855 32.67029

var

2.153054e+01
2.014299e+02
2.818218e+00
2.138089e+01
6.424393e+01
1.629171e-01

1.473757e+01
1.950657e+01
3.293872e+02
6.659302e-03

The proximity matrix for the first 10 municipalities is

V1
0.00
0.25
0.50
0.00
0.00
0.00
0.00
0.20
0.00
10 0.00

© 0O ~NO OB WN P

V2

0.3333333
0.0000000
0.0000000
0.3333333
0.0000000
0.0000000
0.2000000
0.2000000
0.0000000
0.0000000

0.3333333
0.0000000
0.0000000
0.0000000
0.0000000
0.0000000
0.0000000
0.2000000
0.0000000
0.0000000

V3

0.0000000
0.2500000
0.0000000
0.0000000
0.1428571
0.0000000
0.2000000
0.0000000
0.0000000
0.0000000

V4
0.0000000
0.0000000
0.0000000
0.3333333
0.0000000
0.5000000
0.2000000
0.0000000
0.1111111
0.0000000

V5
0.0000000
0.0000000
0.0000000
0.0000000
0.1428571
0.0000000
0.0000000
0.0000000
0.1111111
0.0000000

O OO OO0 OO OoOOo

V7

.0000000
.2500000
.0000000
.3333333
1428571
.0000000
.0000000
.2000000
.0000000
0.0000000
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V8

0.3333333
0.2500000
0.5000000
0.0000000
0.0000000
0.0000000
0.2000000
0.0000000
0.0000000

10 0.0000000

0.0000000
0.0000000
0.0000000
0.0000000
0.1428571
0.5000000
0.0000000
0.0000000
0.0000000
0.2500000

V9
0.0000000
0.0000000
0.0000000
0.0000000
0.0000000
0.0000000
0.0000000
0.0000000
0.1111111
0.0000000
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2.3.2 Example of R code for running function fitSpatialFH

Here we include an example of R code used to read the datasettie Italian Agriculture Census listed
in Section 2.3.1 and run functiditFH using that data. R code includes suitable comments exptaini
what is each line doing.

# Set the Path or folder where data set and functions are.
setwd("Path")

# Read data set
data<-read.table("SimulSpatData_ItAgricSurvey2000.t
attach(data)

xt",header=TRUE)
# Load file where function is located
source("Fitting_SpatialFHModel.R")

# Read file with proximity matrix and assign it to a matrix cal led prox.
prox<-as.matrix(read.table("ProximitySpatData_ItAgr icSurvey2000.txt")

# Define matrix with area-level auxiliary variables
X<-as.matrix(cbind(area,workdays))

# Fit function using REML method and put the output in the list
resultsSp.

resultsSp<-fitSpatialFH(X,grapehect,var,prox,method ="ML")
print(resultsSp)
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2.3.3 Output of function fitSpatialFH

Output of functiorfitSpatialFH when setting
method="ML"

is given below. Spatial EB predictors are given only for thstfi0 small areas for brevity.

$convergence
[1] TRUE

$modelcoefficients

Bstim std.errorbeta tvalue pvalue
area -0.01241993  0.002095302 -5.927514 3.075547e-09
workdays 0.49861050 0.012732816 39.159485 0.000000e+00

$variance
[1] 67.69242

$spatialcorr
[1] 0.6550672

$EBpredictor
[1]

V1 31.2591747
V2 71.9504581
V3 73.8753880
V4 62.2488593
V5 39.6819534
V6 78.5365740
V7 50.1555221
V8 41.2015557
V9 109.2337422
V10 10.2332637

2.3.4 Example of R code for running function MSE.SpatialFHnodel

Here we include an example of R code used to read the dateosetlie Italian Agriculture Census in
Section 2.3.1, fit the Spatial Fay-Herriot model to that dausing functiorfitSpatialFH which
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gives also the small area EB estimators, and finally run fondISE.SpatialFHmodel to obtain
analytical MSE estimates of Spatial EBLUPSs for the= 274 municipalities. R code includes suitable

comments explaining what is each line doing.

# Set the Path or folder where data set and functions are.
setwd("Path")

# Read data set
data<-read.table("SimulSpatData_ItAgricSurvey2000.t
attach(data)

# Read proximity matrix and assign it to a matrix called prox

prox<-as.matrix(read.table("ProximitySpatData_ItAgr

# Create matrix with area-level auxiliary variables
X<-as.matrix(cbind(area,workdays))

# Load files where functions are
source("Fitting_SpatialFHModel.R")
source("MSE_SpatialFHModel.R")

# Fit the Spatial Fay-Herriot model with REML method
results<-fitSpatialFH(X,grapehect,var,prox)

# Obtain analytical MSE estimates of Spatial EBLUPs

mse<-MSE.SpatialFHmodel(X,var,results$variance,resu
mse

2.3.5 Output of function MSE.SpatialFHmodel

Output of functionMSE.SpatialFHmodel  when setting
method="REML"

is given below for the first 10 small areas:

[1] 1.661451e+01 5.180644e+01 2.721105e+00 1.692434e+01
[6] 1.626345e-01 1.226893e+01 1.508771e+01 4.901339e+01

xt",header=TRUE)

icSurvey2000.txt"))

[ts$spatialcorr,prox)

3.133056e+01
6.658713e-03 ...
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2.3.6 Example of R code for running function PBMSE.SpatialHmodel

Here we include an example of R code used to read the dateosetlie Italian Agriculture Census in
Section 2.3.1, fit the Spatial Fay-Herriot model to that dausing functiorfitSpatialFH which
gives also the small area EB estimators, and finally run fan@BMSE.SpatialFHmodel to obtain
parametric bootstrap MSE estimates of Spatial EBLUPs fonth- 274 municipalities. R code includes
suitable comments explaining what is each line doing.

# Set the Path or folder where data set and functions are.
setwd("Path")

# Read data set
data<-read.table("SimulSpatData_ItAgricSurvey2000.t xt",header=TRUE)
attach(data)

# Read proximity matrix
prox<-as.matrix(read.table("ProximitySpatData_ItAgr icSurvey2000.txt")

# Create the matrix with area-level auxiliary variables
X<-as.matrix(cbind(area,workdays))

# Load files with needed functions
source("Fitting_SpatialFHModel.R")
source("PBMSE_SpatialFHModel.R™)

# Fit the Spatial Fay-Herriot model by REML method
results<-fitSpatialFH(X,grapehect,var,prox)

# Take the estimated model coefficients
coef<-results$modelcoefficients$beta

# Take the estimated random effects variance
A<-results$variance

# Take the estimated spatial autocorrelation parameter
rho<-results$spatialcorr

# Obtain the naive and bias-corrected parametric bootstrap mse estimates
PBmse<-PBMSE.SpatialFHmodel(X,var,coef,A,rho,prox,1 00)
PBmse$PBmse
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2.3.7 Output of function PBMSE.SpatialFHmodel

Output of functionPBMSE.SpatialFHmodel is given below for the first 10 small areas:

[1] 1.88266e+01 4.48179e+01 2.33316e+00 1.65272e+01 3.86 748e+01
[6] 1.58263e-01 1.11911e+01 1.24805e+01 4.63717e+01 4.57 704e-03 ...

2.3.8 Example of R code for running function NPBMSE.SpatiagFHmodel

Here we include an example of R code used to read the dateosetlie Italian Agriculture Census in
Section 2.3.1 and run functioNPBMSE.SpatialFHmodel to obtain nonparametric bootstrap MSE
estimates of Spatial EBLUPs for the = 274 municipalities. R code includes suitable comments ex-
plaining what is each line doing.

# Set the Path or folder where data set and functions are.
setwd("Path")

# Read data set
data<-read.table("SimulSpatData_ItAgricSurvey2000.t xt",header=TRUE)
attach(data)

# Read proximity matrix
prox<-as.matrix(read.table("ProximitySpatData_ItAgr icSurvey2000.txt")

# Create the matrix with area-level auxiliary variables
X<-as.matrix(cbind(area,workdays))

# Load file with required function
source("NPBMSE_ SpatialFHModel.R™)

# Obtain the naive and bias-corrected parametric bootstrap mse estimates
NPBmse<-NPBMSE.SpatialFHmodel(X,grapehect,var,prox, 100,seed=1111)

2.3.9 Output of function NPBMSE.SpatialFHmodel

Output of functionNPBMSE.SpatialFHmodel is given below for the first 10 small areas:

NPBmse$SNPBmse

[1] 1.953809e+01 4.751716e+01 2.375469e+00 1.460335e+01 3.886240e+01
[6] 1.609646e-01 9.748048e+00 1.319229e+01 4.455835e+01 8.025153e-03
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[1] 1.660721e+01 5.232989e+01 2.721583e+00 1.696373e+01 3.131900e+01
[6] 1.626388e-01 1.228415e+01 1.511206e+01 4.886813e+01 6.658720e-03




Chapter 3

Area-level time models

3.1 Area-level model with independent time effects

3.1.1 The methodology
Consider the model
ydt:thB+udt+edt> d:ly"va t:lw"arndv (31)

whereyy; is a direct estimator of the indicator of interest for adeand time instant, andxg; is a vector
containing the aggregated (population) valuep aluxiliary variables. The inded is used for domains
and the index for time instants. We assume that the vectayss are N(O, 05), the errorseyt’s are
independenN (0, 63,) with known variance?,, and theug;'s are independent of they’s. Model (3.1)
can be alternatively written in the form

y=XB+Zu+e, (3.2)

wherey = SC(%ID(yd). Yd = lgctg!m(ydt),

X —

u= col (ug),ug= col (ug),e= col ,eg= col ,

1gng( d), Ud 1§t§md( dt) 1§d§D(ed) & 1§t§md(edt)
_ _ / . _ . _ _ <D

15%'0()(‘1)’ Xg = 1§(%g!nd(th)’ Xdt = 12%',9()("“)’ B= 1§iog|p(8')’ Z=Iy,M=734,my. We assume

thatu ~ N(0,V,) ande~ N(0,V,) are independent with covariance matrices

Vu=0%ly, Iu= diag(lm), Ve= diag (Veq), Veq= col (0%),
u u'M M 1§d§gD( md) e 1§d§gD( ed) ed 1§t§md( dt)

and known variances3,. The BLUE of3 and the BLUP ot are
B=(XVIX)IX'Vly and U=V.ZV iy-Xp),
where
var(y) =V = 02 diag (Im,) +Ve= diag (02l m, + Veq) = diag (Vq).
1<d<D 1<d<D 1<d<D

The estimatofAB and the predictot are calculated by applying the formulas

-1
D D

n_ ryy—1 ryy—1 N2 1. ¥

B= ( ledvd Xd> ( ledvd yd> and U= oulgc(%ID (Vd (Yd XdB)) .

37
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The Henderson 3 estimatorsaf is

> YPy—(M—p)

Oun = U‘{Pz} ’
whereQz = 5§ 1 (X{VedXa) " and
P, = diag(Vg)— col (Vedxd)Qz CO" (X:jve_dl)7
dcD 1<d<D

D my
tr{P,} = dzzlogf—;tr{xgv&fdez},

yPy = dzltzlodfyét (dz YaVe Xd) Q2 (; YaVed )l.

The REML estimators are calculated by using the Fishemsga@igorithm with the updating formula
ek+l — ek+ Ffl(ek)s(ek)’

where8 = 02. The Henderson 3 estimatog,, is used as seed of the Fisher-scoring algorithm. The
REML score and Fisher amount of information are

S=5(0) = —}tr( )+%y’P2y and F:F(B):%tr(Pz),

-1

whereQ = (35, X}V4'Xq) " and
P = diag(Vgh)— col (lexd)Q coI’ (x Vb,
1<d<D 1<d<D

tr(P) = ditr(vdl)—Ethr(x(,vdzde),

D D
tr(P?) = tr(V;2) -2 tr(X,V;3X
r(P?) Cglr(d) Cglr(old aQ)
tr{ (di xgv;zxd> Q (ﬁ xgv;zxd> Q},
D
YPY = Y yyVg¥ya—2 yVlX)Q( X’V‘2y>
dded <;ddd cglddd
D !/
+ <glydvd1xd> <dz xdvdzxd>Q<dZ1ygv;1xd>.

The REML estimator of is

+

o~

EREML: (X/\A/flx)flxlvfly-
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The asymptotic distributions of the REML estimatorsogfandp are
G5~ N(6,FY(ad)), B~ Np(B,(X'V X)),
Asymptotic confidence intervals at the level- I for o2 andp; are

6ﬁi2a/2V1/2, ﬁi iZq/zqﬁ/z, i=1,...,p,

whered? = o5, v = F-1(aZ™), (X'V-105™)X)"1 = ()i j—1....p, K i the final iteration of the
Fisher-scoring algorithm arg is thea-quantile of the standard normal distributidi{0,1). Observed
Bi = Bo, the p-value for testing the hypothedif : B =0 is

p= 2Ry, (Bi > [Bo|) = 2P(N(0,1) > |Bol/\/Gii ).

We are interested in predicting; = X4t + ugt with the EBLUP[Ig; = xdtﬁ+ Ugt. If we do not take

into account the erroey, this is equivalent to predicty; = a'y, wherea= col ( col (84:0)) is @
1<¢<D 1<k<my

vector having one “1” in the cetl+ z?;ll my and "0™'s in the remaining cells. The tot¥l; is estimated

. oeblup =eblup
with Yy = Hat. The mean squared error6f;  is
~eblup 2 2 2
MSE(Ydt ) = gl(ou) + gZ(GU) + g3(cu)a
~eblup

and the estimator dfISE(Yy, ) is

~eblup .o .o .o
mseYq ) = 01(0y) +92(0y) +293(5y),

where
22
2 0,04t
d1(0y) ;
u 02+ 0%
02(03) = [a4Xd— 078GV g Xd+0uagVg VeiXa] Q
2 -1 4 —1y,-1
X434 — 04XaVeqad +0uXaVed Vg ], aa= col (&),
1 202 ol

9s(02) = aF Y(a?), q=

andF is the REML Fisher amount of information calculated by thelaiphng equation of the Fisher-
scoring algorithm.

3.1.2 The Software: description of R functions

This section describes the R functions that have been ingsitad for fitting the area-level model with
independent time effects (3.1). An example of how to usestifigsctions is given in the next section and
the related codes are listed in Appendix 3.1.
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The developed R software contains a series of functionsrétatn, as final output, the EBLUP
estimates of interest. We recall that R functions are objefh the form

name <— function(args,argy, ...) {expressiom.

R functions allows to define a dependent variaideneas output of a given procedure, when inputs
variables ararguments Theexpressiorwithin curly brackets contains the needed calculationdtaia
namefrom arguments The function codes appearingémpressiorare listed in Appendix A.

A brief descriptions of programmed R functions is given ia tiext subsections. The functions can
be used for calculating the Henderson 3 and the REML variastmates, th@ estimate, the predictor,
the EBLUPs and the MSEs of EBLUPSs.

H3area

FunctionH3area calculates the unbiased Henderson 3 estimatog @ind has the form
H3.area <— function(X, ydt, D, md, sigm&edt).

The arguments are:

X: matrix containing the aggregated (population) valueg afixiliary variables, with dimensioM x p.
First column elements should be equal to 1 if the model ireduidtercept.

ydt: vector containing the direct estimates of the dependeiubvarfor aread and time instant, with
sizeM.

D: total number of domains.
md: vector containing the time instants totatg within each domain, with sizB.
sigmaZ2edt: vector containing the known error varian(r@, with sizeM.

The function returns the value of the Henderson 3 estimade.of

REMLarea.indep

FunctionREMLarea.indep calculates the estimate of and the Fisher amount of informatiénfor the
Restricted Maximum Likelihood (REML) method. The functien

REMLareaindep <— function(X,ydt,D, md, sigm&edt sigma0, MAXITER= 500).
The arguments are:

X: matrix containing the aggregated (population) valueg afixiliary variables, with dimensioM x p.
First column elements should be equal to 1 if the model ireduidtercept.
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ydt: vector containing the direct estimates of the dependeihlarfor aread and time instant, with
sizeM.

D: total number of domains.
md: vector containing the time instants totatg within each domain, with sizB.
sigmaZ2edt: vector containing the error variance$,, with sizeM.

sigma.0: Henderson 3 estimate of obtained as output dfi3area. It is used as seed of the Fisher-
scoring algorithm.

MAXITER: maximum number of iterations in the Fisher-scoring aldonit Default value is 500.

The function returns a list of three elements. First elensagrha.fis the REML estimate oﬁﬁ, second
elementFsigis the estimated Fisher amount of informatierand third elemen® is the inverse matrix
appearing in the expression [of

BETA.U.area.indep

FunctionBETA.U.area.indep calculates the estimatfirand the predictoil. The function is
BETAU . areaindep <— function(X, ydt, D, md, sigm&edt, sigmay.

The arguments are:

X: matrix containing the aggregated (population) valueg afixiliary variables, with dimensioM x p.
First column elements should be equal to 1 if the model iredudtercept.

ydt: vector containing the direct estimates of the variable tdrigst for area and time instant, with
sizeM.

D: total number of domains.

md: vector containing the time instants totatg within each domain, with sizB.
sigmaZ2edt: vector containing the error variancegd, with sizeM.

sigmau: estimated value of?, calculated by the functioREMLarea.indep.
The function returns an array with the following elements:

beta: vector containing the estimated regression paramétewﬁh sizep.

u: vector containing the predicted random effagtsvith sizeM.



42 Chapter 3. Area-level time models

mse.area.indep

Function mse.area.indepcalculates the estimator of the Mean Squared Error (MSEhefEBLUP
Hdt = XqtB + Ugt. The function is

mseareaindep <— function(X, D, md, sigm&edt sigmau Fsig).
The arguments are:

X: matrix containing the aggregated (population) valueg afixiliary variables, with dimensioM x p.
First column elements should be equal to 1 if the model ireduidtercept.

D: total number of domains.

md: vector containing the time instants totatg within each domain, with sizB.
sigmaZ2edt: vector containing the error varianceéd, with sizeM.

sigmau: estimated value of?, calculated by the functioREMLarea.indep.

Fsig: estimated Fisher amount of information, calculated by timefionREMLarea.indep.

~eblu
The function returns a vector containing the MSE estimategY ; ), with sizeM.

Interval.indep

Functioninterval.indep calculates the asymptotic confidence intervalsapandp;. The function is
Intervalindep <— function(fit, conf=0.95).

The arguments are:

fit: returned object, obtained by applying the functREMLarea.indep.

conf: interval confidence level 4 a. Default value is 0.95.

This function returns the semi-lengtegyma.std.errandbeta.std.err of the asymptotic confidence in-
tervals foraZ andp; respectively.

pvalue

Functionpvalue calculates the asymptotjgvalue of test statisticéi for the null hypothesi$iy : 3; = 0.
The function is
pvalue <— function(beteD, fit).

The arguments are:

betaO: observed value qii, calculated by the functioBETA.U.area.indep.

fit: returned object, obtained by applying the functREMLarea.indep.

This function returns the vectgval containing the asymptotip-values for hypothesely : 3; = O,
i=1,...,p, with sizep.
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3.2 Area-level model with correlated time effects

3.2.1 The methodology

Consider the model
ydt:thB+udt+e(jt7 d:17"'7D7 tzlr"anba (33)

whereyy; is a direct estimator of the indicator of interest for adeand time instant, andxy; is a vector
containing the aggregated (population) valuep afuxiliary variables. The inded is used for domains
and the index for time instants. We further assume that the random ve¢tgis. .. ,ugm,), d=1,...,D,
follow i.i.d. AR(1) processes with variance and auto-clatien parameters? andp respectively, the
errorseg’s are independenil(0,a3,) with known variancess3,, and theug's are independent of the
€dt'S.
In matrix notation the model is

y=XB+Zu+e, (3.4)
wherey = col (Va),ya=, col (yat).u= col (ua),us= col (us)e= col (&) &=, col (e),
X = 15(:OIOSID(Xd), Xd= 1§(t:2!m(xdt)' Xdt = 1(§:%I’p(xdti), B= 1;:ioglp(ﬁi), Z =lyxm andM = z(',):lrm. In this
notation,u ~ N(0,V,) ande ~ N(0,V,) are independent with covariance matrices

Vu=02Q(p), Q(p)= diag (Qu(p)), Ve= diag (Ved), Vea= diag (05),

1<d<D 1<d<D 1<t<my
where theo?, are known and
1 p pru—z pmt
L P 1 p2
Q4 =Qq(p) = 1- 2 :
p2 1 p
prut pMu Pl )

If the variance components are known, then the BLUR ahd the BLUP ol are
B=(XVIX)X'Vly and U=V.ZV iy-Xp),
where

var(y) =V = o2 diag (Q4(p)) + Ve = diag (62Qq(p) + Ved) = diag (Vq).
1<d<D 1<d<D 1<d<D

The estimatoﬁ and the predictot are calculated by applying the formulas

D -1 D
~ I\/—1 Iy —1 ~ 2 . B R
B= (ngdVd Xd) (leXdVd yd) , U= Gulgcdong <Qd(p)Vd (Yd XdB)) .



44 Chapter 3. Area-level time models

If the variance components are unknown, their REML estinsaswe calculated by using the Fisher-
scoring algorithm with the updating formula

ekJrl — ek+ Ffl(ek)s(ek)’

where = (81,6,) = (02,p). As seeds we use = 0 andoi’ = 62, whered2, is the Henderson 3
estimator ofo? under the model restricted o= 0. The REML scores and components of the Fisher
information matrix are

1 1 1
S = —Etr(PVa) + éy’PVaPy, Fab=Str(PVaPVp), ab=12.

whereVy = 7% = diag (Qa(p)). V2= = o; diag (Qa(P), Q= (581 X4Va™Xa) ',

P = diag(V;Y)— col
1gdg%( a) 1<d<D

PV, = diag(V;V,)— col
2 1gdggo( 4 Vao) 1<d<D

VIX col (X,Vv3t
(Vg d)ngng( aVa )

-1 / I\/—1
(Vg Xd)ngg’ng(XdVd Vad),
D D
tr(PVy) = ;tr(Vglvad)—;tr(XavglvadVglde),
=1 =1

D D
tr(PVaPVp) = ;U(ValVadVJlVbd)—Zdz tr(X3VgVadVgVaVgXaQ)
=1 =1

D D
+ tr{ (dz xg,v;lvadv;lxd> Q (dz xg,v;lvbdv;lxd> Q}.
=1 =1
D D D !
y'PVPy = dzyavalvmchlyd— dzyavalvadvalxd Q dzyavalxd
D D
- ;ygvalxd Q dzxavalvadvalyd
=1 =1
2 1 0 1 1 0 1 /
+ yaV* Xg ] Q X&Vi VadV;Xg | Q ygV* Xq | .
PROL PRI PROL

Finally, the derivative of matriXq4(p) with respect t@ is

0 1 ... ... (mg—1)pm—2
1 o . (md—Z)pmd*?’

o o 1 ) ) . . . 2pQ4(p)
a(p) = 12 : oot : +m-
(my —2)pM—3 .0 1
(mg—1pm—2 ... ... 1 0

The REML estimator of is calculated by applying the formula

EREML: (X/\A/flx)flxlvfly-
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The asymptotic distributions of the REML estimatorandf3 are
B~ No(8,F1(8)), B~ Np(B.(X'VIX)™).
Asymptotic confidence intervals at the level-t for 6, andf3; are
BatzoVahs a=12, Bitzyq% i=1...,p,

where® = 8%, F~1(8) = (Vap)ap-1.2, (X'V"1(O)X)"1 = (dfj )i.j=1...p» K is the final iteration of the
Fisher-scoring algorithm arg is thea-quantile of the standard normal distributidi{0,1). Observed
Bi = Bo, the p-value for testing the hypothedif : B =0 is

p= 2Ry, (Bi > [Bo|) = 2P(N(0,1) > |Bol//Gii ).

We are interested in predicting; = Xqt3 + ugt with the EBLUP[4; = xdtﬁ+ Ugt. If we do not take

into account the errogy, this is equivalent to predigty; = @'y, wherea = coI (1 (f(ol (8gr0tk)) is a
<k<

vector having one 1 in the positidnt zgzl m, and O’s in the remaining ceIIs. To estlmata we use
~eblup ~eblup
Y4 = Hat- The mean squared error 6f;

~eblu

MSE(Yq ) = 01(8) +02(6) + gs(6),

~eblup
and the estimator d1SE(Yy, ) is

~eblup ~ ~ ~
ms&Yq ) =01(6) +92(8) +293(8),

where® = (02,p), ag = col (&k). The expressions fay-gz are
1<k<my
0:(8) = opagQuad — 043uQaVq Quad,

®(0) = [aXq—024QqV g Xd +05a5QaV g QaV g Xd| Q
[Xjyag — 05X4V od Qaad + X4V o QaV g Qaad] ,

- ( Ou1 Q2 > ( Fi1 I:12> =
Qo1 O22 For Foo ’

whereF, is the element of the REML Fisher information matrix.

93(6)

Q

ayQaV 41 Qaag — 2038,Q4V g 1QaV g 1 Quag + 043 QaV g 1QaV 4 1Q4V 4 1 Qqad,
uadeVd 1Qdad — ouadeVd 1QdVd 1Qdad — ouadeVd 1QdVd 1Qdad

+ 08804V 1V 10V 1Qgay,

olayQqV 4 1Qqag — 2088;QqV 5 104V 1Qqag + 08a)QaV 5 14V 5 14V 1Qaag.

O11
012

022
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3.2.2 The Software: description of R functions

This section describes the R functions that have been inguited for fitting the area-level model with
time correlated effects (4.2). A brief descriptions of paogmed R functions is given in the next subsec-
tions and the related codes are listed in Appendix B. Thetiomcan be used for calculating the REML
variance estimates, tteestimate, thei predictor, the EBLUPs and the MSEs of EBLUPs.

REMLarea.autocorr

FunctionREMLarea.autocorr calculates the estimate of, the correlation coefficier and the Fisher
information matrixF for the Restricted Maximum Likelihood (REML) method. Then@tion is

REMLareaautocorr <— function (X, ydt, D, md, sigm&edt sigma0, MAXITER= 500).

The arguments are:

X: matrix containing the aggregated (population) valueg afixiliary variables, with dimensioM x p.
First column elements should be equal to 1 if the model iredudtercept.

ydt: vector containing the direct estimates of the dependeirbiarfor aread and time instant, with
sizeM.

D: total number of domains.
md: vector containing the time instants totatg within each domain, with sizB.
sigma2edt: vector containing the error variance$,, with sizeM.

sigma.0: Henderson 3 estimate of obtained as output dfi3area (see Section 3.1.2). It is used as
seed of the Fisher-scoring algorithm.

MAXITER: maximum number of iterations for the Fisher-scoring aldpon. Default value is 500.

The function returns a list of three elements. First elentleeta.f is the vector containing the REML
estimates 062 andp, second elemerfisigis the estimated Fisher information matfixand third element
Q is the inverse matrix appearing in the expressiof.of

BETA.U.area.autocorr

FunctionBETA.U.area.autocorr calculates the estimatﬁrand the predictofl. The function is
BETAU.areaautocorr <— function(X, ydt, D, md, sigm&edt sigmau rho).

The arguments are:

X: matrix containing the aggregated (population) valueg afixiliary variables, with dimensioM x p.
First column elements should be equal to 1 if the model ireduidtercept.
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ydt: vector containing the direct estimates of the variable tdrigst for area and time instant, with
sizeM.
D: total number of domains.
md: vector containing the time instants totatg within each domain, with sizB.
sigmaZ2edt: vector containing the error varianoeéd, with sizeM.
sigmau: estimated value of?, calculated by the functioREMLarea.autocorr .
rho: estimated value gb, calculated by the functioREMLarea.autocorr.
The function returns an array with the following elements:
beta: vector containing the estimated regression paramétewﬁh sizep.

u: vector containing the predicted random effagtsvith sizeM.

mse.area.autocorr

Functionmse.area.autocorrcalculates the estimator of the Mean Squared Error (MSE)eoBBLUP
Pdt = XgtB+ Ugt. The function is

mseareaautocorr <— function(X, D, md, sigm&edt sigmau rho, Fsig).
The arguments are:

X: matrix containing the aggregated (population) valueg afixiliary variables, with dimensioll x p.
First column elements should be equal to 1 if the model iredudtercept.

D: total number of domains.

md: vector containing the time instants totatg within each domain, with sizB.
sigma2edt: vector containing the error variance$,, with sizeM.

sigmau: estimated value af?, calculated by the functioREMLarea.autocorr.
rho: estimated value gb, calculated by the functioREMLarea.autocorr.

Fsig: estimated Fisher amount of information, calculated by tmefionREMLarea.autocorr.

~eblu
The function returns a vector containing the MSE estimatedYy, ), with sizeM.
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Interval.autocorr
Functionintervalo.autocorr calculates the asymptotic confidence intervalsopand@;. The function
is
Interval.autocorr <— function(fit, conf=0.95).
The arguments are:
fit: returned object, obtained by applying the funct®BMLarea.autocorr.

conf: interval confidence level 4 a. Default value is 0.95.

This function returns the semi-lengtegyma.std.errandbeta.std.err of the asymptotic confidence in-
tervals foraZ andp; respectively.

3.3 Examples of usage of R functions

This section demonstrates how the R routines describedapters 3.1 and 3.2 can be applied to produce
EBLUP estimates with their corresponding mean squaredserro

3.3.1 Example data set

Table 3.3.1.1 presents the data sets used in the examplee aitee10 domains (areas), 3 time periods,
2 independent variables1 andX2 for each domain and time period. Dependent variables eddloy

Y and the error variances Mar. There are are 30 observations. The dilgaExampléxt contains the
data, which should be sorted by domains and time periods.

Domain Time ones X X2 Y Var

11 1 1 0.414586518 0.188617372 0.07099622 0.000675053
11 2 1 0.410214326 0.196059524 0.072288837 0.000751033
11 3 1 0.430158306 0.203894195 0.082660682 0.001154806
12 1 1 0.416790574 0.191078693 0.146031284 0.001563715
12 2 1 0.39922138 0.186915951 0.082499785 0.000930011
12 3 1 0.430940532 0.187417706 0.078653447 0.001043772
21 1 1 0.419196102 0.148285289 0.301060532 0.001080062
21 2 1 0.402663325 0.148051767 0.241819175 0.000959909
21 3 1 0.399746159 0.144933539 0.237411987 0.001252906
22 1 1 0.385341527 0.150625093 0.305820376 0.001155839
22 2 1 0.381030859 0.154456747 0.263558025 0.001045748
22 3 1 0.371354065 0.151396774 0.285240927 0.00138958

31 1 1 0.405546324 0.163096412 0.179595403 0.000279276
31 2 1 0.418451155 0.160096774 0.171986758 0.000268098
31 3 1 0.422061454 0.152057299 0.160000387 0.000288642
32 1 1 0.38297778 0.172748583 0.179514009 0.000248195
32 2 1 0.392681888 0.163776148 0.183061881 0.000272611
32 3 1 0.401865322 0.159065292 0.188520565 0.000326651

Table 3.3.1.1.Data sedataExample
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Domain Time ones X X2 Y Var
41 1 1 0.449063901 0.127355842 0.353368205 0.001370052
41 2 1 0.452458366 0.123193508 0.249208975 0.001059773
41 3 1 0.45310808 0.129271701 0.317849199 0.001248913
42 1 1 0.438922319 0.131555109 0.335358187 0.001132905
42 2 1 0.426280132 0.140372377 0.322904936 0.001211021
42 3 1 0.441941803 0.12645344 0.353882106 0.001397947
51 1 1 0.375257147 0.168546499 0.208500731 0.002511227
51 2 1 0.384939766 0.152016046 0.329334406 0.00405833
51 3 1 0.389536232 0.170682902 0.335023497 0.00482337
52 1 1 0.350720286 0.151162941 0.204206531 0.002439803
52 2 1 0.373013185 0.133152685 0.389675949 0.004361985
52 3 1 0.381826881 0.145456107 0.452922541 0.005475034

3.3.2 Example of R code

Table 3.3.1.1 Data setlataExamplégcontinuation).
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An R code for reading the data file and applying the above destifunctions is needed. The file
Example.Rcontains this code and, for this example, is located in thdefoC:/Areatimemodel It is
important to take care on where to put this file and all the fioncR files. Note that undewindows
systemthe folder of the file is set by default installation. Oth&®the user can type the complete path.
But underLinuxthe folder is the same than the one used to execute R.
The R fileExample.Reontains a program with the instructions for fitting the des@| model to data
in file dataExample.txtFirst step is to open the files containing all the above described R functions,
i.e. H3.R, REMLindep.R, REMLautocorr.R, EstimationBETAinRegstimationBETAautocorr.R, Esti-
mationMSEindep.R, EstimationMSEautocorr.R, ICindeflRutocorr.Randpvalue Second step is to
read the data filelataExample.txtThird step is to run the application. The program createsragtxt
files in folder C:/Areatimemodel The new files contain the output of the program in what foidve

code inExample.Rs listed.

HHHHH R R HHHH
HitH

## Area-level time models

HHHt SAMPLE project

HtH

### Author: Agustin Perez Martin

### File name: Example.R

### Updated: November 25th, 2009

HitH

HHHHH R R HHHHHHHHH
### Establishing the folder where data and routine files are located.

setwd("C:/Areatimemodel/")
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### Call functions: H3area, REMLarea.indep, BETA.U.area.
#Hi# mse.area.indep, Interval.indep,

HiHH REMLarea.autocorr, BETA.U.area.autocorr,

indep,

#i# mse.area.autocorr, Interval.autocorr and p-value

source("H3.R")
source("REMLindep.R")
source("EstimationBETAindep.R")
source("EstimationMSEindep.R")
source("ICindep.R")
source("REMLautocorr.R")
source("EstimationBETAautocorr.R")
source("EstimationMSEautocorr.R")
source("lICautocorr.R")
source("pvalue.R")

### Reading data
data <- read.table(file = "dataExample.txt", header = T)

X <- as.matrix(data[,3:(ncol(data)-2)])
ydt <- data[,ncol(data)-1]

D <- length(unique(data[,1]))

md <- rep(length(unique(datal,2])), D)
sigma2edt <- data[,ncol(data)]

### Calculating H3 and REML variance estimates
sigma.0 <- H3area(X, ydt, D, md, sigma2edt)

### Model with independent time effects

### Arguments: (X, ydt, D, md, sigma2edt, sigma.0, MAXITER =

fit0 <- REMLarea.indep(X, ydt, D, md, sigma2edt, sigma.O=s

sigmau.hat <- fitO[[1]]

if(sigmau.hat<0) {
write.table(data.frame(sigmau.hat),
file="VAR.NEGATIVE.indep.txt", append=TRUE)
sigmau.hat <- 0

}
### Arguments: (X, ydt, D, md, sigma2edt, sigmau)

500)
igma.0)
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beta.u.hat <- BETA.U.area.indep(X, ydt, D, md, sigma2edt,
beta.hat0 <- beta.u.hat[1:ncol(X),]
Int0 <- Interval.indep(fit0, 0.90)
beta.hatO-IntO[[2]]
beta.hatO+IntO[[2]]
(pvalue0 <- pvalue(beta.hatO, fit0))
pvalue0>0.1
udt.hat0 <- beta.u.hat[-(1:ncol(X)),]

### EBLUP of the population parameter

mudt.hat.0 <- as.vector(X% * %pbeta.hat0 + udt.hatO)
sgrt.mse.0 <- sqgrt(mse.area.indep(X, D,md,sigma2edt,si
fit0[[2]]))

residuals.0 <- ydt-mudt.hat.0

Henderson3 <- sigma.0

BHHHHHH B HH R R HH R HH R

### Reading data
data <- read.table(file = "dataExample.txt", header = T)

X <- as.matrix(data[,3:(ncol(data)-2)])
ydt <- data[,ncol(data)-1]

D <- length(unique(data[,1]))

md <- rep(length(unique(datal[,2])), D)
sigma2edt <- data[,ncol(data)]

### Calculating H3 and REML variance estimates
sigma.0 <- H3area(X, ydt, D, md, sigma2edt)

### Model with time correlated effects

### Arguments: (X, ydt, D, md, sigma2edt, sigma.0, MAXITER =

fitl <- REMLarea.autocorr(X, ydt, D, md, sigma2edt, sigma.
sigmau.hat <- fit1[[1]][1]
rho.hat <- fit1[[1]][2]
if(sigmau.hat<0) {
write.table(data.frame(sigmau.hat),
file="VAR.NEGATIVE.autocorr.txt", append=TRUE, col.na

51

sigmau.hat)

gmau.hat,

BHHHHHHHHHHHR R

500)
O=sigma.0)

mes=FALSE)
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sigmau.hat <- 0
}
if(rho.hat < -1 || rho.hat > 1 ) {
write.table(data.frame(rho.hat),
file="COEFFICIENT OF CORRELATION OUT OF RANGE.txt",
append=TRUE, col.names=FALSE)
if(rho.hat < -1) {
rho.hat <- -0.8
}

else rho.hat <- 0.8

### Arguments: (X, ydt, D, md, sigma2edt, sigmau)
beta.u.hat <- BETA.U.area.autocorr(X, ydt, D, md, sigma2e dt,
sigmau.hat, rho.hat)
beta.hatl <- beta.u.hat[1:ncol(X),]
Intl <- Interval.autocorr(fitl, 0.90)
beta.hatl-Int1[[3]]
beta.hatl+Int1[[3]]
(pvaluel <- pvalue(beta.hatl, fitl))
pvaluel>0.1
udt.hatl <- beta.u.hat[-(1:ncol(X)),]

### EBLUP of the population parameter

mudt.hat.1 <- as.vector(X% * %beta.hatl + udt.hatl)

sgrt.mse.l <- sqgrt(mse.area.autocorr(X, D, md, sigma2edt , sigmau.hat,
rho.hat, fit1[[2]]))

residuals.1 <- ydt-mudt.hat.1

### Create .txt files in the folder that contains for
### the resulting output

write.table(data.frame(data[,1:2], Direct=ydt, EBLUP. O=mudt.hat.0,
EBLUP.1 = mudt.hat.1, sqgrt.mse.direct=sqrt(sigma2edt), sqrt.mse.0,
sgrt.mse.1),

file="EBLUP_Example.txt",
row.names=FALSE, sep="\t")

write.table(data.frame(names(data)[3:(ncol(data)-2) ], beta.hatO,
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Std.error.beta.hat0=Int0[[2]], beta.hatl,
Std.error.beta.hat1=Int1[[3]]),
file="beta_Example.txt",
row.names=FALSE, sep="\t")

write.table(data.frame(data[,1:2], udt.hatO, udt.hatl
file="u_Example.txt",
row.names=FALSE, sep="\t")

write.table(data.frame(data[,1:2], residuals.O, resid
file="res_Example.txt",
row.names=FALSE, sep="\t")

write.table(data.frame(names(data)[3:(ncol(data)-2)
beta.hatO, pvalueO,

beta.hatl, pvaluel),

file="pvalue_Example.txt",

row.names=FALSE, sep="\t")

write.table(data.frame(Henderson3),
file="H3_Example.txt",
row.names=FALSE, sep="\t")

rm(list=Is(all=TRUE))

3.3.3 Outputs
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uals.1),

Outputs of model 3.1 are labeled with “0” and outputs of mo#l@l with “1”. The resulting outputs
appear in the fileEBLUP Example.txt, beta Example.txt, u Example.txt, resrple.txtandH3 Exam-

ple.txtthey are:

"EBLUP Example.txt" output:

"Domain" "Time" "Direct” "EBLUP.0" "EBLUP.1"

11 1 0.07099622 0.0810870361440193 0.0885760701808574
11 2 0.072288837 0.0714371458327979 0.0762137925944318
11 3  0.082660682 0.052765034270926 0.0538737359735373
12 1 0.146031284 0.109117506760301 0.102837121921340

12 2 0.082499785 0.0971554778459163 0.106764441585287
12 3  0.078653447 0.0843765271001174 0.0885295192441997
21 1 0.301060532 0.274500665705542 0.266447830656762

21 2 0.241819175 0.251428302623275 0.255877074238007
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21 3  0.237411987 0.258537796783850 0.260107687775899
22 1 0.305820376 0.283098865615287 0.28319090899208
22 2  0.263558025 0.257285589812057 0.265416656672475
22 3 0.285240927 0.276171257611288 0.278843232596284
31 1  0.179595403 0.184281701245608 0.178946303365822
31 2 0.171986758 0.178743608216205 0.170751458760549
31 3 0.160000387 0.176197813417279 0.176946498998694
32 1 0.179514009 0.179403322361097 0.175353458075361
32 2 0.183061881 0.18819267495888 0.187602783590969
32 3 0.188520565 0.196045641946532 0.195173080779298
41 1 0.353368205 0.328880532968824 0.313891050763258
41 2 0.249208975 0.287780626070448 0.304526684502343
41 3 0.317849199 0.308344519206265 0.297811346284671
42 1 0.335358187 0.317365511683804 0.327043967075657
42 2  0.322904936 0.297114134229847 0.305165260878979
42 3 0.353882106 0.333682212237881 0.343986387001928
51 1  0.208500731 0.202743936123168 0.217921552265458
51 2 0.329334406 0.272296339000462 0.283812864935672
51 3  0.335023497 0.209031824984797 0.218745541751390
52 1 0.204206531 0.260791713818310 0.26913502405639
52 2 0.389675949 0.348727254435842 0.342316109985649
52 3  0.452922541 0.311715605292666 0.304711309262514

"sgrt.mse.direct” "sqrt.mse.0" "sgrt.mse.l1"

0.0259817820789876 0.0222492368527262 0.0252972335044 7

0.0274049812990266 0.0233016417373966 0.0252815935554 673
0.0339824366401234 0.0276158146322022 0.0291731520035 163
0.0395438364350249 0.0281434204926076 0.0291793759628 180
0.0304960817155254 0.0243856072652821 0.0261038788228 251
0.0323074604387284 0.0257724969473051 0.0280427446868 98
0.0328642967367324 0.0248947518737948 0.0270197642584 938
0.0309823982286717 0.0241802664409422 0.0257100094090 509
0.0353964122475711 0.0259738102143437 0.0276420314540 668
0.0339976322704979 0.0257435562716122 0.0273014024355 766
0.0323380271507091 0.0251764189235333 0.0260644239979 016
0.0372770707003649 0.0275971919369438 0.0287455620155 905
0.0167115528901416 0.0155811019725347 0.0218917272635 606
0.016373698421554 0.0153266667694242 0.02223285644593 53
0.0169894673253754 0.0158295168167019 0.0219648135137 690
0.0157542057876619 0.0149352292491623 0.0217904387722 267
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0.0165109357699677
0.0180734888718255
0.0370142134861731
0.0325541548807522
0.0353399632144687
0.0336586541620428
0.0347997270104235
0.0373891294362412
0.0501121442367017
0.0637050233498113
0.0694504859594229

0.0154673378691320
0.0166336789434665
0.0278643356937977
0.0263980146010989
0.0273638999999272
0.0260350821153883
0.0258673070510146
0.0277340978267927
0.0301782165013877
0.0314629079368649
0.0314451804811292

0.0222683939673
0.0221892735173
0.0285147125903
0.0268870621864
0.0282672691197
0.0277529991368
0.0262767739803
0.0290881039736
0.0317869641656
0.0317167152903
0.0329894046030

0.04939436202645 0.0328545769793037 0.034436945117198
0.0660453253455534 0.0342088762681202 0.0338925210978
0.0739934726850957 0.032842871228608  0.03366429691259

"beta Example.txt" output:

"names.data..3..ncol.data....2.. "

"beta.hat0" "Std.error.beta.hat0"
"ones" 1.10551525071017 0.289971666456405
"X1" -0.669666738329566 0.595923529114958
"X2" -3.87902568140871 0.666469527559167

"beta.hatl" "Std.error.beta.hatl”
"ones" 0.996423126478698 0.344512091727891
X1 -0.488073608903706 0.698080746499988
"Xa2" -3.63831553531472 0.843460606017086

"u Example.txt" output:

"Domain" "Time" "udt.hat0" "udt.hat1"

11 1 -0.0151417833538597 -0.0192488034769234
11 2 0.00114871351187552 -0.0066681353538353
11 3 0.0262233120003018 0.0092309435331532
12 1 0.0239121976242283 0.00504305226140131
12 2 -0.0159627192542945 -0.0147500568838680
12 3 -0.00555408840689845  -0.0156781552255283
21 1 0.0249095455482918 0.0141319291469034
21 2 -0.0101401062182701 -0.00535766612788023
21 3 -0.0170798275905686 -0.0138959417024322

919
991
474
523
796
032
480
661
460
283
183

683
01
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22
22
22
31
31
31
32
32
32
41
41
41
42
42
42
51
51
51
52
52
52

W NEFEF WONPFPFWNEFEPEWODNRPWODNMNP WONEOWODN P

0.0199126224457154
0.00607571993117639
0.00661144680352257
-0.0169974947363216
-0.0255293245181901
-0.0568427521514347
0.000451742320188551
-0.0190646925190417
-0.0233354166433626
0.0181050219383043
-0.0368675251357491
0.00770892659885395
0.0160875850499344
0.0215725644741984
0.0146368285366828
0.00232211321187295
0.0142365922610651
0.0264593924546214
-0.0234928966839586
0.00950921134206837
0.0261250911590495

"res Example.txt" output:

"Domain” "Time"

11
11
11
12
12
12
21
21
21
22
22
22
31
31
31
32

1

P WONEFEF WONPFPWOWONREFEOWODNMNPEPWDN

"residuals.0"
-0.0100908161440193
0.000851691167202129
0.029895647729074
0.0369137772396989
-0.0146556928459163
-0.0057230801001174
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0.0228644281268613
0.0169270187938618
0.0144974596439298

-0.0261441556468742
-0.0389541223494046
-0.0602471372373828
-0.00563446795630265
-0.0212933730780450
-0.0263804646846378
4.90153569384333e-06
-0.0228466003977432
-0.00713044634013867

0.0234862376843940

0.0275172167976236

0.0233409064848382
0.0178768815245654

0.0283510210380592

0.0334430237828832

-0.00613231011438557
0.0124023572829343
0.0238630203744320

"residuals.1"
-0.0175798501808574
-0.00392495559443180

0.0287869460264627
0.0431941620786601

-0.0242646565852869
-0.0098760722441997

0.0265598662944575
-0.00960912762327454
-0.0211258097838496
0.0227215103847131
0.00627243518794296  -0.00185863167247524
0.0090696693887124  0.00639769440371557
-0.00468629824560846 0.000649099634178196
-0.00675685021620515 0.00123529923945057
-0.0161974264172793  -0.0169461119986940
0.000110686638902596 0.00416055092463880

0.0346127013432377
-0.0140578992380065
-0.0226957007758992

0.0226294670079202
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32 2 -0.00513079395887975 -0.00454090259096904
32 3 -0.00752507694653232 -0.00665251577929787
41 1 0.0244876720311756  0.0394771542367417
41 2 -0.0385716510704477  -0.0553177095023425
41 3 0.00950467979373487  0.0200378527153294
42 1 0.0179926753161957  0.00831421992434317
42 2 0.0257908017701525  0.0177396751210214
42 3 0.020199893762119  0.00989571899807246
51 1 0.00575679487683178  -0.00942082126545776
51 2 0.0570380669995378  0.0455215410643282
51 3 0.125991672015203  0.116277955248610

52 1 -0.0565851828183103  -0.06492849305639
52 2 0.0409486945641577  0.0473598390143509
52 3 0.141206935707334  0.148211231737486

"pvalue Example.txt" output:
"names.data..3..ncol.data....2.. "

"beta.hat0" "pvalueQ"
"ones" 1.10551525071017 3.58748940379529e-10
"X1" -0.669666738329566 0.0645448111231833
"X2" -3.87902568140871 1.03371377940706e-21

"beta.hatl" "pvalorl”
"ones" 0.996423126478698 1.96135137530811e-06
"X1" -0.488073608903706 0.250133966757249
"X2" -3.63831553531472 1.29192448422908e-12

"H3 Example.txt" output:
0.00101519275290970

57



58

Chapter 3. Area-level time models



Chapter 4

Area-level partitioned time models

4.1 Partitioned Fay-Herriot model 1

4.1.1 The methodology

Consider the model (model 1)
Yot =XdtB+Ugt +€q, d=1,...,.D=Da+Dg, t=1... m, (4.1)

whereyy; is a direct estimator of the indicator of interest for domdiand time instant, andxg; is a
vector containing the aggregated (population) valuep abixiliary variables. The inded is used for
domains and the indeixfor time instants. We assume that the random effagts are all independent
and i.i.d. N(0,0%) if d < Da and i.i.d. N(0,03) if d > Da. We also assume that the erreg's are
independentN(0,03,) with known 03,’s. Finally, we assume that they’s and theey's are mutually
independent. In matrix notation the model is

y=XB+Zu-+e,

where vectory, u ande can be decomposed in the fokm= (Vj,,vg)', withva = dc%l (Vg), Vg = dc%l (Vg)
<Da >Da
andvy = l<(t:c<)l (Var), matrix X can be similarly decomposed in the fobh= (X, Xg), with Xa =
<t<my

col (Xg), Xg = col (Xg), Xg = col (Xgt), Xat = col' (Xq4tj). The rest of the terms afg=
ngA( ), Xs d>DA( d), Xd 1§t§md( dt), Xat 1§j§p(xdtj) &= Bpx1,
Z =1Iu, M =Ma+Mg, Ma = Y4<p, Mg andMg = 3 4-p, My, Wherely denotes the identitiyl x M
matrix. In this notationu ~ N(0,V,) ande~ N(0,V,) are independent with covariance matrices

Vy = var(u) = diag(0alm,,03lms), Ve=var(e) = diag (Ved), Vea= diag (03).
1<d<D 1<t<my

The covariance matrix of vectgris V = var(y) = diag(Va, Vg), whereV 4 = diag(V4), Vs = diag(Vy),
d<Da d>Da

Vg = 0%l m + Veqif d <DpandVy = 03lm, + Veqif d > Da.
If 0% > 0 ando? > 0 are known, the best linear unbiased estimator (BLUE isf

E — (leflx)flxlvfly
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and the best linear unbiased predictor (BLUPYaG$
A:Vuzlvil(y_XB) dlag(oAIMmoBIMB) 1COI ( )(y_XB)v

so that
Gd: 0-AVd (yd_de) d:17"'7DA7
o3V, Yyg—XgB), d=Da+1,...,D,

or equivalently

02 o3

ml{d>DA}(d) (ydt—thﬁ)> d=1,...,D,t=1,...,my.

By substitutingo and o3 by suitable estimators, we obtain the empirical BLUE (EBL)WE B and
the empirical BLUP (EBLUP) ofi. They will be denoted in the same manner as their correspgndi
non-empirical versions, i.@ andu.

The loglikelihood of the restricted (residual) maximunelikood method is

M — 1 1 1
lrem = Ireml(o-,%ao-%) == 2 P log 2rt+ - IOg|X/X| - E IOg|VA| - E IOg|VB|

- Iog|XAV XA+ XEVgiXa| — —yPy,

where
P=Vv1_-vIXxXVvIX)"Ix'vl PVvP=P, PX=0.

Let® = (81,6;) = (0%,03), then

oV o
V1= —5 =diag(lm,, dlag(Onhxmd)) V2 = — = diag(diag(Omgxm): I vs)
a d>Da 00'5 d<Da
and oP oV
Pa:—aea:—P—aeaP_—PVaP a=1,2.

By taking partial derivatives dfem with respect t®,, we get the scores

. alreml o 1 1 ! —
S= g, = 5"(PVa)+3YPVaPY, a=12

By taking again partial derivatives with respectpand®y, taking expectations and changing the sign,
we get the Fisher information matrix components

1
Fap = Etr(PVaPVb), ab=12
To calculate the REML estimate 6fwe apply the Fisher-scoring algorithm with the updatingrfala

ekJrl ek_|_ E- (ek)s(ek)’



4.1. Partitioned Fay-Herriot model 1 61

whereS andF are the column vector of scores and the Fisher informatictnixmaspectively. As seeds

we useoa” = 02% = G2, whereG?, is the Henderson 3 estimator under model wifh= 02 as
follow:
g2, _ YPyY-M-p)
uH tr{Pz} ’
whereQz = 38_; (X;VeiXa) " and
P, = diag(V:l)— col (VoiX col (X/y-1

D my D
tr{Py} = ; Zloitz_ ;tr{xgvgdzdez},
=1t= =1

D my D D !
yPy = oxYa— | S YaVedXa | Q2| § VaVeaXa | -
dgltzi dt Ydt dgl dVed le dVed
The REML (EBLUE-REML) estimator of is

~

B=(X'V X)XVl
The asymptotic distributions of the REML estimatorandf3 are

6~ N2(B,F1(8)), B~ Np(B,(X'V"1X)).
Asymptotic confidence intervals at the level-Ir for 8, andf3; are

OatzypVEK, a=12, Bjtz g’ j=1,....p,

.....

Fisher-scoring algorithm arg is the a-quantile of the standard normal distributidi{0,1). If Bjo is
the observed value ¢¥;, then thep-value for testing the hypothesiy : B; =0 is

p = 2Py, (B; > IBjol) = 2P(N(0,1) > [Bjol / v/} )-

We are interested in predicting the value 1gf = Xq:3 + ugt by using the EBLURg; = xdtﬁ+
Uqt. If we do not take into account the erragy, this is equivalent to predioty = a'y, wherea =

col ( col (o is a vector having one 1 in the position- 92 m, and 0’s in the remaining cells.
5 KD(KKSW( deOtk)) g p Ry, g

. o oeblup ~eblup
To estimateY 4t we useYy = Hgt. The mean squared error6f;  is

~eblup

MSE(Yy ) =01(0)+02(6) +93(8),

~eblup

and the estimator dfISE(Yy, ) is

~eblup

msdYq ) =01(0) +02(8) +293(6),
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whered = (0%,03), ag = (&). The expressions fay — gs are
md
020G ;
6:(0) oA oAadVd a4 = o rat, if d<Da
1 pu—
—ofaVy'tag = o‘;fég if d > Da

02(0) = a(jxd—oAadv iXa+0paVelVoiXa] Q

[Xgad — OAXdVedad +0AXyV o Vatay] if d<Da
[alX g — 088GV og Xa + 0gayV g Vi Xa] Q
[Xgaq — OBXdVedad +08XVeiVgtay] if d>Da
c11].':1]_ ) if d < DAa
0) = .
93( ) { QQ2F2_21, if d > Da,

whereFy, is the REML Fisher amount of information appearing in theatpdy equation of the Fisher-
scoring algorithm and

-
i = [8gVgTad— 20384V e + 0A8yV 4 °ad] lig<p,y (d) = > )3 3la<pa}(d)

(03 + 03

0-4
a )3|{d>DA}(d)'

G2 = [a&yVg'as— 2038V %ay+ 0gayVg3ad] lig=p,) (d) = G AL

4.1.2 The Software: description of R functions for model 1

This section describes the R functions that have been imgsiead for fitting the partitioned area-level
model with independent time effects (4.1). An example of howse these functions is given in the next
section and the related codes are listed in Appendix 18.1.

The developed R software contains a series of functionsrétatn, as final output, the EBLUP
estimates of interest. We recall that R functions are objefh the form

name <— function(args,argy,...) {expression.

R functions allows to define a dependent variaideneas output of a given procedure, when inputs
variables ararguments Theexpressiorwithin curly brackets contains the needed calculationdtaia
namefrom arguments The function codes appearingempressiorare listed in Appendix A 18.1.

A brief descriptions of programmed R functions is given ia tfext subsections. The functions can
be used for calculating the Henderson 3 and the REML variastimates, th@ estimate, the predictor,
the EBLUPs and the MSEs of EBLUPs.

H3area
FunctionH3area calculates the unbiased Henderson 3 estimatog @ind has the form
H3.area <— function(X, ydt, D, md, sigm&edt).

The arguments are:
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X: matrix containing the aggregated (population) valueg afixiliary variables, with dimensioM x p.
First column elements should be equal to 1 if the model iredudtercept.

ydt: vector containing the direct estimates of the dependeidharfor aread and time instant, with
sizeM.

D: total number of domains.
md: vector containing the time instants totatg within each domain, with sizB.

sigmaZ2edt: vector containing the known error varianccﬁg, with sizeM.

REMLarea

FunctionREMLarea calculates the estimate of, 03 and the Fisher amount of informatidhfor the
Restricted Maximum Likelihood (REML) method. The functien

REMLarea<— function(X, ydt, D, Da, Db, md, sigm&edt sigma0, MAXITER= 100).

The arguments are:

X: matrix containing the aggregated (population) valueg afixiliary variables, with dimensioM x p.
First column elements should be equal to 1 if the model ireduidtercept.

ydt: vector containing the direct estimates of the dependeirharfor aread and time instant, with
sizeM.

D: total number of domains.

Da: total number of domains of the group A.

Db: total number of domains of the group B.

md: vector containing the time instants totatg within each domain, with sizB.
sigmaZ2edt: vector containing the error variance$,, with sizeM.

sigma.0: Henderson 3 estimate of obtained as output dfi3area. It is used as seed of the Fisher-
scoring algorithm.

MAXITER: maximum number of iterations in the Fisher-scoring aldonit Default value is 100.

The function returns a list of six elements. First two eleta@mesigma.faandsigma.fbthe REML esti-
mates ofoZ, the third elemenE is the estimated Fisher information matFix the forth elemenkTER is
the indicator of the maximum iteration when the algorithiwpsthe loop without convergence, the fifth
elementQ is the inverse matrix appearing in the expressioﬁ,(z{nd the last one elemeRad is the sum
of iterations of the algorithm which stopped without comearce.
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BETA.U.area

FunctionBETA.U.area calculates the estimatfirand the predictoii. The function is
BETAU.area <— function(X, ydt, D, Da, Db, md, sigm&edt sigmaua sigmaub).

The arguments are:

X: matrix containing the aggregated (population) valueg afixiliary variables, with dimensioM x p.
First column elements should be equal to 1 if the model iredudtercept.

ydt: vector containing the direct estimates of the variable tdragst for area and time instant, with
sizeM.

D: total number of domains.

Da: total number of domains of the group A.

Db: total number of domains of the group B.

md: vector containing the time instants totatg within each domain, with sizB.
sigmaZ2edt: vector containing the error varianceéd, with sizeM.

sigmaua: estimated value of3, calculated by the functioREMLarea.
sigmaub: estimated value a3, calculated by the functioREMLarea.

The function returns an array with the following elements:

beta: vector containing the estimated regression paramétemsi;th sizep.

u: vector containing the predicted random effagtsvith sizeM.

mse.area

Functionmse.areacalculates the estimator of the Mean Squared Error (MSEh®fBEBLUP{ig; =
XgtPB + Ugt. The function is

msearea <— function(X, D, Da, Db, md, sigm&edt, sigmaua sigmaub F11 F22).
The arguments are:

X: matrix containing the aggregated (population) valueg afixiliary variables, with dimensioM x p.
First column elements should be equal to 1 if the model iredudtercept.

D: total number of domains.

Da: total number of domains of the group A.
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Db: total number of domains of the group B.

md: vector containing the time instants totatg within each domain, with sizB.
sigma2edt: vector containing the error variancegd, with sizeM.

sigmaua: estimated value a2, calculated by the functioREMLarea.

sigmaub: estimated value of3, calculated by the functioREMLarea.

F11: element of Fisher information matrix F11, calculated byfthectionREMLarea.

F22: element of Fisher information matrix F22, calculated byfthectionREMLarea.

. - . seblup
The function returns a vector containing the MSE estimatsgY ;, ), with sizeM.

Interval

Functioninterval calculates, within the same file, the asymptotic confidentarvals foro,%, 0% andp;
and the asymptotip-value of test statisticg; for the null hypothesis$iy : 3; = 0.

The first function is
Interval <— function(Fisher conf= 0.95).

The arguments are:
Fisher: returned object of Fisher information matrix, obtained pplging the functiorREMLarea.
conf: interval confidence level 4 a. Default value is 0.95.

This function returns the semi-lengthgyma.std.errandbeta.std.err of the asymptotic confidence in-
tervals fora3, 03 andp,; respectively.

The second function is
pvalueBeta<— function(betal.hat, Fisher).
The arguments are:
beta0.hat: observed value qii, calculated by the functioBETA.U.area.
Fisher: returned object of Fisher information matrix, obtained pplging the functiorREMLarea.

This function returns the vect@*p.beta containing the asymptotip-values for hypothesel :
Bi=0,i=1,...,p, with sizep.
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4.2 Partitioned Fay-Herriot model 2

4.2.1 The methodology
Let us consider the model (model 2)
Yot = XdtB+Ugt +€t, d=1,...,D=Da+Dg, t=1...,my, 4.2)

whereyy; is a direct estimator of the indicator of interest for adeand time instant, andxy; is a vector
containing the aggregated (population) valuep elixiliary variables. The inded is used for domains
and the index for time instants. We assume that the random vegiafs . . . , Ugn, ), d < D, follow i.i.d.
first order auto-regressive processes with variance andcautelation parametecé andp respectively;
in short,(Ugy, - - -, Uam, ) ~iia ARL(0%,p), d < Da. We further assume thétlys , . - . , Ugm, ) ~iia ARL(03,p),
d > D, and that the errorgy’s are independerti(0,07,) with knowna?,’s. Finally we assume that the
(Ud1,---,Udmy)’s and theey:’s are mutually independent.

In matrix notation the model is

y=XB+Zu+e,

where vectorg, u andecan be decomposed in the fous= (V),,vg)', withva = dc%l (Vg), VB = dc%l (Vg)
<Da >Da

andvyg = 1<ct:gl (Var), matrix X can be similarly decomposed in the folh= (X, Xg)’, with Xa =
<t<mg

col (Xgq), Xg = col (Xgq) andXq= col (X4i), B= . Z =1y andM = yD2_ . In this notation,

ngA( d), X8 d>DA( d) d 1gtgmd( dt), B=Bpx1 M Yd-1Md

u~ N(0,V,) ande~ N(0,V,) are independent with covariance matrices

Vy = var(u) = diag(02Qa,03Qg), Ve=var(e) = diag (Veq)

1<d<D
whereQa = diag(Qq), Qs = diag(Qq), Vea = diag (03,) and
d<Da d>Da 1<t<my
1 p pmu—2 pmut
L P 1 pm?
pmu2 o1 p
pma—l pmi—2  p 1

Mg XMy

The covariance matrix of vectgris V = var(y) = diag(Va,Vg), whereV = diag(Vy), Vg = diag(Vq),
d<Da d>Da

Vg= O%Qd +Veqif d<DpandVy = O'%Qd +Vegqif d > Da.
If 0% > 0, 03 > 0 andp are known, the best linear unbiased estimator (BLUH) isf

E — (leflx)flxlvfly

and the best linear unbiased predictor (BLUPua$

=V, Z'V Yy — XB) = diag| o4 diag(Qq),03diag(Qq) | col (Vi) (y—Xp),
d<Da d>Da 1<d<D
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so that R
Gd _ O%deal(yd - XdE)v d= 17 ceey DAv
03Q4Vyt(ya— XaB), d=Da+1,...,D.
The loglikelihood of the restricted (residual) maximurnrelikood method is
M — 1 1 1
Ireml = Irem|(0/§,0%,p) = 2 P IOg 2+ E |09|X/X| - E |09|VA| - E |09|VB|

1 B B 1
-3 log | XAV x*Xa + X5Vg Xg| — Ey’Py,

where
P=V1-vIX(XVIX)"X'V7L PVP=P, PX=0.

Let® = (64,6,,03) = (0%,03,p), then

ov . . i
A d<Da d>Da

ov . . i
V2 — 0_2 = dlag <d|ag(0md><md)a dlag(Qd(p))> )
O'B d<Da d>Da

aV . . . . .
Vs = — =diag| oidiag(Qq(p)),05diag(Qq(p)) |,
op d<Da d>Da

whereQ(p) = aQ(p)/dp. Then

oP ov
Pa=—— =—-P_—P=—-PV,P =123
a aea aea al a ) &
By taking partial derivatives dfem with respect td,, we get the scores
alrem| 1 1 /
= = ——tr(PV —y PV,P a=123.
Sa aea 2 r( a) + 2y al y7 ) &

By taking again partial derivatives with respectpand@y, taking expectations and changing the sign,
we get the Fisher information matrix components

Fap = %tr(PVaPVb), ab=123
To calculate the REML estimate we apply the Fisher-scorlggrahm with the updating formula
Bt = 64+ F1(84)5(8Y),

whereS andF are the column vector of scores and the Fisher informatictnixmaspectively. As seeds
we usep© =0, andoa? = 62% = 62, whereG?, is the Henderson 3 estimator under model with

p =0 andoZ = 0. The REML estimator op is

Ereml = (X/vilx)ilxlvily-



68 Chapter 4. Area-level partitioned time models

The asymptotic distributions of the REML estimatorSaind are
0~ Ng(8,F1(8)), B~ Np(B,(X'V X))
Asymptotic confidence intervals at the level-1r for 6; andf3; are

Oat zo/ovi, =123, Bj£Zp0)% i=1....p,

whered = 6%, F~1(8%) = (Vap)ap-123, (X'V"L1(O)X)"L = (qij)ij-1...p, K is the final iteration of the
Fisher-scoring algorithm argg is thea-quantile of the standard normal distributibiiO,1)). Observed
B; = Bo, the p-value for testing the hypothesit : Bj =0 is

p= 2Py, (B; > Bol) = 2P(N(0,1) > Bo/ /) )-

We are interested in predicting the value 1gf = xqt + ugt by using the EBLURIy = xdtﬁ+
Ugt. If we do not take into account the erray:, this is equivalent to predioty = a'y, wherea =
col ( col (d is a vector having one 1 in the positio L my and O's in the remaining cells.
1S£SD(1§k§mf;( ) 9 p Ay m g

. — =eblup ~eblup
To estimater 4t we useYy, = Hgt. The mean squared error 6f;

~eblu

MSE(Yq ) = 01(8) +92(6) + gs(6),

~eblup
and the estimator dfISE(Yy, ) is

msaVy ) = 01(8) +52(8) + 2g5(6),

wheref = (0%, 03, p), a4 = 1<(|:<2|rm(6tk)' The expressions fay; — gz are

6.(0) 028, Qqag — 048, Q4V 4 Qqaq  if d < Da
088, Qqag — 0ga,QaV 4 Qqaq  if d > Da
gz(e) = [ /Xd — oAadeV Xd + oAadeVd 1QdV ] Q
[Xiyag — OAX 4V oq Qaad + 0AX GV o dedlndad] if d<Da
= [a{jxd — oBadeV Xd + oBadeVd 1deedlxd] Q
[Xiyag — 05X 4V o Qaad + 08XV o QaV g Qeag]  if d > Da
-1
Oi1 Ohs Fi1 Fi3 ) :
tr ifd<D
%(8) = {< 031 Os3 ) < Fa1 Fs3 } = A

-1
02 O3 Fo P23 .
tr{ < 032 Os3 > < F2 Fa3 > j ifd>Da
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whereF,, are the REML Fisher amount of information calculated by théating equation of the Fisher-
scoring algorithm and

Gu = [aQaVg'Quag —20285Q4V ¢ QaVy ' Quag + 04854V g1 Q4V 1 QaV 1 Qqad] {g<p,; (d),
022 [aQaV g Qqaq — 20883Q4V 4 1Q4V g 1Quag + 08aQaV g 1 QaV 4 1Q4V g Qaad] g, (0),
Gz = [0AdQqVq'Quag —20283Q4V g QaV g Quag + 0383QaV g QaV g QaV g Quag] la<p,) (d)
+  [ofayQaVy Qaag — 2083 QqV 4 1QaV g Qaay + 0883 QaV g QaV ¢ 1QaV g Qqad] 11a= b, (d),
iz = [048;QaVq'Quad — 0Aa;Q4V g QaV g Quad — 0AgyQaV 4 1QaV ¢ Quag
+  0%85QaVg1QaVQqV Quag] lg<p,y (d) where gy = ays,
s = [088;QaV 4 Quay — 088 QaVy QaVy Qe — 0gayQaV 4 1QaV Quag

+  08ayQaVg QaV 1QqV Qgag] ligsp,y (d)  where g2 = gps.

4.2.2 The Software: description of R functions for model 2

This section describes the R functions that have been ingyitad for fitting the partitioned area-level
model with correlated time effect (4.2). A brief descripisoof programmed R functions is given in
the next subsections and the related R codes are listed ian8ippB 18.2. The functions can be used
for calculating the Henderson 3 and the REML variance eséisydahep estimate, thai predictor, the
EBLUPs and the MSEs of EBLUPs.

H3area

FunctionH3area calculates the unbiased Henderson 3 estimatog @nd has the form
H3.area <— function(X, ydt, D, md, sigm&edt).

The arguments are:

X: matrix containing the aggregated (population) valueg afixiliary variables, with dimensioM x p.
First column elements should be equal to 1 if the model iredudtercept.

ydt: vector containing the direct estimates of the dependeihlarfor aread and time instant, with
sizeM.

D: total number of domains.
md: vector containing the time instants totatg within each domain, with sizB.
sigmaZ2edt: vector containing the known error varianc%, with sizeM.

The function returns the value of the Henderson 3 estimadi .of
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REMLarea.corr

FunctionREMLarea.corr calculates the estimate of, 03, p and the Fisher amount of informatién
for the Restricted Maximum Likelihood (REML) method. Thenfttion is

REMLareacorr <— function(X, ydt, D, Da, Db, md, mda mdh sigm&edt
sigma0, MAXITER= 100).
The arguments are:

X: matrix containing the aggregated (population) valueg afixiliary variables, with dimensiol x p.
First column elements should be equal to 1 if the model ireduidtercept.

ydt: vector containing the direct estimates of the dependeimbarfor aread and time instant, with
sizeM.

D: total number of domains.

Da: total number of domains of the group A.

Db: total number of domains of the group B.

md: vector containing the time instants totatg within each domain, with sizB.
mda: vector containing the time instants totahg within each domain, with sizBa.
mdb: vector containing the time instants totatg within each domain, with sizBg.
sigmaZ2edt: vector containing the error varianceéd, with sizeM.

sigma.0: Henderson 3 estimate of obtained as output dfi3area. It is used as seed of the Fisher-
scoring algorithm.

MAXITER: maximum number of iterations in the Fisher-scoring aldgonit Default value is 100.

The function returns a list of four elements. The first elemetheta.f, a vector containing the REML
estimates oﬁ,ﬁ, 03 andp, the secondsigis the estimated Fisher information matFixthe third element
ITER is the indicator of the maximum iteration when the algoritbtop the loop without convergence
and the last one elemead is the sum of iterations of the algorithm which stopped withepbnvergence.
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BETA.U.area.corr

FunctionBETA.U.area.corr calculates the estimatfirand the predictoii. The function is
BETAU.areacorr <— function(X, ydt, D, Da, Db, md, mda mdh sigm&edt,
sigmauasigmaubrho).
The arguments are:

X: matrix containing the aggregated (population) valueg afixiliary variables, with dimensioM x p.
First column elements should be equal to 1 if the model ireduidtercept.

ydt: vector containing the direct estimates of the variable tdrigst for area and time instant, with
sizeM.

D: total number of domains.

Da: total number of domains of the group A.

Db: total number of domains of the group B.

md: vector containing the time instants totatg within each domain, with sizB.
mda: vector containing the time instants totafg within each domain, with sizBa.
mdb: vector containing the time instants totahg within each domain, with sizBg.
sigmaZ2edt: vector containing the error variance$,, with sizeM.

sigmaua: estimated value of3, calculated by the functioREMLarea.corr .
sigmaub: estimated value of3, calculated by the functioREMLarea.corr .

rho: estimated value gb, calculated by the functioREMLarea.corr .

The function returns an array with the following elements:

beta: vector containing the estimated regression paramétewﬁh sizep.

u: vector containing the predicted random effagtsvith sizeM.
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mse.area.corr

Functionmse.area.corrcalculates the estimator of the Mean Squared Error (MSH)eEBLUPHy: =
XgtPB + Ugt. The function is

mseareacorr <— function(X, D, Da, Db, md, mda mdh sigm&edt sigmaua
sigmaub rho, F11 F22 F33 F13 F23).
The arguments are:

X: matrix containing the aggregated (population) valueg afixiliary variables, with dimensiol x p.
First column elements should be equal to 1 if the model ireduidtercept.

D: total number of domains.

Da: total number of domains of the group A.

Db: total number of domains of the group B.

md: vector containing the time instants totatg within each domain, with sizB.
mda: vector containing the time instants totatg within each domain, with sizBa.
mdb: vector containing the time instants totatg within each domain, with sizBg.
sigma2edt: vector containing the error variance$,, with sizeM.

sigmaua: estimated value of, calculated by the functioREMLarea.corr .
sigmaub: estimated value a3, calculated by the functioREMLarea.corr .

rho: estimated value gb, calculated by the functioREMLarea.corr .

F11, F22, F33, F13, F23:elements of Fisher information matrix F, calculated by thiection REM-
Larea.corr.

. o . ~eblup ) .
The function returns a vector containing the MSE estimategY 4, ), with sizeM.

Interval.corr
Functioninterval.corr calculates, within the same file, the asymptotic confidentervals forc,%, 03,
p andf; and the asymptotip-value of test statisticf; for the null hypothesi$iy : B; = 0.
The first function is
Interval.corr <— function(Fisher conf=0.95).

The arguments are:
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Fisher: returned object of Fisher information matrix, obtained pplging the functiorREMLarea.corr .

conf: interval confidence level 4 a. Default value is 0.95.

This function returns the semi-lengtsggma.std.err, rho.std.err and beta.std.err of the asymptotic
confidence intervals fomi, 03, p andp; respectively.

The second function is
pvalueBeta<— function(betal.hat, Fisher).

The arguments are:

beta0.hat: observed value cﬁ%i, calculated by the functioBETA.U.area.corr.
Fisher: returned object of Fisher information matrix, obtained pplging the functiorREMLarea.corr .

This function returns the vect@*p.beta containing the asymptotip-values for hypothesel :
Bi=0,i=1,...,p, with sizep.

4.3 Partitioned Fay-Herriot model 3

4.3.1 The methodology

Consider the model (model 3)
Ydt = XdtP+Ust +€st, d=1,...,.D=Da+Dg, t=1,...,mg, (4.3)

whereyy; is a direct estimator of the indicator of interest for ackand time instant, andxgy; is a
vector containing the aggregated (population) valuep @fuxiliary variables. The inded is used
for domains and the indek for time instants. We assume that the random vectogs,. .., Udm,),
d < D, follow i.i.d. first order auto-regressive processes wihiance and auto-correlation parame-
tersoﬁ andpa respectively; in short(Ugs, . . ., Udm,) ~iid ARl(cri, pa), d < Da. We further assume that
(Ud1, - - -, Udmy ) ~iid AR1(03,ps), d > Da, and that the errongy’s are independerit (0, cﬁt) with known
ogt's. Finally we assume that tHeiq1, . . ., Uam,)'s and theey:’s are mutually independent.
In matrix notation the model is
y=XB+Zu-+e,
where vectorg, u ande can be decomposed in the fokm= (Vj,,vg)', withva = d(i%I (Vg), Ve = dC%I (Vg)
<Da >Da
andvyq = 1<(%gl (Vgt), matrix X can be similarly decomposed in the foih= (X4, Xg)’, with Xa =
<t<my
col (Xq), Xg = col (Xq) andXq= col (Xq),B= ,Z=IlyandM =yE_ . In this notation,
ngA( d), Xs d>DA( d) d 1gtgmd( dt), B=Bpx1 M 2d=1Md
u~ N(0,V,) ande~ N(0,V,) are independent with covariance matrices

Vy = var(u) = diag(03Qa, 03Q8), Ve=var(e) = diag (Veq)
1<d<D
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whereQa = diag(Qq), Qs = diag(Qq), Vea= diag (03,) and

d<Da d>Da 1<t<my
1 p ... pm2 pm-l
1 P 1 pme—2
deﬂd(p)=1_p2 : : ., P=Pa,Pe.
pmj—Z 1 0
pma—l pmi—2  p 1

Mg x Mg
The covariance matrix of vectgris V = var(y) = diag(Va,Vg), whereVa = diag(Vg), Vg = diag(V4),
d<Da d>Da
Vg = 03Qq + Veqif d < DaandVy = 03Qq + Veg if d > Da.
If 0% > 0, pa, 03 > 0 andpg are known, the best linear unbiased estimator (BLUH) isf
E: (leflx)flxlvfly
and the best linear unbiased predictor (BLUPua$
0 =V,Z'V-Yy - XPB) = diag| oZdiag(Qq), 0B diag(Qq) | _col (Vg (y—XB),
d<Da d>Da 1<d<D

so that

ded (Yd—XdB) d=Da+1,...,D.
The loglikelihood of the restricted (residual) maximurnrelikood method is

M — 1 1 1
llem = Ireml(o-ivavo-éva) = - 2 P log 2+ > IOg|X/X| ) log|Val — > log |V

ad:{ 0304V (ya—XaB), d=1,....Da,

1 B B 1
_ élog|X’AVA1XA+X{3V51XB|—Ey’Py,

where
P=v1-vIX(xXv-iIX)"IxX'v-l PVP=P, PX=0.

Let® = (81,62,63,64) = (0%, Pa,03,P8), then

Vi = :V —dlag<d|ag(Qd(pA)) dlag(Odemd)>

d<Da d>Da
V, = g oZdiag(Q4(pa)), diag(Omxm,) | »
apA d<Da d>Da
Vs = = diag(Omyxmy)s dlag(Qd(pB))
ao d<Da d>Da
V, = =diag| diag(Omxmy) GBdlag(Qd(pB))
apB d<Da d>Da
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whereQ(p) = aQ(p)/dp. Then

oP ov
a aea aea a a ) &9y

By taking partial derivatives dfem with respect td,, we get the scores

S= JEm (V) + 2yPVPY, a=1234
a

By taking again partial derivatives with respectpand@y, taking expectations and changing the sign,
we get the Fisher information matrix components

Fap = %tr(PVaPVb), ab=1234
To calculate the REML estimate we apply the Fisher-scorlggrahm with the updating formula
Bt = 64+ F1(84)5(8Y),

whereS andF are the column vector of scores and the Fisher informatictnixmaspectively. As seeds

we usepgo) = p(BO) =0, andoi(o) = 0@(0) = G2,,, whereG2,, is the Henderson 3 estimator under model

with pa = pg = 0 ando = 0. The REML estimator op is
Bremi = (X'V X)XV 1y,
The asymptotic distributions of of the REML estimatorBandf3 are
B~ Nay(8,F1(8)), B~ Np(B,(X'VX)1).
Asymptotic confidence intervals at the level-Ir for 8, andf3; are

éa:l:zd/ZVé/aza a:l>273747 ﬁ]iz(l/Zq:JL]/2> j:]-v"'vp>
wheref = 6%, F~1(685) = (Vab)ab-1.234, (X'V~1(8)X)~1 = (g} )ij-1....p, K is the final iteration of the
Fisher-scoring algorithm arg is thea-quantile of the standard normal distributibi{0,1)). Observed
Bj = Bo, the p-value for testing the hypothesiy : B; =0 is

p = 2Py, (B; > Bol) = 2P(N(0,1) > Bo/ /) )-

We are interested in predicting the valugugf= X4: 3+ gt by using the EBLURly; = xthJr Ugt. Ifwe do

not take into account the err@y, this is equivalent to predigt; = &y, wherea= col ( col (34/0w))
1</<D "1<k<my

is a vector having one 1 in the positibn- 22;11 m, and O’s in the remaining cells. To estimafg we

oeblup ~eblup
useYy = Hat- The mean squared error6f;  is
~eblup

MSE(Yy ) =01(0) +02(6) +g3(8),
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~eblup
and the estimator dISE(Yy, ) is

~eblup N ~ ~
mseYy ) =01(6)+92(6) +293(8),

wheref = (0%, PA, cé, PB),ad = 1<(|:<2|rm(6tk)' The expressions fay; — gz are

n®) = GAadead c’A"ﬂdeVd 'Qgag if d <Da
0%, Qqaq — 0§, Q4V ' Qgag  if d > Da

%(0) = [a4Xd— 038;QaV g Xd + 0AayQaV 4 QaV i Xa] Q
[Xyad — OAX 4V oq Quad + OaXgV g QaVy 'Quag]  if d < Da
= [a4Xa— 08ayQ4V g Xd + 058y QaVg ' QaV g Xd] Q
[Xljag — 08X 4V g Qaad + 0gXyV og QaV g Qqeaq]  if d > Da
Fu Fio \ Yy
o (@) (R R ) rasos

-1
tr{<q33 Q34><F33 F34> \ ifd>Da

Q43 Caa Faz Fas

whereF,, are the REML Fisher amount of information calculated by théating equation of the Fisher-
scoring algorithm and

din = [8QaVg'Quas —20383QaVq" QaVg ' Quag + a5V g " QaV g QaV g "Quaa] la<pa (d),
Gy = [0A84QqV5 Qqaq — 0ha 04V 04V 1 Q4ay — 0haQqV5 14V *Qqay

+  0383QaV41QaV 1 QaV 1 Quag] lg<p, (d) where o1 = asz,
2 = [0AdyQaV 4 Quad — 058;QaV g QaVy Qead — 0883 QaV 4 1QaV 1 Quag

+  0385QaV 4 QaV 1 QaVy Quag] l{g<py (d),
Gz = [aQaVg'Qqay —20385Q4V 4 1Q4V g Qaad + 08 QaV g ' QaV 4 1QaV g 1 Qaag] d=pay (d),
Ga = [0BaQqV 4 Quay —0gayQaVe1QaV g Quay — ogayQaVe1QaV 4 Quay

+  08ayQqV 14V 04V Qead] l1g=p,y (d)  where das = Gaa,

Qaa = o‘éa(deVngdad — cgadevngdV(;lead — oga{devglﬁdVngdad
+  0payQaVg1QaVg'QaVg1Qqad] 1= b,y (d).

4.3.2 The Software: description of R functions for model 3

This section describes the R functions that have been imgsieed for fitting the partitioned area-level
model with correlated time effect (4.3). A brief descripisoof programmed R functions is given in
the next subsections and the related R codes are listed ian8ippC 18.3. The functions can be used
for calculating the Henderson 3 and the REML variance eséisidhe estimate, thei predictor, the
EBLUPs and the MSEs of EBLUPs.
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H3area

FunctionH3area calculates the unbiased Henderson 3 estimatof @nd has the form
H3.area <— function(X, ydt, D, md, sigm&edt).

The arguments are:

X: matrix containing the aggregated (population) valueg afixiliary variables, with dimensioM x p.
First column elements should be equal to 1 if the model iredudtercept.

ydt: vector containing the direct estimates of the dependeihlarfor aread and time instant, with
sizeM.

D: total number of domains.
md: vector containing the time instants totatg within each domain, with sizB.
sigmaZ2edt: vector containing the known error varian«%, with sizeM.

The function returns the value of the Henderson 3 estima@e.of

REMLarea.2corr

FunctionREMLarea.2corr calculates the estimate of, 03, pa, ps and the Fisher amount of informa-
tion F for the Restricted Maximum Likelihood (REML) method. Then@tion is

REMLarea2corr <— function(X, ydt, D, Da, Db, md, mda mdh sigm&edt
sigma0, MAXITER= 100).
The arguments are:

X: matrix containing the aggregated (population) valueg afixiliary variables, with dimensioM x p.
First column elements should be equal to 1 if the model ireduidtercept.

ydt: vector containing the direct estimates of the dependeidhlarfor aread and time instant, with
sizeM.

D: total number of domains.
Da: total number of domains of the group A.
Db: total number of domains of the group B.

md: vector containing the time instants totatg within each domain, with sizB.
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mda: vector containing the time instants totahg within each domain, with sizBa.
mdb: vector containing the time instants totatg within each domain, with sizBg.
sigma2edt: vector containing the error varianceg,, with sizeM.

sigma.0: Henderson 3 estimate of obtained as output dfi3area. It is used as seed of the Fisher-
scoring algorithm.

MAXITER: maximum number of iterations in the Fisher-scoring aldgonit Default value is 100.

The function returns a list of four elements. The first elemigtheta.f, a vector containing the REML
estimates ob,i, 03, pa andpg the secondFsig is the estimated Fisher information matfix the third
elementTER is the indicator of the maximum iteration when the algoritstop the loop without con-
vergence and the last one elem8aid is the sum of iterations of the algorithm which stopped witho
convergence.

BETA.U.area.2corr

FunctionBETA.U.area.2corr calculates the estimatﬁrand the predictoil. The function is
BETAU.area2corr <— function(X, ydt, D, Da, Db, md, mda sigm&edt,
sigmaua sigmaub rhoa, rhob).
The arguments are:

X: matrix containing the aggregated (population) valueg afixiliary variables, with dimensioM x p.
First column elements should be equal to 1 if the model iredudtercept.

ydt: vector containing the direct estimates of the variable tdragst for area and time instant, with
sizeM.

D: total number of domains.

Da: total number of domains of the group A.

Db: total number of domains of the group B.

md: vector containing the time instants totatg within each domain, with sizB.
mda: vector containing the time instants totahtg within each domain, with sizBa.
sigma2edt: vector containing the error variance$,, with sizeM.

sigmaua: estimated value af2, calculated by the functioREMLarea.2corr .
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sigmaub: estimated value of3, calculated by the functioREMLarea.2corr .
rhoa: estimated value gba, calculated by the function

rhob: estimated value gbg, calculated by the functioREMLarea.2corr.
The function returns an array with the following elements:

beta: vector containing the estimated regression paramétewﬁh sizep.

u: vector containing the predicted random effagtsvith sizeM.

mse.area.2corr

Function mse.area.2corrcalculates the estimator of the Mean Squared Error (MSEhefBEBLUP
Hat = XqtB+ Ugt. The function is

msearea2corr <— function(X, D, Da, Db, md, mda mdh sigm&edt sigmaua sigmaub
rhoa, rhob, F11, F22 F12 F33 F44, F34).
The arguments are:

X: matrix containing the aggregated (population) valueg afixiliary variables, with dimensioll x p.
First column elements should be equal to 1 if the model iredudtercept.

D: total number of domains.

Da: total number of domains of the group A.

Db: total number of domains of the group B.

md: vector containing the time instants totatg within each domain, with sizB.
mda: vector containing the time instants totafg within each domain, with sizBa.
mdb: vector containing the time instants totahtg within each domain, with sizBg.
sigma2edt: vector containing the error variancesd, with sizeM.

sigmaua: estimated value a2, calculated by the functioREMLarea.2corr .
sigmaub: estimated value a3, calculated by the functioREMLarea.2corr .
rhoa: estimated value gfa, calculated by the functioREMLarea.2corr.

rhob: estimated value gbg, calculated by the functioREMLarea.2corr.

F11, F22, F12, F33, F44, F34elements of Fisher information matrix F, calculated by tircfionREM-
Larea.2corr.

] o . ~eblup ) )
The function returns a vector containing the MSE estimategY 4, ), with sizeM.
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Interval.2corr

Functioninterval.2corr calculates, within the same file, the asymptotic confidentsrvals foro,i, 03,
Pa, Pe andp; and the asymptotip-value of test statistic; for the null hypothesisio : 3; = 0.

The first function is
Interval <— function(Fisher conf = 0.95).

The arguments are:
Fisher: returned object of Fisher information matrix, obtained pplging the functiorREMLarea.2corr .
conf: interval confidence level 4 a. Default value is 0.95.

This function returns the semi-lengtsggma.std.err, rho.std.err and beta.std.err of the asymptotic
confidence intervals fous/i, 03, pa, Ps andp; respectively.

The second function is
pvalueBete2corr <— function(beted.hat, Fisher).

The arguments are:
beta0.hat: observed value cfﬂi, calculated by the functioBETA.U.area.2corr.
Fisher: returned object of Fisher information matrix, obtained pplging the functiorREMLarea.2corr .

This function returns the vect@*p.beta containing the asymptotip-values for hypotheseld :
Bi=0,i=1,...,p, with sizep.

4.4 Examples of usage of R functions

This section demonstrates how the R routines describedapters 4.1, 4.2 and 4.3 can be applied to
produce EBLUP estimates with their corresponding meanrequatrors.

4.4.1 Example data set

Table 4.4.1.1 presents the data sets used in the examplee &te10 domains (areas) crossed with
variable Sexwhich divide the population in two groups, 3 time periodspi@icept variabl®nesand 2
independent variables1 andX2 for each domain and time period. Dependent variables &lddiby

Y and the error variances Mar. There are are 30 observations. The dil@aExam pldxt contains the
data, which should be sorted by domains/sex and time periods
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Domain Sex Time ones X X2 Y Var
1 1 1 1 0.783265583 0.331728042 0.099870796 0.014167965
1 1 2 1 0.216346833 0.196779310 0.255527036 0.012960672
1 1 3 1 0.056667147 0.203072229 0.758100324 0.004162126
2 1 1 1 0.342828496 0.789455882 0.531886402 0.015905454
2 1 2 1 0.596317580 0.021936772 0.975476720 0.007200226
2 1 3 1 0.537585866 0.543745488 0.562169587 0.010016244
3 1 1 1 0.210260343 0.214442971 0.720967375 0.016778616
3 1 2 1 0.832804962 0.120835233 0.494603026 0.020104690
3 1 3 1 0.188368681 0.300660778 0.924517608 0.016954615
4 1 1 1 0.537603798 0.221765139 0.533091894 0.005465959
4 1 2 1 0.200491580 0.021550740 0.517926099 0.002823810
4 1 3 1 0.007613312 0.706056104 0.038331778 0.000019083
5 1 1 1 0.459343496 0.696134155 0.399109186 0.011460628
5 1 2 1 0.438793922 0.821961781 0.943433632 0.008220732
5 1 3 1 0.384939092 0.622613717 0.254052932 0.000868833
1 2 1 1 0.375006267 0.217942523 0.305351622 0.007523092
1 2 2 1 0.717422790 0.817325369 0.060847784 0.019176240
1 2 3 1 0.745012109 0.771316745 0.344023489 0.002657316
Table 4.4.1.1 Data sedataExample
Domain Sex Time ones X X2 Y Var
2 2 1 1 0.323252837 0.888016118 0.389850382 0.009978866
2 2 2 1 0.488759367 0.551428405 0.105179702 0.000799896
2 2 3 1 0.282042241 0.636340640 0.163296232 0.004229634
3 2 1 1 0.860611106 0.586243775 0.899385519 0.009776561
3 2 2 1 0.651417737 0.175238106 0.019623444 0.005936166
3 2 3 1 0.455091459 0.407611037 0.724542241 0.001704073
4 2 1 1 0.507312619 0.842438438 0.474116093 0.000830603
4 2 2 1 0.227729281 0.458520990 0.208451174 0.021446166
4 2 3 1 0.491374145 0.753102269 0.994509978 0.016204204
5 2 1 1 0.392654380 0.603564240 0.546367453 0.023036316
5 2 2 1 0.815092048 0.533703922 0.277008991 0.011246273
5 2 3 1 0.755942844 0.559191967 0.228748126 0.018568897

Table 4.4.1.1 Data sedataExamplécontinuation).

4.4.2 Example of R code
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An R code for reading the data file and applying the above destifunctions is needed. The file
Example.Rcontains this code and, for this example, is located in theefoC:/PartFHModel It is
important to take care on where to put this file and all the fioncR files. Note that undewindows
systemthe folder of the file is set by default installation. Othesaithe user can type the complete path.
But underLinuxthe folder is the same than the one used to execute R.

The R fileExample.Reontains a program with the instructions for fitting the des@| model to data
in file dataExample.txtFirst step is to open the files containing all the above described R functions,
i.e. H3.R, REML.R, REMLcorr.R, REML2corr.R, EstimationBET/ARlimationBETAcorr.R, Estima-
tionBETAZ2corr.R, EstimationMSE.R, EstimationMSEcorfEBRtimationMSE2corr.R, IC.R, ICcorr&hd
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IC2corr.R Second step is to read the data filetaExample.txt Third step is to run the application.
The program creates sevetdl files in folderC:/PartFHModel The new files contain the output of the
program in what follows the code EExample.Rs listed.

AHARARARARARAR AR HAHHH AR AHHHHHHHHHH AR
HH#H

#i# Example of usage for Partitioned Fay-Herriot
#it# Models
HitH

### Author: Maria Chiara Pagliarella

### File name: Example.R

### Updated: December, 2010

#itH

HHHHH R T R R R R HHHH R R

rm(list=Is(all=TRUE))

### Establishing the folder where data and routine files are located.
setwd("C:/PartFHModel/")

### Call functions: H3area, REMLarea, BETA.U.area, mse.ar ea,
HitH Interval, pvalueBeta

HH# REMLarea.corr, BETA.U.area.corr, mse.area.corr,
HitH Interval.corr, pvalueBeta.corr

H#Hi# REMLarea.2corr, BETA.U.area.2corr, mse.area.2corr,
#Hi# Interval.2corr and pvalueBeta.2corr

source("H3.R")
source("REML.R")
source("EstimationBETA.R")
source("EstimationMSE.R")
source("IC.R")
source("REMLcorr.R")
source("EstimationBETAcorr.R")
source("EstimationMSEcorr.R")
source("ICcorr.R")
source("REML2corr.R")
source("EstimationBETA2corr.R")
source("EstimationMSE2corr.R")
source("IC2corr.R")
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## Reading data
data <- read.table(file = "dataExample.txt", header = T)

X <- as.matrix(data[,4:(ncol(data)-2)])

p <- ncol(X)
ydt <- data[,ncol(data)-1]
D <- length(unique(data[,1])) * 2

Da <- Db <- D/2

md <- rep(length(unique(datal[,3])), D)
M <- sum(md)

sigma2edt <- data[,ncol(data)]

## Calculating H3 and REML variance estimates
sigma.0 <- H3area(X, ydt, D, md, sigma2edt)

## Partitioned Fay-Herriot Model 1 with independent time ef
## Arguments: (X, ydt, D, Da, Db, md, sigma2edt, sigma.0, MAX
fitl <- REMLarea(X, ydt, D, Da, Db, md, sigma2edt, sigma.0 = s
MAXITER = 100)
sigmaua.hat <- fit1[[1]]
sigmaub.hat <- fit1[[2]]
if(sigmaua.hat<0) {
write.table(data.frame(sigmaua.hat), file="VAR_A.NEG
append=TRUE)
sigmaua.hat <- 0
}
if(sigmaub.hat<0) {
write.table(data.frame(sigmaub.hat), file="VAR_B.NEG
append=TRUE)
sigmaub.hat <- 0

### Arguments: (X, ydt, D, Da, Db, md, sigma2edt, sigmaua, si

beta.u.hat <- BETA.U.area(X, ydt, D, Da, Db, md, sigma2edt,
sigmaua=sigmaua.hat, sigmaub=sigmaub.hat)

betaO.hat <- beta.u.hat[1:p]

betal.hat <- beta0.hat

83

fects
ITER=100)
igma.o,

ATIVE.txt",

ATIVE.txt",

gmaub)
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##Ht Confidence intervals for beta and sigma_a/sigma_b
### with level of precision 90%
Int <- Interval(fitl, 0.90)

betaO.hat-Int[[4]]

betaO.hat+Int[[4]]

MinSigmal <- c(Int[[8]], Int[[11]], Int[[14]])
MaxSigmal <- c(Int[[9]], Int[[12]], Int[[15]])
TestSigmal <- c(Int[[10]], Int[[13]], Int[[16]])

Int.sigma <- data.frame(MinSigmal,MaxSigmal,TestSigma 1)
row.names(Int.sigma)<-c("Sigma.A","Sigma.B","Sigma. Dif")
Int.sigma

### P-value of beta

(pvalueB <- pvalueBeta(betaO.hat, fitl))
pvalueB>0.10

udt.hat <- beta.u.hat[-(1:p)]

### EBLUP of the population parameter
mudt.hat <- as.vector( X % * 0% betal.hat + udt.hat)

sgrt.mse <- sqgrt(mse.area(X, D, Da, Db, md, sigma2edt,
sigmaua=sigmaua.hat, sigmaub=sigmaub.hat,

F11=fit1[[3]][1,1], F22=fit1[[3]][2,2]))

residual <- ydt - mudt.hat
Henderson3 <- sigma.0

HRHHHHHHH BB H AR HH R AR HAHHHHHHHHHHH R

### Reading data
data <- read.table(file = "dataExample.txt", header = T)

X <- as.matrix(data[,4:(ncol(data)-2)])

p <- ncol(X)
ydt <- data[,ncol(data)-1]
D <- length(unique(data[,1])) *2

Da <- Db <- D/2
md <- rep(length(unigue(datal,3])), D)
M <- sum(md)
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mda <- rep(length(unique(datal,3])), Da)
Ma <- sum(mda)

mdb <- rep(length(unique(datal[,3])), Db)
Mb <- sum(mdb)

sigma2edt <- data[,ncol(data)]

### Calculating H3 and REML variance estimates
sigma.0 <- H3area(X, ydt, D, md, sigma2edt)

### Partitioned Fay-Herriot Model 2 with only one
### factor of correlation rho
###Arguments: (X, ydt, D, Da, Db, md, mda, mdb, sigma2edt,
sigma.fa, sigma.fb, rho=0.2, MAXITER = 100)
fitl <- REMLarea.corr(X, ydt, D, Da, Db, md, mda, mdb, sigma2 edt,
sigma.fa=sigma.0, sigma.fb=sigma.0, rho=0.2, MAXITER = 1 00)

sigmaua.hat <- fit1[[1]][1]
sigmaub.hat <- fit1[[1]][2]
rho.hat <- fit1[[1]][3]

### Arguments: (X, ydt, D, Da, Db, md, mda, sigma2edt,

#iH sigmaua, sigmaub, rho)

### Note that Omega.a is calculate with index mda, and

### Omega.b is calculated without index mdb, but only with md

beta.u.hat <- BETA.U.area.corr(X, ydt, D, Da, Db, md, mda, s igmazedt,
sigmaua=sigmaua.hat, sigmaub=sigmaub.hat, rho=rho.hat )

betaO.hat <- beta.u.hat[1:p]

beta2.hat <- beta0.hat

### Confidence intervals for beta, sigma_a/sigma_b and rho
### with confidence level 90%

Int.corr <- Interval.corr(fitl, 0.90)
beta0.hat-Int.corr[[5]]
beta0.hat+Int.corr[[5]]

MinSigma2 <- c(Int.corr[[9]], Int.corr[[12]], Int.corr] [15]])
MaxSigma2 <- c(Int.corr[[10]], Int.corr[[13]], Int.corr [[16]])
TestSigma2 <- c(Int.corr[[11]], Int.corr[[14]], Int.cor r[[171)

Int.corr.sigma <- data.frame(MinSigma2,MaxSigma2,Test Sigma2)
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row.names(Int.corr.sigma)<-c("Sigma.A","Sigma.B","S igma.Dif")
Int.corr.sigma

MinRho2 <- c(Int.corr[[18]])

MaxRho2 <- c(Int.corr[[19]])

TestRho2 <- c(Int.corr[[20]])

Int.corr.rho <- data.frame(MinRho2,MaxRho2,TestRho2)
Int.corr.rho

##Ht P-value of beta

(pvalueB.corr <- pvalueBeta.corr(betaO.hat, fitl))
pvalueB.corr>0.10

udt.hat.corr <- beta.u.hat[-(1:p)]

### EBLUP of the population parameter

mudt.hat.corr <- as.vector(X % * 0% betal.hat + udt.hat.corr)

sgrt.mse.corr <- sqgrt(mse.area.corr(X, D, Da, Db, md, mda, mdb,
sigma2edt, sigmaua=sigmaua.hat, sigmaub=sigmaub.hat, r ho=rho.hat,
F11=fit1[[2]][1,1], F22=fit1[[2]][2,2], F13=fit1[[2]] [1,3],

F23=fit1[[2]][2,3], F33=fit1[[2]][3,3]))
residual.corr <- ydt - mudt.hat.corr
HHHH R HHHHHHHHH

### Reading data
data <- read.table(file = "dataExample.txt", header = T)

X <- as.matrix(data[,4:(ncol(data)-2)])

p <- ncol(X)
ydt <- data[,ncol(data)-1]
D <- length(unique(data[,1])) *2

Da <- Db <- D/2

md <- rep(length(unique(datal,3])), D)
M <- sum(md)

mda <- rep(length(unique(data[,3])), Da)
Ma <- sum(mda)

mdb <- rep(length(unique(data[,3])), Db)
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Mb <- sum(mdb)
sigma2edt <- data[,ncol(data)]

### Calculating H3 and REML variance estimates
sigma.0 <- H3area(X, ydt, D, md, sigma2edt)

### Partitioned Fay-Herriot Model 3 with two

### factor of correlation rho_a and rho b

###Arguments: (X, ydt, D, Da, Db, md, mda, mdb, sigma2edt, si
HitH sigma.fb, rhoa, rhob, MAXITER = 100)

fitl <- REMLarea.2corr(X, ydt, D, Da, Db, md, mda, mdb, sigma
sigma.fa=sigma.0, sigma.fb=sigma.0, rhoa=0.1, rhob=0.3

sigmaua.hat <- fit1[[1]][1]
sigmaub.hat <- fit1[[1]][3]
rhoa.hat <- fit1[[1]][2]
rhob.hat <- fit1[[1]][4]
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gma.fa,

2edt,
, MAXITER = 100)

### Arguments: (X, ydt, D, Da, Db, md, mda, sigma2edt, sigmau a,

### sigmaub, rhoa, rhob)

### Take care that Omega.a is calculate with index mda and Ome ga.b is
### calculated without index mdb, only with md

beta.u.hat <- BETA.U.area.2corr(X, ydt, D, Da, Db, md, mda, sigmazedt,

sigmaua=sigmaua.hat, sigmaub=sigmaub.hat, rhoa=rhoa.h
betaO.hat <- beta.u.hat[1:p]
beta3.hat <- beta0.hat

### Confidence intervals for beta, sigma_a/sigma_b,
### rho_a and rho_b with level of precision 90%

Int.2corr <- Interval.2corr(fitl, 0.90)
beta0.hat-Int.2corr[[7]]
betaO.hat+Int.2corr[[7]]

MinSigma3 <- c(Int.2corr[[11]], Int.2corr[[14]], Int.2C
MaxSigma3 <- c(Int.2corr[[12]], Int.2corr[[15]], Int.2C

at, rhob=rhob.hat)

orr[[17]])
orr[[18]])

TestSigma3 <- c(Int.2corr[[13]], Int.2corr[[16]], Int.2 corr[[19]])
Int.2corr.sigma <- data.frame(MinSigma3,MaxSigma3,Tes tSigma3)
row.names(Int.2corr.sigma)<-c("Sigma.A","Sigma.B"," Sigma.Dif")

Int.2corr.sigma
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MinRho3 <- c(Int.2corr[[20]], Int.2corr[[23]], Int.2cor
MaxRho3 <- c(Int.2corr[[21]], Int.2corr[[24]], Int.2cor
TestRho3 <- c(Int.2corr[[22]], Int.2corr[[25]], Int.2co
Int.2corr.rho <- data.frame(MinRho3,MaxRho3,TestRho3)
row.names(Int.2corr.rho)<-c("Rho.A","Rho.B","Rho.Di
Int.2corr.rho

##Ht P-value of beta

(pvalueB.2corr <- pvalueBeta.2corr(betaO.hat, fitl))
pvalueB.2corr>0.10

udt.hat.2corr <- beta.u.hat[-(1:p)]

### EBLUP of the population parameter

Area-level partitioned time models

r[[26]])
rli271])
rr([28]])

)

mudt.hat.2corr <- as.vector(X % *% betaO.hat + udt.hat.2corr)

sgrt.mse.2corr <- sqgrt(mse.area.2corr(X, D, Da, Db, md, md a, mdb,

sigma2edt, sigmaua=sigmaua.hat, sigmaub=sigmaub.hat,

rhob=rhob.hat, F11=fitl[[2]][1,1], F22=fit1[[2]][2,2]
F12=fit1[[2]][1,2], F33=fitL[[2]][3,3], F44=fit1[[2]]
F34=fit1[[2]][3,4]))

residual.2corr <- ydt - mudt.hat.2corr

### Create .txt files in the folder that contains for
### the resulting output

write.table(data.frame(data[,1:3],

Direct=ydt, EBLUP1=mudt.hat, EBLUP2=mudt.hat.corr,
EBLUP3=mudt.hat.2corr,

MSE.Direct=sqrt(sigma2edt), MSE.EBLUP1=sqgrt.mse,
MSE.EBLUP2=sqrt.mse.corr, MSE.EBLUP3=sqrt.mse.2corr)
file="EBLUP_Example.txt", row.names=FALSE, sep="\t")

write.table(data.frame(names(data)[4:(ncol(data)-2)
betal=betal.hat, Std.error.betal=Int[[4]],
beta2=beta2.hat, Std.error.beta2=Int.corr[[5]],
beta3=beta3.hat, Std.error.beta3=Int.corr[[7]]),
file="beta_Example.txt",

row.names=FALSE, sep="\t")

r hoa=rhoa.hat,

’[4!4]1
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write.table(data.frame(data[,1:3], udtl=udt.hat,
udt2=udt.hat.corr, udt3=udt.hat.2corr),
file="u_Example.txt",

row.names=FALSE, sep="\t")

write.table(data.frame(data[,1:3], resl=residual,
res2=residual.corr, res3=residual.2corr),
file="res_Example.txt",

row.names=FALSE, sep="\t")

write.table(data.frame(Int.sigma,

Int.corr.sigma,Int.2corr.sigma),

file="IntervalSigma_Example.txt",
row.names=c("Sigma.A","Sigma.B","Sigma.Dif"), sep="\ t)

write.table(data.frame(Int.corr.rho,

Int.2corr.rho),

file="IntervalRho _Example.txt",
row.names=c("Rho.A","Rho.B","Rho.Dif"), sep="\t")

write.table(data.frame(names(data)[4:(ncol(data)-2) 1s
betal=betal.hat, pvalueBl=pvalueB,

beta2=beta2.hat, pvalueB2=pvalueB.corr,

beta3=beta3.hat, pvalueB3=pvalueB.2corr),
file="pvalueB_Example.txt",

row.names=FALSE, sep="\t")

write.table(data.frame(Henderson3),
file="H3_Example.txt",
row.names=FALSE, sep="\t")

rm(list=Is(all=TRUE))

4.4.3 Outputs

Outputs of model 4.1.1 are labeled with "1”, outputs of mod&.1 are labeled with "2” and outputs
of model 4.3.1 are labeled with "3". The resulting outputpegr in the filesEBLUP_Example.txt,
beta Example.txt, LExample.txt, reExample.txt, pvalueBExample.txt, IntervalSigm&xample.txt, In-
tervalRhaExample.txandH3_Example.txthey are:
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"EBLUP_Example.txt" output:
"Domain” "Sex" "Time" "Direct"

1

O o1 00 B DMWWWDNNNRPRPRPPOOOOORDEDEWWWDNNDNLEREEPR

1

NN DNDNNNDNMNNMNMNNMNNMNNMNMNMNMNNMNMNNPRPRPRPRPPRPPRPERPPRPRPRPRPRPPRERERPR

W NEFP WNPFP WONPFP WODNPWOWNPEPOWODNMNPWDNPEPOWODNPWDNEP ®WDN P

0.099870796
0.255527036
0.758100324
0.531886402
0.975476720
0.562169587
0.720967375
0.494603026
0.924517608
0.533091894
0.517926099
0.038331778
0.399109186
0.943433632
0.254052932
0.305351622
0.060847784
0.344023489
0.389850382
0.105179702
0.163296232
0.899385519
0.019623444
0.724542241
0.474116093
0.208451174
0.994509978
0.546367453
0.277008991
0.228748126
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"EBLUP1"

0.152614368
0.290432840
0.746876535
0.513658094
0.939148577
0.549501831
0.685926683
0.493947008
0.852726890
0.530599817
0.518707153
0.038426115
0.402338902
0.895286392
0.255985290
0.320926649
0.120481639
0.345624042
0.391358287
0.108260763
0.176252387
0.851253098
0.049665972
0.719676099
0.473430662
0.260754741
0.904156184
0.524947338
0.294427599
0.263874382

"EBLUP2"
0.127916117
0.272156258
0.752181931
0.515653727
0.953496558
0.550903074
0.698545296
0.481668287
0.882428250
0.530694729
0.518305720
0.038376233
0.395498090
0.918590095
0.254571503
0.321256497
0.125071712
0.346288016
0.394615443
0.108494570
0.177623855
0.853542941
0.042584135
0.720056244
0.473562030
0.242366051
0.903908084
0.523377246
0.293347978
0.263763777

"EBLUP3"
0.114977231
0.285802917
0.744941436
0.542515091
0.953680974
0.570483977
0.700841842
0.541926025
0.876267170
0.528425152
0.514850823
0.038381315
0.428220755
0.883639181
0.257710756
0.333622361
0.129789433
0.343575087
0.394891700
0.110501895
0.187675335
0.845253727
0.025930608
0.722114156
0.473242084
0.163032156
0.867485580
0.495941273
0.279322437
0.259101937

"MSE.Direct" "MSE.EBLUP1" "MSE.EBLUP2" "MSE.EBLUP3"

0.119029262
0.113844949
0.064514544
0.126116828
0.084854143

0.180635453
0.180155009
0.179133305
0.181146006
0.179088827

0.116359596
0.114699285
0.064181651
0.122989431
0.083873601

0.116243999
0.110389357
0.064062787
0.123179741
0.084110071
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0.100081188
0.129532299
0.141791008
0.130209887
0.073932122
0.053139537
0.004368394
0.107054323
0.090668250
0.029475968
0.086735762
0.138478300
0.051549158
0.099894276
0.028282436
0.065035634
0.098876495
0.077046519
0.041280422
0.028820180
0.146445095
0.127295735
0.151777192
0.106048445
0.136267739

0.179178693
0.181587150
0.184115882
0.181585600
0.178953199
0.179359694
0.180324717
0.179527043
0.179059981
0.179951862
0.180397793
0.184902570
0.180339436
0.181048526
0.180699037
0.180197817
0.181011824
0.180271503
0.180484442
0.180692136
0.185612374
0.183071018
0.186221157
0.181379300
0.184334269

"beta_Example.txt" output:
"names.data..4..ncol.data....2.. "

0.098325969
0.126224460
0.137650861
0.126311857
0.073232087
0.060558383
0.016337274
0.107076234
0.090808401
0.034754711
0.085082127
0.130758919
0.051187048
0.097884799
0.028211816
0.064203930
0.096891708
0.075890337
0.041054896
0.028767854
0.136567553
0.120545008
0.141603731
0.102659785
0.128480688

"ones"
lelll
IIX2II

Ilones“
lleu
"X2"

llonesll

"betal”
0.556234163
-0.056247243
-0.150277601

"beta2"
0.512872052
-0.052549289
-0.113831846

"beta3"
0.571756002

"Std.error.betal"
0.257665646
0.401666172
0.354324034

"Std.error.beta2"
0.310712624
0.468731475
0.417125007

"Std.error.beta3"
0.823584675

0.098358056
0.125856788
0.136412299
0.126494619
0.073262760
0.052976042
0.004368301
0.104725932
0.089053306
0.029432297
0.085186164
0.133274843
0.051451955
0.098806111
0.028353783
0.064895732
0.097553387
0.078185615
0.041257536
0.028777266
0.139181069
0.120796946
0.140107524
0.103839843
0.129830889
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"X1" -0.118129914 0.416182186
"Xa" -0.286495353 0.303293162
"u_Example.txt" output:

"Domain” "Sex" "Time" "udtl”

1 1 1 -0.309711971
-0.224060887
0.224346950
0.095344624
0.419752239
0.105218159
0.173745060
0.002714656
0.352270526
0.037930718
-0.023011318
-0.411275403
-0.023445085
0.487255622
-0.185032215
-0.181462566
-0.272573774
-0.052793615
-0.013244863
-0.337614695
-0.268489933
0.431525245
-0.443593377
0.250294385
0.072331063
-0.213764843
0.488734864
0.081501087
-0.135756138
-0.165806053

O 00 b B2 DWOWWWONMNDNMNNRPRPRERPOOOOOOBMDSDEOWWWDNMNDNDDNPREPRE
NNDNDNNNMNNMNNMNNMNMNMNMNMNNMNMNNMNMNNMNMNNNPRPRPPRPRPRPPRPERPERPRPPRPRPRPRPPREREPR
W NEF WONPFPF WNRPFPWODNMNPWOWNRPEPOWODNMNPWODNMNPEPWODNMNPWODNMNPWOWDN

"res_Example.txt" output:
"Domain” "Sex" "Time"
1 1 1

1 1 2

1 1 3

"resl"
-0.052743572
-0.034905805
0.011223789
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"udt2"

-0.306034669
-0.206947170
0.265403784
0.110662289
0.474457675
0.128176330
0.221132715
0.026314441
0.413679610
0.071317310
0.018422519
-0.393724075
-0.013993552
0.522341779
-0.167199005
-0.147100443
-0.257062627
-0.039633770
-0.000185388
-0.315923412
-0.247991248
0.452628602
-0.416108700
0.277498042
0.083245218
-0.206344698
0.502584415
0.099843734
-0.115939063
-0.145730162

llreszu

-0.028045322
-0.016629222
0.005918394

"udt3"

-0.269213132
-0.204019695
0.238058769
0.237432830
0.458652700
0.218013502
0.215360790
0.103167935
0.412901060
0.083710922
-0.027046940
-0.330193535
0.110166161
0.599206097
-0.090196488
-0.131394663
-0.123057557
0.080805964
0.115734019
-0.245535330
-0.168454406
0.543117758
-0.418668569
0.320896736
0.202769575
-0.250458073
0.569535864
0.143487848
-0.043243118
-0.063148702

"I’eS3"

-0.015106436
-0.030275881
0.013158888
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O o0 a b PP OWWODNMNMNMNPPRPPEPOOOOOORMDEDOWWWDNDNDNDN
N NDNDNMNDNMNNNMNNMNNMNNMNNMNMNMNMNMNMNMNNMNMNRPRPRPPRPRPRPRPERPRRERRRR
W NEFP WONPFP WNPFPOWODNPWDNPEPWOWODNMNPEPWODNMNPWOWDNE WD P

0.018228308
0.036328143
0.012667755
0.035040692
0.000656019
0.071790718
0.002492077
-0.000781054
-0.000094337
-0.003229716
0.048147240
-0.001932358
-0.015575027
-0.059633855
-0.001600552
-0.001507905
-0.003081061
-0.012956155
0.048132421
-0.030042528
0.004866141
0.000685431
-0.052303567
0.090353795
0.021420115
-0.017418609
-0.035126255

"pvalueB_Example.txt" output:

"names.data..4..ncol.data

"betal”
"ones" 0.556234163
X1 -0.056247243
"X2" -0.150277601

"beta2"
"ones" 0.512872052
X1 -0.052549289

"X2" -0.113831846

"pvalueB1"
0.000384036
0.817830105
0.485412886

"pvalueB2"
0.006626632
0.853696648
0.653522287

0.016232675
0.021980161
0.011266513
0.022422080
0.012934740
0.042089358
0.002397165
-0.000379622
-0.000044455
0.003611097
0.024843536
-0.000518571
-0.015904874
-0.064223928
-0.002264527
-0.004765061
-0.003314867
-0.014327623
0.045842579
-0.022960691
0.004485997
0.000554063
-0.033914877
0.090601895
0.022990208
-0.016338987
-0.035015650

-0.010628689
0.021795745
-0.008314390
0.020125534
-0.047322999
0.048250438
0.004666742
0.003075276
-0.000049537
-0.029111569
0.059794451
-0.003657824
-0.028270739
-0.068941649
0.000448402
-0.005041318
-0.005322193
-0.024379103
0.054131792
-0.006307164
0.002428085
0.000874009
0.045419018
0.127024398
0.050426181
-0.002313446
-0.030353810
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94
"beta3" "pvalueB3"
"ones"  0.571756002 0.002727025
"X1" -0.118129914 0.604153562
"Xa" -0.286495353 0.197796129

"IntervalSigma_Example.txt" output:

"MinSigmal"
"Sigma.A" 0.022699847
"Sigma.B" 0.025342077
"Sigma.Dif*  -0.091272781

"MinSigma2"
"Sigma.A" 0.053112308
"Sigma.B" 0.022878204
"Sigma.Dif*  -0.049557312

"MinSigma3"
"Sigma.A" 0.025191372
"Sigma.B" 0.003598742
"Sigma.Dif*  -0.043800767

"IntervalRho_Example.txt" output:

"MinRho2"
"Rho.A" -0.565132787
"Rho.B" -0.565132787
"Rho.Dif" -0.565132787

"MinRho3"
"Rho.A" 0.357545902
"Rho.B" -1.060453795
"Rho.Dif" 0.695466037

"MaxSigmal"
0.143719103
0.149932097

0.082417556

"MaxSigma2"
0.283172506
0.147375206

0.215588716

"MaxSigma3"
0.214743291
0.104415376

0.175721313

"MaxRho2"
0.309142370
0.309142370

0.309142370

"MaxRho3"

1.027632142

-0.105485577
1.855651378

"H3_Example.txt" output:
"Henderson3"
0.0747886698641487

"TestSigmal"
FALSE
FALSE
TRUE

"TestSigma2"
FALSE
FALSE
TRUE

"TestSigma3"
FALSE
FALSE
TRUE

"TestRho2"
TRUE
TRUE
TRUE

"TestRho3"
FALSE
FALSE
FALSE



Chapter 5

Area-level spatio-temporal models

5.1 Model A

Let yg; be a direct estimator of the target population parameterletng; be a vector containing the
aggregated values qf auxiliary variables. Subindexesandt are used for domains and time instants
respectively. Let us consider the model

ydt:thB+uld+u2dt+edta d:17"'aD7 t:17"'aT7 (51)

where{uig}, {Uzat} Y {€qt} are independent with distributiofsiig}5 ; ~ SAR1), {uzq:} i.i.d N(0,0%)
andeg; ~ N(O, cﬁt). Model (5.1) can alternatively written as

y=XB+Z1u1+2Zousz+e€, (5.2)
where

o y= 0ol (col (yar)), e= col ( col (eu)),

u; = col (uyg),us= col (Uyq), Usg = col (Uxgt),
e Up 1§ng( 1d), U2 1§d§D( 2d), U2d 1§t§T( 2t )

. 1§d§D(l§t§T( dt))» Xdt 1§j§p(xdtj) B 1§j§p([3])

e /1= dlag (1T), Zo=Ilmxm, M =DT.
1<d<D

We assume that; ~ N(0,Vy,), u2 ~ N(0,V,,) ande~ N(0,V,) are independent with covariance ma-
trices

Vi = 03Qi(p1), Qu(p1) = [(Io—paW) (Ip— p1W)] "2 C(py),

Vu2 = O%I DT,
Ve = diag (Ved), Ved = diag (ogt)’
1<d<D 1I<t<T
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and knownag,'s. We assume that the rows of the proximity mawikare stochastic vectors, i.e. with
components summing up to one. The veaipis distributed according to a stochastic process SAR(1)
and the variablesyg; are i.i.d. normal. Therefore, the varianceyas

varly) =V = 21V, 25 + ZoV,Z5 + Ve = 21V, Z) + diag (0317 + Veq).
1<d<D

The BLU estimators and predictors pandu are
B=(XVIX)IX'V'ly and G=V.Z'V iy—Xp),
whereV = diag(Vy,,Vy,) andZ = (Z1,Z5).
Let us defined = (81,0,,03) = (02,p1,03), P=V 1 -V IX(X'V-IX)"IX'V-land
oP ov
a aea aea a a )&
The updating formula of the Fisher-scoring algorithm fdcakating the RENL estimates of the variance
components is
okt = ok + F1(6¥)s(6Y).

where the components of the score vector are

S = —:—;tr(PVa) + %y’PVaPy, a=123.

and the elements of the Fisher information matrix are
1
Fap= Etr(PVaPVb), ab=123.

This algorithm requires starting values ®f(seeds). We may obtain seeds by considering the model
withoutus and withp, = 0. For this last model we might consider the Henderson 3 asmiwﬁﬁzH of the
only remaining variance%. Therefore, we might propose the following seed§(:0) = o§<°> = %aﬁsz
o¥ =03,
The REML estimator of is
B=(X'V X)) IX'V-ly.
The asymptotic distributions of the REML estimat@rand[ are
0~ No(8,F1(8)), B~ Np(B,(X'V X))

Asymptotic confidence intervals at the level-1x for 6, andf3; are

éa:]:ZG/z\}é/az, a= 17"'737 BJ j:ZC(/Zq:JLJ/27 J = 17"'7p7

...p» K is the final iteration of the
Fisher-scoring algorithm ang, is the a-quantil of the standard normal distributidf(0,1). Observed
B; = Bo, the p-value for testing the test of hypothesig: 3; =0is

p= 2Py, (B; > [Bol) = 2P(N(0,1) > Bo/ /) )
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5.2 Model B

Let yg; be a direct estimator of the characteristic of interest ahgyl be a vector containing the aggre-
gated values op of auxiliary variables. The subindekis used for domains and the subindefor time
instants. Let us consider the model

Vot = XgetB+Ug+Ugt +€4, d=1,...,D, t=1,....T, (5.3)

where {uig}, {Uxq:} and {eq} are independent with distribution8ng}l | ~ SAR1), {upgt}{_; i.i.d
AR(1) andeg ~ N(0,03,).
The model (5.3) can be alternatively written in the form

Yy =XB+Zu1+2Zour+ € (5.4)
where

i 1§Cdog||:>(1§&|T(ydt))’ e= 1§Cc?§ID(1§tong(edt))’

u;= col (uyg),ur = col (uyg), Usg= col (Uxgt),
° Up 1gng( 1d), U2 1gng( 2d), Uz2d 1§th< 2t )
X = col ( col (Xgt)), Xgt = col ), B= col (B),
. 1§d§D(1§t§T( dt)), Xat 1§j§p(xdt1) B 1§j§p([31)
o /1= dlag (lT),22:|M><M,M:DT.

1<d<D

We assume thai; ~ N(O,Vy,), uz ~ N(0,V,,) ande~ N(0O,V¢) are independent with covariance ma-
trices

Vi, = 02Qi1(p1), Qu(p1) = [(Ip—piW) (Ip—p1W)] 12 C%(py),
Vi, = 03Q(p2), Qa(p2) = diag (Qod(p2)),
1<d<D

Ve = diag (Ved), Ved: diag (O'St),
1<d<D 1<t<T
1 pz e p-2|—_2 p-2r_1
1 P2 1 . P °
Qo = Qu(p2)= : ' ' ' : '
1-p3 _
p;j T_2 h ! P2
P ™ Py T .. P2 1 TxT

where theoy’s are known. We assume that the rows of maiikare stochastic vectors, i.e. their
components sum up to one. The veaters distributed as a SAR(1) stochastic process and the #ector
Uyq are independent with homogeneous AR(1) distributionsy(diehave the same variance and auto-
correlation parameters). The varianceyo$

varly) =V =Z1VyZ1 + 2oV, Z5 +Ve =21V, 2 + 1dLagD(0%QZd(pz) +Ved)-
<d<
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The BLU estimator and predictor @fandu are
B=(XVIX)X'Vly and G=V.Z'V - iy-Xp),
whereV = diag(Vy,,Vy,) andZ = (Z1,Z53).
Let us defined = (81,02,63,64) = (02,p1,03,p2), P=V 1 -V IX(X'V~IX)"IX'V-1 and Then

oP ov
Pa= ——=—-P—P=—-PV4P =1...,4
a aea aea al > a ] )
The updating formula of the Fisher-scoring algorithm fdcakating the REML estimates of the variance
components is

ekJrl — ek+ Ffl(ek)s(ek)

where the components of the score vector are

_Olgem 1 1, _
S = 6, ztr(PVa)+2yPVaPy, a=1,...,4

and the elements of the Fisher information matrix are
1
Fap= Etr(PVaPVb), ab=1...,4

We can take the reduced model withaytand withp, = 0 as a reference for obtaining seeds for the
Fisher-scoring algorithm. For the mentioned reduced mddéd easy to calculate the Henderson 3
estimatorﬁﬁzH of the only remaining varianoa%. Therefore, a possible set of algorithm seed}s_zlfg) =
029 — 362, oY ~ Y ~ 03,
The REML estimator of is
B=(X'V1X)"Ix'V-ly.

The asymptotic distributions of the REML estimatoraind3 are
8~ Nx(8,F1(8)), B~ Np(B,(X'V X))

Asymptotic confidence intervals at the level-1x for 6, andf3; are

A 1/2 5 1/2 .
ea:l:zd/zvaélva:l7"'>4> Bjizd/zq”/ 7]217"'7p7

.....

Fisher-scoring algorithm argg is thea-quantil of the standard normal distributidi{0, 1). If we observe
Bj = Bo, the p-value for testingHp : Bj =0 is

p= 2Py, (B; > [Bol) = 2P(N(0,1) > Bo/ /) )
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5.3 The Software: description of R functions

This section describes the R functions implemented fon§jtthe area-level spatio-temporal models
with random effects following a SAR process defined in (5rid €.3) with uncorrelated and correlated
time effects (models A and B, respectively). An example shgvthe use of these functions is given in
the next section and full R codes are included in Appendix IBBR REFERENCIA The R package
MASS must be loaded to use the following software.

5.3.1 fitSpatioTemporalFH

This function fits the area-level spatio-temporal modehwandom effects following a SAR process,
using REML fitting method, for models A and B defined in Sedidnl and 5.2 respectively. The
function is defined as

FitSpatioTemporalFH <- function(model,X,y,nD,nT,sigma 2dt,theta0,
W,MAXITER,PRECISION,confidence)

The arguments are:
e model : type of model to be chosen between "A” or "B”.

¢ X: matrix with dimension(nD x nT) x p containing the aggregated (population) valueg afixil-
iary variables. The elements in first column might be equdlitadhe model includes an intercept,
in this casep is the number of auxiliary variables plus 1. This matrix idened by area and time
instant.

e y: column vector with sizénD x nT) containing the direct estimates of the response variable
for each areal = 1,...,nD and time instant = 1,....nT. This vector is ordered by area and time
instant.

e nD: total number of areas.
e nT: total number of time instants.

e sigma2dt : column vector with sizénD x nT) containing the sampling variance%t of each
aread =1,...,.nD and time instant = 1,...,nT. This vector is ordered by area and time instant.

e thetaO : vector with the values of the paramet8rs (02, p1,03) for model A oré = (02, p1,03,p2)
for model B.

e W nD x nD proximity matrix with rows adding to 1 or O, if there are no 8ahinfluence in any
area. This matrix is ordered by area.

e MAXITER maximum number of iterations allowed for the Fisher-soprlgorithm.

e PRECISION: convergence tolerance limit for the Fisher-scoring dtbar.
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confidence :value of the confidence interval of leveHa to calculate the confidence intervals
of 8 andp and p-values of the auxiliary variables.

The function returns a list with the following objects:

model : type of model "A” or "B”.

convergence : alogical value equal to TRUE if Fisher-scoring algorithomeerges in less than
MAXITER iterations.

iterations : number of iterations performed by the Fisher-scoring rtigm.

validtheta  : a logical value equal to TRUE if parameteis= (cf,pl,cg) for model A or
0 = (02,p1,0%,p2) for model B are valids, that ig? > 0,p; € [~1,1],05 > 0 andp; € [-1,1].

theta : data.frame in the shape of a table with the estimated pdeastin first column and
their asymptotic standard erros in second column.

beta : data.frame in the shape of a table with the estimated mamficients in first column,
their asymptotic standard errors in second columnZtegtistics in third column and the p-values
of the significance of each coefficient in last column.

goodnessoffit : a vector containing three different goodness-of-fit measunamely the log-
likehood, the AIC and the BIC.

estimates : a column vector with sizénD x nT) with the values of the SEBA or SEBB esti-
mates for thenD areas anaT time instants.

5.3.2 BoOtMSE.SpatioTemporalFH

This function gives parametric bootstrap MSE estimatesefdpatio-temporal Fay-Herriot models A
and B. The function is defined as

BootMSE.SpatioTemporalFH <- function(model,nB,Xdt,nD, nT,sigma2dt,beta,

theta,rhol_0 b,rho2 0 b,
W,MAXITER,PRECISION,confidence)

The arguments are:

e model : type of model to be chosen between "A” or "B”.

e nB: total number of bootstrap replicates.

e Xdt : matrix with dimension(nD x nT) x p containing the aggregated (population) valuegof

auxiliary variables. The elements in first column might beado 1 if the model includes an
intercept, in this casp is the number of auxiliary variables plus 1. This matrix idered by area
and time instant.
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nD:; total number of areas.

e NT: total number of time instants.

e sigma2dt : column vector with sizénD x nT) containing the sampling variance%t of each
aread =1,....nDand time instant = 1,...,nT. This vector is ordered by area and time instant.

e beta : vector with sizep containing the estimated regression coefficightsbtained by applying
the functionfitSpatioTemporalFH to the original sample.

e theta : vector with the values of the estimated parameéets (o2, p1,03) for model A orf =
(of, pl,og, p2) for model B, obtained by applying the functiditSpatioTemporalFH to the
original sample.

e rhol 0 _b : initial value of parametep; to fit the bootstrap samples by applying the funtion
fitSpatioTemporalFH

e rho2_0 b : initial value of parametep, to fit the bootstrap samples by applying the funtion
fitSpatioTemporalFH

e W nD x nD proximity matrix with rows adding to 1 or O, if there are no sghinfluence in any
area. This matrix is ordered by area.

e MAXITER maximum number of iterations allowed for the Fisher-sogprlgorithm.
e PRECISION: convergence tolerance limit for the Fisher-scoring dtbar.

e confidence : value of the confidence interval of levelHo to calculate the confidence intervals
of 8 andf and p-values of the auxiliary variables.

The function returns:

e msedt : a vector with sizenD x nT containing the parametric bootstrap mean squared errors fo
thenD areas anai T time instants.

5.3.3 Auxiliary functions

In this section are described three auxiliary functionslusethe previous ones.

Henderson

This function calculates the Henderson 3 estimatar?fThe function is defined as
Henderson <- function(X,y,sigma2dt)

The arguments are:
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X: matrix with dimensionnD x nT) x p containing the aggregated (population) valuep atixil-
iary variables. The elements in first column might be equdlitdhe model includes an intercept,
in this casep is the number of auxiliary variables plus 1. This matrix idened by area and time
instant.

y: column vector with sizénD x nT) containing the direct estimates of the response variable

for each areal = 1,...,nD and time instant = 1,...,nT. This vector is ordered by area and time
instant.

sigma2dt : column vector with sizénD x nT) containing the sampling variance%t of each
aread =1,...,.nDand time instant = 1,...,nT. This vector is ordered by area and time instant.

The function returns:

sigma2 : value of the Henderson estimateast.

MessageErrorFitting

This function prints an error message according to the gablitained by de Fisher-scoring algorithm.
The function is defined as

MessageErrorFitting <- function(model,nsample,converg ence,niter,

validtheta,theta)

The arguments are:

model : type of model to be chosen between "A” or "B”.
nsample : number of the sample.

convergence : alogical value equal to TRUE if Fisher-scoring algorithomeerges in less than
MAXITER iterations. This argument is calculated by the fiioic FitSpatioTemporalFH

niter : number of iterations the performed by the Fisher-scorilggréhm. This argument is
calculated by the functioRitSpatioTemporalFH

validtheta  : alogical value equal to TRUE if the valuesthieta are valids. This argument
is calculated by the functioRitSpatioTemporalFH

theta : estimated parametelis This argument is calculated by the functiéitSpatioTemporalFH

diagonalizematrix

Let A be a matrix with dimensiom x m and ntimesa number. This funcion generates a new matrix
Adiag= diag (A) with dimension(n x ntimeg x (m x ntimeg. The function is defined as

1,...,ntimes
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diagonalizematrix <- function(A,ntimes)
The arguments are:

e A a matrix.

e ntimes : number of times.
The function returns:

e Adiag .

5.4 Examples of usage of R functions

This section shows how to use the R functions described itidde®.3 to produce small area SEBA and
SEBB estimators along with their corresponding estimat&Elbased on the basic Fay-Herriot model.

5.4.1 Example data set

Table 5.4.1.1. presents the data set used in the examplee @te12 areas, 3 time instants, 2 auxiliary
variablesX1 andX2 for each domain and time period. Dependent variable idddldgyY and the error
variances byar. There are 36 observations. The data are sorted by areanamihstants.

0.490202 0.502947 0.120774 0.000407
0.491647 0.519456 0.057924 0.000213
Table 5.4.1.1.Data seDataExample

Area Time Intercept X X2 Y Var
2 1 1 0.502853 0.415588 0.303105 0.000728
2 2 1 0.510154 0.41998 0.250032 0.000593
2 3 1 0.499364 0.416099 0.261484 0.000819
3 1 1 0.50432 0.442839 0.179701 0.00016
3 2 1 0.50544 0.429477 0.177524 0.000163
3 3 1 0.501952 0.443046 0.175358 0.000186
8 1 1 0.511051 0.459058 0.108384 3.3e-05
8 2 1 0.509457 0.490652 0.10549 3.6e-05
8 3 1 0.508517 0.488867 0.09623  3.4e-05
12 1 1 0.50068 0.453259 0.175914 0.000736
12 2 1 0.485724 0.478878 0.247768 0.001015
12 3 1 0.510825 0.474373 0.12216 0.000716
13 1 1 0.513787 0.369786 0.309139 0.000686
13 2 1 0.508677 0.384735 0.341113 0.000677
13 3 1 0.506475 0.401539 0.294176 0.000672
16 1 1 0.498238 0.370316 0.400297 0.002473
16 2 1 0.507197 0.372423 0.342267 0.002168
16 3 1 0.500335 0.402757 0.412106 0.003134
17 1 1 0.492315 0.520161 0.113042 0.000335
2 1
3 1
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Area Time Intercept X X2 Y Var

20 1 1 0.503211 0.465848 0.109374 0.00018

20 2 1 0.511708 0.480571 0.1076 0.00024

20 3 1 0.502282 0.47654 0.082388 0.000203
25 1 1 0.491693 0.45535 0.163808 0.00071

25 2 1 0.507129 0.459151 0.184013 0.000909
25 3 1 0.499759 0.472744 0.209146 0.001039
43 1 1 0.498541 0.466408 0.146345 0.000382
43 2 1 0.491464 0.474924 0.181178 0.000683
43 3 1 0.491474 0.495993 0.148671 0.000551
45 1 1 0.489951 0.405406 0.21923 0.000323
45 2 1 0.473074 0.447659 0.270293 0.000484
45 3 1 0.488254 0.457184 0.234361 0.000501
46 1 1 0.505742 0.450181 0.186366 0.000123
46 2 1 0.506344 0.47181 0.188873 0.000129
46 3 1 0.50103 0.477279 0.137869 0.000149

Table 5.4.1.1 Data seDataExample

The proximity matrix for the 12 areas is presented on Tablelx2. This matrix is ordered according
to the area codes.

0 0 0 0 05 0.5 0 0 0 0 0 0
0 0 0 0 0 0 0 0 0 0 0 1
0 0 0 0 0 0 0.333333 0 0.333333 0.333333 0 0
0 0 0 0 0 0 0 0 0 0 0 1
0.333333 O 0 0 0 0.333333 0 0 0 0 0.333333 O
0.2 0 0 0 0.2 0 0 0 0 0 0.2 0
0 0 0.5 0 0 0 0 0 0.5 0 0 0
0 0 0 0 0 0 0 0 0 0 0 0
0 0 0333333 O 0 0 0.333333 O 0 0.333333 0 0
0 0 0.5 0 0 0 0 0 0.5 0 0 0
0 0 0 0 05 0.5 0 0 0 0 0 0
0 0.5 0 05 O 0 0 0 0 0 0 0

Table 5.4.1.2 Proximity matrixW Example

5.4.2 Example of R code for running functions

We include an example of how to read the data sets with the hvadables and the proximity matrix
and how to run the functionsitSpatioTemporalFH andBootMSE.SpatioTemporalFH . We
also give suitable comments explaining what is done by eadh tine.

BHHHHHHHEHH R R HHHHHHHHHHHE
### Example to calculate de SEBA estimator and the MSE

HitH

### Author: Yolanda Marhuenda (y.marhuenda@umh.es)

### File name: Example_ModelA.R

### Updated: January 20th, 2011

HitH

BHHHHAHHEHH R R HHHHHHHHHH
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rm(list=Is(all.names=TRUE)) # delete previous objects

setwd("C:/PROYECTOS/SAMPLE/04_softwareSPFH") # set pat h where data sets
# and functions are

# Load library "MASS" and files where functions are
library("MASS")

source("Henderson.R")

source("MessageErrorFitting.R")
source("FitSpatioTemporalFH.R")
source("BootMseSpatioTemporalFH.R")

# Set the seed for mvrnorm function used in BootMSE.SpatioTe mporalFH
# function. This step is not necessary

set.seed(301)

# Define data input parameters

model <- "A" # model: "A" or "B"

file_data <- "DataExample.txt" # data input filename

file W <- "WExample.txt" # proximity matrix filename

# Set the column numbers or labels

# of variables included in
# file_data used in the model

c_dom <-1 # area column number
c_period <- 2 # time instant column number
C_varaux <- c("Intercept","X1","X2") # auxiliary variabl es labels
c_ydt <- 6 # direct estimator column number
c_sigma2dt <- 7 # direct estimator variance column
# number
nT <- 3 # total number of time instants
intconfidence <- 0.95 # confidence interval to calculate
# theta, beta and pvalue
MAXITER <- 200 # maximum number of iterations of
# Fisher-scoring algorithm
PRECISION <- 0.0001 # convergence tolerance limit for
# the Fisher-scoring algorithm
nB <- 100 # number of bootstrap replications

# Read input data
datos <- read.table(file=file_data, header=TRUE)

X <- as.matrix(datos[,c_varaux]) # auxiliary variables

ydt <- datos[,c_ydlt] #y

sigma2dt <- datos[,c_sigma2dt] # variance

nD <- nrow(datos)/nT # number of areas

W <- as.matrix(read.table(file=file_W,header=FALSE)) # proximity

105
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# matrix

#Obtain initial values of theta

seedsigma <- Henderson(X,ydt,sigma2dt)

if (seedsigma<0)

{
cat("Henderson sigma:", seedsigma,"<0 \n")
seedsigma<-min(sigma2dt)
cat("Warning: Henderson sigma is set to the minimum varianc e.",seedsigma)
#quit()

}

sigma2l <- sigma22 <- 0.5 * seedsigma

rhol <- 0.3

rho2 <- 0.3 # model B

if (model=="A")
theta0 <- rbind(sigma21, rhol, sigma22)
if (model=="B")
theta0 <- rbind(sigma21, rhol, sigma22, rho2)

# Fit the spatio-temporal Fay Herriot A or B
result <- FitSpatioTemporalFH(model,X,ydt,nD,nT,sigma 2dt,theta0,W,MAXITER,
PRECISION,intconfidence)

# Validate output
if (result$convergence==FALSE || result$validtheta==FA LSE)
{
MessageErrorFitting(model,0,result$convergence,resu [t$iterations,
result$validtheta,result$theta)
quit();
}

# Calculate mean squared error

mse <- BootMSE.SpatioTemporalFH(model,nB,X,nD,nT,sigm az2dt,
result$beta[,"coef"],
result$theta[,"estimate"],rhol,rho2,
W,MAXITER,PRECISION,intconfidence)

5.4.3 Outputs

In this section the results obtained for both models areuoted.

> # Print results for model A
> result$model
[1] llAll

> result$convergence
[1] TRUE



5.4. Examples of usage of R functions

> result$iterations
[1] 50

> result$validtheta
[1] TRUE

> result$theta

estimate std.error
sigma21 0.0007727209 0.0011394158
rhol 0.4895125122 0.6899497254
sigma22 0.0004774741 0.0004818322

> result$beta
coef std.error

tvalue

pvalue greater.alfa

1.896265 0.9690140 1.956902 1.253310e-04

Intercept
X1 -2.140172 1.7091045 -1.252218 1.411579e-02
X2 -1.416665 0.5443026 -2.602716 3.374536e-07

> result$goodnessoffit
loglike AlC BIC
66.41347 -120.82695 -111.32583

FALSE

FALSE
FALSE

> # Print direct estimates, variance and SEBA or SEBB estimat es, mse and

> # residuals of the last period nT.

> dom <- datos[,c_dom]

> period <- datos[,c_period]

> output <- data.frame(Area=dom, Time=period, Direct=ydt ,

+ Model=result$estimates, VarDirect=sigma2dt,

+ MSEModel=mse, residuals=ydt-result$estimates)

> print (output[output[,"Time"]==nT,], row.names=FALSE )

Area Time Direct Model VarDirect MSEModel residuals

Area Time Direct Model VarDirect MSEModel residuals
2 3 0.261484 0.27249167 0.000819 4.064448e-04 -1.100767e- 02
3 3 0.175358 0.17697742 0.000186 1.793776e-04 -1.619418e- 03
8 3 0.096230 0.09620245 0.000034 3.354029e-05 2.754681e-0 5
12 3 0.122160 0.13472920 0.000716 4.808737e-04 -1.256920e -02
13 3 0.294176 0.28997895 0.000672 3.929303e-04 4.197053e- 03
16 3 0.412106 0.31947306 0.003134 8.274163e-04 9.263294e- 02
17 3 0.057924 0.06817393 0.000213 1.652186e-04 -1.024993e -02
20 3 0.082388 0.09157257 0.000203 1.398547e-04 -9.184566e -03
25 3 0.209146 0.17453431 0.001039 3.857674e-04 3.461169e- 02
43 3 0.148671 0.14269041 0.000551 3.859249e-04 5.980593e- 03
45 3 0.234361 0.22154094 0.000501 3.782584e-04 1.282006e- 02
46 3 0.137869 0.14280839 0.000149 1.178671e-04 -4.939394e -03

> # Print results for model B
> result$model
[1] IIBII
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> result$convergence

[1] TRUE

> result$iterations

[1] 44

> result$validtheta

[1] TRUE

> result$theta

estimate

std.error

sigma2l 0.0008838728 0.0012274716

rhol

0.5024407276 0.6367657213

sigma22 0.0004001407 0.0005881695

rho2
> result$beta
Intercept

X1
X2

coef

> result$goodnessoffit

loglike

AIC

std.error

BIC

66.36243 -118.72487 -107.64024

dom

VvV ++ VVVYVYV

Area Time
2
3
8

12
13
16
17
20
25
43
45
46

WWWWWwWwwwwwww

Direct
0.261484
0.175358
0.096230
0.122160
0.294176
0.412106
0.057924
0.082388
0.209146
0.148671
0.234361
0.137869

-0.1540283111 1.3214335088

tvalue

1.819170 0.9756079 1.864653 2.575311e-04
-2.048671 1.7166565 -1.193408 1.933357e-02
-1.348500 0.5491056 -2.455811 1.484572e-06
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pvalue greater.alfa

FALSE
FALSE
FALSE

# Print direct estimates, variance and SEBA or SEBB estimat
# residuals of the last period nT.
<- datos[,c_dom]
period <- datos[,c_period]
output <- data.frame(Area=dom, Time=period, Direct=ydt

Model=result$estimates, VarDirect=sigma2dt,
MSEModel=mse, residuals=ydt-result$estimates)

Model VarDirect

0.27400397
0.17709457
0.09606368
0.13575365
0.29020881
0.32051839
0.06929316
0.09145810
0.17294244
0.14241817
0.21998893
0.14322305

0.000819
0.000186
0.000034
0.000716
0.000672
0.003134
0.000213
0.000203
0.001039
0.000551
0.000501
0.000149

print (output[output[,"Time"]==nT,], row.names=FALSE

MSEModel
3.499487e-04
1.723063e-04
2.872631e-05
4.436002e-04
4.,599797e-04
9.545559¢e-04
1.584498e-04
1.550209e-04
4.380790e-04
4.073340e-04
3.493211e-04
1.366389e-04

residuals
-0.01251996
-0.00173657
0.000166317
-0.0135936
0.00396719
0.09158760
-0.0113691
-0.0090701
0.03620356
0.00625283
0.01437207
-0.0053540

es, mse and

96
28
3
534
14
76
610
028
00
50
37
450
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Unit-level time models

6.1 Unit-level model with independent time effects

6.1.1 The methodology

Let us consider the model
y = XB+Z1U1 + Zous + W2, (6.1)

whereu; = ugpx1 ~ N(O, 01ID) Uz = Uamx1 ~ N(O, O'2|M) ande = enx1 ~ N(O, O'Ol n) are independeny =

Ynx1, X = Xnxp With 1(X) = p, B=Bpy1, Z1= dlag (Ing)nxp, Z2 = diag ( diag (1ny))nxm, M = 35 1 mg,
1<d<D 1<t<my

n = Ed 1Nd, Ng = Zt 1 Ndt, la is theax a |dent|ty matrlx 1, is thea x 1 vector with all its elements equal to 1,
= diag (Wgq), Wq = diag (Wgt), War = diag (Wdtj)nxn With knownwgj >0,d=1,...,D,t=1,...,mg,

1<d<D 1<t<my 1<j<ngt
j=1,...,ng4;. Model (6.1) can alternatively be written in the form

ydtj:thjB+u1,d+u2,dt+W(;t]j-/2edtj7 dzla"'aDat:la"'armaj:17"'7ndt7 (62)

whereyqt;j is the target variable for the sample ujitimet and domaird, andxgj is the row(d,t, j) of matrix X.
In what follows we use the alternative parameters

2
o o

2_ 2 1 2

0° =0 d1=—=, o2 .
o 03’ o3

Leto = (62,¢1,92) be the vector of variance components, with> 0, $1 > 0 and¢, > 0. Under the modelR?),
we haveV, = var(u;) = 6%¢1lp, Vy, = var(uz) = 6°¢2lym, Ve = var(e) = 02l and

V =var(y) = Zyvar(ug)Z1' + Zovar(uz)Z,' + 0?W 1 = 622 = odiagZ1,...,3p),
where

Zd—¢11nd1nd+¢2 dlag (1nm)|nuld'ag( na)+Wd1, d=1,...,D.
<t<my

If ois known, the BLUE o3 = (B4,...,Bp)’ and the BLUP o1 = (u,u5)" are
B=(XV X)XVl and G=VZ'Vl (y - xﬁ) , (6.3)

whereV = diagVy,,Vu,).

109
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The REML estimators are calculated by using the Fisherisg@lgorithm with the updating formula
ofl = o+ F1(a*)S(a%).
The components of the vectors of scoBés) are

n—p

S2 = - 202 204y Py,
S, = ——tr{Ple }+ 2y’P212’1Py,
S, = ——tr{PZzZ b3 zy’PZzZ’zF’y,

whereP = 31 — 71X (X'371X)~1X’Z~L. The the elements of the Fisher information matrix are

n-p 1 n—p
Fczoz = _W + atr{PZ} = —, F02¢1 tl'{PZ]_Z }
1
Fo2p, = 202 tr{PZ2Z5}, Fyup; = tr{Ple’ PZ,Z1},
1
F¢'1¢2 = é tr{lez&PZZZIZ}a F¢2¢2 tr{PZZZ/ PZZZ }

If ngt > 0, the EBLUP ofY g is

=eblup  _ ~ _ — _ = o = o~ E PN
Yo = XatB+Z1,atUs + Zoatlz + ft ygdt_xs,dtB_Zl,dtul_ZZ,dtUZ}7

_ 1 <N N
whereys 4t = Nat Zjd:tl)/dtji Xsdt = zjdtlxdtjy fat = tht and

Nat

= 7 1 / / /

Zigt = _thlg?lo{é élfg [5tk1 Jb dlag(lN;) = CO" {6d£}

= 1 / / / ; ; /

o = 50, O, 5, i) g o (1) = 0 ol (B}

with &z = 1 if a= b andd,p = 0 otherwise. Ifng; = 0, the EBLUP ofYg; is

=~eblup _ ~ _ = _
Yar = XatB+Z1,dtUs + Z2,4tU2.

The mean squared error of the EBLUPYGf is

~eblup

MSE(Yy ) = 61(0) +G2(0) + Gs(0) + 04(0).

where

= a;ZrTsZ;arv

= [AXr — & ZrTsZeVea Xs|Qs[Xar — XV g ZsTsZ 2],
tr { (Ob')Vs(Ob'YE [6— 0) (G —0)] },

a;Verarv

Q
w
~—~ I~ o/~
\_/\9/\./\_/
Q
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and subindexesandr are used to denote the sampled and non sampled populatisnPlae elements of formulas
01(0) — ga(0) are

1
’o_ = / / / _
a'r - th lg?ﬁlD |:6d€l<cko<|mg[6tk1N[knék]:| ) ZS [leZZS] )
Zy = [ZuZx], Ts=Vu-VuZV1ZsZ,, b =az,v,ZVv1t,
2
_ oflp O 1 1 1 2
o= (87 gy ) Ve degvadh vl
Qs = (ngilxs)il, VerZO'ZWFla

andE [(0 — 0)(0 — 0)'] is approximated by the inverse of the REML Fisher informatiatrix.

6.1.2 The Software: description of R functions

This section describes the R functions that have been ingsieed for fitting the individual-level model with
independent time effects (6.1). An example of how to useettfesctions is given in the next section and the
related codes are listed in Appendix 20.1.

The developed R software contains a series of functiongétatn, as final output, the EBLUP estimates of
interest. We recall that R functions are objects with thelfor

name <— function(argy,argp, ...) {expressioh.

R functions allows to define a dependent variaideneas output of a given procedure, when inputs variables are
argumentsTheexpressiomwithin curly brackets contains the needed calculationdbtaionamefrom arguments
The function codes appearingén pressiorare listed in Appendix 20.1.

A brief descriptions of programmed R functions is given ia tfext subsections. The functions can be used for
calculating the REML variance estimates, fhestimate, the predictor, the EBLUPs and the MSEs of EBLUPS.

REML.individual.indep

FunctionREML.individual.indep calculates the estimate of and the Fisher amount of informatiénfor the
Restricted Maximum Likelihood (REML) method. The functiisn

REMLindividual.indep <— function(X,Y,W, D, md, ndi, sigma, sigmél, sigm&, MAXITER= 500).

The arguments are:
X: matrix containing values gb auxiliary variables, with dimensioM x p.
Y: vector containing the direct estimates of the dependerablarfor areal and time instant, with sizeM.
W: vector containing the weights of the dependent variabl@fead and time instant, with sizeM.
D: total number of domains.
md: vector containing the time instants totatg within each domain, with sizB.
sigma0 sigmal sigmaZ2:Initial values of sigma. They are used as seed of the Figtwirg) algorithm.
MAXITER: maximum number of iterations in the Fisher-scoring aldyonit Default value is 500.

The function returns a list of five elements. First, secondl third elemensigmal is the REML estimate 062,
fourth elemenf3.inv is the inverse estimated Fisher amount of informafoand fifth elemenR is the inverse
matrix appearing in the expressionff
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BETA.U.individual.indep

FunctionBETA.U.individual.indep calculates the estimatﬁrand the predicto@i. The function is
BETAU.individualindep <— functionX,Y,W, D, md, ndi,sigma, sigmdl, sigma).

The arguments are:

X: matrix containing values gb auxiliary variables, with dimensiod x p.

Y: vector containing the direct estimates of the dependerablarfor areal and time instant, with sizeM.

W: vector containing the weights of the dependent variablafead and time instant, with sizeM.

D: total number of domains.

md: vector containing the time instants totatg within each domain, with sizB.

ndi: vector containing the number of individuals in a instamgswithin each domain, with sizB.

sigma0 sigmal sigma2:estimated values af?, calculated by the functioREML.individual.indep .

The function returns a vector containing the estimatedassion parametefs with sizep.

mse.individual.indep

Functionmse.individual.indep calculates the estimator of the Mean Squared Error (MSEhe@BBLUP[y; =
XgtB + Ugt. The function is

mseindividual.indep <— function(X,Y,W, D,md,ndi,MXm NDI, MX p,sigm&), sigmal, sigm&2, FInv).
The arguments are:
X: matrix containing values gb auxiliary variables, with dimensiod x p.
Y: vector containing the direct estimates of the dependerablarfor areal and time instant, with sizeM.
W: vector containing the weights of the dependent variablafead and time instant, with sizeM.
D: total number of domains.
md: vector containing the time instants totatg within each domain, with sizB.
ndi: vector containing the number of individuals in a instamgswithin each domain. (Sampling data)
MXm: vector containing the average data in a instamisvithin each domain. (Sampling data)
NDI: vector containing the number of individuals in a instamgswithin each domain. (Population data)
MXp: vector containing the average data in a instamfsvithin each domain. (Population data)
sigma0 sigmal sigma2:estimated values af?, calculated by the functioREML.individual.indep .

FINV: is the inverse estimated Fisher of informatncalculated by the functioREML.individual.indep .

. o . ~eblup
The function returns a vector containing the MSE estimatsgY ;; ).
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Interval.indep

Functioninterval.indep calculates the asymptotic confidence intervalsapandp;. The function is
Intervalindep <— function(fit, conf= 0.95).
The arguments are:

fit: returned object, obtained by applying the functi®BM.individual.indep .

conf: interval confidence level X a. Default value is 0.95.

This function returns the semi-lengtsigma0.std.err, sigmal.std.eri; sigma?2.std.err, rho.std.err andbeta.std.err
of the asymptotic confidence intervals fof andp; respectively.

pvalue

Functionpvalue calculates the asymptotje-value of test statisticéi for the null hypothesi$ip : 3; = 0. The
function is

pvalue <— function(beteD, fit).
The arguments are:

betaO: observed value qii, calculated by the functioBETA.U.individual.indep.

fit: returned object, obtained by applying the functRBML.individual.indep .

This function returns the vect@val containing the asymptotip-values for hypothesddy : 3 = 0,i =1,...,p,
with sizep.

6.1.3 Examples of usage of R functions

This section describes how to apply the described R routineslculate EBLUP estimates and their corresponding
mean squared errors.

Example data set

Table 6.1.3.1 presents the data sets used in the example.
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Domain Unit Time One Age Y

11 11 1 1 0.255 1.2550
11 21 1 1 0.000 1.0014
11 31 1 1 0594 1.5940
11 41 1 1 0501 1.5004
11 51 1 1 0.226 1.2245
11 11 2 1 0.000 1.0004
11 21 2 1 0119 1.1192
11 31 2 1 0530 1.5302
11 41 2 1 0539 1.5387
11 51 2 1 0.120 1.1189
11 11 3 1 0.000 0.9996
11 21 3 1 0182 1.1820
11 31 3 1 0331 1.3310
11 41 3 1 0401 1.4015
11 51 3 1 0.109 1.1093
12 12 1 1 0513 15120
12 22 1 1 0.155 1.1546
12 32 1 1 0335 1.3336
12 42 1 1 0599 1.5987
12 52 1 1 0.282 1.2831
12 12 2 1 0539 1.5383
12 22 2 1 0179 1.1790
12 32 2 1 0.220 1.2205
12 42 2 1 0.637 1.6366
12 52 2 1 0.183 1.1830
12 12 3 1 0.662 1.6617
12 22 3 1 0123 1.1226
12 32 3 1 0198 1.1982
12 42 3 1 0.663 1.6637
12 52 3 1 0.358 1.3575

Table 6.1.3.1.Data sedataExample

There are 2 domains, 5 sampling units (within each domain)n@ periods and 1 independent variatdlge
for each domain and time period. Dependent variable is ¢éablyY. There are are 30 observations. The file
dataExampléxt contains the data. Data should be sorted by domains and énds.

Example of R code

An R code for reading the data file and applying the above destifunctions is needed. The fiEexample.R
contains this code and, for this example, is located in tihdefaC:/Individualtimemodelindeplt is important to
take care on where to put this file and all the functi®dfiles. Note that undewindows systepthe folder of the
file is set by default installation. Otherwise the user cqretthe complete path. But undenuxthe folder is the
same than the one used to execute R.

The R fileExample.Rcontains a program with the instructions for fitting the admeel model to data in file
dataExample.txtFirst step is to open the files containing all the above described R functions. Sectep is
to read the data fildataExample.txtThird step is to run the application. The program createsrsétxt files in
folder C:/IndividualtimemodellndepThe new files contain the output of the program in what fofldhe code in
Example.Rs listed.
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BHARHHHHHHHHHH AR R R AR A R R AR R R BHAH R
Hi#

HitH Individual-level time models
it SAMPLE project
#itt

### Author: Laureano Santamaria Arana

### File name: Example.R

### Updated: June 25th, 2010

#itH

B R H R R B

### Establishing the folder where data and routine files are located.
setwd("C:/Individualtimemodelindep™)
sink("Outputs.txt")

### Call functions

source("REML.R")
source("Estimacion BETA.R")
source("Estimacion MSE.R")
source("Varios.R")

### Reading data
data <- read.table(file = "dataExample.txt", header = T)

xdt <- as.matrix(data[,4:(ncol(data)-1)])

ydt <- data[,ncol(data)]

n <- nrow(data)

D <- length(unique(data[,1]))

md <- rep(3,D)

ndi <- ¢(5,5,5,5,5,5)

NDI <- ¢(148507,146226,149710,142580,148212,148096)

mdcum <- cumsum(md)
wdt <- rep(1,n)

W <- diag(wdt)

X <- as.matrix(xdt)

Y <- as.matrix(ydt)

Sem <- Calcular.Semilla(X, Y, D, md, ndi)
sigma0 <- as.numeric(Sem[[1]])
sigmal <- as.numeric(Sem[[2]])

sigma2 <- as.numeric(Sem[[3]])

fit <- REML.area (X, Y, W, D, md, ndi, sigma0, sigmal,
sigma2, MAXITER = 500)
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for(i in 1:3) {
if (fit[[i]]<0)
fit[[i]] <- 0.001

sigma0.gorro <- fit[[1]]
sigmal.gorro <- fit[[2]]
sigma2.gorro <- fit[[3]]
Fisherlnv <- fit[[4]]
Iter <- fit[[5]]

Q <- fit[[6]]

B <- BETA.U.area(X, Y, W, D, md, ndi, sigma0.gorro,
sigmal.gorro, sigma2.gorro)

beta.gorro <- B

fito <- list()

fitO[[1]] <- sigmaO0.gorro
fitO[[2]] <- Fisherlnv
fitO[[3]] <- Q

Int0 <- Interval.Indep (fit0, 0.90)
pvalue0 <- pvalue(beta.gorro, fit0)

### writing data
cat("Number of Ilter.\t" Iter,"\n")
cat("\nbeta.gorro\n")
beta.gorro
v<-length(beta.gorro)
for(d in 1:v) {
cat("beta.gorro\t", beta.gorro[d],"\tInterval:
(",beta.gorro[d]-IntO[[4]][d], beta.gorro[d]+IntO[[4 11[d],"\n™)
}
cat("\nSigma0.gorro\t",sigma0.gorro,"\tinterval:
(",sigma0.gorro-IntO[[1]], sigma0.gorro+IntO[[1]],") \n")
cat("Sigmal.gorro\t",sigmal.gorro,"\tinterval:
(",sigmal.gorro-Int0[[2]], sigmal.gorro+IntO[[2]],") \n")
cat("Sigmaz2.gorro\t",sigmaz2.gorro,"\tinterval:
(",sigma2.gorro-IntO[[3]], sigmal.gorro+IntO[[3]],") \n")
cat("\nPvalue\n")
pvalueO
cat("\nPvalue>0.1\n")
pvalue0>0.1
### End writing datas

#### Calculate and read the population and samples means
Mxm <- Calcular.Media(X, D, md, ndi)
Mxp <- read.table(file = "Medias.txt", header = F, dec="," )
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### EBLUP of the population parameter for last time instant

Mxp <- as.matrix(Mxp)
Beta <- matrix(beta.gorro,nrow=ncol(X),ncol=1)

mudt.gorro <- Calcular.Yeblup.Indep (X, Y, W, D, md, ndi,
Beta, sigma0.gorro, sigmal.gorro, sigma2.gorro, Mxp)
sgrt.mse <- sqrt(mse.area(X, Y, W, D, md, ndi, Mxm, NDI,
Mxp, sigma0.gorro, sigmal.gorro, sigma2.gorro, Fisherin Vv))

Ybarra <- Calcular.Media.Y(Y, D, md, ndi)
residuals.gorro <- Ybarra-mudt.gorro

### Create .txt files in the folder that contains for

### the resulting output for last time instant

write.table(data.frame(Direct=Ybarra, EBLUP=mudt.gor ro,
Residuals=residuals.gorro, Sqgrt.mse=sqrt.mse),
file="EBLUP_Example.txt",row.names=FALSE, sep="\t")

sink()

Outputs
The resulting outputs appear in the fiEBLUP Example.txt, Outputs.titiey are:

"EBLUP Example.txt" output:

"Direct" "EBLUP" "Residuals” "Sgrt.mse"

1.31505574 1.31515569750924 -9.99575092435201e-05 0.01 58186908694694
1.26148538 1.26158533713102 -9.99571310198455e-05 0.01 58195371696525
1.20468282 1.20478276303545 -9.99430354511333e-05 0.01 58205291621391
1.37641348 1.37651345096837 -9.99709683702221e-05 0.02 37186804083336
1.3515003 1.35160024826939 -9.99482693868625e-05 0.025 9175337125956
1.40074604 1.40084598259626 -9.9942596262892e-05 0.023 0270294111105

"Outputs.txt" output:
Number of Iter. 1

beta.gorro
(1]
Ones 1.0000295
Age 0.9995325
beta.gorro  1.000029 Interval: ( -0.4585167 2.458576 )
beta.gorro  0.9995325 Interval: ( -0.5178786 2.516944 )

Sigma0.gorro  4.126837e-07 Interval: ( 3.461224e-07 4.792 45e-07 )
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Sigmal.gorro 0.001 Interval: ( -3.337813 3.339813 )
Sigma2.gorro  0.001 Interval: ( -1.513169 1.515169 )

Pvalue

1]
Ones 0.2594178
Age 0.2785954

Pvalue>0.1
[1]

Ones TRUE

Age TRUE

6.2 Unit-level model with correlated time effects

6.2.1 The methodology

Let us consider the model
y = XB+Z1U1 4 Zoup + W2, (6.4)

whereu; = U1px1 ~ N(0,07Ip), Uz = Uzmx1 ~ N(0,05Q(p)) ande = enx1 ~ N(0,031 ) are independeny, =

Ynxl, X - anp Wlth r(x) == p, B - Ble' Z]_ — d|ag (1nd)n><D, ZZ — d|ag( d|ag (1ndt))n><M, M = Z(?:lnh’
1<d<D 1<d<D 1<t<my

n= 25:1 Ng, Ng = zt"fl Ngt, |2 is thea x a identity matrix, 15 is thea x 1 vector with all its elements equal to 1,
W = diag (Wq), Wq = diag (Wgqt), War = diag (Wgtj)nxn With knownwgj >0,d=1,...,D,t=1,...,my,

1<d<D 1<t<my 1<j<ng
j = 17 <+, Ndt, Q(p) = dlag (Qd) and
1<d<D
1 p ... p2 pm-l
1 P o pmu—2
Q4=Q = :
d=Q(P) = 7 07
pmd*2 .. 1 P
my—1 mg—2
p p p 1 my XMy
Model (6.4) can alternatively be written in the form
ydtj :thjB+u1,d+u2,dt+W;tlj/2edtja dzla"'7D7t:17"'7n]daj :17"'7ndt7 (65)

whereyqt; is the target variable for the sample ujitimet and domaird, andxg;j is the row(d,t, j) of matrix X.
The random vector@uygs, . .. ,Uzdmy ), d = 1,...,D, are i.i.d. AR(1).
Under model (6.4), we hawé,, = var(u;) = 6%¢1lp, Vy, = var(uz) = 6°¢2Q(p), Ve = var(e) = a2, and

V =var(y) = Zyvar(u)Z1' + Zovar(up)Zo' + 0?°W 1 = 6°% = o?diag(Z3, ..., Zp),
where

24 = 110,11, + 02 diag (1n,) Qa(p) diag (1, )+Wyh d=1,...,D.
1<t<my 1<t<my



6.2. Unit-level model with correlated time effects 119

In what follows we use the alternative parameters

2_ 2 of 5
0°=05 ¢1= 2> ¢27_25 p=p
0 0

Leto = (02,¢1,92,p) be the vector of variance components, with> 0, $1 > 0,42 >0and-1<p< 1. Ifgis
known, the BLUE of = (B1,...,Bp)" and the BLUP olu = (u},u5)’ are

B=(XV X)XVl and G=VZ'Vl (y - xﬁ) . (6.6)

whereV = diagVy,,Vu,).
The REML estimators are calculated by using the Fisherisg@lgorithm with the updating formula

0"t =a*+F 1 (0)S(d").

The components of the vectors of scoiés) are

_ _nh-p,
S2 = 202 204y Py,
S, = ——tr{P212}+ Zszlz’Py,
S, = ——tr{PZzQ( ) ’}+ﬁy’P229(p)Z/2Py,
S = ¢2tr{PZZQ zz}+ yPZzQ(p)Z’zPy,

The elements of the Fisher information matrix are

Fop = —n2;4p —t{PZ} — Bl Py, = 1 S rPZiZ),

Fotpy = itr{Pzzm 124}, Fczp=%tr{PzzQ<p>Zé},

Fouy = —tr{Ple’lez} F¢1¢2:%tr{Ple’lPZZQ(p)Z’Z}

Fop = ¢2tr{lez’PZZQ( )Zb), F¢2¢2:%tr{PZzQ(p)Z’ZPZZQ(p)Z’Z},
Fo.p = ¢2tf{PZzQ( )ZHPZQ(p)Z5}, Fpp:%%tr{PZZQ(p)Z’ZPZZQ(p) 2}

If ngt > 0, the EBLUP ofY g is

~eblup __

Ya =XaB+Z1atl1+Z2atl2+ fat |Vsat — XsdtB—Z1,dt01 — zZ,dtGZ} ,

o _ 1Nty ¥ . _ 1 <Ndt .. f._n
whereys g = 7o ¥ 121 Yatj, Xsdt = o 22 Xatj far = g and

Va _ i / / /

Zigt = thl<<:19<ID{6 l<col Bk 1y, ]}dlag(lmf)— CO' {8},

= _ 1 / / / H H / /

Zoat = g S0 {8, GO [oucln,J} diag( diag (1n,)) = col {, Col {BarducH},

with d;p = 1 sia=bandd,, =0 sia#b.
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If ng¢ = 0, the EBLUP ofYy; is the synthetic part

~eblup _ ~ _ = _
Yar = XatB+Z1,dtUs + Z2,4tU2.

A second order approximation to the mean squared error dEBidJP is

MSE¥g ) = 01(0) + 62(0) + 05(0) + 9a(0).

where
ai(0) = &z TZar,
92(0) = [aXr - ZiTsZV X< QslXrar — XV ZsTsZrarl,
g3(0) ~ tr{(00)Vs(Ob')E[(G—0)(G—0)]},
g4(0) aVeray.
where
& = — col |8 col [dudy, n|, Zs=[Z1sZa
Ngp156<D | © d<kam,' ki |2 ’
Zr = [ZuZx], Ts=Vu—VuZVs'ZsVu, Qs=(XeVs'Xs)
Vu = <0%ID 0 > Vsl = diag {Vgl}, Ved =0 2Ws
0 G%Q(p) ) S 1=d<D ds J» es )
b = a,/rZrVuZ/sVsjla VerZOZWFla

andE[(C — 0)(0 — 0)’] is approximated by the inverse of the REML Fisher informatiatrix.

6.2.2 The Software: description of R functions

This section describes the R functions that have been imgig for fitting the individual-level model with time
correlated effects (6.4). A brief descriptions of prograeahiR functions is given in the next subsections and the
related codes are listed in Appendix 20.2. The function @auoded for calculating the REML variance estimates,
the estimate, the predictor, the EBLUPs and the MSEs of EBLUPs.

REML.individual.autocorr

FunctionREML.individual.autocorr calculates the estimate of, the correlation coefficierpp and the Fisher
information matrixF for the Restricted Maximum Likelihood (REML) method. Then@tion is

REMLindividual.autocorr <— function(X,Y,W, D, md, ndi, sigmaD, sigmél, sigm&,rho, MAXITER= 500).

The arguments are:
X: matrix containing values gb auxiliary variables, with dimensiod x p.
Y: vector containing the direct estimates of the dependerablarfor areal and time instant, with sizeM.
W: vector containing the weights of the dependent variablafead and time instant, with sizeM.
D: total number of domains.

md: vector containing the time instants totatg within each domain, with sizB.
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sigma0, sigmal, sigmaZ2initial values of sigma. They are used as seed of the Figtwirg) algorithm.
rho: Auto-correlation parameter.
MAXITER: maximum number of iterations in the Fisher-scoring aldyonit Default value is 500.

The function returns a list of six elements. First, second third elemensigmal is the REML estimate 062,
fourth elementho is the REML estimate op, fifth elementF3.inv is the inverse estimated Fisher amount of
informationF and sixth elemerR is the inverse matrix appearing in the expressiofi.of

BETA.U.individual.autocorr

FunctionBETA.U.individual.autocorr calculates the estimatﬁrand the predicto@i. The function is

BETAU.areaautocorr <— function(X, ydt, D, md, sigm&edt, sigmau rho).

The arguments are:
X: matrix containing values gb auxiliary variables, with dimensioM x p.
Y: vector containing the direct estimates of the dependerablarfor areal and time instant, with sizeM.
W: vector containing the weights of the dependent variablafead and time instant, with sizeM.
D: total number of domains.
md: vector containing the time instants totatg within each domain, with sizB.
ndi: vector containing the number of individuals in a instamgswithin each domain, with sizB.
sigma0 sigmal sigma2:estimated values af?, calculated by the functioREML.individual.indep .

rho: estimated value g, calculated by the functioREML.individual.autocorr .

The function returns a vector containing the estimatedassion parameteﬁs

mse.individual.autocorr
Functionmse.individual.autocorr calculates the estimator of the Mean Squared Error (MSEhefEBLUP
Pdt = XqtB + Ugt. The function is

mseindividual.autocorr <— functionX,Y,W, D, md,ndi,MXm NDI,MX p,sigma, sigmél, sigm&, rho, FInv).

The arguments are:

X: matrix containing values gb auxiliary variables, with dimensioM x p.

Y: vector containing the direct estimates of the dependerablarfor areal and time instant, with sizeM.
W: vector containing the weights of the dependent variablafead and time instant, with sizeM.

D: total number of domains.

md: vector containing the time instants totatg within each domain, with sizB.

ndi: vector containing the number of individuals in a instangswithin each domain. (Sampling data)
MXm: vector containing the average data in a instamgsvithin each domain. (Sampling data)

NDI: vector containing the number of individuals in a instamgswithin each domain. (Population data)
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MXp: vector containing the average data in a instamfsvithin each domain. (Population data)
sigma0, sigmal, sigma2:estimated values af?, calculated by the functioREML.individual.autocorr .
rho: estimated value g, calculated by the functioREML.individual.autocorr .

FINV: is the inverse estimated Fisher amount of informakowalculated by the function
REML.individual.autocorr .
~eblup

The function returns a vector containing the MSE estimatsgY
Interval.autocorr

Functioninterval.autocorr calculates the asymptotic confidence intervalsoipandf;. The function is
Interval.autocorr <— function(fit, conf=0.95).

The arguments are:
fit: returned object, obtained by applying the functREML.individual.autocorr .
conf: interval confidence level & a. Default value is 0.95.

This function returns the semi-lengteggma0.std.err, sigmal.std.er;, sigma2.std.errand beta.std.err of the
asymptotic confidence intervals fof andp,; respectively.

6.2.3 Examples of usage of R functions

This section demonstrates how the R routines described eapjblied to produce EBLUP estimates with their
corresponding mean squared errors.

Example data set

Table 6.2.3.1 presents the data sets used in the examplee @&te2 domains, 5 sampling units (within each

domain), 3 time periods and 1 independent variddefor each domain and time period. Dependent variable is
labeled byY. There are are 30 observations. ThedilgaExampléxt contains the data. Data should be sorted by
domains and time periods.

Domain Unit Time One Age Y

11 11 1 1 0.255 1.2550
11 21 1 1 0.000 1.0014
11 31 1 1 0594 15940
11 41 1 1 0501 1.5004
11 51 1 1 0.226 1.2245
11 11 2 1 0.000 1.0004
11 21 2 1 0119 1.1192
11 31 2 1 0530 1.5302
11 41 2 1 0539 15387
11 51 2 1 0.120 1.1189
11 11 3 1 0.000 0.9996
11 21 3 1 0.182 1.1820
11 31 3 1 0331 1.3310
11 41 3 1 0401 1.4015

11 51 3 1 0.109 1.1093
Table 6.2.3.1.Data sedataExample




6.2. Unit-level model with correlated time effects

Domain Unit Time One Age Y
12 12 1 1 0513 1.5120
12 22 1 1 0.155 1.1546
12 32 1 1 0.335 1.3336
12 42 1 1 0599 1.5987
12 52 1 1 0282 1.2831
12 12 2 1 0539 1.5383
12 22 2 1 0179 1.1790
12 32 2 1 0.220 1.2205
12 42 2 1 0.637 1.6366
12 52 2 1 0.183 1.1830
12 12 3 1 0662 1.6617
12 22 3 1 0123 1.1226
12 32 3 1 0198 1.1982
12 42 3 1 0.663 1.6637
12 52 3 1 0.358 1.3575

Table 6.2.3.1.Data sedataExample

Example of R code
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An R code for reading the data file and applying the above destifunctions is needed. The filexample.R
contains this code and, for this example, is located in thaefdC:/IndividualtimemodelCorr It is important to
take care on where to put this file and all the functi®files. Note that undewindows systejrihe folder of the
file is set by default installation. Otherwise the user cgretthe complete path. But undeinuxthe folder is the

same than the one used to execute R.

The R fileExample.Rcontains a program with the instructions for fitting the de=eel model to data in file
dataExample.txtFirst step is to open the files containing all the above described R functions. Secteg is
to read the data fildataExample.txtThird step is to run the application. The program createsrsétxt files in
folder C:/IndividualtimemodelCorr The new files contain the output of the program in what fofidive code in

Example.Rs listed.

BHARHHHHHHHHHH AR R AR AR R R AR R R

HHH#H
HHH#H
HH#H
HH#H

### Author: Laureano Santamaria Arana

### File name: Example.R
### Updated: June 25th, 2010
HitH

Individual-level time models
SAMPLE project

BHAHHHHH AR

### Establishing the folder where data and routine files are

setwd("C:/IndividualtimemodelCorr/")
sink("Outputs.txt")

### Call functions

source("REML.R")
source("Estimacion BETA.R")

BHAH R

BHAHHHHHHAH A
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source("ICautocorr.R")
source("pvalue.R")
source("Estimacion MSE.R")

### Reading data
data <- read.table(file = "dataExample.txt", header = T)

xdt <- as.matrix(data[,4:(ncol(data)-1)])

ydt <- data[,ncol(data)]

n <- nrow(data)

D <- length(unique(datal,1]))

md <- rep(3,D)

ndi <- c¢(5,5,5,5,5,5)

NDI <- ¢(148507,146226,149710,142580,148212,148096)

mdcum <- cumsum(md)
wdt <- rep(1,n)

W <- diag(wdt)

X <- as.matrix(xdt)

Y <- as.matrix(ydt)

Sem <- Calcular.Semilla(X, Y, D, md, ndi)

sigma0 <- as.numeric(Sem[[1]])

sigmal <- as.numeric(Sem[[2]])

sigma2 <- as.numeric(Sem[[3]])

rho <- as.numeric(SemI[[4]])

fit <- REML.area (X, Y, W, D, md, ndi, sigma0, sigmal,
sigma2, rho, MAXITER = 500)

for(i in 1:3) {
if (fit[[i]]<0)
fit[[i]] <- 0.001

sigma0.gorro <- fit[[1]]
sigmal.gorro <- fit[[2]]
sigma2.gorro <- fit[[3]]
rho.gorro <- fit[[4]]
Fisherlnv <- fit[[5]]
Iter <- fit[[6]]

Q <- fit[[7]]

B <- BETA.U.area(X, Y, W, D, md, ndi, sigma0.gorro,
sigmal.gorro, sigma2.gorro, rho.gorro)

beta.gorro <- B

fito <- list()

Chapter 6. Unit-level time models



6.2. Unit-level model with correlated time effects

fitO[[1]] <- sigma0.gorro
fitO[[2]] <- Fisherlnv
fitO[[3]] <- Q

Int0 <- Interval.Indep (fit0, 0.90)
pvalue0 <- pvalue(beta.gorro, fit0)

##H# writing data
cat("Number of Iter.\t" Iter,"\n")
cat("\nbeta.gorro\n")
beta.gorro
v<-length(beta.gorro)
for(d in 1:v) {
cat("beta.gorro\t", beta.gorro[d],"\tInterval:

}

cat("\nSigma0.gorro\t”,sigma0.gorro,"\tinterval:

(",beta.gorro[d]-IntO[[4]][d], beta.gorro[d]+IntO[[4

(",sigma0.gorro-IntO[[1]], sigma0.gorro+IntO[[1]],")

cat("Sigmal.gorro\t”,sigmal.gorro,"\tinterval:

(",sigmal.gorro-Int0[[2]], sigmal.gorro+IntO[[2]],")

cat("Sigma2.gorro\t”,sigmaz2.gorro,"\tinterval:

(",sigma2.gorro-IntO[[3]], sigma2.gorro+Int0[[3]],")

cat("rho.gorro\t",rho.gorro,"\tInterval:
(",rho.gorro-IntO[[4]], rho.gorro+IntO[[4]],")\n")
cat("\nPvalue\n")
pvalueO
cat("\nPvalue>0.1\n")
pvalue0>0.1
### End writing datas

#### Calculate and read the population and samples means

Mxm <- Calcular.Media(X, D, md, ndi)

Mxp <- read.table(file = "Medias.txt", header = F, dec="" )

### EBLUP of the population parameter for last time instant

Mxp <- as.matrix(Mxp)
Beta <- matrix(beta.gorro,nrow=ncol(X),ncol=1)

mudt.gorro <- Calcular.Yeblup (X, Y, W, D, md, ndi, Beta,
sigma0.gorro, sigmal.gorro, sigma2.gorro, rho.gorro, Mx

sgrt.mse <- sqrt(mse.area(X, Y, W, D, md, ndi, Mxm, NDI, Mxp,
sigma0.gorro, sigmal.gorro, sigma2.gorro, rho.gorro, Fi

Ybarra <- Calcular.Media.Y(Y, D, md, ndi)

residuals.gorro <- Ybarra-mudt.gorro

1[d],")M\n")

\n")
\n")

\n")

p)

sherinv))
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### Create .txt files in the folder containing the outputs
#write.table(data.frame(Direct=Ybarra, EBLUP=mudt.go rro,
Residuals=residuals.gorro, Sgrt.mse=sqgrt.mse),
file="EBLUP_Reales.txt",row.names=FALSE, sep="\t")

sink()

Outputs
The resulting outputs appear in the fiEBLUP Example.txt, Outputs.titiey are:

"EBLUP Example.txt" output:

"Direct" "EBLUP" "Residuals" "Sgrt.mse"

1.31505574 1.31515569750924 -9.99575092435201e-05 0.01 58186908694694
1.26148538 1.26158533713102 -9.99571310198455e-05 0.01 58195371696525
1.20468282 1.20478276303545 -9.99430354511333e-05 0.01 58205291621391
1.37641348 1.37651345096837 -9.99709683702221e-05 0.02 37186804083336
1.3515003 1.35160024826939 -9.99482693868625e-05 0.025 9175337125956
1.40074604 1.40084598259626 -9.9942596262892e-05 0.023 0270294111105

"Outputs.ixt" output:
Number of Iter. 1

beta.gorro
(1]
Ones 1.0000295
Age 0.9995325
beta.gorro 1.000029 Interval: ( -0.4585167 2.458576 )
beta.gorro  0.9995325 Interval: ( -0.5178786 2.516944 )

Sigma0.gorro  4.126837e-07 Interval: ( 3.461224e-07 4.792 45e-07 )
Sigmal.gorro 0.001 Interval: ( -3.337813 3.339813 )
Sigma2.gorro  0.001 Interval: ( -1.513169 1.515169 )

Pvalue

[1]
Ones 0.2594178
Age 0.2785954

Pvalue>0.1
[1]

Ones TRUE

Age TRUE



Chapter 7

M-quantile small area estimators of the
mean

7.1 Methodology

A recently proposed approach to small area estimation ischas the use of M-quantile models (Chambers and
Tzavidis, 2006). M-quantile regression provides a “quatke” generalization of regression based on influence
functions (Breckling and Chambers, 1988). M-quantile ni®de not depend on strong distributional assumptions
nor on a predefined hierarchical structure, and outlier sbimference is automatically performed when these
models are fitted. The M-quantile of ordgifor the conditional density of given X is defined as the solution
Qq(x; W) of the estimating equatiofiyq(y — Q) f (y|X)dy = 0, wherey denotes an influence function associated
with the M-quantile. In a linear M-quantile regression mbtfee g-th M-quantile Qq(x, ) of the conditional
distribution ofy givenX is such that

Qq(X; W) = XBy,(a) (7.1)

whereyyq(rigy) = 20{s *rigy} {al(rjgy > 0)+ (1— )l (rjqy < 0)} andsis a suitable robust estimate of scale, e.g.
the MAD estimates = medianrjqy| /0.6745. A popular choice for the influence function is the HuBesposal
2, p(u) =ul(—c<u<c)+csgn(u). However, other influence functions are also possible. pecifiedq and
continuousy, an estimateBw(q) of Bw(q) is obtained via iterative weighted least squares. Notettiexe is a
different set of regression parameters for eqch

LetQq = {1,...,Ng} be the population of aredh Letyq = (y1,...,yn,)’ denote the variable values for thg
small area population elements. We consider a saguteQq, of ng < Ny units, and we denote withy = Qg — 4
the set of non sampled units. For each population ymétx; = (x1j,...,Xpj) denote a vector gb known auxiliary
variables. The small area specific empirical distributiomction ofy for aread is

Fa=N [ T 1<+ 3 1y <), (7.2)

j€sq j€rg

The problem of estimatingq(t) given the sample data essentially reduces to predictingahesy; for the
non-sampled units in small arela One straightforward way of achieving this is to simply @ the unknown
non-sample values §f(7.2) by their predicted valugs (nder an appropriate model, leading to a plug-in estimator
of (7.2) of the form

Fy= Ndl[zSd Iy <O+ 31 <), (7.3)
IS JErd
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128 Chapter 7. M-quantile small area estimators of the mean

An estimator of the mea¥iy of y in aread is then defined by the value of the mean functional defined I8).(7
This leads to the usual plug-in estimator of the mean,

?d:/; tdBy(t) (zyJ J;d )

€
The predicted value of a non-sample upih aread corresponds to an estimgigdf its expected value given that
it is located in areal.

When the conditional M-quantiles are assumed to follow adimmodel, withBLlJ(q) a sufficiently smooth
function ofq, this suggests an estimator of the distribution function

A { T <O+ T 1By (8) st)} (7.4)

j€sy j€ry
wherex;B,,(64) is used to predict the unobserved vajydor population unitj € rq. When there are no sampled

observations in are@thenéd =0.5.
Using the empirical distribution function and the linearddantile small area models one can defined an
estimators of the small area mean

/ tdEM { Tyt xiByl ed)} (7.5)
j€s j€rg
Chambers and Tzavidis (2006) observed that the naive Mtd@amean estimator (7.5) can be biased. The
distribution function estimator (7.3) underlying (7.4)rist consistent in general. Thus, when the non-sample
predicted values in (7.3) are estimated expectations tiratezge in probability to the actual expected values, we
see that

= > ==y <ty = Iy;<t+g) # 5 Iy <t

JE€rg JE€rg JEry JErg
whereg; are the actual regression errors. If these errors are imdigpely and identically distributed symmetrically
about zero we expect that the summation on the left hand biolesawill closely approximate the summation on the
right for values ot near the median of the non-sampled adealues ofy but not anywhere else. More generally,
for heteroskedastic and/or asymmetric errors this coomspnce will typically occur elsewhere in the support of
y, although one would expect that in most reasonable situsiitowill be “close” to the median of. In other
words, it is not advisable to use (7.3) to predict a quanfikhe aread distribution ofy other than the median.

By combining a smearing argument (Duan, 1983) with a modetHe finite population distribution of,
Chambers and Dunstan (1986, hereafter referred to as C@Japed a model-consistent estimator for a finite
population distribution function. In the context of the dhamea distribution function (7.2), and assuming that the
residuals are homoskedastic within the small area of istgttgis is of the form

FEP {ZIyJ<t S ng zl<9k+<yj—9j>su}. (7.6)

jex kerg j€xy
It can be shown that under the CD estimator of the small astalition function the mean functional defined by
(7.6) takes the value

~CD "0 N ) B i
Y :/ tdF"CD(t)_Ndl{ZyJ+Zyj+(fd1—1)2(yj—yj)} (7.7)
- j€sy jery i

wherefy = nde’l is the sampling fraction in ared, y; = xjﬁw(éd), whereyj can be obtained either under the
linear or the nonparametric M-quantile small area models.r&fer to (7.7) as the bias adjusted M-quantile mean
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predictor. Due to the bias correction in (7.7), this predlietill have higher variability than (7.5) and so it should
only be used when (7.4) are expected to have substantialbgasvhen there are large outlying data points.

7.2 The Software: description of R functions

In this document we present the function mq.sae that is dedifpr producing small area mean estimates under the
M-quantile small area model proposed by Chambers and Tigal@#806) and Tzavidis, Marchetti and Chambers
(2010).The computation of small area estimates and of thregponding Mean Squared Error (MSE) using the R
software is illustrated with a simulated data set. Full Reodre included in Appendix 7.

7.2.1 Required R packages

Before using mq.sae install the following packages

¢ MASS

7.2.2 mqg.sae

>mg.sae(y,x,regioncode.s,m,p,x.outs,regioncode.r,to l.value,
maxit.value,k.value)

e X: anx pmatrix of auxiliary variables which also has include a vectoones for the intercept term

y: the (numeric) response vector for sampled units

e regioncodes: area code for sampled units

e m: the number of small areas

e p: size of x +1 (including the intercept)

e X.outs: covariate information for out of sample units

e regioncoder: area code for out of sample units

e tol.value convergence tolerance limit for the M-quantile model. &@gfto 0.0001

e maxitvalue maximum number of iterations for the iterative weighteakliesquares. Default to 100

¢ k.value tuning constant used with the Huber proposal 2 scale estimaefault to 1.345

The function returns small area estimates of the mean uhdéfiquantile model as well as the corresponding
MSE estimates.

e mgcd: Estimates of small area means using the M-quantile Chas¥ibenstan estimator (Tzavidis et al.
2010)

e mgnaive Estimates of small area means using the M-quantile naitrmat®r (Chambers and Tzavidis
2006)

e msecd: MSE estimates for the M-quantile CD small area means
e msenaive MSE estimates for the M-quantile naive small area means

e codearea the codes of the small areas
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7.3 Examples of usage of R functions

7.3.1 Data generation

For illustrating the use of the mq.sae function, data aregead under the following location-shift model
yij =100+ 2%+ gj+6&j,i=1,...,5=1,..,40,

where the values of ~ LogNorma(N,log(4.5) —0.5,0.5) and the error terms are generated frgm- N(0,9)
andej ~ N(0,36).

# MQ-EBLUP
source("c:\\MQ_sae.R")
library(pps)

sigmasq.u=3

sigmasq=6

NoSim<-1

m=40

ni=rep(5,m)

Ni=rep(100,m)

N=sum(N:i)

n=sum(ni)

set.seed(1973)
u=rnorm(m,0,sqrt(sigmasqg.u))
u=rep(u,each=100)

e <- rnorm(N, O, sgrt(sigmasq))
gr=rep(1:40,each=100)
ar=unique(gr)
uno=matrix(c(rlnorm(N,log(4.5)-0.5,0.5)),nrow=N,nc ol=1
y=100+5 * uno+u+e
pop.matrix<-cbind(y,uno,gr)
pop<-as.data.frame(pop.matrix)
names(pop)<-c("y","x","area")
# Drawing a sample
s<-stratsrs(pop$area,ni)
x.Ime=pop][s,]$x
y.Ime=pop[s,]$y
regioncode.lme=pop][s,]$area
pop.r<-pop[-s,]

VVVVVVVVVVVVVVVVVVVVVVVYVYVYVYVYV

7.3.2 Example of R code for running function mg.sae

tmp<-mq.sae(y=y.Ime,x=x.Ime,regioncode.s=regioncode Ime,m=40,
p=2,x.outs=pop.r[,2], regioncode.r=pop.r[,3],tol.val ue=0.0001,
maxit.value=100,k.value=1.345)

7.3.3 Output of function mg.sae

> tmp

mg.cd



7.3. Examples of usage of R functions

[1] 115.7275 117.9384 115.3374 115.5339 116.3331 ...

mg.nhaive
[1] 115.9003 117.6583 115.0192 115.6947 116.0871 ...

mse.cd
[1] 0.55237498 0.80473242 1.54140859 0.75538562 2.136043

mse.naive
[1] 0.09710564 0.02790977 0.16425263 0.05226719 0.125598

code.area

1] 1 2 3 4 5.

16 ...

78...
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Chapter 8

Nonparametric M-quantile small area
estimators of the mean

8.1 Methodology

M-quantile models do not depend on strong distributionaliagtions, but they assume that the quantiles of the
distribution are some known parametric function of the catas. When the functional form of the relationship
between the-th M-quantile and the covariates deviates from the assuwmedthe traditional M-quantile regres-
sion can lead to biased estimates of fhapefficients. Pratesi et al. (2008) and Salvati et al. (209F extended
this approach to the M-quantile method for the estimatiothef small area parameters using a nonparametric
specification of the conditional M-quantile of the respovaeable given the covariates. When the functional form
of the relationship between tlgeth M-quantile and the covariates deviates from the asswnedthe traditional
M-quantile regression can lead to biased estimators ofrttedl @rea parameters. Using p-splines for M-quantile
regression, beyond having the properties of M-quantile eilmydallows for dealing with an undefined functional
relationship that can be estimated from the data. When tagaeship between thg-th M-quantile and the co-
variates is not linear, a p-splines M-quantile regressiadeh may have significant advantages compared to the
linear M-quantile model.

Let us consider only smoothing with one covariate a nonparametric model for thgth quantile can be
written asQgq (X1, P) = My q(X1), where the functiormy q(-) is unknown and, in the smoothing context, usually
assumed to be continuous and differentiable. Here, we sslime that it can be approximated sufficiently well by
the following function

K
My,q[x1; By (), Vo ()] = Bow(a) + Bry(@)Xa + - + Boy(@)X] + > Vi () (xa — ki) (8.1)
k=1

where p is the degree of the splineét)ﬁ =tPif t > 0 and O otherwisexy for k= 1,... K is a set of fixed
knots, By, (d) = (Boy(a), B1y(9), - - .,Bpuy(a))! is the coefficient vector of the parametric portion of the eicahd
By () = (Y (q), - .-, Yky(q))! is the coefficient vector for the spline one. The latter mortdf the model allows
for handling nonlinearities in the structure of the relabip. The spline model (11.1) uses a truncated polynomial
spline basis to approximate the functimg q(-). Other bases can be used,; in particular radial basis furetan
be used to handle bivariate smoothing. More details on basésknots choice can be found in Ruppert et al.
(2003).

Salvati et al. (2010) have applied the P-splines M-quantdgession to the estimation of a small area mean
as follows. The first step is to estimate the M-quantile coeffitsqjq as illustrated in the Deliverable D12 and

D16 for the linear case treated in Chambers and TzavidisgR20Recall that the M-quantile coefficieglq of
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unit j in aread is the valuegjq such thaQq, (X1jd, W) = Yjd- The unit level coefficients are estimated by defining
a fine grid of values on the intervéd,1) and using the sample data to fit the p-splines M-quantileessgon
functions at each valug on this grid. If a data point lies exactly on tleth fitted curve, then the coefficient of
the corresponding sample unit is equabtoOtherwise, to obtainjq, a linear interpolation over the grid is used.
An estimate of the mean quantile for a#s obtained by taking the corresponding average value o$dingple
M-quantile coefficient of each unit in arela The small area estimator of the mean may be taken as:

= { 3 vt 3 9}, 8.2)

JeS J€rd

where the unobserved value for population ynitrg is predicted using
Via = XiaBy (Ba) + zja¥y (Ba),

Wheref&w(éd) and\”/m(éd) are the coefficient vectors of the parametric and splindgrartespectively, of the fitted

p-splines M-quantile regression functiorBat

However, the estimator of the small area mean can be biaseshfall areas containing outliers. This has
already been noted in Chambers and Tzavids (2006) for tiratst under the a linear M-quantile regression
model. They propose an adjustment for bias based on the Glrarahd Dusntan (1986) estimator of the small
area distribution function. This adjustment can be used ialsase of p-splines M-quantile regression models.
The bias-adjusted estimator for the mean is given by

gueme_ 1 o+ 9 S (yia — i) L, 8.3
d Nd{je dYJd ng j;d()’]d YJd)} (8.3)
whereyjq denotes the predicted values for the population unitg @nd inUg.

Due to the bias correction in (8.3), this predictor will hdrgher variability and so should only be used when
the estimator (8.2) is expected to have substantial bigsywden there are large outlying data points. An alternative
approach to dealing with the bias-variance trade off in)(B13uch a situation is to limit the variability of the bias
correction termin (8.3) by using robust (huberized) reaidinstead of raw residuals. In particular,

Yo = { S i+ Y gt e sy w(y’dvdy‘d)} (8.4)

j€sq j€ry Jesd

wherevy is a robust estimate of scale for agkérzavidis et al., 2010).

8.1.1 Mean squared error estimation

Salvati et al. (2010) propose also an estimator of the MSBeémall area mean. For fixgdndA, the\?j in (8.4)
can be written as the following linear combination of theasdyjq plus an additional part due to the huberized
residuals. In particular,

Yo = zwjdyjd, (8.5)

d jes

where the weights/g = (Wig,...,Wng)" are given by

Ng —

Wq = {1+ bjd}15d+ (8.6)

W(B9)[X.Z] ([X,Z]traceN(éd)[X,Z] +)\G)71 (Trd - N"r; nded) (8.7)
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with bjg = HJ(W)/(W) 15, the n-vector with j" component equal to one whenever the corresponding
sample unitis in arefgand to zero otherwisM/(@d) a diagonah x n matrix that contains the final set of weights
produced by the iteratively reweighted penalized leasasegialgorithm used to estimate the regression coeffi-
cients,G = diag{01p, 1k } with 14 p the number of columns of andK the number of columns d, and with

T, andTg, the totals of the covariates for the non-sampled and the lsahopits in areal, respectively. Note that
Tsy = 3 jesy[Xjd Zja] ' Dja-

The weights derived from (8.7) are treated as fixed and a “plugstimator of the mean squared error of
estimator (8.5) can be proposed by using standard methedslfost estimation of the variance of unbiased
weighted linear estimators (Royall and Cumberland, 1978 lay following the results due to Chambers and
Tzavidis (2006). The prediction variance of (8.5) can beragimated by

var(Yq — Ya) ~ N2 [j;d {djd + m}Var(YJd) + jeg\Sd deVar(YJd)} (8.8)

with bjg = wjg — 1 if j € sy andbjg = wjq otherwise, and\sy the set of sampled units outside aceaollowing
the area level residual approach Chambers and Tzavidi$)2@@ can interpret vay;q) conditionally to the
specific areal from whichyy is drawn and hence replace W) in (8.8) by (Yijd —)“qd)z. Salvati et al. (2010)
develop a robust estimator of the mean squared error of {t&b)s given by

o~ 1 2 Nd_nd a5.\2
var(Yo) = 12 lz {bjd+ - }(yw—yj'd) +

_ bia (¥id —9jd)2] - (8.9)
d |Jjeyy

jes\y

Since the bias-adjusted nonparametric M-quantile estimatan approximately unbiased estimator of the
small area mean, the squared bias will not impact significdiné mean squared error estimator. The main limi-
tation of the MSE estimator is that it does not account fonimability introduced in estimating the area specific
g's andA. We note also that we can obtain an estimate only for areasvthere are at least two sampled units.

8.2 The Software: description of R functions

In this document we present the functisae.npmdhat is designed for producing estimates of the mean of the
small area distribution function using the nonparametrigqihntile small area model. The function produces

point estimates of small area means as well as estimates arf I[quared Error (MSE) using the methodology

in Salvati et al. 2010. The computation of the small arearedts and of the corresponding MSEs using the
R software is illustrated with a simulated data set.

8.3 Required R packages
Before using sae.npmq install the following packages

¢ MASS

e spline

8.4 Usage

sae.npmq(y,x,z.spline,z.spline.r,regioncode.s,m,p,x .outs,regioncode.r,
tol.value=0.0001,maxit.value=100,k.value=1.345)
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8.5 Arguments

y: the response variable for sampled units

x: the sample design matrix to be used for fitting the M-quamtibdel (without intercept)

e zspline the sample design matrix of the nonlinear variable to be éisesplines

e zspliner: the design matrix of the nonlinear variable of the entirpydation

e regioncodes: vector of area codes

e m: number of small areas

e p: number of auxiliary variable (with intercept)

e Xx.outs the design matrix for the non sampled units

e regioncode: vector of area codes for the population data

¢ tol.value convergence tolerance limit for the M-quantile model. &@gfto 0.0001

e maxitvalue maximum number of iterations for the iterative weighteaslesquares. Default to 100

e k.value tuning constant used with the Huber proposal 2 scale estimaDefault to 1.345

8.6 Value

The function returns small area estimates of the mean uhdevitquantile model as well as the corresponding
MSE estimates.

e npmgqcd: Estimates of small area means using the M-quantile Chag¥ibenstan estimator (Salvati et al.
2010)

e npmgnaive Estimates of small area means using the M-quantile nalmatr (Salvati et al. 2010)
e msecd: MSE estimates for the M-quantile CD small area means
e msenaive MSE estimates for the M-quantile naive small area means

e codearea the codes of the small areas

8.7 Examples of usage of R functions

8.7.1 Data generation

source("npmg.sae.R")

#GENERATE DATA

m=30

set.seed(1975)

ar<-seq(1,m)

pop.size=c(525, 538, 510, 468, 526, 484, 516, 458, 529, 518, 502, 524, 509,
484, 487, 459, 542, 498, 512,500, 497, 492, 443, 506, 513, 536 , 506, 495,
463, 460)

ni=rep(10,m)
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Ni=pop.size
n<-sum(ni)
N<-sum(Ni)

X<-rchisgq(sum(pop.size),20)

e=rnorm(sum(pop.size),0,4)

regioncode<-rep(1:m,pop.size) # Population region codes
d1<-chind(X,e,regioncode)

gammaO=rnorm(30,0,2)

beta0=500; betal=2

Y1=betaO+sin(betal  =*pi *(d1[,1][d1[,3]==1]))+(gammaO[1])+(d1[,2][d1][,3]==1]
Y2=betaO+sin(betal  =*pi * (d1[,1][d1[,3]==2]))+(gammaO[2])+(d1][,2][d1][,3]==2]
Y3=betaO+sin(betal  *pi *(d1[,1][d1[,3]==3]))+(gamma0[3])+(d1[,2][d1[,3]==3]
Y4=betaO+sin(betal  *pi *(d1[,1][d1[,3]==4]))+(gamma0[4])+(d1[,2][d1[,3]==4]
Y5=betaO+sin(betal  *pi * (d1[,1][d1[,3]==5]))+(gammaO[5])+(d1[,2][d1][,3]==5]
Y6=betaO+sin(betal  =*pi *(d1[,1][d1[,3]==6]))+(gamma0[6])+(d1[,2][d1][,3]==6]
Y7=betaO+sin(betal  =*pi * (d1[,1][d1[,3]==7]))+(gammaO[7])+(d1[,2][d1][,3]==7]
Y8=betaO+sin(betal  *pi *(d1[,1][d1[,3]==8]))+(gamma0[8])+(d1[,2][d1[,3]==8]
Y9=betaO+sin(betal  =*pi *(d1[,1][d1[,3]==9]))+(gamma0[9])+(d1[,2][d1[,3]==9]
Y10=betaO+sin(betal *pi * (d1[,1][d1[,3]==10]))+(gammaO[10])+(d1[,2][d1[,3]==
Y11=betaO+sin(betal *pi * (d1[,1][d1[,3]==11]))+(gamma0[11])+(d1[,2][d1[,3]==
Y12=betaO+sin(betal *pi * (d1[,1][d1[,3]==12]))+(gamma0[12])+(d1[,2][d1[,3]==
Y13=betaO+sin(betal *pi * (d1[,1][d1[,3]==13]))+(gammaO[13])+(d1[,2][d1[,3]==
Y14=betaO+sin(betal *pi * (d1[,1][d1[,3]==14]))+(gamma0[14])+(d1[,2][d1[,3]==
Y15=betaO+sin(betal *pi * (d1[,1][d1[,3]==15]))+(gammaO[15])+(d1[,2][d1[,3]==
Y16=betaO+sin(betal *pi * (d1[,1][d1[,3]==16]))+(gamma0[16])+(d1[,2][d1[,3]==
Y17=betaO+sin(betal *pi * (d1[,1][d1[,3]==17]))+(gammaO0[17])+(d1[,2][d1[,3]==
Y18=betaO+sin(betal *pi * (d1[,1][d1[,3]==18]))+(gamma0[18])+(d1[,2][d1[,3]==
Y19=betaO+sin(betal *pi * (d1[,1][d1[,3]==19]))+(gammaO[19])+(d1[,2][d1[,3]==
Y20=betaO+sin(betal *pi * (d1[,1][d1[,3]==20]))+(gamma0[20])+(d1[,2][d1[,3]==
Y21=betaO+sin(betal *pi * (d1[,1][d1[,3]==21]))+(gamma0[21])+(d1[,2][d1[,3]==
Y22=betaO+sin(betal *pi * (d1[,1][d1[,3]==22]))+(gamma0[22])+(d1[,2][d1[,3]==
Y23=betaO+sin(betal *pi * (d1[,1][d1[,3]==23]))+(gamma0[23])+(d1[,2][d1[,3]==
Y24=betaO+sin(betal *pi * (d1[,1][d1[,3]==24]))+(gamma0[24])+(d1[,2][d1[,3]==
Y25=betaO+sin(betal * pi * (d1[,1][d1[,3]==25]))+(gamma0[25])+(d1[,2][d1[,3]==
Y26=betaO+sin(betal *pi * (d1[,1][d1[,3]==26]))+(gamma0[26])+(d1[,2][d1[,3]==
Y27=betaO+sin(betal *pi * (d1[,1][d1[,3]==27]))+(gamma0[27])+(d1[,2][d1[,3]==
Y28=betaO+sin(betal *pi * (d1[,1][d1[,3]==28]))+(gamma0[28])+(d1[,2][d1[,3]==
Y29=betaO+sin(betal *pi * (d1[,1][d1[,3]==29]))+(gamma0[29])+(d1[,2][d1[,3]==
Y30=betaO+sin(betal *pi * (d1[,1][d1[,3]==30]))+(gamma0[30])+(d1[,2][d1[,3]==

Y<-c(Y1,Y2,Y3,Y4,Y5,Y6,Y7,Y8,Y9,Y10,Y11,Y12,Y13,Y14 ,Y15,Y16,Y17,Y18,Y19,Y20,
Y21,Y22,Y23,Y24,Y25,Y26,Y27,Y28,Y29,Y30)

id<-seq(1:sum(pop.size))
pop<-cbhind(id,Y,X,e,regioncode);dim(pop)
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138 Chapter 8. Nonparametric M-quantile small area estiraaif the mean

Z.pop=matrix(0,N,m)

t=0
for (j in L:m){for(i in L:Ni[j]){
t=t+1
Z.pop[t,j]=1}}
XP<- cbind(rep(1,N),pop[,3]) ;dim(XP) # Population level Design Matrix

knots<-default.knots(pop[,3])
z.spline<-outer(pop[,3],knots,"-")
z.spline<-z.spline * (z.spline>0)

# Drawing a sample
sl<-sample(pop[,1][pop[,5]==ar[1]],ni[1])
s2<-sample(pop[,1][pop[,5]==ar[2]],ni[2])
s3<-sample(pop[,1][pop[,5]==ar[3]],ni[3])
s4<-sample(pop[,1][pop[,5]==ar[4]],ni[4])
sb5<-sample(pop[,1][pop[,5]==ar[5]],ni[5])
s6<-sample(pop[,1][pop[,5]==ar[6]],ni[6])
s7<-sample(pop[,1][pop[,5]==ar[7]],ni[7])
s8<-sample(pop[,1][pop[,5]==ar[8]],ni[8])
s9<-sample(pop[,1][pop[,5]==ar[9]],ni[9])
sl10<-sample(pop[,1][pop[,5]==ar[10]],ni[10])
sll<-sample(pop[,1][pop[,5]==ar[11]],ni[11])
sl12<-sample(pop[,1][pop[,5]==ar[12]],ni[12])
s13<-sample(pop[,1][pop[,5]==ar[13]],ni[13])
sl4<-sample(pop[,1][pop[,5]==ar[14]],ni[14])
s15<-sample(pop[,1][pop[,5]==ar[15]],ni[15])
sl6<-sample(pop[,1][pop[,5]==ar[16]],ni[16])
sl17<-sample(pop[,1][pop[,5]==ar[17]],ni[17])
s18<-sample(pop[,1][pop[,5]==ar[18]],ni[18])
s19<-sample(pop[,1][pop[,5]==ar[19]],ni[19])
s20<-sample(pop[,1][pop[,5]==ar[20]],ni[20])
s21<-sample(pop[,1][pop[,5]==ar[21]],ni[21])
s22<-sample(pop[,1][pop[,5]==ar[22]],ni[22])
s23<-sample(pop[,1][pop[,5]==ar[23]],ni[23])
s24<-sample(pop[,1][pop[,5]==ar[24]],ni[24])
s25<-sample(pop[,1][pop[,5]==ar[25]],ni[25])
s26<-sample(pop[,1][pop[,5]==ar[26]],ni[26])
s27<-sample(pop[,1][pop[,5]==ar[27]],ni[27])
s28<-sample(pop[,1][pop[,5]==ar[28]],ni[28])
s29<-sample(pop[,1][pop[,5]==ar[29]],ni[29])
s30<-sample(pop[,1][pop[,5]==ar[30]],ni[30])
s<-c(s1,s2,s3,s4,s5,56,57,58,59,510,511,512,513,514 ,515,516,517,518,519,s20,
§21,s22,523,524,525,526,527,528,529,530)

y<-popl[s,2]
x<-pop[s,3]
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z.spline.s=z.spline[s,]
z.spline.r=z.spline[-s,]

regioncode.s<-pop([s,5]
regioncode.r<-pop[-s,5]

8.7.2 Example of R code for running function npmg.sae

tmp<-sae.npmq(y,x,z.spline=z.spline[s,],z.spline.r= z.spline[-s,],

139

regioncode.s=pop[s,5],m=30,p=2,x.0uts=XP[-s,2],regi oncode.r=popl[-s,5],

tol.value=0.0001,maxit.value=100,k.value=1.345)

8.7.3 Output of function npmqg.sae

#See the output of the function
tmp

$npmgq.cd
[1] 499.6882 499.2256 500.3049 504.9718 497.5279 ...

$npmg.naive
[1] 500.1488 499.7740 500.4263 504.1665 498.7667 ...

$mse.cd
[1] 1.4434034 0.8887345 0.9638141 0.5280205 1.5045435 ...

$mse.naive
[1] 0.22021365 0.56203408 0.08885575 7.57940161 2.649522

$code.area
1 1 2 3 4 5

67
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Chapter 9

M-quantile Geographically Weighted
Regression

9.1 Methodology

Typically, random effects models assume independenceahiidom area effects. This independence assumption
is also implicit in M-quantile small area models. In econompplications, however, observations that are spatially
close may be more related than observations that are fuagiat. This spatial correlation can be accounted for
by extending the random effects model to allow for spatiatiyrelated area effects using, for example, a Simul-
taneous Autoregressive (SAR) model (Petrucci and Sak@€6; Pratesi and Salvati, 2008; Pratesi and Salvati,
2009). An alternative approach to incorporate the spatfakmation in the regression model is by assuming that
the regression coefficients vary spatially across the ggayr of interest. Geographically Weighted Regression
(GWR) (Brundson et al. 1996) extends the traditional regjogsmodel by allowing local rather than global pa-
rameters to be estimated. In a recent paper Salvati et &8f2ffoposed an M-quantile GWR small area model.
The authors proposed an extension to the GWR model, the Mtitpi&WR model, i.e. a locally robust model for
the M-quantiles of the conditional distribution of the caree variable given the covariates. Here we report a brief
description of the M-quantile GWR model.

The GWR model is a model for the conditional expectatiopgifzenX at locationu. This is easily generalised
to a model for the M-quantile of orderof the conditional distribution of givenX atu. Thatis, we write

Qq(X;W,u) = XBy(u;q) (9.1)

wherep,,(u;q) varies withu as well as withg. That is, model (9.1) allows the entire conditional disitibn (not
just the mean) oy given X to vary from location to location. The paramefgy(u;q) in (9.1) can be estimated
by solving normal equations by an iteratively re-weightedskt squares algorithm that combines the iteratively
re-weighted least squares algorithm used to fit a “spat&lionary” M-quantile model and the weighted least
squares algorithm used to fit a GWR model.

The model (9.1) was then used to define a predictor of the sanedl characteristic of interest that accounts
for spatial structure of the data. The M-quantile GWR smadhamodel integrates the concepts of robust small
area estimation and borrowing strength over space withinifeed modeling framework. Extending further the
M-quantile GWR for poverty measures will enable the comgmariof alternative robust models for borrowing
strength over space in small area estimation and will sicanifily improve the collection of small area estimation
tools.

141
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9.2 The Software: description of R functions

In this document we explain how to produce Small Area esesmasing MOQGWR and we present an example.

The model and the estimator are described in Salvati, Tig\Rdatesi and Chambers (2008) and the computation
of small area estimates using the R software is illustratital avsimulated data set. Full R codes are included in

Appendix 9.

9.2.1 mqggwr.sae

> maqgwr.sae(x,y,m,area,lon,lat,x.r,area.r,lon.r,lat. r,method,
k.value=1.345,mqgwrweight)

X: an x p matrix of auxiliary variables with the intercept term fonsled units

y: the (numeric) response vector for sampled units

e m: the number of small areas

e area a vector of small area codes for sampled units

e lonis a vector of longitude of points representing the spatiaitpns of the sampled observations
e lat: a vector of latitude of points representing the spatialtioss of the sampled observations

e x.r: a(N—n)x pmatrix of auxiliary variables with the intercept term fortai sample units

e arear: aN —nvector of small area codes for out of sample units

e lon.r: aN — nvector of longitude of points representing the spatial {pmss$ of the out of sample observa-
tions

e lat.r: aN — nvector of latitude of points representing the spatial posg of the out of sample observations
e k.value tuning constant used for Huber proposal 2 scale estimailefault to 1.345

e method a character string. If ‘mqgwr’ the M-quantile GWR model sedl to fit the M-quantile surface. If
‘magwr-li’ the MQGWR-LI (Local Intercepts) is used. Defasito ‘mggwr’

e mggwrweight geographical weighting function: gwr.gauss() if it is TRr gwr.bisquare() if it is FALSE.
Defaults to TRUE

9.3 Examples of usage of R functions

9.3.1 Example data

The data used in this example is a part of the synthetic ptipnlgenerated by Salvati et al. (2008). This
pseudo-population was obtained by using the data from tBeEhvironmental Protection Agency’s Environmen-
tal Monitoring and Assessment Program (EMAP) Northeastdadurvey. Between 1991 and 1995, researchers
from the U.S. Environmental Protection Agency (EPA) cortdd@an environmental health study of the lakes in
the north-eastern states of the U.S.A. For this study, a EaafB34 lakes (or more accurately, lake locations)
was selected from the population of ,B26 lakes in these states using a random systematic deshymlakes
making up this population are grouped into 113 8-digit Hydgac Unit Codes (HUCs). We defined HUCs as the
small areas of interest, with lakes grouped within HUCs. Fémgable of interest was Acid Neutralizing Capacity
(ANC), an indicator of the acidification risk of water bodids addition to ANC values and associated survey
weights for the sampled locations, the EMAP data set alstagoed the elevation and geographical coordinates
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of the centroid of each lake in the target area. Given th®28 lake locations, a synthetic population of ANC
individual values were non parametrically simulated usingearest-neighbour imputation algorithm that retained
the spatial structure of the observed ANC values in the EM&Rde data. Details on the data generation are in
Salvati et al. (2008). In this example we consider the pdmrdor 10 HUCSs, in which are grouped 1737 lakes.
Moreover we don’t draw any units for the last HUC. In other dswe have one out of sample area.

>source("magwr.R")

>library(sampling)

>data.lake=read.table("PopSynthin.txt",header=TRUE, dec=",")
>s=strata(data.lake,"HUC",size=c(rep(5,9),1))

>s=5[-46,]

>sample=getdata(data.lake,s)

>lake.r=data.lake[-(s$ID_unit),]

A total of 45 lakes are drawn from the population. The data&aamplecontains the observed lakes, whereas
the data framéaker represents the out of sample units.

9.3.2 Example of R code for running function mggwr.sae

>SaeEst=mqgwr.sae(x=sample$x,y=sample$y,m=10,area=s ample$HUC,
lon=sample$lon,

lat=sample$lat,x.r=lake.r$x,area.r=lake.r$HUC,lon.r =lake.r$lon,
lat.r=lake.r$lat,k.value=1.345, method="mqgwr", mggwr weight=TRUE)

9.3.3 Output of function mggwr.sae

mqgwr-SAE estimates

data: EMAP

SaeEst

$Area.code.in

[1] 1010001 1010002 1010003 1010004 1010005 1020001 102000 2 1020003
1020004

$Area.code.out
[1] 1020005

$Est.Mean.in

[1] 345.1899 509.2659 387.1552 398.6101 548.1446 253.3449 433.2629
278.2129

356.8936

$Est.Mean.out
[1] 280.9551

$Est.mse.in
[1] 5856.302 2546.586 3523.715 3389.980 3953.433 6490.745
3697.981 9095.215 36428.013
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Return the small area estimates of the mean and of its MSE:

e Areacodein: the codes of the sampled areas

e Areacodeout: the codes of the out of sample areas

e EstMeanin: the estimates of the small area mean for sampled areas

e EstMeanout: the estimates of the small area mean for out of sample areas

e Estmsein: the estimates of the MSE for sampled areas
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M-quantile CD estimators of the CDF

10.1 Methodology

Estimating the quantiles of a distribution function in aéxh to conventional outliers sensitive measures of céntra
tendency, such as averages, provides a more completeepdadttiie study variable. This is the case particularly
when handling highly skewed variables, such as income awoption where we expect the median to be different
from the mean. In this paper we focus on estimating the gleardgf the small area distribution function using the
M-quantile model proposed by Chambers and Tzavidis (20@&jlze estimator of the finite population distribution
function proposed by Chambers and Dunstan (1986).

In what follows we assume that a vectorp#uxiliary variablex; is known for each population uriifn small
areaj and that values of the variable of intergsire available from a random sampéethat include units from
all the small areas of interest. We denote the populatian sample size, sampled part of the population and non
sampled part of the population in argaespectively byN;j, nj, s; andrj. We assume that the sum over the areas
of Nj andn;j is equal toN andn respectively.

Under the Chambers and Tzavidis (2006) approach the M-d@amball area model for unitin areaj is
defined as follows

Yij = X{jBy(8)) +&ij, (10.1)

wheregj; denotes the regression error for the umitareaj ,andéj denotes the area specific M-quantile coefficients
that describe the intra-area variation. Using the Chambersstan estimator of the distribution function and the
linear M-quantile small area model, an estimator of the baxrah distribution function is

FEP) =Nt lz I(yij <t)+ n;lkz -Z (X4 B, (B)) +&; <t)] (10.2)

Where[A3lIJ and éj are obtained following Chambers and Tzavidis (2006) gndire the residuals under model
(12.1). A point estimate of the small area quartile then obtained by numerically solving

/qm dFCP(t) = 1. (10.3)

J
J—co

10.1.1 Bootstrap MSE Estimation for Small Area Quantiles

Analytic estimation of the MSE of the estimates of small aygantiles is complex. In this section we describe a
semi-parametric bootstrap approach for estimating the fStnall area quantiles. Our approach is based on an
extension of the bootstrap procedure proposed by Lombaiaa@003).
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Having estimated model (12.1), we compute the estimatedibfitijle small area model residuals,

&j = ¥ij —X(;By(8))-
A bootstrap populatio®* = {yi*j Xij11€Q,j=1,...,d can be generated with

Yii = Xij ﬁm(éj)‘f'eﬁ,

where the bootstrap residuafs are obtained by sampling from an estimator of the distrdmtimctioné(t) ofthe

model residuals|. For definingé(t) we consider two approaches: (1) sampling from the empidisdtibution
function of the model residuals and (2) sampling from a sineddistribution function of these residuals. For each
abovementioned case sampling of the residuals can be ddn® iways, (1) by sampling from the distribution
of all residuals without conditioning on the small area. Weer to this as the unconditional approach; and (2)
by sampling from the conditional distribution of residualghin small areaj. We refer to this as the conditional
approach. Hence, in total there are four possible ways ofidefe;; .

The steps of our bootstrap procedure are as follows. Stgiriimn samples, selected from a finite population
Q without replacement, we gener&dootstrap population§*?, using one of the four above mentioned methods
for estimating the distribution of the residuals. From ehobtstrap populatiorQ*?, we selecl. samples using
simple random sampling within the small areas and withoptagement in a way such tha} = n;. Bootstrap
estimators of the bias and variance of our predictor of te&iution function in areq are defined respectively by

(l’:‘_*bl,CD(t) B lf_j*bl,CD(t))27

;b CD( t) is the Chambers-Dunstan esti-

mator ofFy;> ; (t) computed from théth sample of théth bootstrap population arﬁfb' Oty =L~ sk, F*bI CD( t).
The bootstrap Mean Squared Error estimator of the estinsaedl area quantile is then defined as

whereF*b( ) is the distribution function of thbth bootstrap populatiort;

—

MSE(ECP(t)) = Var; + Bias,.

Finally, using a normal approximation we can further corepafiproximate confidence intervals for the estimated
small area quantiles.

More details are given in Marchetti, Tzavidis and Prate§il(® and in Tzavidis, Marchetti and Chambers
(2010).

10.2 The Software: description of R functions

In this document we present the functid®.SAE.quanthat is designed for producing estimates of the quantiles of
the small area distribution function using the M-quantitea$i area model and the Chambers-Dunstan estimator of
the cumulative distribution function. The function prods@oint estimates of small area quantiles as well as non-
parametric bootstrap estimates of Mean Squared Error (MiSEp the methodology in Marchetti, Tzavidis and
Pratesi (2011). The computation of the small area estinzatd®f the corresponding MSEs using tRaoftware

is illustrated with a simulated data set.
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10.3 Required R packages

Before using MQ.SAE.quant install the following packages
¢ MASS

e NP

10.4 Usage

MQ.SAE.quant(q,y,x.design,X.pop,regioncode,regionco depop,adjseed,MSE,B,R,
method,maxit)

10.5 Arguments

e Q: a vector of quantiles order to be estimated for each smedi ar

y: the response variable for sampled units

o x.design the sample design matrix to be used for fitting the M-quamtibdel
e X.pop the design matrix for the entire population

e regioncodevector of area codes

e regioncodepopvector of area codes for the population data

e adjseed parameter for the starting point for the numerical solutad the quantile integral. Default to
max0.15, meary)/500)

e MSE If TRUE the function computes bootstrap MSE of estimatesmoéll area quantiles. If FALSE only
point estimates of small area quantiles are provided

e B: number of bootstrap populations to be generated. Defadlt t
e R: number of bootstrap samples selected from each bootshaation. Default to 400

¢ method method defines the type of residuals used for generatingabestrap population: 'su’ (smooth un-
conditional),’eu’ (emprirical unconditional),'sc’ (smth conditional),’ec’ (empirical uncoditional). Default
is setto 'su’

e maxit number of maximum iteration allowed in the integrationaalthm. A warning is provided if algo-
rithm does not converge in maxit iteration

e Remark: data must be ordered by area

10.6 Value

The function returns small area estimates of the quantflegerest as well as the corresponding estimates of the
root MSE.

e quantiles estimates of small area quantiles for each small area. die represent the quantiles and the
columns the small areas

e rmse estimates of root mean squared error for each small arediguestimate in each small area. The
rows represent the quantiles and the columns the small areas

e AreaCode the area code for which estimates are provided
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10.7 Examples of usage of R functions

10.7.1 Data generation
source("MQ.SAE.quant.R")

#GENERATE DATA

areas<-10

n.area<-30

n.area.pop<-300

X.pop<-rnorm(n.area.pop *areas,10,2)
X.pop<-chind(rep(1,n.area.pop * areas),X.pop)
x<-rnorm(n.area  *areas,10,2)
x.design<-chind(rep(1,n.area * areas),X)

y<-5+2 *x+rep(rnorm(areas,1,2),n.area)+rnorm(n.area

####VARIABLES DESCRIPTION

#areas <- the number of small area

#n.area <- the sample size of the areas

#y <- the target variable

#x <- auxiliary variable

#X.pop <- auxiliary variable for the population

####SET VARIABLES FOR THE ESTIMATION PROCEDURE

qgrid<-c(0.1,0.25,0.50,0.75,0.9) #Set of quantiles to be
regioncode<-rep(1:10,each=30)
regioncodepop<-rep(1:10,each=300)

* areas,0,4)

estimated

10.7.2 Example of R code for running function mq.sae.quant

cdf.cd.est<-MQ.SAE.quant(qggrid,y,x.design,X.pop,reg
regioncodepop, myMSE=TRUE,B=1,R=40,method="eu"

10.7.3 Output of function mg.sae.quant

#See the output of the function
cdf.cd.est

#Example of the output
$quantiles
1 2 3 4

0.1 18.02338 19.28048 18.15346 18.27154 16.98312 ...
0.25 21.62927 21.91104 21.84364 21.38364 19.85068 ...
0.5 25.88229 25.70668 25.06824 25.30973 24.51608 ...
0.75 32.70681 29.84444 28.61270 29.51154 27.21317 ...
0.9 35.11521 33.07180 31.74385 33.03619 30.07705 ...

$rmse

ioncode,
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0.1 1.1595381 1.3712362 1.1664052 1.2772312 1.0793872 ...
0.25 1.0568906 0.8799666 1.0041534 1.1280502 1.0285473 ..
0.5 0.8476319 0.6893870 1.2079049 1.0794124 0.8962513 ...
0.75 1.1068735 0.8294108 0.7490893 0.7651702 1.0633727 ..
0.9 0.9891367 1.0894626 0.9488074 1.1451405 1.1892031 ...

#Get quantile orders, namely "probs" in the R quantile funct ion
as.numeric(row.names(cdf.cd.est$quantiles))
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Chapter 11

Nonparametric M-quantile CD estimators
of the CDF

11.1 Methodology

M-quantile models do not depend on strong distributionaliagtions, but they assume that the quantiles of the
distribution are some known parametric function of the catas. When the functional form of the relationship
between the-th M-quantile and the covariates deviates from the assuwmedthe traditional M-quantile regres-
sion can lead to biased estimates of fhapefficients. Pratesi et al. (2008) and Salvati et al. (209F extended
this approach to the M-quantile method for the estimatiothef small area parameters using a nonparametric
specification of the conditional M-quantile of the respovaeable given the covariates. When the functional form
of the relationship between tlgeth M-quantile and the covariates deviates from the asswnedthe traditional
M-quantile regression can lead to biased estimators ofrttedl @rea parameters. Using p-splines for M-quantile
regression, beyond having the properties of M-quantile eilmydallows for dealing with an undefined functional
relationship that can be estimated from the data. When tagaeship between thg-th M-quantile and the co-
variates is not linear, a p-splines M-quantile regressiadeh may have significant advantages compared to the
linear M-quantile model.

Let us consider only smoothing with one covariate a nonparametric model for thgth quantile can be
written asQgq (X1, P) = My q(X1), where the functiormy q(-) is unknown and, in the smoothing context, usually
assumed to be continuous and differentiable. Here, we sslime that it can be approximated sufficiently well by
the following function

K
My,q[x1; By (), Vo ()] = Bow(a) + Bry(@)Xa + - + Boy(@)X] + > Vi () (xa — ki) (11.1)
k=1

where p is the degree of the splineét)ﬁ =tPif t > 0 and O otherwisexy for k= 1,... K is a set of fixed
knots, By, (d) = (Boy(a), B1y(9), - - .,Bpy(a))! is the coefficient vector of the parametric portion of the eicahd
By () = (Yaw(q), - .-, Ykw(q))! is the coefficient vector for the spline one. The latter mortdf the model allows
for handling nonlinearities in the structure of the relabip. The spline model (11.1) uses a truncated polynomial
spline basis to approximate the functimg q(-). Other bases can be used,; in particular radial basis furgtan
be used to handle bivariate smoothing. More details on basésknots choice can be found in Ruppert et al.
(2003).

Salvati et al. (2010) have applied the P-splines M-quargigession to the estimation of a small area mean as
follows. The first step is to estimate the M-quantile coedfitsqjq as illustrated in the Deliverable D12 and D16

for the linear case treated in Chambers and Tzavidis (20R)all that the M-quantile coefficieqjy of unit j in
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aread is the valuegjq such thaQg, (X1jd, W) = yjd. The unitlevel coefficients are estimated by defining a fine gr
of values on the intervdD, 1) and using the sample data to fit the p-splines M-quantileasegion functions at each
valueq on this grid. If a data point lies exactly on tiyeh fitted curve, then the coefficient of the corresponding
sample unit is equal tg. Otherwise, to obtainjq, a linear interpolation over the grid is used.

Using the nonparametric M-quantile predictor for the nomgked units we can define a model unbiased
estimator of the small area distribution function:

FIFOM(t) = Ndl{j;;d I(yj <t)+ k;d nalj;d | (xkaBy (Ba) — Zja¥y(Ba) + (vj — xjaBy (Ba) +Zjafy, (Ba)) < 1)
(11.2)

Similarly to M-quantile small area models, thh quantileiyq of the distribution ofy in aread is straightfor-
wardly estimated by the solution to

jddldePQM(t) —q (11.3)

11.2 The Software: description of R functions

In this document we present the functilPMQ.SAE.quarthat is designed for producing estimates of the quan-
tiles of the small area distribution function using the nargmetric M-quantile small area model. The function
produces point estimates of small area quantiles. The ctatipn of the small area estimates usinghsoftware

is illustrated with a simulated data set.

11.3 Required R packages
Before using NPMQ.SAE.quant install the following package
¢ MASS

e SemiPar

e splines

11.4 Usage

NPMQ.SAE.quant(q,y,x.design,X.pop,zspline,Zspline.d esign.pop,regioncode,
regioncodepop,adjseed)

11.5 Arguments

e Q: avector of quantiles order to be estimated for each smedi ar

y: the response variable for sampled units

x.design the sample design matrix to be used for fitting the M-quamtibdel

X.pop the design matrix for the entire population

zsplinedesign the sample design matrix of the nonlinear variable to bel f@esplines

Zsplinepop the design matrix of the nonlinear variable of the entirpudation
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e regioncodevector of area codes

e regioncodepopvector of area codes for the population data
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e adjseed parameter for the starting point for the numerical solutad the quantile integral. Default to

max0.15, meary)/500)

e Remark: data must be ordered by area

11.6 Value

The function returns small area estimates of the quantflegerest as well as the corresponding estimates of the

root MSE.

e quantiles estimates of small area quantiles for each small area. diie represent the quantiles and the

columns the small areas

e AreaCode the area code for which estimates are provided

11.7 Examples of usage of R functions

11.7.1 Data generation
source("NPMQ.SAE.quant.R")

#GENERATE DATA

areas<-10

n.area<-30

n.area.pop<-300
Zspline.pop<-(rep(1:10,each=300)/3+rnorm(n.area.pop
Zspline.pop<-as.matrix(Zspline.pop)
X.pop<-chind(rep(1,n.area.pop * areas))
x.design<-chind(rep(1,n.area * areas))
zspline.design<-(rep(1:10,each=30)/3+rnorm(n.area
zspline.design<-as.matrix(zspline.design)
y<-5+exp(zspline.design)+rep(rnorm(areas,1,2),n.are

####VARIABLES DESCRIPTION

#areas <- the number of small area

#n.area <- the sample size of the areas

#y <- the target variable

#x.design <- auxiliary variable

#zspline.design <- auxiliary nonlinear variable
#X.pop <- auxiliary variable for the population

#Zspline.pop <- auxiliary nonlinear variable for the popul

####SET VARIABLES FOR THE ESTIMATION PROCEDURE
ggrid<-¢(0.1,0.25,0.50,0.75,0.9) #Set of quantiles to be

regioncode<-rep(1:10,each=30)
regioncodepop<-rep(1:10,each=300)

* areas,0,0.01))

*areas,0,0.01))

a)+rnorm(n.area  *areas,0,4)

ation

estimated
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11.7.2 Example of R code for running function mg.sae.quant

cdf.cd.est<-NPMQ.SAE.quant(qgrid,y,x.design,X.pop,
zspline.design,Zspline.pop,regioncode,regioncodepop )

11.7.3 Output of function npmqg.sae.quant

#See the output of the function
cdf.cd.est

#Example of the output
$quantiles

(1] (2] [3] [4] [,5]
[1,] 0.9241095 2.264210 0.3753754 6.887994 7.678133 ...
[2,] 4.4202968 3.810345 5.5170922 8.539407 9.044254 ...
[3,] 6.5008797 7.759887 9.5768338 10.421209 12.950599 ...
[4,] 10.4625977 9.840318 11.6160119 14.294551 14.846934 .
[5,] 12.9032715 13.328124 12.9452193 16.364936 16.272127

$Area.Code
] 1 2 3 4 5 6 7 8 910
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M-quantile poverty indicators estimators

12.1 Methodology

Relying only on averages may not provide a very informatiatupe about the distribution of wealth in a small
area. In economic applications for example, estimates efage income may not provide an accurate picture of
the area wealth due to the high within area inequality. Hexdagus exclusively on the estimation of two poverty
indicators i.e. the incidence of povertyldead Count Ratio f-and thePoverty Gap E (?).

In what follows we assume that a vectorpéuxiliary variablex; is known for each population uriiin small
areaj and that values of the variable of intergsire available from a random sampéethat include units from
all the small areas of interest. We denote the populatiaa semple size, sampled part of the population and non
sampled part of the population in argaespectively byN;, nj, s; andrj. We assume that the sum over the areas
of Nj andn;j is equal toN andn respectively.

Denoting byt the poverty line, the FGT poverty measures for a small drage defined as

Nd
Fad =Ng* 5 (
=1
Settinga = 0 defines thédead Count Ratiavhereas setting = 1 defines théoverty Gap
Under the Chambers and Tzavidis (2006) approach the M-teamall area model for unitin areaj is
defined as follows

t—Yijd
t

)41 (yja <t).

Yij = XijBy (85) +&ij, (12.1)
wheregjj denotes the regression error for the unit areaj,and®; denotes the (true and unknown) area specific
M-quantile coefficients that describe the intra-area Viatia Using the Chambers-Dunstan estimator of the distri-
bution function and the linear M-quantile small area modelestimator of the small area FGT poverty measures

is
t—Yijd

qu:NJl{Z(t_yjd)uNyjd <O+ Y () yja <1)],

j€y t jery

The out of sample component in the expression is estimateddrithe M-quantile small area model. To estimate
Fad We use a smearing-type estimator of the distribution femcsiuch as the Chambers-Dunstan estimator. In this
case, an estimat(qu"gQ of Fo'("('jQ is

ﬁadszl{z Hy;<t)+ Y ngt S 1%+ (v =) gt)}

JE€S kerg j€sy
The above can be evaluated using the following procedure.
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1 Fit the M-quantile small area model (1.1) using the y@wample values and obtain estimateg @ndqy;

2 draw an out of sample vector using L
YJkdr = derB(ed) + erl’a
wheree]-*dr is a vector of siz&ly — ng drawn from the Empirical Distribution Function (EDF) of tstimated
M-guantile regression residuals or from a smooth versiothisfdistribution and3, 84 are obtained from
the previous step;

3 repeat the process times. Each time combine the sample data and out of sampmdata¢stimating the

target using
IR =N S 1y <0+ 3 1y <o);

JeS J€rd

4 average the results ovidrsimulations.

12.1.1 Bootstrap MSE Estimation for Small Area Poverty Indcators

Analytic estimation of the MSE of the estimates of small gregerty indicators is complex. We describe a semi-
parametric bootstrap approach for estimating the MSE oflaarea poverty indicators. Our approach is based on
an extension of the bootstrap procedure proposed by Loraleral. (2003).

Having estimated model (12.1), we compute the estimatedibfitile small area model residuals,

&j =yij —xjBy ().
A bootstrap populatio®* = {yi*j Xij11€Q,j=1,...,d can be generated with

where the bootstrap residuafs are obtained by sampling from an estimator of the distrdruwnctioné(t) ofthe
model residuals;j. For definingé(t) we consider two approaches: (1) sampling from the empidisdtibution
function of the model residuals and (2) sampling from a simeddistribution function of these residuals. For each
abovementioned case sampling of the residuals can be ddan®iways, (1) by sampling from the distribution
of all residuals without conditioning on the small area. \Wéer to this as the unconditional approach; and (2)
by sampling from the conditional distribution of residualghin small areaj. We refer to this as the conditional
approach. Hence, in total there are four possible ways ofidefe;; .

The steps of our bootstrap procedure are as follows. Sgeiriom samples, selected from a finite population
Q without replacement, we gener&dootstrap population§*?, using one of the four above mentioned methods
for estimating the distribution of the residuals. From ehobtstrap populatiorQ*?, we selecl. samples using
simple random sampling within the small areas and withoptaement in a way such thaf = n;. Bootstrap
estimators of the bias and variance of our predictor of owets in areg are defined respectively by

Bias = B~ 1L 1 Zz(*b'“"‘? F)

\Erj B-1L -1 Z Z( g *blMQ F*bl MQ) 7

WhereF is the FGT poverty indicatorsa(= 0,1) of thebth bootstrap populatlorF,‘,jl‘éJI MQ is the estimator of

F;‘c? computed from théth sample of théth bootstrap population arﬁgd' MQ_ | - Z| 1 ab' MQ The bootstrap
Mean Squared Error estimator of the estimated small areatitpizs then defined as

— ~ o~ _—— 2
MSE(Fai?) = Va; + Bias;.
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Finally, using a normal approximation we can further corepafiproximate confidence intervals for the estimated
small area quantiles.
More details are given in Marchetti, Tzavidis and Prate8iL@).

12.2 The Software: description of R functions

In this document we present the functidiQ.SAE.povertthat is designed for producing estimates of the small area
poverty indicators, namely the head count ratio and the phpgap, using the M-quantile small area model. The
function produces point estimates of small area povertigaidrs as well as semiparametric bootstrap estimates of
Mean Squared Error (MSE) using the methodology in MarchEttavidis and Pratesi (2011). The computation of
the small area estimates and of the corresponding MSEs tis#igy software is illustrated with a simulated data
set.

12.3 Required R packages

Before using MQ.SAE.poverty install the following package
e MASS

e NP

12.4 Usage

MQ.SAE.poverty(y,x.design,X.pop,regioncode,regionco depop,L,MSE,B,R,method,
pov.l)

12.5 Arguments

y: the response variable for sampled units

¢ x.design the sample design matrix to be used for fitting the M-quamtibdel
e X.pop the design matrix for the entire population

e regioncodevector of area codes

e regioncodepopvector of area codes for the population data

e L: number of Monte Carlo runs in the estimation process. Oefas0

e MSE If TRUE the function computes bootstrap MSE of estimatesmoéll area quantiles. If FALSE only
point estimates of small area quantiles are provided

e B: number of bootstrap populations to be generated. Defadlt t
e R: number of bootstrap samples selected from each bootsh@ation. Default to 400

¢ method method defines the type of residuals used for generatingabestrap population: 'su’ (smooth un-
conditional),’eu’ (emprirical unconditional),'sc’ (smth conditional),’ec’ (empirical uncoditional). Default
is set to 'su’

e povl: the poverty line value. If it is set to NULL the poverty line¢omputed as.8 x mediarty)

e Remark: data must be ordered by area
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12.6 Value

The function returns small area estimates of the head catiot and poverty gap as well as the corresponding
estimates of the root MSE.

¢ HCRMQ: estimates of small area head count ratio for each small area
¢ PG.MQ: estimates of small area poverty gap for each small area

¢ RMSEHCRMQ: estimates of root mean squared error for each small arebdoest ratio estimate in each
small area

¢ RMSEPG.MQ: estimates of root mean squared error for each small arezrfygap estimate in each small
area

e AreaCode the area code for which estimates are provided

e PovLine: the value of the poverty line used to compute poverty indica

12.7 Examples of usage of R functions

12.7.1 Data generation
source("MQ.SAE.poverty.R")

#GENERATE DATA

areas<-10

n.area<-30

n.area.pop<-300

X.pop<-rnorm(n.area.pop *areas,10,2)

X.pop<-cbind(rep(1,n.area.pop * areas),X.pop)

x<-rnorm(n.area  *areas,10,2)

x.design<-chind(rep(1,n.area * areas),X)

y<-5+2 *x+rep(rnorm(areas,1,2),n.area)+rnorm(n.area * areas,0,4)

####VARIABLES DESCRIPTION

#areas <- the number of small area

#n.area <- the sample size of the areas

#y <- the target variable

#x <- auxiliary variable

#X.pop <- auxiliary variable for the population

####SET VARIABLES FOR THE ESTIMATION PROCEDURE
regioncode<-rep(1:10,each=30)
regioncodepop<-rep(1:10,each=300)

12.7.2 Example of R code for running function mg.sae.quant

poverty.est<-MQ.SAE.poverty(y,x.design,X.pop,region code,regioncodepop,L=50,
myMSE=TRUE,myB=1,myR=40,method="eu",pov.|I=NULL)
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12.7.3 Output of function mg.sae.quant

#See the output of the function
poverty.est

#Example of the output

$HCR.MQ

[1] 0.03933333 0.04046667 0.05180000 0.04986667 0.053733
[7] 0.03320000 0.04173333 0.04013333 0.03860000

$PG.MQ
[1] 0.006854624 0.006397652 0.008898864 0.008859422 0.00
[7] 0.005147244 0.006599265 0.006881494 0.006370927

$RMSE.HCR.MQ
[1] 0.01588061 0.02599965 0.01186003 0.01666897 0.017596
[7] 0.01227573 0.01341351 0.01555744 0.01128206

$RMSE.PG.MQ
[1] 0.002970214 0.002544353 0.003524704 0.005841524 0.00
[7] 0.002695069 0.002796721 0.003396079 0.002700411

$Area.Code
1] 1 2 3 4 5 6 7 8 910

$Pov.Line
[1] 15.45099
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33 0.03646667

8384273 0.00594783

10 0.01180885

3550814 0.002756377
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Chapter 13

EB prediction of poverty measures with
unit level models

13.1 Methodology

13.1.1 EB method for poverty estimation

Consider a populatiod partitioned inD domains or aready,...,Up of sizesNy,...,Np. A samplesy C Uq of
sizeng has been drawn from each domadird = 1,...,D. LetEyj be the value of a quantitative welfare measure
for j-th individual withind-th domain andz a poverty line defined for the population. Our target paransedre
the FGT poverty measures for domaingiven by

1 N <Z—Edj

Fod = —
od Nd;l 7

Calculation of the BP oFyq requires to expredg,q in terms of a domain vectaty, for which the conditional
distribution of the out-of-sample vectgg, given sample datgys is known. The distribution of the welfare vari-
ablesEy; is seldom Normal due to the typical right-skewness of thése &f economical variables. However, here
we suppose that there is a one-to-one transformatipe: T (Eq;) following a Normal distribution. In particular,
we will assume thaYy; follows the nested error model

a
> I(Eqj<2), a=0,1,2 (13.1)

Ydj:deB+ud+edja j:17"'7Nd7 dzl""D’

ug ~ iid N(0,02), eqgj~ iid N(0,02) (13.2)

wherexqj is a row vector with the values qf explanatory variablesyy is a random area-specific effect aag
are residual errors. Ley = (Yys Yy,)' b€ the vector containing the values of the transformed blasy for the
sample and out-of-sample units within domédinThenFqq is function ofyy, that is

< <Z— T (Y

Fad = > >> H(TY(Ygj) <2) =:ha(ya), a=0,1,2.

1
No &

Thus, the FGT poverty measure of ordeis a non-linear functiohy (yq) of yg. Then the BP ofq is given by

i = Eyg, [Na(Ya)|Yad = /R ha(Ya) f (Yar|Yds) dyar, (13.3)

wheref (yqr|yds) is the joint density of/q; given the observed data vecigg. Due to the complexity of the function
hq(+), there is not explicit expression for the expectation in.g)3but this expectation can be approximated by
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Monte Carlo. For this, generatereplicates{yéa;ﬁ =1,...,L} of yq from the distribution ofy4;|y4s. In practice,
this is done by generating univariate vaIIYé? from the model

V4§ = Xajf + Og + Vg + &, Vo ~ N(0,62(1— ), &4 ~N(0,62), j €Ug—ss, d=1,....D, (13.4)

whereyq = 05(02+03/ng) ! andng is the sample size in domaih Then, an approximation to the best predictor
of Fyq is

N 1L Yy

Fra~ T Y ha(vg).

Typically, the mean vectquy and the covariance matriXq depend on an unknown vector of parameters
Then the conditional density(yqr|yds) depends o, and we make this explicit by writind (yqr|yqs,0). We
take an estimatod of 6 such as the maximum likelihood (ML) or restricted ML (REMLgtienator. Then the
expectation can be approximated by generating values fnenestimated densitf/(ydr|Yds, é). The result is the
EBP, denoted =P,

13.1.2 Parametric bootstrap for MSE estimation

The parametric bootstrap of Gonzalez-Manteiga et al. §28@s been used to derive an estimator of the MSE of
the EB estimator of the poverty measures. This method warkslaws.

(1) Fitthe nested-error model (13.2) by ML, REML or Henderseethod Ill, deriving model parameter esti-
matesB, 62 andG?.

(2) Generate bootstrap domain effects from:

u; 8 N(0,62), d=1,...,D.
(3) Generate, independentlywy, ..., up, disturbances:

& N(0,62), j=1,...,Ng,d=1,..,D
(4) Generate a bootstrap population from the model
Vi =XqB+us+ei, j=1...,Ng,d=1,..,D.

(5) Letus define the vectyr; = (yg;,--- ,y(*de)t. Calculate target quantities for the bootstrap population

Fea =halyy), d=1,...,D.

(6) Lety? be the vector containing the bootstrap observat';@rpsrvhose indices are contained in the sample
s=s5 U---Usp. Fit again the nested-error model (13.2) to bootstrap samiplay; and obtain bootstrap

estimator$2*, 2 andp’.
(7) Using the bootstrap sample dgta obtain the bootstrap EBE(EdB* through the Monte Carlo approximation.
(8) Repeat (2)—(7B times. Letr;,(b) be true value anéquB*(b) the EBP for bootstrap sampbeb=1,...,B.
(9) The bootstrap estimator of the MSE is given by

mses(FEF) = Blbi {F& (b) — Fgq(b) }2-
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13.2 The Software: description of R functions

This section describes the implemented R function thatiodtaB estimators of domain FGT poverty measures
with a = 0 (poverty incidence) and = 1 (poverty gap), when the values of the auxiliary variablasdut-of-
sample data are available. It describes also the R funaiiobtain the estimated MSEs of the EB estimators. An
extra function that obtains approximate EB estimators endase that only sample data is available is included.
Examples of how to implement these functions are providé&eiction 13.3 and full codes are included in Appendix
27.

13.2.1 FGTpovertyEB

R functionFGTpovertyEB() fits the unit level model of Battese, Harter and Fuller (1988)he log of the
welfare variable (adding previously a quantity to make\ita}s positive) and computes empirical EB estimates
of domain FGT poverty measures of orders- 1 (poverty incidence) and = 2 (poverty gap). This function is
defined as

FGTpovertyEB<-function(dom,seldomain=unique(dom),Xr dtot,welfare, Xs,weight,
z=0.6 *median(welfare),L=50,seed=Sys.time())

The arguments of this function are:
dom Domain indicator. It must contain numbers identifying thoergain to which each sample unit belongs.

seldomain : A selection of domains in which we want to obtain EB estimat@efault is the set of all (unique)
domains.

Xrdtot : A list containing a number of matrices equal to the lengthalflemain. Matrixi must contain in
each column the values of each pfauxiliary variables (including the constant in first coluniar the
out-of-sample units iirth selected domain.

welfare : welfare variable used to quantify the level of richness aheadividual or unit.

Xs: nx p matrix containing the values gf auxiliary variables for the& sample units. The elements in the first
column should be all equal to 1 if the model includes and aapt.

weight : Sampling weight of the unit.
z: Poverty line. Default value is.6 times the median of the welfare values for the sample units.
L: Number of Monte Carlo replicates for the empirical appraiion of the EB estimator. Default valuelis= 50.

seed : Seed to be used in the random number generation of the Momke I@glication process. Default is the
system time.

The function returns a list with the following objects:

EstimatedPoverty  : Data.frame with number of rows equal to number of domainstaining in its columns
domain indicator Domain), EB estimators of the poverty incidendedvinc ) and EB estimators of the
poverty gap PovGap).

ComputTime : Computation time (min.) of the Monte Carlo approximatiornted EB method.

Resultsfit . A list containing the following objects: summary of the uldvel model fitting Gummary),
vector with the estimated values of the fixed effedtsx¢dEffects ), vector with the predicted ran-
dom effects RandomEffects ), residual varianceResVar ), estimated variance of the random effects
(RandomEffVar ), log-likelihood (Loglike ) and vector of raw residual®R@wResiduals ).
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13.2.2 PBMSE.EB

R functionPBMSE.EB() obtains estimators of the mean squared errors of EB estieaft&GT poverty measures
of order 1 (poverty incidence) and order 2 (poverty gap) leyghrametric bootstrap method described in Section
13.1.2. Population values of auxiliary variables are regplii This function is defined as

PBMSE.EB<-function(dom,seldomain=unique(dom),Xrdtot ,welfare,Xs,weight,
z=0.6 » median(welfare),B=50,LB=50,seed=Sys.time())

The arguments of this function are:

dom Domain indicator. It must contain numbers identifying thmrdhin to which each sample unit belongs.

seldomain : A selection of domains in which we want to obtain EB estimat@refault is the set of all (unique)
domains.

Xrdtot : A list containing a number of matrices equal to the lengthedlemain. Matrixi must contain in
each column the values of each pfauxiliary variables (including the constant in first coluniar the
out-of-sample units irth selected domain.

welfare : welfare variable used to quantify the level of richness aheadividual or unit.

Xs: nx p matrix containing the values gf auxiliary variables for the sample units. The elements in the first
column should be all equal to 1 if the model includes and aapt.

weight : Sampling weight of the unit.
z: Poverty line. Default value is.6 times the median of the welfare values for the sample units.
B: Number of bootstrap replicates. Default valudis- 50.

LB: Number of Monte Carlo replicates for the empirical appraaiion of the EB estimator for each bootstrap
sample. Default value iisB = 50.

seed: Seed to be used in the random number generation of the Momke @glication process. Default is the
system time.

The function returns a list with the following objects:

EstimatedPoverty  : Data.frame with number of rows equal to number of domainstaining in its columns
domain indicator Pomain), EB estimators of the poverty incidendeadyvinc ) and EB estimators of the
poverty gap PovGap).

ComputTime : Computation time (min.) of the Monte Carlo approximationted EB method.

Resultsfit : A list containing the following objects: summary of the ulavel model fitting Summary),
vector with the estimated values of the fixed effe¢tx¢dEffects ), vector with the predicted ran-
dom effects RandomEffects ), residual varianceResVar ), estimated variance of the random effects
(RandomEffVar ), log-likelihood Loglike ) and vector of raw residual®R@wResiduals ).
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13.2.3 FGTpovertyEBsample

R functionFGTpovertyEBsample()  fits the unit level model of Battese, Harter and Fuller (1988he log

of the welfare variable (adding previously a quantity to e@kalways positive) and computes approximate EB
estimates of domain FGT poverty measures with 1 (poverty incidence) and = 2 (poverty gap). This function
assumes that only sample data on the auxiliary variablesnaiable, and then only an approximation of the
EB estimates is obtained. Theoretically, the EB methodirequhe population values of the auxiliary variables.
When the auxiliary variables are indicators as in the twong{a data sets, only the true totals of the auxiliary
variables in the covariate classes within domains are requiWhen these true totals are not available, they can be
approximated by the direct estimators obtained with samata. This function is doing this approximation. The
function is defined as

FGTpovertyEBsample<-function(dom,seldomain=unique(d om),welfare,Xs,weight,
z=0.6 *median(welfare),L=50,seed=Sys.time())

Arguments of this function are:
dom: Domain indicator. It must contain numbers identifying thogrghin to which each sample unit belongs.

seldomain : A selection of domains in which we want to obtain EB estimat@efault is the set of all (unique)
domains.

welfare : welfare variable used to quantify the level of richness aheadividual or unit.

Xs: nx p matrix containing the values gf auxiliary variables for the& sample units. The elements in the first
column should be all equal to 1 if the model includes and aapt.

weight : Sampling weight of the unit.
z: Poverty line. Default value is.6 times the median of the welfare values for the sample units.
L: Number of Monte Carlo replicates for the empirical appraiion of the EB estimator. Default valuelis= 50.

seed : Seed to be used in the random number generation of the Momke I@glication process. Default is the
system time.

The function returns a list with the following objects:

EstimatedPoverty  : Data.frame with number of rows equal to number of domainstaining in its columns
domain indicator@omain ), sample sizegampSize ), EB estimators of the poverty incidendegPovInc )
and EB estimators of the poverty gadpEPovGap).

ComputTime : Computation time (min.) of the Monte Carlo approximatiornted EB method.

Resultsfit . A list containing the following objects: summary of the uldvel model fitting Gummary),
vector with the estimated values of the fixed effedtsx¢dEffects ), vector with the predicted ran-
dom effects RandomEffects ), residual varianceResVar ), estimated variance of the random effects
(RandomEffVar ), log-likelihood (oglike ) and vector of raw residualfR@wResiduals ).

13.3 Examples of usage of R functions

This section describes how to execute the R functions destiin Section 13.2 with data sets to produce EB
estimates of domain poverty incidences and poverty gapsgakith their estimated MSEs.
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13.3.1 Example data set 1

We consider a data set obtained by applying a resamplingadéththe real data set from the Spanish Survey on
Income and Living Conditions from first quarter of year 200& consider as domains the Spanish provinces. The
welfare variable is the equivalized incomm(minc ) and the auxiliary variables are a constant, indicatorbef t
four age groups 16-24, 25-49, 49-64 and +&§€2 , age3, age4 andage5 respectively), indicator of having
Spanish nationalityratl ), indicators of education level equal to primary school i level studies€ducl
andeduc3 respectively) and indicators of employed and unemployedriastates gitempl and sitemp2
respectively). The first 10 rows from this data set look likist

provl prov ac gen age nat educ sitemp age2 age3 aged4 age5 educl

1 Alava 116 2 5 1 3 3 0 0 0 1 0
2 Alava 116 2 5 1 1 3 0 0 0 1 1
3 Alava 116 1 5 1 2 3 0 0 0 1 0
4 Alava 116 1 4 1 2 3 0 0 1 0 0
5 Alava 116 2 4 1 1 3 0 0 1 0 1
6 Alava 116 1 4 1 2 1 0 0 1 0 0
7 Alava 116 2 3 1 2 3 0 1 0 0 0
8 Alava 116 1 3 1 2 1 0 1 0 0 0
9 Alava 116 1 2 1 2 1 1 0 0 0 0
10 Alava 116 2 4 1 2 1 0 0 1 0 0
educ2 educ3 natl sitempl sitemp2 sitemp3 norminc weight
1 0 1 1 0 0 1 10357.931 2133.7582
2 0 0 1 0 0 1 13117.838 2580.5675
3 1 0 1 0 0 1 5450.227 2580.5675
4 1 0 1 0 0 1 7525.012 850.0648
5 0 0 1 0 0 1 23189.200 608.9678
6 1 0 1 1 0 0 25130.136 1596.9997
7 1 0 1 0 0 1 5150.399 1596.9997
8 1 0 1 1 0 0 19713.600 1596.9997
9 1 0 1 1 0 0 1972.133 1596.9997
10 1 0 1 1 0 0 13469.470 1135.6591

13.3.2 Example data set 2

We consider a simulated data set with= 80 domains withng = 50 observations in each domain for d =
1,...,D, with two dummy variables as auxiliary variablé§l(andX2) together with the constantpnstant ), a
welfare variable \(Velfare ), the domain indicatorffomain ), and the sampling weights obtained from a simple
random sampling without replacement of 1 out of 5 within edomain SampWeight ). This means that the
domain sizes arbly = 250,d = 1,...,D. The first 10 observations of the data set look like this:

Welfare Constant X1 X2 Domain SampWeight

1 20.362377 1 1 1 1 5
2 12.228778 1 1 0 1 5
3 16.827734 1 0 1 1 5
4 9.864449 1 1 1 1 5
5 12.839637 1 0 O 1 5
6  9.566156 1 1 0 1 5
7 26.127734 1 0 O 1 5
8 10.833009 1 0 1 1 5
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9 27.285174
10 13.346398

[N o)
o o

13.3.3 Example of R code for running function FGTpovertyEB

This section includes the code required to execute the ibm&GTpovertyEB and obtain approximate EB esti-
mates of domain poverty incidences and gaps using Examfdesdal.

# Read the data file silc0106_SAMPLE.txt

data<-read.table("silc0106_SAMPLE.txt",header=TRUE)

attach(data)
# We select for EB estimation the 10 provinces with largest CV s of direct
# estimators of poverty incidence (those in which we could im prove more).

povincl5<-c(42,5,34,44,40,21,25,19,16,2)

# These selected domains are, in order, the following Spanis h provinces:
# Soria, Avila, Palencia, Teruel, Segovia, Huelva, Lerida, Guadalajara,
# Cuenca and Albacete.

# Create matrix of auxiliary variables X for sample elements
n<-dim(data)[1]

X<-as.matrix(cbind(constant=rep(1,n),age2,age3,age4 ,ageb,natl,educl,educ3,
sitempl,sitemp2))

# We will apply the EB method when out-of-sample X values are a vailable
# Read non-sample values of auxiliary variables from files f or selected
# provinces

Xrd1l<-as.matrix(read.table("X_Soria.txt",header=TRU E))
Xrd2<-as.matrix(read.table("X_Avila.txt",header=TRU E))
Xrd3<-as.matrix(read.table("X_Palencia.txt",header= TRUE))
Xrd4<-as.matrix(read.table("X_Teruel.txt",header=TR UE))
Xrd5<-as.matrix(read.table("X_Segovia.txt",header=T RUE))
Xrd6<-as.matrix(read.table("X_Huelva.txt",header=TR UE))
Xrd7<-as.matrix(read.table("X_Lerida.txt",header=TR UE))
Xrd8<-as.matrix(read.table("X_Guadalajara.txt",head er=TRUE))
Xrd9<-as.matrix(read.table("X_Cuenca.txt",header=TR UE))
Xrd10<-as.matrix(read.table("X_Albacete.txt",header =TRUE))

# Construct design matrix with out-of-sample values
Xrdtot<-list(Xrd1,Xrd2,Xrd3,Xrd4,Xrd5,Xrd6,Xrd7,Xrd 8,Xrd9,Xrd10)

# Load file where function is located
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source("FGTpovertyEB.R")

# Execute function to compute EB predictors

of poverty measu res

resultsEB<-FGTpovertyEB(prov,povincl5,Xrdtot,normin ¢, X,weight,L.=100,seed=1111)

13.3.4 Output of function FGTpovertyEB

This section lists the R commands required to print each efdiltput objects of R function FGTpovertyEB()

followed by the obtained R results.

print(results$EstimatedPoverty)

Domain Povinc PovGap
42 23.17550 7.263587

5 20.37840 5.984184

34 22.38464 6.880210

44 30.86688 10.243227

40 26.70518 8.567364

21 18.14058 5.298647

25 15.78190 4.430357

19 28.30154 9.265694

16 24.20650 7.513111

0 2 21.25588 6.349842

P OoO~NOULDhWNE

# Print computation time (in min.)
print(results$ComputTime)

Time difference of 0.7116833 mins

# Print a summary of the unit level model fit
print(results$ResultsfitSSummary)

Linear mixed-effects model fit by REML
Data: NULL
AlC BIC logLik
49102.49 49203.83 -24539.25

Random effects:

Formula: "1 | as.factor(dom)
(Intercept) Residual

StdDev:  0.1121727 0.4922459

Fixed effects: ys ™ -1 + Xs
Value Std.Error DF

t-value p-value
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Xsconstant 9.058560 0.021478405 34328 421.7520 0.0000

Xsage2 -0.039202 0.010882325 34328 -3.6023 0.0003
Xsage3 -0.026805 0.010012532 34328 -2.6771 0.0074
Xsage4d 0.085182 0.010787907 34328  7.8961 0.0000
Xsage5 0.041878 0.011102710 34328  3.7719 0.0002
Xsnatl 0.296140 0.013678530 34328 21.6500 0.0000
Xseducl -0.195997 0.007616290 34328 -25.7340 0.0000
Xseduc3 0.316883 0.008952407 34328 35.3964 0.0000

Xssitempl  0.185018 0.007468557 34328 24.7730 0.0000

Xssitemp2 -0.066906 0.014897775 34328 -4.4910 0.0000

Correlation:
Xscnst Xsage?2 Xsage3 Xsaged4 Xsage5 Xsnatl Xsedcl Xsedc3

Xsage?2 -0.170

Xsage3 -0.197 0.581

Xsage4 -0.153 0.506 0.685

Xsageb -0.142 0.418 0.523 0.601

Xsnatl -0.608 -0.015 0.002 -0.048 -0.060

Xseducl  -0.017 -0.115 -0.239 -0.423 -0.564 0.022

Xseduc3 0.012 -0.058 -0.170 -0.161 -0.189 -0.016 0.274

Xssitempl -0.009 -0.279 -0.557 -0.353 -0.047 0.016 0.076 -0 118

Xssitemp2 -0.016 -0.200 -0.251 -0.141 -0.006 0.027 -0.001 - 0.012
Xsstml

Xsage?2

Xsage3

Xsage4d

Xsage5

Xsnatl

Xseducl

Xseduc3

Xssitempl

Xssitemp2 0.303

Standardized Within-Group Residuals:
Min Q1 Med Q3 Max
-19.50339536 -0.61427053  0.05152173  0.68394085  3.321606 94

Number of Observations: 34389
Number of Groups: 52

# Print the estimated coefficients of covariates
print(resultsEB$ResultsfitdFixedEffects)

Xsconstant Xsage?2 Xsage3 Xsage4 Xsage5
9.05856019 -0.03920177 -0.02680484 0.08518231 0.0418784 4
Xsnatl Xseducl Xseduc3  Xssitempl  Xssitemp2

0.29614008 -0.19599729 0.31688257 0.18501826 -0.0669059 9
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# Print the predicted domain random effects
print(results$ResultsfitfRandomEffects|,1])

[1] -0.213313405 0.087552888 -0.001434107 0.037389922 0. 081442345

[6] 0.078697984 0.178172026 -0.127733526 0.052459550 -O. 142463139
[11] 0.198610343 -0.074441560 0.090803379 -0.084094650 - 0.030615355
[16] 0.011658401 -0.074691949 -0.136413547 -0.050338426 -0.060050918
[21] 0.130646937 -0.128257402 -0.051556780 -0.026778165 0.146311096
[26] -0.057990073 -0.105415297 0.028450273 -0.038878506 0.108169754
[31] 0.076302480 -0.045798254 -0.102560779 0.023617850 O 176019784
[36] 0.145902823 0.093859637 -0.022816735 -0.209439577 - 0.049812219
[41] -0.024708085 0.037549961 -0.260640462 -0.098005832 0.164347345
[46] -0.036359270 0.095121560 -0.052826579 -0.039266715 0.187297411

[51] 0.077288096 0.039029468

# Print the residual variance of the unit level model fit
print(resultsEB$ResultsfitPResVar)

[1] 4.922459e-01

# Print the estimated variance of the domain random effects
print(resultsEB$ResultsfitPRandomEffVar)

[1] 1.258271e-02

# Print the loglikelihood of the unit level model fit
print(resultsEB$ResultsfitsLoglike)

[1] -2.453925e+04

# Print raw residuals obtained from the unit level model fit
print(results$ResultsfitSRawResiduals)

[1] -0.311065481 0.407009344 -0.513399885 -0.303785484 O .880689517
[6] 0.574593368 -0.487192985 0.461640055 -1.275929913 O. 006050411
[11] -1.232357460 -0.326392234 -0.154397762 0.218288638 0.006755633
[16] -0.799496063 0.544477945 -1.137501244 0.006548324 - 0.313700347
[21] -1.172306850 0.416721684 -1.074617448 0.283465858 - 0.209258314

[26] -0.556619880 -0.157540917 -0.196951329 -0.35677677 6 -0.535499466
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[31] 0.303750102 -0.903428203 1.061927641 -0.493474640 O .338891321
[36] -0.383703627 -0.599010472 0.355547287 -0.871554792 -0.031145534
[41] 0.345295921 -0.710517777 0.109911066 -1.413883307 - 0.031580446
[46] -0.230772218 0.358927038 0.468438602 -0.582843686 0 .049334166

13.3.5 Example of R code for running function PBMSE.EB

This section includes the code required to execute theitmBBMSE.EB() that gives bootstrap estimates of the
mean squared errors of EB estimators of domain povertyémgés and gaps using the Example data set 1.

# Set the Path or folder where data set and functions are.
setwd("Path")

# Read the data file silc0106_SAMPLE.txt

data<-read.table("silc0106_SAMPLE.txt",header=TRUE)
attach(data)

# Select provinces with the largest CVs of direct estimators
# of poverty incidence (those in which we could improve more)

povincl5<-c(42,5,34,44,40,21,25,19,16,2)

# These selected domains are, in order: Soria, Avila, Palenc ia,
# Teruel, Segovia, Huelva, Lerida, Guadalajara, Cuenca and Albacete.

# Create matrix of auxiliary variables X for sample elements
n<-dim(data)[1]

X<-as.matrix(chind(constant=rep(1,n),age2,age3,age4 ,age5,natl,educl,educ3,
sitempl,sitemp?2))

# We will apply the EB method when out-of-sample X values are a vailable
# Read non-sample values of auxiliary variables from files f or selected
# provinces.

Xrd1l<-as.matrix(read.table("X_Soria.txt",header=TRU E))
Xrd2<-as.matrix(read.table("X_Avila.txt",header=TRU E))
Xrd3<-as.matrix(read.table("X_Palencia.txt",header= TRUE))
Xrd4<-as.matrix(read.table("X_Teruel.txt",header=TR UE))
Xrd5<-as.matrix(read.table("X_Segovia.txt",header=T RUE))
Xrd6<-as.matrix(read.table("X_Huelva.txt",header=TR UE))
Xrd7<-as.matrix(read.table("X_Lerida.txt",header=TR UE))
Xrd8<-as.matrix(read.table("X_Guadalajara.txt",head er=TRUE))
Xrd9<-as.matrix(read.table("X_Cuenca.txt",header=TR UE))
Xrd10<-as.matrix(read.table("X_Albacete.txt",header =TRUE))

# Construct design matrix with non-sample values
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Xrdtot<-list(Xrd1,Xrd2,Xrd3,Xrd4,Xrd5,Xrd6,Xrd7,Xrd 8,Xrd9,Xrd10)
# Load file where function is located

source("PBMSE_EB.R")

# Compute parametric boostrap MSE estimators of the EB predi ctors
ResultsPBMSE<-PBMSE.EB(prov,povinc15,Xrdtot,norminc ,X,weight,B=50,LB=50,
seed=2222)

13.3.6 Output of function PBMSE.EB

This section shows the R command required to print the owtpiR function PBMSE.EB() followed by the
obtained R results.

print(ResultsPBMSE)

Domain SampSize PBMSEpovinc PBMSEpovgap

1 42 41 13.930360  2.4449993
2 5 116 7.547312  1.2733205
3 34 143 4.789817  0.8214452
4 44 144 4.826459  0.8704941
5 40 115 6.298437 1.0425301
6 21 244 4144693  0.7767003
7 25 260 4.126503  0.6720109
8 19 178 6.535062 1.1849335
9 16 183 3.396893  0.5019584
10 2 346 2.887742  0.5002812

13.3.7 Example of R code for running function FGTpovertyEBample

This section includes the code required to execute the ihm&GTpovertyEBsample() that gives empirical EB
estimates of domain poverty incidences and gaps using tampbe data set 2.

# Set the Path or folder where data set and functions are.
setwd("Path")

# Read data set
data<-read.table("SimulDataPoverty.txt",header=TRUE )
attach(data)

# Create matrix of auxiliary variables

X<-as.matrix(data[,2:4])

# Load file, in which function is located
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source("FGTpovertyEBsample.R")
# Call function FGTpovertyEBsample

results<-FGTpovertyEBsample(dom=Domain,seldomain=un ique(Domain),
welfare=Welfare,Xs=X,weight=SampWeight,L=100,seed=1 111)

13.3.8 Output of function FGTpovertyEBsample

This section lists the R commands required to print eacheobttiput objects of R function FGTpovertyEBsample()
followed by the obtained R results.

print(results$EstimatedPoverty)

Domain SampSz Povinc PovGap
50 18.188 4.4489962
50 18.008 4.4822918
50 8.580 1.9828690
50 15.056 3.6341423
50 22.068 5.6574396
50 18.056 4.5715071
50 31.072 8.9835929
50 16.336 3.7289055
50 10.184 2.2203065
50 13.252 3.0668479

P OoO~NOOTD,WDNPER
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Printing other output such as computation time and restdis fmodel fit is done exactly the same as with
function FGTpovertyEB().
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Chapter 14

Fast EB method for estimation of fuzzy
poverty measures

14.1 Methodology

14.1.1 Fuzzy monetary and supplementary indicators

LetU = {1,...,N} be a finite population of sizN, whereE; is the value of a welfare variable (e.g. equivalised
income) for individual. Let us consider the empirical distribution function{&;, ...,Ex}, defined as

I{E; <x}, X€R,

Mz

Zl-

Fe(x) =

J

1

wherel {Ej < x} = 1if Ej; <xand 0 otherwise. Consider also the (empirical) Lorenz gugiven by

N
> Ejl{Ej<x}
L= ——— xeR.

Following the Integrated Fuzzy and Relative (IFR) approatBetti et al. (2006), the Fuzzy Monetary Index
(FMI) for individuali is defined as

a—1
v - {a-RE)] (L)

N-1
1 N a-1 Z Ejl{EJ‘ > E,}
= {N—_lzl{EJ>Ei}} — , ieu
= 2 Ej

Here, 1- Fe(Ei) is the proportion of individuals that are less poor thanvidlial i. This gives a degree
of poverty of individuali and it was proposed by Cheli e Lemmi (1995) as a poverty itoicaObserve that
N(1-Fe(Ei))/(N—1)is equal to 1 when individualis the poorest. Moreover,-1Lg(E;) is the share of the total
welfare of all individuals that are less poor than this indiial, indicator that was proposed by Betti and Verma

175
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(1999). The average FMI for the population is given by
1 N
FM= =TS FM, (14.1)
N2,

Observe that the FMI for individualdepends on the whole population of welfare valyé&s, ..., Ex}.

Consider now a score variab® for i-th individual defined using the IFR approach, instead of #ane
variableE;. These score§ are obtained by applying a multidimensional approach #iads into account a variety
of non-monetary indicators of deprivation. Then the Fuzap@ementary Index (FSI) for individuais defined
analogously to the FMI, but in terms of the scof&s, ..., Sy}, as

a—-1
Fs = {gA-RE)]  (-Las)

N
LN a-1 J_lejl{sj>s}
— Y 1{Sj>§ — ¢, ieu.
{N_ljzl{l }}

N
2 S
j=1

Here,Fs(x) is the empirical distribution function arigs(x) the Lorenz curve of the score variables;, ..., Sv}-
Similarly, 1— F5(S) is the proportion of individuals who are less deprived thaividuali and 1— Ls(S) is the
share of the total lack of deprivation score assigned tandividuals less deprived than individualThe average
FSI for the population is given by

1 N
FS==-YFS (14.2)
N2,
Now consider that the populatiqhis partitioned intdD domains or aredds, ... ,Up of sizesNy,...,Np. Let
Eqj be the welfare for individuaj within domaind. The average fuzzy monetary index for domdiis

1 N
FMg=-—S FMg;, d=1,...,D, 14.3
d Ndj; dj (14.3)

whereF My is the FMI for j-th individual fromd-th domain.
A random sample C U of sizen < N is drawn from the population. L&} be the subsample from domain
d=1,...,D. Adesign-based estimator of the average FMI for dordai®My, is

DB ez Waj FMa;

FMg == d=1,...,D, (14.4)
2 Wdj
J€S

wherewy is the sampling weight for individuglwithin domaind and

a—1

D D
. f21'2 wii I {Esi > Eqj} /21_2 wyi Evi 1 {Es > Eqgj}
— (=1iésy I=1iésy
FMgj = . . (14.5)
YOy W > Y Wi
S1idy S1idsy

Observe thaﬁ\ﬁ?}3 is not a direct estimator because it uses the sample datatfrenvhole population and not
only from domaind. The average FSI for domaghis given by

1 N
F=—S FSyy, d=1,....D. 14.6
S Ndj; Suj (14.6)
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Finally, a design-based estimatorfe®; would be

—~DB jezdedle\S[i;3
F =—_  d=1,....D. 14.7
S T (14.7)
j€sg
where
D a-1 D
e Ezliez wei [{Si > Suj} égliez Wi Si l{Si > S}
FSij = — . . (14.8)
> > Wi YOS Wi S
(=licy (=1icsy

In these poverty indicators, the paramedecan be fixed to the value such that thé and FS indicators
coincide with the head count ratio or poverty incidence cotag for the official poverty line (60% of the median).

14.1.2 Fast EB method for estimation of fuzzy poverty meases

In order to apply the EB method of Molina and Rao (2010) toneste the domain average FMiMy, we need

to express this indicator in terms of a population vegter (y,y;)’, for which the conditional distribution of the
non-sampled parg; given the sample datg is known. The distribution of the welfare varialg; is seldom
Normal. However, many times it is possible to find a transfation whose distribution is approximately Normal.
Suppose that there exists a one-to-one transformagipa: T (Eqj) of the welfare variabléy;, which follows a
Normal distribution. Concretely, we assume tlg follows the nested error linear regression model of Bajtese
Harter and Fuller (1988), defined as

Ydj = XdjB+Uug + €qj, ji=1...,Ng, d=1,...D, (14.9)
ug ~ iid N(0,02), eqgj~ iid N(0,02) '
wherexqj is a row vector with the values qf explanatory variablesyy is a random area-specific effect aag
are residual errors. L&t = (Yq1,...,Yan, )’ be vector of responses for domaiandy = (y;,...,yp)" be the full
population vector. Then, observe that the individual FMis be expressed as

. b N, a—1
FMdj = {m _1'Z\I {Til(Yéi) >T1(Ydj)}}

E ’% T {T 1Y) > T 1(Yq)) }

(=1i=1

D N[ 9 j:17---,Nd7d:1,...,D,
> 3 T-HYa)
(=1i=1

This means that the average FMI for domdiis a non-linear function of the population vectorthat is,
Ly )
FMy=— FMdj:hdy, d:].,...,D.
3

Let us separate the population vector of respogseshe sample and non-sample parts, that is, (ys,y;)’, where
ys corresponds to the sample ayydo the non-sample. Then the BPERMy is

_—B
FMy = Ey, (FMalys) = Ey, (ha(y)ys)- (14.10)
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This expectation can be empirically approximated by Mongel&simulation. For this, first fit the nested-error
model (14.9) to the sample datg to obtain estimateB, 62 andd? of the model parametefl o2 anda?Z respec-
tively. Obtain also the EB predictag of ug, given byE (ug|ys) with unknown parameters replaced by estimated
values. Then, using those estimates, generate a large nlwnatb@ectorsy, from the estimated conditional dis-

tributionyy|ys. Let yrI be the vector generated irth generation. We attach this vector to the sample vector to
obtain the full population vector!) = (y%, (yr Y')'. Using the elements of!), we calculate the domain parameter

of interestr Mé) =hy(y"),d=1,...,D. Then, a Monte Carlo approximation to the EB predictoF dfq is given
by

FME~ L ZiFMd, —1,....D. (14.11)

Observe that for each populatibe- 1, ..., L, instead of generating a multivariate normal vector of izen, we
just need to generate univariate valu’é? from

Y4 = Xqjf -+ Og + Va + i, Vo ~ N(0,62(1— ), &4j ~N(0,62), jeUg—ss, d=1,...,D,  (14.12)

whereyy = 0%(02+a3/ng) ! andny is the sample size in domaih Still, for large populations and/or complex
indicators, the EB method can be unfeasible. FMIs requirtngpof all population elements, and this needs to be
repeated fof = 1,...,L. This is too time consuming for larg¢ and largel. Here we propose a faster version of

the EB estimator that is based on replacing the true valugeoddmain average FMI in populatiorF Mé”, by the
design-based estimator given in (14.4). Since the desigedestimator is obtained from a sample drawn from
I-th population, this avoids the task of generation of thé ffiopulation of responses (we need to generate only
the responses for the sample elements) and the sortingtbegopulation elements. Concretely, for each Monte
Carlo replicatiorl, we take a samplg{l) C U using the same sampling scheme and the same sample sizialioc
as in the original sample We take the values of the auxiliary variables correspantiinthe units ins(l), that

is, we takexqj, j € (1), wheresy(l) is the subsample frord-th domain. Then we generate the corresponding

responseS’d(?, jes(l), ford=1,...,D, asin (14.12). Let us denote the vector containing thoseesahsy/ ).

With yg, calculate the design-based estimator as in (14.4) an8)(Ihat is, obtain

DB 2( )WdJFMdj (l)
EMoo(1) = 1= . d=1,....D, 14.13
a ()= S W, ( )
jesa(h)
where
a—1
_ 14
> 5 wil{T YY) > T)) >3 wi T TR > T

——DB (=liesy(l) (=liesy(l)
FMg; (1) = . . -

Wi > oY waT7(Y,")

(=liesy(l) l=liegy(l)

Finally, the fast EB estimator &My is given by

14.2 The Software: description of R functions

This section describes the implemented R function thatiobtBAST-EB estimators of domain fuzzy poverty
measures, when the values of the auxiliary variables forobgtample data are available. Examples of how to
implement this function are provided in Section 14.3.1 aridcodes are included in Appendix 28.
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14.2.1 FUZZYpovertyFAST.EB

R functionFUZZYpovertyFAST.EB() fits the unit level model of Battese, Harter and Fuller (19@8)he
log of the welfare variable and the clog-log transformatidrthe score variable and computes empirical FAST-
EB estimates of domain fuzzy poverty measures (respegti@ fuzzy monetary indicator and FS fuzzy non-
monetary indicator). This function is defined as:

FUZZYpovertyFAST.EB<function(dom,welfare,score,Xs,w eight,
z=0.6 * median(welfare),alpha=2,L=50)

The arguments of this function are:
dom: Domain indicator. It must contain numbers identifying thogrghin to which each sample unit belongs.
welfare : welfare variable used to quantify the level of richness aheadividual or unit.

score : variable constructed by aggregating over a group of itenesl 8 quantify the level of non-monetary
richness of each individual or unit.

Xs: nxpmatrix containing the values gf auxiliary variables for the n sample units. The elementhafirst
column should be all equal to 1 if the model includes the oept.

weight : Sampling weight of the unit.
z: Poverty line. Default value is 0.6 times the median of thefavelvalues for the sample units.
alpha : Parameter of the fuzzy monetary measures. Default value is 2

L: Number of Monte Carlo replicates for the empirical approadion of the FASTEB estimator. Default value is
L=50.

The function returns a list with the following objects:

EstimatedPoverty  : Data.frame with number of rows equal to number of domainstaining in its columns
domain indicator (Domain), population size (PopnSizegie size (SampSize), FASTEB estimators of
HCR (FASTEBPovinc), FM (FASTEBFM) and FS indicators (FASRES).

Resultsfit . Alist containing the following objects: summary of the ueitel model fitting of welfare variable
(Summary), vector with the estimated values of the fixedot$féFixedEffects), vector with the predicted
random effects (RandomEffects), residual variance (Re@s¥stimated variance of the random effects (Ran-
domEffVar), log-likelihood (Loglike) and vector of raw ridsials (RawResiduals).

Resultsfits . Alist containing the following objects: summary of the ueitel model fitting of non-monetary-
variable (Summary), vector with the estimated values offiked effects (FixedEffects), vector with the
predicted random effects (RandomEffects), residual maggResVar), estimated variance of the random
effects (RandomEffVar), log-likelihood (Loglike) and vecof raw residuals (RawResiduals).

14.3 Examples of usage of R functions

This section describes how to execute the R function desttiiibSection 14.2 with data sets to produce FASTEB
estimates of fuzzy poverty measures.
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14.3.1 Example data set

We used Tuscany data from 2004 EU-SILC survey. We consideioasins the 10 Tuscany Provinces. The
welfare variable is the equivalised annual net income aadtkxiliary variables are a constant, indicators of the 5
quinquennial groupings of variable age, indicator of hguialian nationality, indicators of 3 education levels of

variable educational level and 3 categories of the variabiiployment. The first 10 rows from this data set look
like this:

Weight Domain Constant age2 age3 age4 age5 edul edu3 natl emp 11 empl2
973.5813 1 1
973.5813

1237.5130
817.6650
817.6650
817.6650
817.6650
837.3646
837.3646

0 837.3646

POO~NOOOMWNR
PRRPRRPRRPRRRPRPPR

PRRPRPRPRPRPRRPRPR
POOO0OO0OO0OO0OORrO
OrO0OO0OORrRRLRRFPOR
OO0OrPO0OO0OO0ODO0OOO0OO
cNoNeoNeoNeoNoNoNoNoNo)
cNeoNeoNeoNecNoNeoNoNoNo)
OCO0O0OO0O0OO0ORrROO0OO
PRRPRRPRPRRPRRPEPR

OCorOoOOORrRPRFROR
POO0OO0OO0ODO0ODO0OO0OO0OO

Welfare Score
1 14348.00 0.9946286
2 14348.00 0.9946286
3 13980.00 0.9920049
4 26172.86 0.9904591
5 26172.86 0.9904591
6 26172.86 0.9904591
7 26172.86 0.9904591
8 9873.00 0.9725277
9 9873.00 0.9725277
10 9873.00 0.9725277

14.3.2 Example of R code for running function FUZZY povertyFASTEB

This section includes the code required to execute the ifum&UZZYpovertyFAST.EB and obtain approximate
FAST-EB estimates of domain fuzzy poverty measures usirsgdiy data described in section 14.3.1.

# Read data set

data<-read.table("DataExample.txt",header=TRUE)
attach(data)

# Create matrix of auxiliary variables X
X<-as.matrix(data[,3:12])

# Load file where function is located
source("FUZZYpovertyFAST_EB.R")

# Execute function to compute FAST-EB predictors of poverty measures
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results<FUZZYpovertyFAST.EB(welfare=Welfare,score=S core,Xs=X,
dom=Domain,weight=Weight,alpha=2,L=50)

14.3.3 Output of function FUZZYpovertyFASTEB

This section lists the R commands required to print each efatltput objects of R function FUZZYpoverty-
FAST.EB() followed by the obtained R results.

# Print function output
print(results$EstimatedPoverty)

Domain PopnSize SampSize FASTEBPovinc FASTEBFM FASTEBFS

1 1 251471 301 0.2327575 0.4674269 0.3265127
2 2 265293 315 0.1948571 0.4280292 0.3581722
3 3 267076 344 0.1855233 0.4143100 0.3796176
4 4 1119377 1403 0.1545830 0.3814060 0.3676503
5 5 290122 339 0.1631858 0.3928746 0.3729869
6 6 335777 399 0.1964411 0.4292763 0.3445257
7 7 304121 416 0.1351442 0.3577515 0.2922240
8 8 278495 338 0.1614201 0.3907552 0.3227387
9 9 149082 155 0.1581935 0.3887456 0.2030940
10 10 319320 416 0.1743750 0.4037955 0.3496956

Linear mixed-effects model fit by REML
Data: NULL
AIC BIC logLik
6352.651 6429.367 -3164.326

Random effects:

Formula: "1 | as.factor(dom)
(Intercept) Residual

StdDev: 0.05864517 0.4910157

Fixed effects: ys © -1 + Xs
Value Std.Error DF  t-value p-value
XsConstant 9.434639 0.04440711 4407 212.45785 0.0000

Xsage2 -0.016709 0.03500726 4407 -0.47730 0.6332
Xsage3 0.005400 0.03072540 4407  0.17573 0.8605
Xsage4 0.158332 0.03048972 4407  5.19298 0.0000
Xsageb5 0.055813 0.03194252 4407 1.74731 0.0807
Xsedul -0.211209 0.02208564 4407 -9.56320 0.0000
Xsedu3 0.245325 0.02510362 4407  9.77250 0.0000
Xsnatl 0.177515 0.03603744 4407  4.92584 0.0000
Xsempll 0.107823 0.02081862 4407  5.17915 0.0000
Xsempl2 -0.115263 0.04317264 4407 -2.66981 0.0076

Correlation:
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XsCnst Xsage?2 Xsage3 Xsage4 Xsage5 Xsedul Xsedu3 Xsnatl Xsm pl1
Xsage2 -0.299
Xsage3 -0.359 0.588
Xsaged4 -0.321 0.547 0.736
Xsage5 -0.281 0.475 0.592 0.689
Xsedul -0.036 -0.060 -0.156 -0.339 -0.514
Xsedu3  0.024 -0.012 -0.129 -0.113 -0.125 0.180
Xsnatl -0.755 -0.023 0.001 -0.054 -0.083 0.044 -0.031

Xsempll 0.008 -0.221 -0.537 -0.329 -0.096 0.160 -0.073 -0.0 10
Xsempl2 -0.025 -0.147 -0.260 -0.127 -0.029 0.041 -0.023 0.0 32 0.327
Standardized Within-Group Residuals:

Min Q1 Med Q3 Max
-4.66823861 -0.54233384 0.01043265 0.57353177 5.6746719 8

Number of Observations: 4426
Number of Groups: 10

print(results$Resultsfit$FixedEffects)

XsConstant Xsage?2 Xsage3 Xsage4 Xsage5
9.434638959 -0.016709012 0.005399513 0.158332415 0.0558 13419
Xsedul Xsedu3 Xsnatl Xsempll Xsempl2
-0.211209341 0.245325220 0.177514758 0.107822671 -0.115 262728

print(results$ResultsfitfRandomEffects|,1])

[1] -0.115224907 -0.038681662 -0.006406057 0.035579916 O .010238082
[6] -0.042017887 0.071844772 0.030157514 0.037516377 0.0 16993852

# Print the residual variance of the unit level model fit

print(results$ResultsfitResVar)

[1] 0.4910157

# Print the estimated variance of the domain random effects

print(results$ResultsfitSRandomEffVar)
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[1] 0.003439256

# Print the loglikelihood of the unit level model fit

print(results$Resultsfit$Loglike)

[1] -3164.326

print(results$ResultsfittRawResiduals[1:50])

[1] -0.154010062 -0.024078867 -0.179992885 0.201777045 O
[6] 0.560324449 0.560324449 -0.680749765 -0.419994192 -0
[11] -0.515299162 0.499986124 0.060135470 -0.042383526 O
[16] 0.655281194 0.229954644 -1.064221208 -1.332839314 -
[21] 0.054128361 -0.182915956 -0.005401198 -0.377827270
[26] 0.537554682 0.233953023 0.371455572 -0.449847219 -0
[31] -0.319916023 -0.319916023 -0.049973831 -0.04997383

[36] -0.228691851 -0.120869181 -0.344085876 0.568080480
[41] 0.704294059 -0.152756318 0.619632092 -0.604167681 -
[46] -0.321303584 -0.473474601 0.060748162 -0.242853497

print(results$Resultsfits$Summary)

Linear mixed-effects model fit by REML
Data: NULL
AIC BIC logLik
3908.576 3985.291 -1942.288

Random effects:

Formula: "1 | as.factor(dom)
(Intercept) Residual

StdDev: 0.07663074 0.3719493

Fixed effects: yss ™ -1 + Xs
Value Std.Error DF  t-value p-value
XsConstant 0.9264946 0.03902919 4407 23.738502 0.0000

Xsage2 -0.1198104 0.02652597 4407 -4.516720 0.0000
Xsage3 -0.0566792 0.02327718 4407 -2.434967 0.0149
Xsage4 -0.0500512 0.02310541 4407 -2.166210 0.0303
Xsage5 0.0458473 0.02420242 4407 1.894329 0.0582
Xsedul -0.1353946 0.01673728 4407 -8.089404 0.0000

Xsedu3 0.0859442 0.01901830 4407 4.519026 0.0000

.554924936
.282622939
512474970
0.206627212
0.537554682
342024548
0.401583041
0.390565722
0.451234779

-0.242853497
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Xsnatl 0.1289693 0.02730920 4407 4.722557 0.0000
Xsempll 0.0390022 0.01577347 4407 2.472644 0.0134
Xsempl2 -0.1712626 0.03270924 4407 -5.235908 0.0000
Correlation:

XsCnst Xsage2 Xsage3 Xsaged4 Xsageb Xsedul Xsedu3 Xsnatl Xsm pll
Xsage2 -0.258
Xsage3 -0.310 0.588
Xsage4 -0.277 0.547 0.736
Xsage5 -0.243 0.475 0.592 0.689
Xsedul -0.031 -0.060 -0.157 -0.339 -0.514
Xsedu3  0.021 -0.013 -0.129 -0.113 -0.125 0.180
Xsnatl -0.651 -0.022 0.001 -0.054 -0.083 0.045 -0.031

Xsempll 0.007 -0.221 -0.537 -0.329 -0.096 0.161 -0.073 -0.0 10
Xsempl2 -0.022 -0.147 -0.260 -0.126 -0.029 0.041 -0.023 0.0 32 0.327
Standardized Within-Group Residuals:

Min Q1 Med Q3 Max
-4,10191706 -0.66550366 -0.01227919 0.68237675 3.611601 33

Number of Observations: 4426
Number of Groups: 10

print(results$Resultsfits$FixedEffects)

XsConstant Xsage2 Xsage3 Xsage4 Xsageb Xsedul

0.92649460 -0.11981038 -0.05667919 -0.05005117 0.045847 35 -0.13539464
Xsedu3 Xshatl Xsempll Xsempl2

0.08594418 0.12896928 0.03900219 -0.17126256

print(results$ResultsfitsfRandomEffects[,1])

[1] 0.013054328 -0.045014363 -0.069028120 -0.056634929 - 0.057649764
[6] -0.024310964 0.047476612 0.015368337 0.181148065 -O0. 004409203

# Print the residual variance of the unit level model fit

print(results$Resultsfits$ResVar)

[1] 0.3719493

# Print the estimated variance of the domain random effects



14.3. Examples of usage of R functions 185

print(results$Resultsfits$RandomEffvar)

[1] 0.00587227

# Print the loglikelihood of the unit level model fit

print(results$Resultsfits$Loglike)

[1] -3164.326

print(results$ResultsfitssRawResiduals[1:50])

[1] 0.61598625 0.71811963 0.53683851 0.41360278 0.538549 15 0.48186997
[7] 0.48186997 0.23501143 0.28064164 0.51503539 0.070098 48 0.20579661
[13] 0.17557345 0.27147197 -0.08955661 0.09228609 0.0432 9534 0.09190668
[19] 0.02003638 -0.02007078 0.02555943 -0.08356510 0.045 40418 -0.06698275
[25] 0.06301459 0.06301459 -0.15169620 -0.10475421 -0.17 956769 -0.14056550
[31] -0.07743431 -0.07743431 -0.17687887 -0.17687887 -0. 11172525 -0.29517794
[37] -0.25617574 -0.27898873 -0.18219118 -0.31116045 -0. 27166433 -0.34986104
[43] -0.37663483 -0.50258912 -0.49596110 -0.39382772 -0. 37164053 -0.38594891

[49] -0.60065971 -0.60065971
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Chapter 15

Appendix 1: R code for the Fay-Herriot
model

15.1 R code of fitFH

The R code of the functiofitFH s listed bellow.

HHAHH R R R R R R R R HHAHHH AR
HH

### This function fits a Fay-Herriot model.

### Fitting method can be chosen between REML and FH methods.

Hi#

### Work for European project SAMPLE

Hi#

### Author: Isabel Molina Peralta

### File name: Fitting_ FHModel.R

### Updated: March 15th, 2010

Hi#

HHAHHHHH R R R R R R R HHAHHH AR

fitFH<-function(X,y,Dvec,method="REML",MAXITER=500) {
m<-length(y) # Sample size or number of areas
p<-dim(X)[2] # Num. of X columns of num. of auxiliary variabl es
Xt<-t(X)
# Fisher-scoring algorithm for REML estimator of variance A starts

if (method=="REML") {
# Initial value of variance A is fixed to the median of Dvec
Aest.REML<-0
Aest.REML[1]<-median(Dvec)

k<-0

187
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diff<-1
while ((diff>0.0001)&(k<MAXITER))
{
k<-k+1
Vi<-1/(Aest. REML[k]+Dvec)
XtVi<-t(Vi  *X)
Q<-solve(XtVi%o *%X)
P<-diag(Vi)-t(XtVi)% * %Q¥POXtVi
Py<-P%=* %y
# Score function obtained from restricted log-likelihood
s<-(-0.5)  *sum(diag(P))+0.5 * (t((Py)% *%Py)
# Fisher information obtained from restricted log-likelih ood
F<-0.5 *sum(diag(P% = %P))
# Updating equation
Aest.REML[k+1]<-Aest. REML[K]+s/F
# Relative difference of estimators in 2 iterations
# for stopping condition
diff<-abs((Aest.REML[k+1]-Aest.REML[K])/Aest. REML [k D
} # End of while

# Final estimator of variance A
A.REML<-max(Aest.REML[k+1],0)
print(Aest.REML)

# Indicator of convergence

if(k<MAXITER) {conv<-TRUE} else {conv<-FALSE}
# Computation of the coefficients’estimator beta
Vi<-1/(A.REML+Dvec)

XtVi<-t(Vi  *X)

Q<-solve(XtVi%o *%X)

beta.REML<-Q% * %XtVi%* %y

# Significance of the regression coefficients
varA<-1/F

std.errorbeta<-sqrt(diag(Q))
tvalue<-beta.REML/std.errorbeta

pvalue<-2 *pnorm(abs(tvalue),lower.tail=FALSE)

# Goodness of fit measures: loglikelihood, AIC, BIC

Xbeta.REML<-X% * %beta.REML
resid<-y-Xbeta.REML

loglike<-(-0.5) *(sum(log(2 *pi * (A.REML+Dvec))
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+(resid"2)/(A.REML+Dvec)))
AIC<-(-2) +loglike+2 = (p+1)
BIC<-(-2) =*loglike+(p+1) *log(m)

goodness<-c(loglike=loglike,AIC=AIC,BIC=BIC)
# Computation of the empirical best (EB) predictor

thetaEB.REML<-Xbeta. REML+A.REML * Vi *resid
coef<-data.frame(beta.REML,std.errorbeta,tvalue,pva lue)

return(list(convergence=conv,modelcoefficients=coef ,
variance=A.REML,goodnessoffit=goodness,EBpredictor= thetaEB.REML))

# Fisher-scoring algorithm for REML estimator of variance A starts
} else if (method=="FH") {

# Initial value of variance A is fixed to the median of Dvec
Aest.FH<-NULL
Aest.FH[1]<-median(Dvec)

k<-0

diff<-1

while ((diff>0.0001)&(k<MAXITER))
k<-k+1
Vi<-1/(Aest.FH[K]+Dvec)
XtVi<-t(Vi  *X)
Q<-solve(XtVi%  *%X)
betaaux<-Q% * %XtVi%* %y
resaux<-y-X% * %betaaux
# Left-hand side of equation for FH estimator
s<-sum((resaux"2) * Vi)-(m-p)
# Expectation of negative derivative of s
F<-sum(Vi)
# Updating equation
Aest.FH[k+1]<-Aest.FH[K]+s/F
# Relative difference of estimators in 2 iterations
# for stopping condition
diff<-abs((Aest.FH[k+1]-Aest.FH[K])/Aest.FH[K])

} # End of while

A.FH<-max(Aest.FH[k+1],0)
print(Aest.FH)

# Indicator of convergence

if(k<MAXITER) {conv<-TRUE} else {conv<-FALSE}
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# Computation of the coefficients’estimator beta

Vi<-1/(A.FH+Dvec)
XtVi<-t(Vi  *X)
Q<-solve(XtVi%e  *%X)
beta.FH<-Q% * %XtVi%x* %y

# Significance of the regression coefficients

varA<-1/F

varbeta<-diag(Q)

std.errorbeta<-sqrt(varbeta)
zvalue<-beta.FH/std.errorbeta

pvalue<-2 *pnorm(abs(zvalue),lower.tail=FALSE)

# Goodness of fit measures: loglikelihood, AIC, BIC

Xbeta.FH<-X% * %beta.FH
resid<-y-Xbeta.FH

loglike<-(-0.5) * (sum(log(2 *pi * (A.FH+Dvec))+(resid"2)/(A.FH+Dvec)))
AIC<-(-2) =*loglike+2  *(p+1)
BIC<-(-2) =*loglike+(p+1) *log(m)

goodness<-c(loglike=loglike,AIC=AIC,BIC=BIC)
# Computation of the empirical best (EB) predictor

thetaEB.FH<-Xbeta.FH+A.FH * Vi * resid
coef<-data.frame(beta.FH,std.errorbeta,zvalue,pvalu e)

return(list(convergence=conv,modelcoefficients=coef ,variance=A.FH,
goodnessoffit=goodness,EBpredictor=thetaEB.FH))

# Error printing when method is different from REML of FH.
} else { print("Error: Unknown method") }

15.2 R code of MSE.FHmodel

The R code of the functioNISE.FHmodel is listed bellow.

HH B R T HHBHH T
HitH

### This function gives the MSE estimator of the EB estimator under
### a FH model. The EB estimator is obtained either by REML or b y
### FH fitting methods.
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Hi#

### Work for European project SAMPLE
Hi#

### Author: Isabel Molina Peralta

### File name: MSE_FHModel.R

### Updated: March 15th, 2010

Hi#
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BHARHHHHHHHHHH AR R R AR A AR R AR R R BHAHHHRHHH

MSE.FHmodel<-function(X,Dvec,A,method="REML"){

m<-dim(X)[1] # Sample size or number of areas
p<-dim(X)[2] # Num. of X columns of num. of auxiliary variabl

# Initialize vectors containing the values of gl-g3 and mse
# for each area

gld<-rep(0,m)

g2d<-rep(0,m)

g3d<-rep(0,m)

mse2d<-rep(0,m)

# Elements of the inverse covariance matrix in a vector
Vi<-1/(A+Dvec)

# Auxiliary calculations

Bd<-Dvec/(A+Dvec)

SumAD2<-sum(Vi“2)

XtVi<-t(Vi  *X)

Q<-solve(XtVi%  *%X)

# Calculation of gl1-g3 and final MSE when fitting method is RE
if (method=="REML"){

# Asymptotic variance of REML estimator of variance A
VarA<-2/SumAD2

for (d in L:m){
gld[d]<-Dvec[d] + (1-Bd[d])
xd<-matrix(X[d,],nr=1,nc=p)
g2d[d]<-(Bd[d]"2) * Xd %+ %Q¥P6t(xd)
g3d[d]<-(Bd[d]2) * VarA/(A+Dvec[d])
mse2d[d]<-g1d[d]+g2d[d]+2 *g3d[d]
}

return(mse=mse2d)
# Calculation of gl-g3 and final MSE when fitting method is FH

} else if (method=="FH") {

es

ML
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SumAD<-sum(Vi)
# Asymptotic variance of FH estimator of variance A
VarA<-2 *m/(SumAD"2)

# Asymptotic bias of FH estimator of A
b<-2 * (m* SUMAD2-SumAD"2)/(SumAD"3)

for (d in L:im){
gld[d]<-Dvec[d] * (1-Bd[d])
xd<-matrix(X[d,],nr=1,nc=p)
g2d[d]<-(Bd[d]"2) * Xd%x %Q¥Pot(xd)
g3d[d]<-(Bd[d]"2) * VarA/(A+Dvec[d])
mse2d[d]<-g1d[d]+g2d[d]+2 *g3d[d]-b *(Bd[d]"2)
}

return(mse=mse2d)

# Error printing when fitting method is different from REML o f FH.
} else { print("Error: Unknown method") }



Chapter 16

Appendix 2: R code for the area-level
spatial model

16.1 R code of fitSpatialFH
The R code of the functiofitSpatialFH is listed bellow.

HHAHH R R R R A R R R HHAHH AR
HH

### This function fits a spatial Fay-Herriot model, in which random
### effects follow a Simultaneously Autorregressive (SAR) process
### Fitting method can be chosen between REML and ML methods.

Hi#

### Work for European project SAMPLE

HH

### Authors: Nicola Salvati and Isabel Molina Peralta

### File name: Fitting_SpatialFHModel.R

### Updated: March 15th, 2010

Hi#

HHH R A HHH T

fitSpatialFH<-function(X,y,Dvec,W,method="REML",MAX ITER=500) {

m<-length(y) # Sample size or number of areas

p<-dim(X)[2] # Num. of X columns of num. of auxiliary variabl es
Xt<-t(X)

yt<-t(y)

Wi<-t(W)

I<-diag(1,m)

# Initialize vectors containing estimators of variance and
# spatial correlation

par.stim<-matrix(0,2,1)

stime.fin<-matrix(0,2,1)
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# Initialize scores vector and Fisher information matrix
s<-matrix(0,2,1)
Idev<-matrix(0,2,2)

# Initial value of variance set to the mean of sampling varian ces Dvec
# Initial value of spatial correlation set to 0.5

sigma2.u.stim.S<-0

rho.stim.S<-0

sigmaz2.u.stim.S[1]<-median(Dvec)
rho.stim.S[1]<-0.5

# Fisher-scoring algorithm for REML estimators start
if (method=="REML"Y{

k<-0
diff.S<-1

while ((diff.5>0.0001)&(K<MAXITER))

k<-k+1
# Derivative of covariance matrix V with respect to variance
derSigmas<-solve((I-rho.stim.S[K] * W1t)%=* %(I-rho.stim.S[K] *\W))

# Derivative of covariance matrix V with respect to

# spatial autocorrelation

derRho<-2 *rho.stim.S[K] * Wt% %W-W-Wt

derVRho<-(-1) *sigma2.u.stim.S[k] * (derSigma% = %derRho% %derSigma)
# Covariance matrix and inverse covariance matrix
V<-sigma2.u.stim.S[k] *derSigma+| *Dvec

Vi<-solve(V)

# Matrix P and coefficients’estimator beta

XtVi<-Xt% = %Vi

Q<-solve(XtVi%o *%X)

P<-Vi-t(XtVi)% * %Q¥POXLtVi

b.s<-Q% * %XtVi%* Yoy

# Terms involved in scores vector and Fisher information mat rix
PD<-P% %derSigma

PR<-P% %derVRho

Pdir<-P% * %y

# Scores vector

s[1,1]<-(-0.5) * sum(diag(PD))+(0.5) * (yt% * %PD%0Pdir)
s[2,1]<-(-0.5) * sum(diag(PR))+(0.5) * (Yyt% * %PRY0Pdir)
# Fisher information matrix

Idev[1,1]<-(0.5) * sum(diag(PD% * %PD))

Idev[1,2]<-(0.5) *sum(diag(PD% * %PR))

Idev[2,1]<-ldev[1,2]

Idev[2,2]<-(0.5) *sum(diag(PR% * %PR))
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# Updating equation
par.stim[1,1]<-sigmaz2.u.stim.S[k]
par.stim[2,1]<-rho.stim.S[k]

stime.fin<-par.stim+solve(ldev)% * 00s
print(stime.fin)

# Restrict spatial correlation to (-0.999,0.999) and varia nce
# to (0.0001,infty)
if ((stime.fin[2,1]<=0.999)&(stime.fin[2,1]>=-0.999) &

(stime.fin[1,1]>0.0001)){
sigmaz2.u.stim.S[k+1]<-stime.fin[1,1]
rho.stim.S[k+1]<-stime.fin[2,1]
diff. S<-max(abs(stime.fin-par.stim)/par.stim)
lelse{ diff.S<-0.00001 }
} # End of while
# Fisher-scoring algorithm for REML estimators start
lelse if (method=="ML"){

k<-0
diff.S<-1

while ((diff.5>0.0001)&(K<MAXITER))

k<-k+1
# Derivative of covariance matrix V with respect to variance
derSigma<-solve((I-rho.stim.S[k] * W1t)%=* %(I-rho.stim.S[K] *\W))

# Derivative of covariance matrix V with respect to

# spatial autocorrelation

derRho<-2 *rho.stim.S[K] * Wt% %W-W-Wt

derVRho<-(-1) *sigma2.u.stim.S[K] * (derSigma% * %derRho% %derSigma)
# Covariance matrix and inverse covariance matrix

V<-sigmaz2.u.stim.S[k] *derSigma+|l *Dvec

Vi<-solve(V)

# Coefficients’estimator beta and matrix P

XtVi<-Xt% *%Vi

Q<-solve(XtVi%e  *9%X)

P<-Vi-t(XtVi)% * 0Q¥POXLVi

b.s<-Q% * %XtVi%* Y%y

# Terms involved in scores vector and Fisher information mat rix
PD<-P% %derSigma

PR<-P% %derVRho

Pdir<-P% * %y

ViD<-Vi% *%derSigma

ViR<-Vi% *%derVRho



196 Chapter 16. Appendix 2: R code for the area-level spatiaiel

# Scores vector

s[1,1]<-(-0.5) * sum(diag(ViD))+(0.5) * (yt% * %PD¥0Pdir)
s[2,1]<-(-0.5) * sum(diag(ViR))+(0.5) * (yt% * %PRY0Pdir)
# Fisher information matrix

Idev[1,1]<-(0.5) *sum(diag(ViD% * %ViD))

Idev[1,2]<-(0.5) *sum(diag(ViD% * %VIR))
Idev[2,1]<-ldev[1,2]

Idev[2,2]<-(0.5) *sum(diag(ViR% * %ViR))

# Updating equation
par.stim[1,1]<-sigma2.u.stim.S[K]
par.stim[2,1]<-rho.stim.S[k]

stime.fin<-par.stim+solve(ldev)% * 00S

# Restrict spatial correlation to (-0.999,0.999) and varia nce
# to (0.0001,infty)
if ((stime.fin[2,1]<=0.999)&(stime.fin[2,1]>=-0.999) &
(stime.fin[1,1]>0.00021)){
sigmaz2.u.stim.S[k+1]<-stime.fin[1,1]
rho.stim.S[k+1]<-stime.fin[2,1]
diff. S<-max(abs(stime.fin-par.stim)/par.stim)
lelse{ diff.S<-0.00001 }

} # End of while
# Error message if method is different from REML or ML
} else { print("Error: Unknown method") }

# Final values of estimators
rho<-rho.stim.S[k+1]
sigma2u<-max(sigma2.u.stim.S[k+1],0)
#print(c(sigma2u,rho))

# Indicator of convergence
if(k<MAXITER) {conv<-TRUE} else {conv<-FALSE}
# Computation of the coefficients’estimator (Bstim)

A<-solve((I-rho * Wt)%+ %(I-rho = W))
G<-sigma2u *A

V<-G+| = Dvec

Vi<-solve(V)

XtVi<-Xt% *%Vi

Q<-solve(XtVi% *%X)

Bstim<-Q% * %XtVi%* %y

# Significance of the regression coefficients



16.2. R code of MSE.SpatialFH 197

std.errorbeta<-sqrt(diag(Q))
tvalue<-Bstim/std.errorbeta
pvalue<-2 *pnorm(abs(tvalue),lower.tail=FALSE)

coef<-data.frame(beta=Bstim,std.errorbeta,tvalue,pv alue)

# Goodness of fit measures: loglikelihood, AIC, BIC

Xbeta<-X% * %Bstim
resid<-y-Xbeta
loglike<-(-0.5) *(m=*log(2 =+ pi)+determinant(V,logarithm=T)$modulus+

t(resid)%  *%Vi% %resid)

AIC<-(-2) =*loglike+2 = (p+2)
BIC<-(-2) +loglike+(p+2)  *log(m)

goodness<-c(loglike=loglike,AIC=AIC,BIC=BIC)

# Computation of the Spatial EBLUP

res<-y-X% *%Bstim
thetaSpat<-X% * %Bstim+G% %Vi%s %res

return(list(convergence=conv,modelcoefficients=coef ,variance=sigma2u,

spatialcorr=rho,goodnessoffit=goodness,EBpredictor= thetaSpat))

16.2 R code of MSE.SpatialFH

The R code of the functioMSE.SpatialFH is listed bellow.

BHARHHHHHHHHHHH AR R AR A R R AR R R BHAH R

HHH#H
HH#H
HH#H
HH#H
HHH#H
HHH#H
HH#H
HH#H
HH#H
HHH#H
HHH#H
HHH#H

This function gives the analytical MSE estimator of the E B
estimator under a Spatial FH model, in which random effec ts
follow a Simultaneously Autorregressive (SAR) process

The EB estimator is obtained by REML fitting method.
Work for European project SAMPLE
Authors: Nicola Salvati and Isabel Molina Peralta

File name: MSE_SpatialFHModel.R
Updated: March 15th, 2010

BHAHHHHH AR BHAHHHHH A

MSE.SpatialFHmodel<-function(X,Dvec,A,rho,W,method= "REML"){

m<-dim(X)[1]



198 Chapter 16. Appendix 2: R code for the area-level spatiaiel

p<-dim(X)[2]

gld<-rep(0,m)
g2d<-rep(0,m)
g3d<-rep(0,m)
g5d<-rep(0,m)
mse2d.aux<-rep(0,m)
mse2d<-rep(0,m)

I<-diag(1,m)

Xt<-t(X)

Wi<-t(W)

Ci<-solve((I-rho * Wt)%+ %(I-rho = W))
G<-A*Ci

V<-G+| = Dvec

Vi<-solve(V)

XtVi<-Xt% *%Vi

Q<-solve(XtVi%  *%X)

Ga<-G-G% %Vivsr %G

# gl contains the diagonal elements of Ga
for (i in 1:m) {gld[i]<-Gali,i]}

Gb<-G% %Vi% %X
Xa<-matrix(0,1,p)

for (i in 1:m) {
Xa[1,]<-X[i,]-Gbli,]
g2d[i]<-Xa% * %Q%Pb6t(Xa)
}

derRho<-2 *rho * Wt% %W-W-Wt
Amat<-(-1) * A*(Ci% * %derRho% %Ci)
P<-Vi-t(XtVi)% * QHOXLVi
PCi<-P%* %Ci

PAmat<-P%* %Amat

Idev<-matrix(0,2,2)

Idev[1,1]<-(0.5) *sum(diag((PCi% * %PCi)))
Idev[1,2]<-(0.5) *sum(diag((PCi% *%PAmat)))
Idev[2,1]<-ldev[1,2]

Idev[2,2]<-(0.5) *sum(diag((PAmat% * %PAmat)))
Idevi<-solve(ldev)

ViCi<-Vi%o * %Ci
ViAmat<-Vi% *%Amat

[1<-ViCi-A = ViCi% * %ViCi
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I1t<-t(11)

2<-ViAmat-A  *ViAmat%=* %VIiCi
12t<-t(12)

L<-matrix(0,2,m)

for (i in 1:m)

{

}

L[1,]<-11t[i,]
L[2,]<-12t[i,]
g3d[i]<-sum(diag(L% * %V %%t(L)% * %ldevi))

mse2d.aux<-gld+g2d+2 *g3d

# Bias correction of Singh et al

psi<-diag(Dvec,m)

D12aux<-(-1) =*(Ci% * %derRho% %Ci)

D22aux<-2 * Ax Ci%* %derRho% %Ci% %derRho%s %Ci-2 * Ax Ci%* %Wt%%W486Ci
D<-psi% * %Vi%s %D12aux% %Vi% %psi * Idevi[1,2]

+psi% * %ViYe %D12aux% %Vive %psi * Idevi[2,1]+
psi% * %Vi%s %D22aux% %Vivs %psi * Idevi[2,2]

for (i in 1:m) {g5d[i]<-(0.5) * D[i,i]}

# Computation of analytical estimated of Singh et al

mse2d<-mse2d.aux-g5d

return(mse=mse2d)

16.3 R code of PBMSE.SpatialFH

The R code of the functioRBMSE.SpatialFH s listed bellow.

BHAHHHHH AR BHAHHHHHRHHHHH

HH#H
HHH#H
HHH#H
HH#H
HH#H
HH#H
HHH#H
HHH#H
HHH#H
HH#H
HH#H
HHH#H

BHARHHHHHHHHHH AR R AR AR R R AR R R

This function gives a parametric bootstrap MSE estimato r of the
EB estimator under a Spatial FH model, in which random eff ects
follow a Simultaneously Autorregressive (SAR) process . The EB
estimator is obtained either by REML or by FH fitting meth ods.
Work for European project SAMPLE

Authors: Nicola Salvati and Isabel Molina Peralta
File name: PBMSE_SpatialFHModel.R
Updated: March 15th, 2010

BHAH R
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source("Fitting_SpatialFHModel.R")

PBMSE.SpatialFHmodel<-(X,Dvec,beta,A,rho,W,n.boot,m ethod="REML",
seed=Sys.time()){

m<-dim(X)[1] # Sample size or number of areas

p<-dim(X)[2] # Num. of X columns of num. of auxiliary variabl es
# Initial estimators of model coefficients, variance and sp atial
# correlation actong as true values in the bootstrap procedu re.

Bstim.boot<-beta
rho.boot<-rho
sigma2.boot<-A

I<-diag(1,m)
Xt<-t(X)
Wi<-t(W)

# Analytical estimators of gl and g2, used for
# the bias-corrected PB MSE estimator

glsp<-rep(0,m)
g2sp<-rep(0,m)

Amat.sblup<-solve((I-rho.boot * Wt)%* %(I-rho.boot = W))
G.sblup<-sigma2.boot * Amat.sblup

V.sblup<-G.sblup+l * Dvec

V.sblupi<-solve(V.sblup)

XtV.sblupi<-Xt%  *%V.sblupi

Q.sblup<-solve(XtV.sblupi% * %6 X)

# Calculate g1

Ga.sblup<-G.sblup-G.sblup% * %V.sblupi% * %G.sblup
for (i in 1:m) {glsp[i]l<-Ga.sblupli,i]}

# Calculate g2

Gb.sblup<-G.sblup%  * %t(XtV.sblupi)
Xa.sblup<-matrix(0,1,p)

for (i in 1:m){

Xa.sblup[1,]<-X][i,]-Gb.sblupli,]

g2splil<-Xa.sblup% * 96Q.sblup% * %t(Xa.sblup)
}

# Initialize vectors adding g1, g2, g3 and naive PB MSE estima tors
summse.pb<-rep(0,m)
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sumglsp.pb<-rep(0,m)
sumg2sp.pb<-rep(0,m)
sumg3sp.pb<-rep(0,m)
glsp.aux<-rep(0,m)
g2sp.aux<-rep(0,m)

# Bootstrap cycle starts
for (boot in 1:n.boot) {
cat(date(),"Bootstrap iteration”,boot,"\n" fill=T)

# Generate a bootstrap sample
u.boot<-rnorm(m,0,sqrt(sigma2.boot))
v.boot<-solve(I-rho.boot *W)% %u.boot
theta.boot<-X%  * %Bstim.boot+v.boot
e.boot<-rnorm(m,0,sqrt(Dvec))
direct.boot<-theta.boot+e.boot

# Fit of the model to bootstrap data
resultsSp<-fitSpatialFH(X,direct.boot,Dvec,W,method

# While the estimators are not satisfactory
# we generate a new sample
conv<-resultsSp$convergence
v<-resultsSp$variance
r<-resultsSp$spatialcorr

print(conv)

print(c(v,r))

if (conv==FALSE) {v<-0}
if (is.na(v)==TRUE) {v<-0}
if (is.na(r)==TRUE) {r<-1}

while ((v<0.0001)|(r<(-0.999))|(r>0.999)}{
print("New sample")
u.boot<-rnorm(m,0,sqrt(sigma2.boot))
v.boot<-solve(l-rho.boot * W)% %u.boot
theta.boot<-X%  * %Bstim.boot+v.boot
e.boot<-rnorm(m,0,sqrt(Dvec))
direct.boot<-theta.boot+e.boot
resultsSp<-fitSpatialFH(X,direct.boot,Dvec,W,method
conv<-resultsSp$convergence
v<-resultsSp$variance
r<-resultsSp$spatialcorr
if (conv==FALSE) {v<-0}
if (is.na(v)==TRUE) {v<-0}
if (is.na(r)==TRUE) {r<-1}

="REML")

="REML")
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}

# Fit of the model to bootstrap data

sigma2.simula.ML<-resultsSp$variance
rho.simula.ML<-resultsSp$spatialcorr
beta.ML<-resultsSp$modelcoefficients$beta

# Calculation of the bootstrap Spatial EBLUP

Amat<-solve((l-rho.simula.ML * W1t)%=* %(I-rho.simula.ML * W)
G<-sigma2.simula.ML  * Amat

V<-G+l * Dvec

Vi<-solve(V)

Xbeta<-X% * %beta.ML

thetaEBLUPSpat.boot<-Xbeta+G% * %Vi% %(direct.boot-Xbeta)

# Naive parametric bootstrap MSE
summse.pb<-summse.pb+(thetaEBLUPSpat.boot-theta.boo )2

# Bias-corrected parametric bootstrap:
# For de bias of g1 and g2, calculate glsp and g2sp for
# each bootstrap sample

XtVi<-Xt% * %Vi
Q<-solve(XtVi%e *%X)

Ga<-G-G% %Vivs %G
for (i in 1:m) {glsp.aux[il<-Gali,iJ}
# glsp contains the diagonal elements of Ga

Gb<-G% %Viv% %X
Xa<-matrix(0,1,p)

for (i in 1:m){
Xa[1,]<-X[i,]-Gbli,]
g2sp.aux[il<-Xa%  * %Q%d6t(Xa)
}

# Bootstrap spatial BLUP

Bstim.sblup<-solve(XtV.sblupi% * % X)% %XtV.sblupi% *%direct.boot
Xbeta.sblup<-X%  * %Bstim.sblup
thetaEBLUPSpat.sblup.boot<-Xbeta.sblup

+G.sblup% *%V.sblupi% * %(direct.boot-Xbeta.sblup)

# Parametric bootstrap estimator of g3
sumg3sp.pb<-sumg3sp.pb
+(thetaEBLUPSpat.boot-thetaEBLUPSpat.sblup.boot)"2
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# Expectation of estimated gl and g2
sumglsp.pb<-sumglsp.pb+glsp.aux
sumg2sp.pb<-sumg2sp.pb+g2sp.aux

} # End of bootstrap cycle

# Final naive parametric bootstrap MSE estimator
mse.pb<-summse.pb/n.boot

# Final bias-corrected bootstrap MSE estimator
glsp.pb<-sumglsp.pb/n.boot
g2sp.pb<-sumg2sp.pb/n.boot
g3sp.pb<-sumg3sp.pb/n.boot

mse.pb2<-2 *(glsp+g2sp)-glsp.pb-g2sp.pb+g3sp.pb

# Return naive and bias-corrected parametric bootstrap
return(data.frame(PBmse=mse.pb,bcPBmse=mse.pb?2))

16.4 R code of NPBMSE.SpatialFH

The R code of the functioNPBMSE.SpatialFH is listed bellow.

BHAHHHHH AR BHAHHHHHHAH A

Hi#
Hi#
Hi#
HH#H
HH#H
Hi#
Hi#
Hi#
HH#H
HH#H
HH#H
Hi#
Hi#

This function gives a nonparametric bootstrap MSE estim ator of
the EB estimator under a Spatial FH model, in which random

effects follow a Simultaneously Autorregressive (SAR) process.
The EB estimator is obtained either by REML or by FH fittin g
methods.

Work for European project SAMPLE

Author: Nicola Salvati and Isabel Molina
File name: NPBMSE_SpatialFHModel.R
Updated: February 8th, 2011

BHAHHHHH AR R BHAHHHHHHRH A

source("Fitting_SpatialFHModel.R")

NPBMSE.SpatialFHmodel<-function(X,y,Dvec,W,n.boot,m ethod="REML",
seed=Sys.time()){

# Set the seed for random number generation, required for the
# bootstrap method.

set.seed(seed)
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m<-dim(X)[1] # Sample size or number of areas
p<-dim(X)[2] # Num. of auxiliary variables (including inte

# Fit the model to initial sample data using the given method
results.SpFH<-try(fitSpatialFH(X,y,Dvec,W,method))

# Initial estimators of model coefficients, variance and sp
# correlation which will act as true values in the bootstrap
# procedure.

Bstim.boot<-results.SpFH$modelcoefficients[,1]
rho.boot<-results.SpFH$spatialcorr
sigma2.boot<-results.SpFH$variance

# Auxiliary calculations

I<-diag(1,m)
Wi<-t(W)
Xt<-t(X)

IrhowW<-I-rho.boot * W
IrhoWt<-t(IrhoW)
Ar<-solve(IrhoWwt%  *%IrhoW)
Gr<-sigma2.boot  *Ar
Vr<-Gr+l *Dvec

Vri<-solve(Vr)

Qr<-solve(Xt%  * %Vri%+ %X)

# Analytical estimators of gl and g2, used for the bias-corre
# PB MSE estimator.

glsp<-rep(0,m)
g2sp<-rep(0,m)

XtVri<-Xt%  * %Vri
Qr<-solve(XtVri% * %6 X)

# Calculate g1 and g2

Ga<-Gr-Gr% * %Vri%=* %Gr
Gh<-Gr%* %t(XtVri)
Xa<-matrix(0,1,p)

for (i in 1:m) {
glsplil<-Gali,i]
Xa[1,]<-X[i,]-Gb[i,]
g2splil<-Xa%  * %Qr% %t(Xa)

rcept)

atial

cted
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}

# Residual vectors

res<-y-X% * %Bstim.boot
vstim<-Gr%e * %Vri%=* %res

# Calculate covariance matrices of residual vectors

VG<-Vr-Gr
P<-Vri-Vri%  * %X%%Qr% %Xt% %Vri

Ve<-VG% %P%%VG
Vu<-IrhoW% * %Gr% %P%%Gr% %IrhoWt

# Square roots of covariance matrices

VecVeO<-eigen(Ve)$vectors
VecVe<-VecVe0O[,1:(m-p)]
ValVeO<-eigen(Ve)$values
Valve<-diag(sqrt(1/ValvVeO[1:(m-p)]))
Vei05<-VecVe% * %Valve%+ %t(VecVe)

VecVuO<-eigen(Vu)$vectors
VecVu<-VecVuO0[,1:(m-p)]
ValVu0<-1/(eigen(Vu)$values)
ValVu<-diag(sqrt(ValVuO[1:(m-p)]))
Vui05<-VecVu% * %ValVu%s %t(VecVu)

# Standardize residual vectors

ustim<-as.real(Vui05% * % ((IrhoW)% * %vstim))
estim<-as.real(Vei05% * %%(res-vstim))
sdu<-sqrt(sigma2.boot)

u.std<-rep(0,m)
e.std<-rep(0,m)

for (i in 1:m){
u.std[i]<-(sdu * (ustim[i]-mean(ustim)))/
sgrt(mean((ustim-mean(ustim))~2))
e.std[i]<-(estim[i]-mean(estim))/
sgrt(mean((estim-mean(estim))"2))

}

# Bootstrap algorithm starts

difmse.npb<-matrix(0,m,1)
difg3Spat.npb<-matrix(0,m,1)
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glsp.aux<-matrix(0,m,1)
g2sp.aux<-matrix(0,m,1)
difglsp.npb<-matrix(0,m,1)
difg2sp.npb<-matrix(0,m,1)

countdetB<-0

for (boot in 1:n.boot) {
cat("Bootstrap iteration",boot,"\n")
# Generate boostrap data

u.boot<-sample(u.std,m,replace=TRUE)
e.samp<-sample(e.std,m,replace=TRUE)
e.boot<-sqrt(Dvec) *e.samp
v.boot<-solve(IrhoW)% * %u.boot
theta.boot<-X%  * %Bstim.boot+v.boot
direct.boot<-theta.boot+e.boot

# Fit the model to bootstrap data
results.SpFH.boot<-fitSpatialFH(X,direct.boot[,1],D vec,W,method)
# While the estimators are not satisfactory we generate a new sample

conv<-results.SpFH.boot$convergence
v<-results.SpFH.boot$variance
r<-results.SpFH.boot$spatialcorr
print(conv)

print(c(v,r))

if (conv==FALSE) {v<-0}
if (is.na(v)==TRUE) {v<-0}
if (is.na(r)==TRUE) {r<-1}

while ((v<0.0001)|(r<(-0.999))|(r>0.999)}{
print("New sample")
u.boot<-sample(u.std,m,replace=TRUE)
e.samp<-sample(e.std,m,replace=TRUE)
v.boot<-solve(IrhoW)% * %u.boot
theta.boot<-X%  * %Bstim.boot+v.boot
direct.boot<-theta.boot+e.boot
results.SpFH.boot<-fitSpatialFH(X,direct.boot[,1],D vec,W,method)
conv<-results.SpFH.boot$convergence
v<-results.SpFH.boot$variance
r<-results.SpFH.boot$spatialcorr
if (conv==FALSE) {v<-0}
if (is.na(v)==TRUE) {v<-0}
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if (is.na(r)==TRUE) {r<-1}
}

Bstim.ML.boot<-results.SpFH.boot$modelcoefficients|
rho.ML.boot<-results.SpFH.boot$spatialcorr
sigma2.ML.boot<-results.SpFH.boot$variance
thetaEB.SpFH.boot<-results.SpFH.boot$EBpredictor

# Nonparametric bootstrap estimator of g3

Bstim.sblup<-Qr%  * %XtVri% * %direct.boot[,1]

207

thetaEB.SpFH.sblup.boot<-X% * %Bstim.sblup+Grd%  * %Vri%* %

(direct.boot[,1]-X% * %Bstim.sblup)

difg3Spat.npbl,1]<-difg3Spat.npbl[,1]+
(thetaEB.SpFH.boot-thetaEB.SpFH.sblup.boot)"2

# Naive nonparametric bootstrap MSE
difmse.npbl[,1]<-difmse.npb[,1]+(thetaEB.SpFH.boot],

# gl and g2 for each bootstrap sample

A<-solve((I-rho.ML.boot * Wt)%+ %(I-rho.ML.boot ~ *W))

G<-sigma2.ML.boot *A
V<-G+| * Dvec
Vi<-solve(V)

XtVi<-Xt% * %Vi
Q<-solve(XtVi%  *%X)

Ga<-G-G% %Viver %G
Gb<-G% %Vi% %X
Xa<-matrix(0,1,p)

for (i in 1:m){
glsp.aux[il<-Gali,i]
Xa[1,]<-X[i,]-Gbli,]
g2sp.aux[il<-Xa%  * %Q%Pb6t(Xa)
}

difglsp.npb<-difglsp.npb+glsp.aux
difg2sp.npb<-difg2sp.npb+g2sp.aux

} # End of bootstrap cycle

# Final naive nonparametric bootstrap MSE estimator
mse.npb<-difmse.npb[,1]/n.boot

# Final bias-corrected nonparametric bootstrap MSE estima

1]-theta.boot)™2

tor
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g3Spat.npb<-difg3Spat.npb/n.boot

g1sp.npb<-difglsp.npb/n.boot

g2sp.npb<-difg2sp.npb/n.boot

mse.npb2<-2 *(glsp+g2sp)-difglsp.npb[,1]/n.boot-difg2sp.npb[,1]/ n.boot+
difg3Spat.npbl[,1]/n.boot

return (data.frame(NPBmse=mse.npb,bcNPBmse=mse.npb2) )

}



Chapter 17

Appendix 3: R code for area-level time

models

17.1 R code for the area-level models with independent timdfects

17.1.1 R code of H3area

The R code of the functioH3areais listed bellow.

BHAHHHHH AR R
HH#H

## Area level model with independent time effects
## SAMPLE project
HitH

### Author: Agustin Perez Martin

### File name: H3.R

### Updated: November 25th, 2009

Hi#

HHAHHHHH R R R R R R R

H3area <- function(X, ydt, D, md, sigma2edt) {

p <- ncol(X)

a <- list(1:md[1])
mdcum <- cumsum(md)
M <- sum(md)

for(d in 2:D)
a[[d]] <- (mdcum[d-1]+1):mdcum]d]

yd <- Xd <- list()

for(d in 1:D) {
yd[[d]] <- ydt[a[[d]]]
Xd[[d]] <- X[a[[d]].]

209
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Vd.inv <- VinvXd <- list()

Q2.inv <- XV2X <- matrix(0, nrow=p, ncol=p)
yWX <- 0

for(d in 1:D) {

### Elements of the variance matrix
vd <- sigma2edt[a[[d]]]

### Inverse matrix of the variance and submatrices
Vvd.inv[[d]] <- diag(1/vd)

### Product between V™-1 ed and X d for all d submatrices

Vinvxd[[d]] <- Vd.inv[[d]]% * %X d[[d]]

### Inverse of Q2. Next we calculate Q2
Q2.inv <- Q2.inv + t(Xd[[d]])% * %VinvXd[[d]]

### Sum in d of the product with ytd and V-1 ed and X d

YWX < yWX + yd[[d]|% *%VinvXd][d]]

}
Q2 <- solve(Q2.inv)

tr.XV2XQ2 <- 0
for(d in 1:D)
tr.XV2XQ2 <- tr.Xv2XQ2

+ sum(diag( t(VinvXd[[d]])% «%VinvXd[[d]]% *%Q2))

tr.P2 <- sum(1l/sigma2edt) - tr.XV2XQ2

yP2y <- sum(ydt"2/sigma2edt) - yVX% * %Q2%%t(YVX)

sigma.u <- (yP2y - (M-p))/tr.P2

return(as.vector(sigma.u))

17.1.2 R code of REMLarea.indep
The R code of the functioREMLarea.indep is listed bellow.

HHHHHHH R A R
HH#H

#HtH Area level model with independent time effects
HH SAMPLE project
Hit#H

### Author: Agustin Perez Martin

### File name: REMLindep.R

### Updated: November 25th, 2009

Hit#H

HHHBHH AR R R R R R

BHHHHHH A

[ e e e e
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REMLarea.indep <- function(X,ydt,D,md,sigma2edt,sigma .0,MAXITER=500){

sigma.f <- sigma.0
p <- ncol(X)
a <- list(1:md[1])
mdcum <- cumsum(md)
for(d in 2:D)
a[[d]] <- (mdcum[d-1]+1):mdcum]d]

yd <- Xd <- list()
for(d in 1:D) {

yd[[d]] <- ydt[a[[d]]
} Xd[[d]] <- X[a[[d]].]

for(ITER in 1L:MAXITER)
Vd.inv <- Vinvyd <- VinvXd <- list()
Q.inv <- XV2X <- XV3X <- matrix(0, nrow=p, ncol=p)
tr.V.inv <- tr.V2.inv <- yV2y <- yVX <- XV2y <- 0
for(d in 1:D) {

### Elements of the variance matrix
vd <- (sigma.f + sigma2edt)[a[[d]]]

### Inverse matrix of the variance and submatrices
Vvd.inv[[d]] <- diag(1/vd)

### Product between V-1 _ed and vy d for all d submatrices
Vinvyd[[d]] <- Vd.inv[[d]]% * %yd[[d]]

### Product between V-1 ed and X d for all d submatrices
VinvXd[[d]] <- Vd.inv[[d]]% * %o Xd[[d]]

### Inverse of Q. Next we calculate Q
Q.inv <- Q.inv + t(Xd[[d]])% * %oVinvXd[[d]]

### Sum traces of V-1 d
tr.V.inv <- tr.V.inv + sum(1/vd)

### Sum traces of V-2 d
tr.V2.inv <- tr.V2.inv + sum(1/vd"2)

### Sum on d of the product between X't d, V™-2_d and X_d
XV2X <- XV2X + t(VinvXd[[d]])% * % VinvXd[[d]]

### Sum on d of the product between X't d, V™-3_d and X d
XV3X <- XV3X + t(VinvXd[[d]])% +*%Vd.inv[[d]]%  *%VinvXd[[d]]
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### Sum on d of the product between yt d, V*-2.d and y d

yVv2y <- yV2y + t(Vinvyd[[d]])% * %Vinvyd[[d]]

### Sum on d of the product between yt d, V-1 d and X d

WX < yWX + yd[[d[|% *%VinvXd][d]]

### Sum on d of the product between X't d, V™-2.d and y d

XV2y <- XV2y + t(VinvXd[[d]])% * % Vinvyd[[d]]

}

Q <- solve(Q.inv)

tr.XV2XQ <- 0
for(d in 1:D)
tr.XV2XQ <- tr.XV2XQ
+ sum(diag( t(VinvXd[[d]])%
tr.P <- tr.V.inv - tr.XV2XQ

tr.P2 <- tr.V2.inv - 2 * sum(diag(XV3X% * %Q))

+ sum(diag(XV2X% * %Q¥R6XV2X¥26Q))

*%VinvXd[[d]]% *%Q))

yP2y <- YW2y - 2 *«yVX% %QIPXV2Y + yVX%%QIXV2XI6QIet(yVX)

### Scores and Fisher information matrix
Ssig <- -0.5 *trP + 0.5 =*yP2y
Fsig <- 0.5 =tr.pP2

### Fisher-Scoring Algorithm
dif <- Ssig/Fsig
sigma.f <- sigma.f + dif

### Stopping criterion
if(abs(dif)<0.000001)
break

}

return(list(as.vector(sigma.f), Fsig, Q))

17.1.3 R code of BETA.U.area.indep
The R code of the functioBETA.U.area.indepis listed bellow.

HHHHHHH R R
HH#H

HH Area level model with independent time effects
HH SAMPLE project
#HH

### Author: Agustin Perez Martin

### File name: EstimationBETAindep.R

### Updated: November 25th, 2009

Hit#H

HHHBHH AR R R R R R

BHHHHHH R

HHEHHAH R
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BETA.U.area.indep <- function(X, ydt, D, md, sigma2edt, si gmau) {

p <- ncol(X)
a <- list(1:md[1])
mdcum <- cumsum(md)
for(d in 2:D)
a[[d]] <- (mdcum[d-1]+1):mdcum]d]

yd <- Xd <- Vd <- Vd.inv <- list()
Q.inv <- matrix(0, nrow=p, ncol=p)
XVy <- 0
for(d in 1:D) {

yd[[d]] <- ydt[a[[d]]

Xd[[d]] <- X[a[[d]].]

### Elements of the variance matrix
vd <- (sigmau + sigmaZ2edt)[a[[d]]]

### Inverse matrix of the variance and d submatrices
vd.inv[[d]] <- diag(1/vd)

### Inverse of Q. Next we calculate Q

Q.inv <- Q.inv + t(Xd[[d]])% *%Vd.inv[[d]]%  *%Xd[[d]]
### Product between Xt d, V™-1 d and y d for all d submatric es
XVy <- XVy + t(Xd[[d]])% *0Vd.inv[[d]]%  *%yd[[d]]

}

Q <- solve(Q.inv)
beta <- Q% * %XVy
u <- list()
for(d in 1:D)
u[[d]] <- sigmau *Vd.inv[[d]]%  *%(yd[[d]]-Xd[[d]]% * %beta)

u <- as.matrix(unlist(u))

return(rbind(beta,u))
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17.1.4 R code of mse.area.indep

The R code of the functiomse.area.indes listed bellow.

HHHHHH R R BHHHHHH R
HHH#H

HHH Area level model with independent time effects
#tH SAMPLE project
HitH

### Author: Agustin Perez Martin

### File name: EstimationMSEindep.R

### Updated: November 25th, 2009

HitH

HH B T HHEHH T

mse.area.indep <- function(X, D, md, sigma2edt, sigmau, Fs ig) {

p <- ncol(X)

a <- list(1:md[1])

mdcum <- cumsum(md)

for(d in 2:D)

a[[d]] <- (mdcum[d-1]+1):mdcum][d]

Xd <- Vd.inv <- Sed.inv <- SinvXd <- VinvSinvXd <- g2.a <- list 0
Q.inv <- matrix(0, nrow=p, ncol=p)
XVy <- 0

for(d in 1:D) {
Xd[[d]] <- X[a[[d]].]

### Elements of the variance matrix
vd <- (sigmau + sigmaZ2edt)[a[[d]]]

### Inverse matrix of the variance and d submatrices
Vvd.inv[[d]] <- diag(1/vd)

### Elements of the variance matrix Sigma_e
sd <- sigma2edt[a[[d]]]

### Inverse matrix of Sigma_ed in all d submatrices
Sed.inv[[d]] <- diag(1/sd)

### Product between Sigma™1 ed and X_d for all d submatrice S
SinvXd[[d]] <- Sed.inv[[d]]% * %o Xd[[d]]

### Product between V™-1_d, Sigma™1 ed and X d for all d sub matrices
VinvSinvXd[[d]] <- Vd.inv[[d]]% * %SinvXd[[d]]

### First part of g2 (the second is its transpose)
g2.a[[d]] <- Xd[[d]] - sigmau * SinvXd[[d]] + sigmau™2 * VinvSinvXd[[d]]
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}

### Inverse of Q. Next we calculate Q
Q.inv <- Q.inv + t(Xd[[d]])% *%Vd.inv[[d]]%  *%Xd[[d]]

Q <- solve(Q.inv)

### Elements of the variance matrix
vd <- sigmau + sigmaz2edt
g <- 1ivd - 2 =*(sigmaulvd"2) + (sigmau“2/vd"3)

### Calculation of g
gl <- (sigmau =*sigma2edt)/vd
g2 <- list()
for(d in 1:D)
92[[d]] <- diag(g2.a[[d]]% * %Q¥ot(g2.a[[d]]))
g2 <- unlist(g2)
g3 <- qg/Fsig

return(gl+g2+2 *g3)

215
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17.1.5 R code of Interval.indep

The R code of the functiomterval.indep is listed bellow.

RHR AR HHHHHHHH AR R R AR A AR A AR
HAH

HHH Area level model with independent time effects
#tH SAMPLE project
HitH

### Author: Agustin Perez Martin

### File name: ICindep.R

### Updated: November 25th, 2009

Hitt

HH B T

Interval.indep <- function(fit, conf=0.95) {
alfa <- 1-conf
k <- 1l-alfa/2
z <- gnorm(k)
Finv <- solve(fit[[2]])

sigma.std.err <- z * sgrt(Finv[1,1])
beta.std.err <- z * sgrt(as.vector(diag(fit[[3]])))

return( list(sigma.std.err, beta.std.err) )

BHEHHAH AR

BHHHHHH
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17.1.6 R code of pvalue

The R code of the functiopvalueis listed bellow.

BHAHHHHH AR BHAHHHHH
HHAH

it Area level model with independent time effects
it and with time correlated effects

#H# SAMPLE project

HH

### Author: Agustin Perez Martin

### File name: pvalue.R

### Updated: November 25th, 2009

Hi#

HHAHH R R R R R R R HHAHH AR

pvalue <- function(betaO, fit) {

z <- abs(betaO)/sqgrt(as.vector(diag(fit[[3]])))
pval <- 2 =*pnorm(z, lower.tail=F)

return( pval )

17.2 R code for the area-level models with correlated time &fcts

17.2.1 R code of REMLarea.autocorr

The R code of the functioREMLarea.autocorr is listed bellow.

BHAHHHHH AR BHAHHHH AT
HHH#H

Hit# Area level model with time correlated effects
#H# SAMPLE project
HitH

### Author: Maria Dolores Esteban Lefler

### File name: REMLautocorr.R

### Updated: November 25th, 2009

Hit#H

B R H R R B

REMLarea.autocorr<-function(X,ydt,D,md,sigma2edt,si gma.0,MAXITER=500){

rhof <- 0

sigma.f <- sigma.0
theta.f <- c(sigma.frho.f)
p <- ncol(X)

a <- list(1:md[1])

mdcum <- cumsum(md)
for(d in 2:D)
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a[[d]] <- (mdcum[d-1]+1):mdcum][d]

yd <- Xd <- list()
for(d in 1:D) {

yd[[d]] <- ydt[a[[d]]
} Xd[[d]] <- X[a[[d]]]

for(ITER in 1L:MAXITER){
Vd.inv <- Vad <- Vbd <- Vinvwad <- Vinvwwbhd <-
Vinvyd <- VinvXd <- XtVinvwadVinvX <- XtVinvwbdVinvX <-
VinvwwadVinvVad <- VinvVadVinvwad <- VinvVadVinvwwad <-
XtVinvVadVinvwadVinvX <- VinvVbdVinvwbd <- VinvwadVinvV bd <-
XtVinvwWbdVinvVbdVinvX <- XtVinvwadVinvwbdVinvX <- list( )

Q.inv <- matrix(0, nrow=p, ncol=p)

tr.Vinwwad <- tr.VinvWwhd <- tr.VinvwwWadVinwad <-

tr.VinvWbdVinvwwbd <- tr.VinvWadVinvwwbd <- ytVinvX <-

ytVinvwwadVinvy <- SumXtVinvwadVinvX <- ytVinvWadVinvX <-
ytVinvwbdVinvy <- ytVinvwwbdVinvX <- SumXtVinvWbdVinvX <- 0

### Matrix Omegad and its derivative

for(d in 1:D) {
Omegad<-matrix(0,nrow=md[d],ncol=md[d])
Omegad[lower.tri(Omegad)]<-rho.f’sequence((md[d]-1) 1)
Omegad<-Omegad+t(Omegad)
diag(Omegad)<-1
Omegad <- (1/(1-rho.f2)) * Omegad
Vad[[d]] <- Omegad

### Derivative

OmegadFirst<-matrix(0,nrow=md[d],ncol=md[d])

OmegadFirst[lower.tri(OmegadFirst)]<-sequence((md[d ]-1):1) =
rho.f*(sequence((md[d]-1):1)-1)

OmegadFirst<-OmegadFirst+t(OmegadFirst)

OmegadFirst<- (1/(1-rho.f"2)) * OmegadFirst

OmegadFirst <- OmegadFirst + (2 *rho.f/(1-rho.f"2)) * Omegad

Vbd[[d]] <- sigma.f * OmegadFirst

### Matrix Calculation for Scores and F

### Elements of the variance matrix
Vd <- (sigma.f * Omegad + diag(sigmaz2edt[a[[d]]]))

### Inverse matrix of the variance and submatrices
Vd.inv[[d]] <- solve(Vd)
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Hi#

HH#H

Hi#

HH#H

Hi#

HH#H

HiH

Product between V-1 _ed and vy d for all d submatrices
Vinvyd[[d]] <- Vd.inv[[d]]% * %yd[[d]]

Product between V*-1 ed and X d for all d submatrices
VinvXd[[d]] <- Vd.inv[[d]]% * % Xd[[d]]

Inverse of Q. Next we calculate Q
Q.inv <- Q.inv + t(Xd[[d]])% * %VinvXd[[d]]

Sa
Vinwad[[d]] <- Vd.inv[[d]]% * % Vad[[d]]
tr.Vinvwad <- tr.VinvwWad + sum(diag(VinvVad[[d]]))

XtvinvadVinvX[[d]]<- t(VinvXd[[d]])% «%Vad[[d]]% *%VinvXd[d]]

ytVinvX <- ytVinvX + t(yd[[d]])% * %VinvXd[[d]]
ytVinwadVinvy <- ytVinvwadVinvy

+ t(Vinvyd[[d]])% *%Vad[[d]]% *%Vinvyd[[d]]
ytVinvwwWadVinvX <- ytVinvWadVinvX

+ t(Vinvyd[[d]])% *%Vad[[d]]% *%VinvXd[[d]]
SumXtVinvwadVinvX <- SumXtVinvwadVinvX + XtVinvWadVinvX [[dn

Sb
Vinvwbd[[d]] <- Vd.inv[[d]]% * % Vbd[[d]]
tr.Vinvwwbd <- tr.Vinvwbd + sum(diag(VinvVvbd[[d]]))

XtVinvbdVinvX[[d]] <- t(VinvXd[[d]])% «%Vbd[[d]]% *%VinvXd[[d]]

ytVinwhbdVinvy <- ytVinvwbdVinvy

+ t(Vinvyd[[d]])% *%Vbd[[d]]% *%Vinvyd[[d]]
ytVinvwbdVinvX <- ytVinvwbdVinvX

+ t(Vinvyd[[d]])% *%Vbd[[d]]% *%VinvXd[[d]]
SumXtVinvwbdVinvX <- SumXtVinvwwbdVinvX + XtVinvWbdVinvX [[d]]

Faa
VinvwadVinvVad[[d]] <- Vd.inv[[d]]% *%Vad[[d]]% *%
Vd.inv[[d]]% * %Vad[[d]]
tr.VinvwWadVinvwwad <- tr.VinvWadVinvVad
+ sum(diag(VinvVadVinvVad[[d]]))

XtVinvWadVinvadVinvX[[d]] <- t(VinvXd[[d]])% «%Vad[[d]]% *%
vd.invi[d]%  *%Vad[[d]]% *%VinvXd[[d]

Fbb
VinvWbdVinvwbd[[d]] <- Vd.inv[[d]]% *%Vbd[[d]]% *%
vd.inv[[d]]%  *%Vbd[[d]]
tr.VinvWbdVinvvbd <- tr.VinvvbdVinvVvbd
+ sum(diag(VinvVbdVinvVbd[[d]]))
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XtVinvwWbdVinvWbdVinvX[[d]] <- t(VinvXd[[d]])% «%Vbd[[d]]% *%
vd.inv[[d]]%  +%Vbd[[d]]% *%VinvXd[[d]]
### Fab
VinwadVinwbd[[d]] <- Vd.inv[[d]]% *%

Vad[[d]]% *%Vd.inv[[d]]% *%Vbd[[d]]
tr.VinvwadVinvvbd <- tr.VinvwadVinvVbd
+ sum(diag(VinvVadVinvVbd[[d]]))

XtVinvWadVinvbdVinvX[[d]] <- t(VinvXd[[d]])% «%Vad[[d]]% *%
Vdinv[[d][%  *%Vbd[[d]]% *%VinvXd[[d]]

}

Q <- solve(Q.inv)

tr.XtVinvwadVinvXQ <- tr.XtVinvwbdVinvXQ <-
tr.XtVinvvadVinvwadVinvXQ <- tr.XtVinvWbdVinvVbdVinvX Q <-
tr.XtVinvVadVinvwwbdVinvXQ <- tr.XtVinvWbdVinvWbdVinvX Q <-
XtVinvwadVinvXQ <- XtVinvwbdVinvXQ <- 0

for(d in 1:D){
tr.XtVinvWadVinvXQ <- tr.XtVinvvadVinvXQ

+ sum(diag(XtVinvVadVinvX[[d]]% *9%Q))
tr. XtVinvWbdVinvXQ <- tr.XtVinvVbdVinvXQ

+ sum(diag(XtVinvVbdVinvX[[d]]% *9%0Q))
tr.XtVinvVadVinvvadVinvXQ <- tr.XtVinvVadVinvVadVinvX Q

+ sum(diag(XtVinvVadVinvVadVinvX[[d]]% *9%0Q))

XtVinvwadVinvXQ <- XtVinvwadVinvXQ
+ XtVinvVadVinvX[[d]]% *%Q

tr. XtVinvVbdVinvvbdVinvXQ <- tr.XtVinvVbdVinvVbdVinvX Q
+ sum(diag(XtVinvVbdVinvVbdVinvX[[d]]% *9%Q))
XtVinvwwbdVinvXQ <- XtVinvwwbdVinvXQ + XtVinvVbdVinvX][[d] 1%* %Q
tr.XtVinvWadVinvwWbdVinvXQ <- tr.XtVinvWadVinvVbdVinvX Q
+ sum(diag(XtVinvWadVinvVbdVinvX[[d]]% *%0Q))
}
tr. XtVinvWadVinvXQXtVinvwadVinvXQ <- sum(diag(XtVinvV adVinvXQ%=* %
XtVinvWadVinvXQ))
tr. XtVinvVbdVinvXQXtVinvWbdVinvXQ <- sum(diag(XtVinvVv bdVinvXQ%=* %
XtVinvVbdVinvXQ))
tr. XtVinvWadVinvXQXtVinvWbdVinvXQ <- sum(diag(XtVinvV adVinvXQ%=* %
XtVinvWbdVinvXQ))

tr.PVa <- tr.Vinvwad - tr.XtVinvwadVinvXQ
tr.PVb <- tr.Vinvwwbd - tr.XtVinvwbdVinvXQ
tr.PvaPva <- tr.VinvwadVinvwad - 2 * tr. XtVinvWadVinvVadVinvXQ
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+ tr.XtVinvwadVinvXQXtVinvVadVinvXQ

tr.PVbPVb <- tr.VinvwbdVinvwhd - 2 * tr. XtVinvWbdVinvVbdVinvXQ
+ tr.XtVinvWbdVinvXQXtVinvVbdVinvXQ
tr.PVaPVb <- tr.VinvwwadVinvwhd - 2 * tr. XtVinvWadVinvVbdVinvXQ

+ tr. XtVinvWadVinvXQXtVinvVbdVinvXQ

ytPVaPy <- ytVinvwadVinvy - ytVinvWadVinvX% * %0Q%Pot(ytVinvX)
- ytVinvX% * %Q%%6t(ytVinvwadVinvX) + ytVinvX% * %0Q% %
SumXtVinvVadVinvX% * %Q¥ot(ytVinvX)

ytPVbPy <- ytVinvwhdVinvy - ytVinvWbdVinvX% * %Q%Pot(ytVinvX)
- ytVinvX% * %Q%%6t(ytVinvWbdVinvX) + ytVinvX% * 9%0Q%
SumXtVinvwbdVinvX% * %Q%%ot(ytVinvX)

### Scores and Fisher information matrix

Sa <- -0.5 =*tr.Pva + 0.5 =ytPVaPy
Sb <- -0.5 *tr.PVb + 0.5 =*ytPVbPy
Faa <- 0.5 =tr.PVaPVa
Fbb <- 0.5 *tr.PVbPVb
Fab <- 0.5 =tr.PVaPVb

Ssig <- ¢(Sa,Sb)
Fsig <- matrix(c(Faa,Fab,Fab,Fbb),ncol=2)

### Fisher-Scoring Algorithm

Fsig.inv <- solve(Fsig)
dif <- Fsig.inv% * %Ssig

theta.f <- theta.f + dif

#print(rho.f)
rho.f <- theta.f[2,1]

#tprint(sigma.f)
sigma.f <- theta.f[1,1]

### output3 <- data.frame(ITER, Sa, Sb, Faa, Fbb, Fab)
### output3 <- as.data.frame(t(output3))
### write.table(output3, file="Output3.txt", sep="\t")

### Stopping criterion

if(abs(dif[1,1])<0.000001 && abs(dif[2,1])<0.000001)
break

}
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return(list(as.vector(theta.f), Fsig, Q))

17.2.2 R code of BETA.U.area.autocorr

The R code of the functioBETA.U.area.autocorr is listed bellow.

HHHHHHH R R

it

it Area level model with time correlated effects
HHH SAMPLE project

Hit#

### Author: Maria Dolores Esteban Lefler

### File name: EstimationBETAautocorr.R

### Updated: November 25th, 2009

HiHt

HHHHH R T R R R R R

BETA.U.area.autocorr <- function(X,ydt,D,md,sigma2edt

p <- ncol(X)
a <- list(1:md[1])
mdcum <- cumsum(md)
for(d in 2:D)
a[[d]] <- (mdcum[d-1]+1):mdcum]d]

yd <- Xd <- Vd <- Vd.inv <- list()

Q.inv <- matrix(0, nrow=p, ncol=p)

XVy <- 0

for(d in 1:D) {
yd[[d]] <- ydt[a[[d]]
Xd[[d]] <- X[a[[d]].]
Omegad<-matrix(0,nrow=md[d],ncol=md[d])

BHHHHHH A

BRI

,sigmau,rho) {

Omegad[lower.tri(Omegad)]<-rho"sequence((md[d]-1):1

Omegad<-Omegad+t(Omegad)
diag(Omegad)<-1
Omegad<- (1/(1-rho”2)) * Omegad

### Elements of the variance matrix

Vd <- (sigmau * Omegad + diag(sigma2edt[a[[d]]]))

### Inverse matrix of the variance and d submatrices
Vd.inv[[d]] <- solve(Vvd)

### Inverse of Q. Next we calculate Q
Q.inv <- Q.inv + t(Xd[[d]])% *%oVd.inv[[d]]%

* 9%oXd[[d]]

### Product between X't d, V-1 _d and y _d for all d submatric
XVy <- XVy + t(Xd[[d]])% *%Vd.inv[[d]]%  *%yd[[d]]

es
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Q <- solve(Q.inv)
beta <- Q% * %XVy

u <- list()
for(d in 1:D)

u[[d]] <- sigmau * (Omegad% %Vd.inv[[d]]%  * %(yd[[d]]

- Xd[[d]]%6 *%beta))
u <- as.matrix(unlist(u))

return(rbind(beta,u))

17.2.3 R code of mse.area.autocorr

The R code of the functiomse.area.autocoriis listed bellow.

HHAHH R R R R R R R HH AR H R
HH
HH Area level model with time correlated effects
it SAMPLE project
Hi#
### Author: Maria Dolores Esteban Lefler
### File name: EstimationMSEautocorr.R
### Updated: November 25th, 2009
HH
HHAHH R R R R R R R R HH AR H R
mse.area.autocorr <- function(X,D,md,sigma2edt,sigmau ,rho,Fsig) {
p <- ncol(X)
a <- list(1:md[1])
mdcum <- cumsum(md)
for(d in 2:D)
a[[d]] <- (mdcum[d-1]+1):mdcum]d]
Xd <- Vd.inv <- Sed.inv <- Omegad <- OmegadFirst <- VinvOmega <-
OmegaVinvOmega <- VinvOmegaFirst <- OmegaVinvOmegaFirst <-
OmegakFirstVinvOmegaFirst <- SinvXd <- OmegaVinvOmegadSi nvXd <-
gla <-g2a <-9gll <- gl2 < g22 <- list()
Q.inv <- matrix(0, nrow=p, ncol=p)
for(d in 1:D) {
### Matrix Omegad and its derivative
Omegad|[d]]<-matrix(0,nrow=md[d],ncol=md[d])
Omegad][[d]][lower.tri(Omegad[[d]])]<-rho"sequence(( md[d]-1):1)
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Omegad[[d]]<-Omegad[[d]]+t(Omegad[[d]])
diag(Omegad[[d]])<-1
Omegad[[d]] <- (1/(1-rho"2)) * Omegad[[d]]

### Derivative

OmegadFirst[[d]]<-matrix(0,nrow=md[d],ncol=md[d])
OmegadFirst[[d]][lower.tri(OmegadFirst[[d]])] <-
sequence((md[d]-1):1) *rho”(sequence((md[d]-1):1)-1)
OmegadFirst[[d]]<-OmegadFirst[[d]]+t(OmegadFirst[[d 1))
OmegadFirst[[d]]<- (1/(1-rho"2)) * OmegadFirst[[d]]
OmegadFirst[[d]] <- OmegadFirst[[d]]

+ (2 *rho/(1-rho”2)) * Omegad[[d]]

Xd([[d]] <- X[a[[d]].]

### Matrix Sigma_e
Sed <- diag(sigma2edt[a[[d]]])

### Matrix of variance
Vd <- (sigmau * Omegad[[d]] + Sed)

### Inverse matrix of the variance and d submatrices
Vd.inv[[d]] <- solve(Vd)

### Inverse matrix of Sigma _ed in all d submatrices
Sed.inv[[d]] <- solve(Sed)

### Product between V™-1_d and Omega
VinvOmega[[d]] <- Vd.inv[[d]]% *% Omegad[[d]]
VinvOmegakFirst[[d]] <- Vd.inv[[d]]% * % OmegadFirst[[d]]

### Product between Omega, V™-1_d and Omega
OmegaVinvOmega[[d]] <- t(VinvOmega[[d]])% * %Omegad[[d]]

### Product between Omega, V™-1_d and OmegadFirst
OmegaVinvOmegaFirst[[d]] <- Omegad|[d]] % *% Vd.inv[[d]] % *%
OmegadFirst[[d]]

### Product between OmegadFirst, V*-1_d and OmegadFirst
OmegakFirstVinvOmegakFirst[[d]] <- OmegadFirst[[d]]% *0p
Vd.inv[[d]]% * %0OmegadFirst[[d]]

### Product between Sigma™1_ed and X_d for all d submatrice S
SinvXd[[d]] <- Sed.inv[[d]]% * % Xd[[d]]

### Product between Omegad, V™-1_d, Omegad, Sigma™1_ed
### and X_d for d submatrices
OmegaVinvOmegadSinvXd[[d]] <- OmegaVinvOmega[[d]]% * %SinvXd[[d]]



17.2. R code for the area-level models with correlated tiffects

### First part of gl (the second is its transpose)
gl.a[[d]] <- sigmau * Omegad[[d]] - sigmau™2 * OmegaVinvOmega[[d]]

### First part of g2 (the second is its transpose)
g2.a[[d]] <- Xd[[d]] - sigmau *Omegad[[d]]% *%SinvXd[[d]]
+ sigmau™2 * OmegaVinvOmegadSinvXd[[d]]

gll[[d]] <- OmegaVinvOmega[[d]] - 2 * sigmau * OmegaVinvOmega([d]]% =*%
VinvOmega[[d]] + sigmau™2 * OmegaVinvOmega[[d]] % =*%
Vd.inv[[d]]% * %0OmegaVinvOmega[[d]]

g12[[d]] <- sigmau * OmegaVinvOmegakFirst[[d]] - sigmau2 *
OmegaVinvOmegaFirst[[d]]% * %VinvOmega[[d]]
- sigmau™2 *OmegaVinvOmega[[d]]% *%VinvOmegaFirst[[d]]
+ sigmau™3 *OmegaVinvOmega[[d]]% *%VinvOmegaFirst[[d]]% * 0%
VinvOmegal[d]]

g22[[d]] <- sigmau"2 * OmegaFirstVinvOmegaFirst[[d]]
- 2 *sigmau”3 * OmegaVinvOmegaFirst[[d]]% * %
VinvOmegakFirst[[d]] + sigmau’4 * OmegaVinvOmegaFirst[[d]]% *0p
Vd.inv[[d]]% * 9%t(OmegaVinvOmegakFirst[[d]])

### Inverse of Q. Next we calculate Q
Q.inv <- Q.inv + t(Xd[[d]])% *%Vd.inv[[d]]%  *%Xd[[d]]
}

Q <- solve(Q.inv)
### Calculation of g

gl <- g2 <- g3 <- list()
for(d in 1:D)X
g1[[d]] <- diag(g1.a[[d]])
g2[[d]] <- diag(g2.a[[d]]% * %Q¥6t(g2.a[[d]])
q11{[d]] <- diag(q11{[d]])
q12([d]] <- diag(q12[[d]])
?22[[d]] <- diag(q22[[d]])

for(d in 1:D)Y
g3[[d]] <- vector()
for(t in 1:md[d]}{
g3[[d]][t] <- sum(diag(matrix(c(q11[[d]][t],
rep(q12[[d]][t],2),q22[[d]][t]),
nrow=2)% =* %solve(Fsig)))

}
gl <- unlist(gl)
g2 <- unlist(g2)
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g3 <- unlist(g3)

return(gl+g2+2 *g3)
}

17.2.4 R code of Interval.autocorr

The R code of the functiomterval.autocorr is listed bellow.

HHHHHH AR

HitH

Hit# Area level model with time correlated effects
HHH SAMPLE project

HitH

### Author: Maria Dolores Esteban Lefler

### File name: ICautocorr.R

### Updated: November 25th, 2009

HiHt

HHHHH R T R R R R R

Interval.autocorr <- function(fit, conf=0.95) {
alfa <- 1-conf
k <- 1-alfa/2
z <- gnorm(k)

Finv <- solve(fit[[2]])

sigma.std.err <- z * sgrt(Finv[1,1])

rho.std.err <- z * sgrt(Finv][2,2])

beta.std.err <- z * sgrt(as.vector(diag(fit[[3]])))

return( list(sigma.std.err, rho.std.err, beta.std.err)

BHHHHHH

HHEHHAH AR



Chapter 18

Appendix 4: R code for the area-level
partitioned time models

18.1 R code for the partitioned Fay-Herriot model 1

18.1.1 R code of H3area

The R code of the functioH3areais listed bellow.

HHH R R HHHHEHH
###  Area level Partitioned F-H model with independent time e ffects
## Pagliarella model 1

### Author: Agustin Perez Martin

### File name: H3.R

### Updated: November 25th, 2009

HH

HHAHH R R R R A R R R HH A H AR AR

H3area <- function(X, ydt, D, md, sigma2edt) {

p <- ncol(X)

a <- list(1:md[1])
mdcum <- cumsum(md)
M <- sum(md)

for(d in 2:D)
a[[d]] <- (mdcum[d-1]+1):mdcum]d]

yd <- Xd <- list()

for(d in 1:D) {
yd[[d]] <- ydt[a[[d]]
Xd[[d]] <- X[a[[d]]]

}

Vd.inv <- VinvXd <- list()
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Q2.inv <- XV2X <- matrix(0, nrow=p, ncol=p)
yvX <- 0
for(d in 1:D) {

### Elements of the variance matrix
vd <- sigma2edt[a[[d]]]

### Inverse matrix of the variance and submatrices
Vd.inv[[d]] <- diag(1/vd)

### Product between V-1 ed and X d for all d submatrices
VinvXd[[d]] <- Vd.inv[[d]]% * %o Xd[[d]]

### Inverse of Q2. Next we calculate Q2
Q2.inv <- Q2.inv + t(Xd[[d]])% * %VinvXd[[d]]

### Sum in d of the product with ytd and V-1 _ed and X d
yVX <- yWX + yd[[d]]% *%VinvXd[[d]]

}
Q2 <- solve(Q2.inv)

tr.XV2XQ2 <- 0
for(d in 1:D)
tr.XV2XQ2 <- tr.XV2XQ2
+ sum(diag( t(VinvXd[[d]])% *%VinvXd[[d]]% *%Q2))

tr.P2 <- sum(l/sigma2edt) - tr.XV2XQ2
yP2y <- sum(ydt"2/sigma2edt) - yVX% * %0Q2%%t(yVX)

sigma.u <- (yP2y - (M-p))/tr.P2

return(as.vector(sigma.u))

}

18.1.2 R code of REMLarea

The R code of the functioREMLarea is listed bellow.

HHHBHH AR R R R R R HHHBHH AR H AR
###  Area level Partitioned F-H model with independent time e ffects
#t# Pagliarella model 1

### Author: Maria Chiara Pagliarella

### File name: REML.R

### Updated: February 2010

Hit#H

HHH A R P

REMLarea <- function(X, ydt, D, Da, Db, md, sigma2edt, sigma .0
= sigma.0, MAXITER = 100) {



18.1. R code for the partitioned Fay-Herriot model 1 229

sigma.fa <- sigma.0
sigma.fb <- sigma.0

p <- ncol(X)

i <- list(1:md[1])
mdcum <- cumsum(md)
Db <- D-Da

for(d in 2:D)X
i[[d]] <- (mdcum[d-1]+1):mdcum[d]
if (d<= Da) ia <- i[1:Da]
else ib <- i[(Da+1):D]

}

yda <- Xda <- list()
for(d in 1:Da) {
yda[[d]] <- ydtfia[[d]]]
Xda[[d]] <- Xia[[d]],]

}
ydb <- Xdb <- list()
for(d in 1:Db) {

ydb[[d]] <- ydt[ib[[d]]
} Xdb[[d]] <- X[ib[[d]].]
yd <- Xd <- list()
for(d in 1:D) {

yd[[d]] <- ydt[i[[d]]
} Xd[[d]] <- X[i[d]].]

Bad <- Flag <- 0

for(ITER in 1L:MAXITER)
Vda.inv <- VinvXa <- Vinvya <- list()
XaV2Xa <- XaV3Xa <- matrix(0, nrow=p, ncol=p)
tr.Vinva <- tr.V2inva <- XaV2ya <- yaV2ya <- yaV2Xa <- 0
for(d in 1:Da) {
### Elements of the variance matrix
vda <- (sigma.fa + sigmaZ2edt)[ia[[d]]]

if (abs(det(vda))<0.000000001 || abs(det(vda))>1000000 0000){
Flag <- 1
Bad <- Bad+1l
break }

### Inverse matrix of the variance and submatrices
Vda.inv[[d]] <- diag(1/vda)
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### Product between V°-1 da and X da
### for all d submatrices
VinvXa[[d]] <- Vda.inv[[d]] % *% Xda[[d]]

### Product between V-1 da and vy da
### for all d submatrices
Vinvya[[d]] <- Vda.inv[[d]] % * % yda[[d]]

### Sum traces of V-1 _da
tr.Vinva <- tr.Vinva + sum(l/vda)

### Sum traces of V™-2_da
tr.V2inva <- tr.V2inva + sum(l/vda“2)

### Sum on d of the product between X't da, V-2 _da and X da
XaV2Xa <- XaV2Xa + t(VinvXa[[d]]) % *9% VinvXa[[d]]

### Sum on d of the product between X't da, V'-3 da and X _da
XaV3Xa <- XaV3Xa + t(VinvXa[[d]]) % *% Vda.inv[[d]]% *%VinvXa[[d]]

### Sum on d of the product between y't da, V-2 _da and X_da
XaV2ya <- XaV2ya + t(VinvXa[[d]]) % *9% Vinvya[[d]]

### Sum on d of the product between Yyt da, V™-2_da and y da
yaV2ya <- yaV2ya + t(Vinvya[[d]]) % *9% Vinvya[[d]]

### Sum on d of the product between y't da, V-2 _da and X_da
yaV2Xa <- yaV2Xa + t(Vinvya[[d]]) % *% VinvXa[[d]]

if (Flag==1) {

ITER <- MAXITER
Flag <- 0
break }

Vdb.inv <- VinvXb <- Vinvyb <- list()

XbV2Xb <- XbV3Xb <- matrix(0, nrow=p, ncol=p)

tr.Vinvb <- tr.V2invb <- XbV2yb <- ybV2yb <- ybV2Xb <- 0
for(d in 1:Db) {

### Elements of the variance matrix
vdb <- (sigma.fb + sigma2edt)[ib[[d]]]

if (abs(det(vdb))<0.000000001 || abs(det(vdb))>1000000 0000){
Flag <- 1
Bad <- Bad + 1
break }
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}

### Inverse matrix of the variance and submatrices
Vdb.inv[[d]] <- diag(1/vdb)

### Product between V™-1_db and X db
### for all d submatrices
VinvXb[[d]] <- Vdb.inv[[d]] % * % Xdb[[d]]

### Product between V-1 _db and vy db
### for all d submatrices
Vinvyb[[d]] <- Vdb.inv[[d]] % * % ydb[[d]]

### Sum traces of V*-1 db
tr.Vinvb <- tr.Vinvb + sum(1/vdb)

### Sum traces of V™-2_db
tr.V2invb <- tr.V2invb + sum(1/vdb™2)

### Sum on d of the product between X't _db, V*-2_db and X_db
XbV2Xb <- XbV2Xb + t(VinvXb[[d]]) % *9% VinvXb[[d]]

##H# Sum on d of the product between X't db, V-3 _db and X_db
XbV3Xb <- XbV3Xb + t(VinvXb[[d]]) % +*% Vdb.inv[[d]]%  *%VinvXb[[d]]

### Sum on d of the product between y't db, V-2_db and X_db
XbV2yb <- XbV2yb + t(VinvXb[[d]]) % +*% Vinvyb[[d]]

### Sum on d of the product between y't db, V-2 _db and y db
ybV2yb <- ybV2yb + t(Vinvyb[[d]]) % *% Vinvyb[[d]]

### Sum on d of the product between y't db, V-2_db and X_db
ybV2Xb <- ybVv2Xb + t(Vinvyb[[d]]) % +*% VinvXb[[d]]

if (Flag==1) {

ITER <- MAXITER
Flag <- 0
break }

Vd.inv <- Vinvy <- VinvX <- list()
Q.inv <- matrix(0, nrow=p, ncol=p)
yWX <- 0

for(d in 1:D) {
### Elements of the variance matrix
if (d <= Da)
vd <-(sigma.fa + sigma2edt)[ia[[d]]]
else
vd <-(sigma.fb + sigma2edt)[i[[d]]]
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if (abs(det(vd))<0.000000001 || abs(det(vd))>100000000 00) {
Flag <- 1
Bad <- Bad + 1
break }

### Inverse matrix of the variance and submatrices
Vvd.inv[[d]] <- diag(1/vd)

### Product between V-1 ed and vy d
### for all d submatrices
Vinvy[[d]] <- Vd.inv[[d]] % *% yd[[d]]

### Product between V*-1 ed and X d
### for all d submatrices
VinvX[[d]] <- Vd.inv[[d]] % * 00 Xd[[d]]

### Inverse of Q. Next we calculate Q
Q.inv <- Q.inv + t(Xd[[d]]) % * % VinvX[[d]]

### Sum on d of the product between yt d, V-1 d and X d
yVX <- yWX + yd[[d]] % *% VinvX[[d]]

}

if (Flag==1) {
ITER <- MAXITER
Flag <- 0
break }

### Calculation of Q
Q <- solve(Q.inv)

tr.Xav2XaQ <- 0
tr.XavV2XaQ <- tr.XavV2XaQ + sum(diag( XaV2Xa % *% Q ))

tr.PV1 <- tr.Vinva - tr.Xav2XaQ
tr.PV1PV1 <- tr.V2inva - 2 *sum(diag(Xav3Xa % *% Q))
+ sum(diag(XaV2Xa % *% Q % XaV2Xa %% Q))
yPV1Py <- yaV2ya - (yaV2Xa % *% Q %6 t(yVX)) - ( yWX % *% Q % XaV2ya)
+ (YyWX %% Q %% XaV2Xa %% Q %6 t(yVX))

tr.XbV2XbQ <- 0
tr.XbV2XbQ <- tr.XbV2XbQ + sum(diag( XbV2Xb % *% Q)

tr.PV2 <- tr.Vinvb - tr.XbVv2XbQ
tr.PV2PV2 <- tr.V2invb - 2 *sum(diag(XbV3Xb % *% Q))
+ sum(diag(XbV2Xb % *% Q %% XbV2Xb %% Q))
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yPV2Py <- ybV2yb - (ybV2Xb % *% Q %% t(yVX)) - ( YVX % *% Q %% XbV2yb)
+ (YVX %% Q b XbV2Xb %% Q b t(yVX))

tr.PV1IPV2 <- sum(diag(XavV2Xa % *% Q %% XbV2Xb %% Q))
tr.PV2PV1 <- sum(diag(XbV2Xb % *% Q %% XaV2Xa %% Q))

### Scores and Fisher information matrix
S1 <- -05 =*tr.PV1 + 0.5 =+yPV1Py
S2 <- -05 =*tr.PV2 + 0.5 =*yPV2Py

F11 <- 0.5 *tr.PV1PV1
F12 <- 0.5 =tr.PV1PV2
F21 <- 0.5 =tr.PV2PV1
F22 <- 0.5 =tr.PV2PV2

# FINAL Fisher information Matrix
Fsig <- matrix(c(F11, F12, F21, F22), ncol=p, nrow=p)
SumFsig <- abs(sum(Fsig))
# print(det(Fsig))
if (abs(det(Fsig))<0.000000001 || SumFsig > 10000000) {
# print(ITER)
ITER <- MAXITER
Bad <- Bad + 1
break }

### Fisher-Scoring Algorithm
difa <- S1/F11
difo <- S2/F22

sigma.fa <- sigma.fa + difa
sigma.fb <- sigma.fb + difb

ITER <- ITER

### Stopping criterion
if((abs(difa)<0.000001) && (abs(difb)<0.000001)) break

#x<-"ITER greater than 6"
#2<-"ITER smaller than 6"
#if (ITER>6) print(x) else print(z)

}

if (sigma.fa < 0 || sigma.fb < 0) {
ITER <- MAXITER
Bad <- Bad + 1 }

return(list(as.vector(sigma.fa), as.vector(sigma.fb) , F, ITER, Q, Bad))

}
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18.1.3 R code of BETA.U.area

The R code of the functioBETA.U.area is listed bellow.

HH B T HH B
###  Area level Partitioned F-H model with independent time e ffects
HHH Pagliarella model 1

### Author: Maria Chiara Pagliarella

### File name: EstimationBETA.R

### Updated: November 2009

HitH

BHHHH AR R AR HHHHH AR

BETA.U.area <- function(X, ydt, D, Da, Db, md, sigmaZ2edt,
sigmaua, sigmaub) {

p <- ncol(X)

i <- list(1:md[1])
mdcum <- cumsum(md)
Db <- D-Da

for(d in 2:D)
i[[d]] <- (mdcum[d-1]+1):mdcum[d]

ia <- i[1:Da]
ib <- i[(Da+1):D]

yda <- Xda <- list()
for(d in 1:Da) {

yda[[d]] <- ydtfia[[d]]]
} Xda[[d]] <- X[ia[[d]].]
ydb <- Xdb <- list()
for(d in 1:Db) {

ydb{[d]] <- ydt[ib[[d]]]
} Xdb([[d]] <- Xib[[d]].]
yd <- Xd <- list()
for(d in 1:D) {

yd[[d]] <- yat[i[[d]]]

Xd[[d]] <- X[if[d]],]

}

Vd.inv <- list()

Q.inv <- matrix(0, nrow=p, ncol=p)
XVy <-0

for(d in 1:D) {
### Elements of the variance matrix
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if (d <= Da)

vd<-(sigmaua + sigma2edt)[ia[[d]]]
else

vd<-(sigmaub + sigma2edt)[i[[d]]]

### Inverse matrix of the variance and submatrices
Vvd.inv[[d]] <- diag(1/vd)

### Inverse of Q. Next we calculate Q
Q.inv <- Q.inv + t(Xd[[d]])% *%Vd.inv[[d]]%  *%Xd[[d]]

### Product between X't d, V™-1.d and y d for all d submatric es
XVy <- XVy + t(Xd[[d]])% *%Vd.inv[[d]]%  *%yd[[d]]
}

Q <- solve(Q.inv)

beta <- Q% * %XVy

ua <- ub <- list()
for(d in 1:Da){

ua[[d]] <- sigmaua *Vd.inv[[d]]%  *%(yda[[d]]-Xda[[d]]% *Opbeta)
}

for(d in 1:Db){
ub[[d]] <- sigmaub *Vd.inv[[d]]%  *%(ydb[[d]]-Xdb[[d]]% *%beta)
}

ua<-as.matrix(unlist(ua))
ub<-as.matrix(unlist(ub))
u <- c(ua,ub)

return(c(beta,u))

18.1.4 R code of mse.area

The R code of the functiomse.areais listed bellow.

HHHH AR HHHHH AR
###  Area level Partitioned F-H model with independent time e ffects
i Pagliarella model 1

### Author: Maria Chiara Pagliarella

### File name: EstimationMSE.R

### Updated: Dicember 2009

HiH

HHHH AR HHHHH AR

mse.area <- function(X, D, Da, Db, md, sigma2edt, sigmaua,
sigmaub, F11, F22) {

p <- ncol(X)
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i <- list(1:md[1])
mdcum <- cumsum(md)
Db <- D-Da

for(d in 2:D)X
i[[d]] <- (mdcum[d-1]+1):mdcum[d]
if (d<= Da) ia <- i[1:Da]
else ib <- i[(Da+1):D]

Xda <- list()
for(d in 1:Da) {
Xda[[d]] <- X[ia[[d]].]

}
Xdb <- list()
for(d in 1:Db) {
Xdb[[d]] <- X[ib[[d]],]

}

Xd <- list()

for(d in 1:D) {

} Xd[[d]] <- Xi[[d]],]

Vd.inv <- list()
Q.inv <- matrix(0, nrow=p, ncol=p)
for(d in 1:D) {
### Elements of the variance matrix
if (d <= Da)
vd<-(sigmaua + sigma2edt)[ia[[d]]]
else
vd<-(sigmaub + sigma2edt)[i[[d]]]

### Inverse matrix of the variance and submatrices
Vd.inv[[d]] <- diag(1/vd)

### Inverse of Q. Next we calculate Q
Q.inv <- Q.inv + t(Xd[[d]]) % *9% Vd.inv[[d]] % *% Xd[[d]]

}

Q <- solve(Q.inv)

HHH
### Calculation of MSE_A  ###
HHHH T

Vda.inv <- Sinv.a <- SinvXda <- VinvSinvXda <- g2.1a <- list( )
for(d in 1:Da) {
### Elements of the variance matrix
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vda<- (sigmaua + sigma2edt)[ia[[d]]]

### Inverse matrix of the variance and submatrices
Vda.inv[[d]] <- diag(1/vda)

### Elements of the variance matrix Sigma_ed
sed.a <- sigmaZ2edt[ia[[d]]]

### Inverse matrix of Sigma_ed for all d submatrices
Sinv.a[[d]] <- diag(1l/sed.a)

### Product between Sigma_a™-1 ed and X_da for all d submatr ices
SinvXda[[d]] <- Sinv.a[[d]]% * % Xda[[d]]

### Product between V™-1_da, Sigma™1 ed and X da for all d s ubmatrices
VinvSinvXda[[d]] <- Vda.inv[[d]]% * %SinvXda[[d]]

### First part of g2_a (the second is its transpose)
g2.1a[[d]] <- Xda[[d]] - sigmaua * SinvXda[[d]]
+ (sigmaua“2) * VinvSinvXda[[d]]
}

g2a <- mse.a <- list()

for (d in 1:Da){
vda <- (sigmaua + sigma2edt)[ia[[d]]]
gll <- sigmaua™2 / vda"3

### Calculation of g_a
gla <- (sigmaua = sigmaZ2edtfia[[d]]]) / vda

g2a[[d]] <- diag(g2.1a[[d]] % *0% Q % t(g2.1a[[d]]))
g3a <- ql1/F11

g2a[[d]] <- diag(g2.1a[[d]] % *% Q %% t(g2.1a[[d]]))
mse.a[[d]] <- gla + g2a[[d]] + 2 * g3a

}

mse.a <- unlist(mse.a)

HHH A
### Calculation of MSE_B it
HHHH T T R

Vdb.inv <- Sinv.b <- SinvXdb <- VinvSinvXdb <- g2.1b <- list( )
for(d in 1:Db) {
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### Elements of the variance matrix
vdb<- (sigmaub + sigma2edt)[ib[[d]]]

### Inverse matrix of the variance and submatrices
Vdb.inv[[d]] <- diag(1/vdb)

### Elements of the variance matrix Sigma_ed
sed.b <- sigmaZ2edt[ib[[d]]]

### Inverse matrix of Sigma_ed for all d submatrices
Sinv.b[[d]] <- diag(1/sed.b)

### Product between Sigma_b™-1 ed and X_db for all d submatr ices
SinvXdb[[d]] <- Sinv.b[[d]]% * %o Xdb[[d]]

### Product between V™-1_db, Sigma™1 ed and X db for all d s ubmatrices
VinvSinvXdb[[d]] <- Vdb.inv[[d]]% * %SinvXdb[[d]]

### First part of g2_b (the second is its transpose)
02.1b[[d]] <- Xdb[[d]] - sigmaub * SinvXdb[[d]]
+ sigmaub™2 =*VinvSinvXdb|[[d]]

g2b <- mse.b <- list()

for (d in 1:Db){
vdb <- (sigmaub + sigma2edt)[ib[[d]]]
g22 <- sigmaub2/vdb™3

### Calculation of g_b
glb <- (sigmaub * sigma2edt[ib[[d]]]) / vdb

g2b[[d]] <- diag(g2.1b[[d]] % «% Q W6 t(g2.1b[[d]])
g3b <- q22/F22

g2b[d]] <- diag(g2.1b[[d]] % “% Q %9 t(g2.1b[[d]])

mse.b[[d]] <- glb + g2b[[d]] + 2 * g3b
}

mse.b <- unlist(mse.b)
mse <- c(mse.a, mse.b)

return(mse)
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18.1.5 R code of Interval

The R code of the functiomterval for the confidence intervals ammvalues is listed bellow.

HH R R HH T
###  Area level Partitioned F-H model with independent time e ffects
#H# Pagliarella model 1

### Author: Maria Chiara Pagliarella

### File name: IC.R

### Updated: February 2010

HitH

HHHH B HH R R HHHHH AR

Interval <- function(Fisher, conf=0.95) {
alfa <- 1-conf
k <- l-alfa/2

z <- gnorm(k)

Finv <- solve(Fisher([3]])

sigma.a.std.err <- z * sgrt(Finv][1,1])
sigma.b.std.err <- z * sgrt(Finv[2,2])
sigma.ab.std.err <- z * sgrt(Finv[1,1]+Finv[2,2]-2 * Finv[1,2])

beta.std.err <- z * sgrt(as.vector(diag(Fisher[[5]])))

infbeta <- betaO.hat-beta.std.err
supbeta <- beta0.hat+beta.std.err
testbeta <- betaO.hat-beta.std.err<O & betaO.hat+beta.s td.err>0

infsigmaua <- sigmaua.hat-sigma.a.std.err
supsigmaua <- sigmaua.hat+sigma.a.std.err
testsigmaua <- sigmaua.hat-sigma.a.std.err<0

& sigmaua.hat+sigma.a.std.err>0

infsigmaub <- sigmaub.hat-sigma.b.std.err
supsigmaub <- sigmaub.hat+sigma.b.std.err
testsigmaub <- sigmaub.hat-sigma.b.std.err<0

& sigmaub.hat+sigma.b.std.err>0

infdif <- (sigmaua.hat-sigmaub.hat)-sigma.ab.std.err

supdif <- (sigmaua.hat-sigmaub.hat)+sigma.ab.std.err

testdif <- (sigmaua.hat-sigmaub.hat)-sigma.ab.std.err <0
& (sigmaua.hat-sigmaub.hat)+sigma.ab.std.err>0

return( list(sigma.a.std.err, sigma.b.std.err,
sigma.ab.std.err, beta.std.err,
infbeta, supbeta, testbeta,

239
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infsigmaua, supsigmaua, testsigmaua,
infsigmaub, supsigmaub, testsigmaub,
infdif, supdif, testdif) )

pvalueBeta <- function(betaO.hat, Fisher) {

z <- abs(beta0.hat)/sqrt(as.vector(diag(Fisher[[5]])) )
p.beta <- pnorm(z, lower.tail=F)

return( 2 *p.beta )

18.2 R code for the partitioned Fay-Herriot model 2
18.2.1 R code of H3area

The R code of the functioH3areais listed bellow.

BHEH AR AR A A A AR R A A AR R A AR 7Y HHERSHAR AR AR
###  Area level Partitioned F-H model with correlated time ef fects

#tH Pagliarella model 2

### Author: Agustin Perez Martin

### File name: H3.R

### Updated: November 25th, 2009

#HH

BRB R R H BHAH T

H3area <- function(X, ydt, D, md, sigma2edt) {

p <- ncol(X)

a <- list(1:md[1])
mdcum <- cumsum(md)
M <- sum(md)

for(d in 2:D)
a[[d]] <- (mdcum[d-1]+1):mdcum]d]

yd <- Xd <- list()
for(d in 1:D) {

yd[[d]] <- ydt[a[[d]]
} Xd[[d]] <- X[a[[d]].]

Vd.inv <- VinvXd <- list()
Q2.inv <- XV2X <- matrix(0, nrow=p, ncol=p)
yVX <- 0
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for(d in 1:D) {

### Elements of the variance matrix
vd <- sigma2edt[a[[d]]]

### Inverse matrix of the variance and submatrices
Vd.inv[[d]] <- diag(1/vd)

### Product between V-1 ed and X d for all d submatrices
VinvXd[[d]] <- Vd.inv[[d]]% * %o Xd[[d]]

### Inverse of Q2. Next we calculate Q2
Q2.inv <- Q2.inv + t(Xd[[d]])% * %VinvXd[[d]]

### Sum in d of the product with ytd and V-1 ed and X d
yVX <- yWX + yd[[d]]% *%VinvXd[[d]]

}
Q2 <- solve(Q2.inv)

tr.Xv2xQz2 <- 0
for(d in 1:D)
tr.XV2XQ2 <- tr.XV2XQ2
+ sum(diag( t(VinvXd[[d]])% *%VinvXd[[d]]% *%Q2))

tr.P2 <- sum(1l/sigma2edt) - tr.XV2XQ2
yP2y <- sum(ydt"2/sigma2edt) - yVX% * 9%6Q2% %0t (yVX)

sigma.u <- (yP2y - (M-p))/tr.P2

return(as.vector(sigma.u))

18.2.2 R code of REMLarea.corr

The R code of the functioREMLarea.corr is listed bellow.

HHH R A HHHHEHH
###  Area level Partitioned F-H model with correlated time ef fects

## Pagliarella model 2

### Author: Maria Chiara Pagliarella

### File name: REMLcorr.R

### Updated: June 2010

Hi#

HHAHHHHH R R R R R R R HH A H AR AR
REMLarea.corr <- function(X, ydt, D, Da, Db, md, mda, mdb, si gmaz2edt,

sigma.0 = sigma.0, MAXITER = 100) {

sigma.fa <- sigma.0
sigma.fb <- 0.8 # sigma.O

241
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rho <- 0.5
theta.f <- as.vector(c(sigma.fa, sigma.fb, rho))

p <- ncol(X)

i <- list(1:md[1])
mdcum <- cumsum(md)
Db <- D-Da

for(d in 2:D)X
i[[d]] <- (mdcum[d-1]+1):mdcum[d]
if (d<= Da) ia <- i[1:Da]
else ib <- i[(Da+1):D]

}

yda <- Xda <- list()
for(d in 1:Da) {
yda[[d]] <- ydt[ia[[d]]]
Xda[[d]] <- Xia[[d]],]

}
ydb <- Xdb <- list()
for(d in 1:Db) {

ydb[[d]] <- ydt[ib[[d]]
} Xdb[[d]] <- X[ib[[d]].]
yd <- Xd <- list()
for(d in 1:D) {

yd[[d]] <- ydt[i[[d]]]
} Xd[[d]] <- X[if[d]].]

Bad <- Flag <- 0
for(ITER in 1.MAXITER) {
V1 <- Vda.inv <- VinvXa <- Vinvya <- VinvW1l <- XVinvV1VinvX
<- VinvwW1lVinvw1l <- XVinvW1VinvwW1VinvX <- list()
tr.VinvwWl <- yVinvXa <- yVinvwW1Vinvy <- yVinvwW1VinvX
<- SumXVinvwwi1VinvX <- tr.VinvW1Vinvwwl <- 0

V3.a <- Vinw1lVinvw3.a <- XVinvwW1VinvV3VinvX.a <- list()
tr.VinvW1Vinvw3.a <- 0

for(d in 1:Da) {

### Matrix Omega and its derivatives ------------- A
Omega.a <- matrix(0,nrow=mda[d],ncol=mda[d])
Omega.a[lower.tri(Omega.a)] <- rho"sequence((mda[d]-1 ):1)

Omega.a <- Omega.a + t(Omega.a)
diag(Omega.a) <- 1
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Omega.a <- (1/(1-rho"2)) * Omega.a
V1[[d]] <- Omega.a

#print(V1)

OmegakFirst.a <- matrix(0,nrow=mda[d],ncol=mda[d])
OmegakFirst.a[lower.tri(OmegaFirst.a)]

<- sequence((mdald]-1):1) *rho”(sequence((mda[d]-1):1)-1)
OmegakFirst.a <- OmegaFirst.a + t(OmegaFirst.a)

OmegakFirst.a <- (1/(1-rho™2)) * OmegaFirst.a

OmegakFirst.a <- OmegaFirst.a + (2 *rho / (1-rho™2)) * Omega.a
Vv3.a[[d]] <- sigma.fa * OmegakFirst.a

### Elements of the variance matrix
Vda <- (sigma.fa * Omega.a + diag(sigma2edt[ia[[d]]]))

if (abs(det(Vda))<0.000000001 || abs(det(Vda))>1000000 0000) {
Flag <- 1
Bad <- Bad+1l
break }

### Inverse of variance matrix
Vda.inv[[d]] <- solve(Vda)

### Product between V-1 da and X da
### for all d submatrices
VinvXa[[d]] <- Vda.inv[[d]] % *% Xda[[d]]

### Product between V-1 da and vy da
### for all d submatrices
Vinvya[[d]] <- Vda.inv[[d]] % *% yda[[d]]

# calculation of the elements function of V1
# derivatives of V with respect to sigma™2_A
# S1

Vinw1[[d]] <- Vda.inv[[d]] % *% V1[[d]]
tr.Vinvww1l <- tr.Vinwwl + sum(diag(VinvVv1[[d]]))

XVinvwWaVinvX[[d]] <- t(VinvXa[[d]]) % *% VI1[[d]]
% % VinvXa[[d]]
SumXVinvW1VinvX <- SumXVinvV1VinvX + XVinvV1VinvX[[d]]

yVinvXa <- yVinvXa + t(yda[[d]]) % *9% VinvXa[[d]]
yVinvW1lVinvy <- yVinvwW1Vinvy + t(Vinvya[[d]])
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% % V1[[d]] % *% Vinvya[[d]]
yVinvW1VinvX <- yVinvW1VinvX + t(Vinvya[[d]])
% % V1[[d]] % *% VinvXa[[d]]

# F11

VinvW1VinvV1[[d]] <- Vda.inv[[d]] % *% VI1[[d]]
% % Vda.inv[[d]] % *% V1[[d]]
tr.VinvwW1Vinwl <- tr.Vinvw1Vinvw1
+ sum(diag(VinvW1VinvV1[[d]]))

XVinwW1VinvW1VinvX[[d]] <- t(VinvXa[[d]])
% % V1[[d]] % *% Vda.inv[[d]]
% % V1[[d]] % *% VinvXa[[d]]

# calculation of the elements function of V3_A
# derivatives of V_a with respect to rho

# F13.a

Vinvww1Vinvv3.a[[d]] <- Vda.inv[[d]] % *% V1[[d]]
% % Vda.inv[[d]] % *% V3.a[[d]]
tr.VinvwW1VinvVv3.a <- tr.VinvW1VinvV3.a
+ sum(diag(VinvV1VinvV3.a[[d]]))

XVinvW1Vinvv3VinvX.a[[d]] <- t(VinvXa[[d]]) % *% V1[[d]]
% % Vda.inv[[d]] % *% V3.a[[d]] % *% VinvXa[[d]]
}
if (Flag==1) {
ITER <- MAXITER
Flag <- 0
break }

V2 <- Vdb.inv <- VinvXb <- Vinvyb <- Vinvww2 <- XVinvwW2VinvX
<- Vinww2Vinvv2 <- XVinvV2VinvwW2VinvX <- list()

tr.VinvW2 <- yVinvXb <- yVinvwWw2Vinvy <- yVinvW2VinvX

<- SumXVinwW2VinvX <- tr.Vinvw2Vinvw2 <- 0

V3.b <- Vinvww2Vinw3.b <- XVinvwWw2VinvW3VinvX.b <- list()
tr.VinvwW2Vinvww3.b <- 0

for(d in 1:Db) {

### Matrix Omega and its derivatives ------------- B
Omega.b <- matrix(0,nrow=mdb[d],ncol=mdb[d])
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Omega.b[lower.tri(Omega.b)] <- rho"sequence((mdb[d]-1 ):1)
Omega.b <- Omega.b + t(Omega.b)

diag(Omega.b) <- 1

Omega.b <- (1/(1-rho"2)) * Omega.b

V2[[d]] <- Omega.b

OmegakFirst.b <- matrix(0,nrow=mdb[d],ncol=mdb[d])
OmegakFirst.b[lower.tri(OmegaFirst.b)]

<- sequence((mdb[d]-1):1) *rho”(sequence((mdb[d]-1):1)-1)
OmegakFirst.b <- OmegaFirst.b + t(OmegaFirst.b)

OmegakFirst.b <- (1/(1-rho™2)) * OmegakFirst.b

OmegakFirst.b <- OmegaFirst.b + (2 *rho / (1-rho™2)) * Omega.b
V3.b[[d]] <- sigma.fb * OmegakFirst.b

### Elements of the variance matrix
Vdb <- (sigma.fb * Omega.b + diag(sigma2edt[ib[[d]]]))

#print(Vdb)
#print(sigma2edt[ib[[d]]])
#print(sigma.fb)
#print(Omega.b)

if (abs(det(Vdb))<0.000000001 || abs(det(Vdb))>1000000 0000) {
Flag <- 1
Bad <- Bad + 1
break }

### Inverse of variance matrix
Vdb.inv[[d]] <- solve(Vdb)

### Product between V™-1 _db and X db
#i# for all d submatrices
VinvXb[[d]] <- Vdb.inv[[d]] % * 00 Xdb[[d]]

### Product between V-1 db and vy db
### for all d submatrices
Vinvyb[[d]] <- Vdb.inv[[d]] % *% ydb[[d]]

# calculation of the elements function of V2
# derivatives of V with respect to sigma™2_B

# S2

VinvwW2[[d]] <- Vdb.inv[[d]] % *% V2[[d]]
tr.Vinvww2 <- tr.Vinvww2 + sum(diag(VinvVv2[[d]]))

XVinW2Vinvx[[d]] <- t(VinvXb[[d]]) % «% V2[[d]]
% % VinvXb[[d]]
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SumXVinvw2VinvX <- SumXVinvv2VinvX + XVinvV2VinvX[[d]]

yVinvXb <- yVinvXb + t(ydb[[d]]) % *% VinvXb[[d]]
yVinvw2Vinvy <- yVinvw2Vinvy + t(Vinvyb[[d]])

% % V2[[d]] % *% Vinvyb[[d]]
yVinvw2VinvX <- yVinvw2VinvX + t(Vinvyb[[d]])

% % V2[[d]] % *% VinvXb[[d]]

# F22

VinvW2VinvV2[[d]] <- Vdb.inv[[d]] % *% V2[[d]]
% % Vdb.inv[[d]] % *% V2[[d]]
tr.Vinvww2Vvinvww2 <- tr.Vinvw2VinvVv2
+ sum(diag(VinvW2VinvV2[[d]]))

XViNVW2VinwW2VvinvX[[d]] <- t(VinvXb[d]]) % *% V2[[d]]
% % Vdb.invi[d]] % *% V2[[d]] % *% VinvXbi[d]]

# calculation of the elements function of V3 B
# derivatives of V_B with respect to rho

# F23.b

VinvW2VinvV3.b[[d]] <- Vdb.inv[[d]]

% % V2[[d]] % *% Vdb.nv[[d]] % *% V3.b[[d]]
tr.Vinvw2Vinvw3.b <- tr.VinvW2VinvV3.b

+ sum(diag(VinvV2VinvV3.b[[d]]))

XVinvwW2VinvV3VinvX.b[[d]] <- t(VinvXb[[d]])
% % V2[[d]] % *% Vdb.inv[[d]]
% % V3.b[[d]] % =% VinvXb[[d]]

if (Flag==1) {

ITER <- MAXITER
Flag <- 0
break }

V3 <- Vd.inv <- VinvX <- Vinvy <- VinvwW3 <- XVinvW3VinvX
<- VinvwW3Vinvv3 <- XVinvV3VinvwWw3VinvX <- list()

tr.VinvW3 <- SumxXxVinvw3VinvX <- yVinvX <- yVinvW3Vinvy
<- yVinwW3VinvX <- tr.VinvwwW3Vinw3 <- 0

Q.inv <- matrix(0, nrow=p, ncol=p)

for(d in 1:D) {

if (d <= Da){
### Matrix Omega and its derivatives ------------- A
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OmegakFirst.a <- matrix(0,nrow=mda[d],ncol=mda[d])
OmegakFirst.a[lower.tri(OmegaFirst.a)]

<- sequence((mda[d]-1):1) *rho”(sequence((mdald]-1):1)-1)
OmegakFirst.a <- OmegaFirst.a + t(OmegaFirst.a)
OmegakFirst.a <- (1/(1-rho"2)) * OmegakFirst.a
OmegakFirst.a <- OmegaFirst.a
+ (2 xrho / (1-rh0”2)) * Omega.a

V3[[d]] <- sigma.fa * OmegakFirst.a}

if (d > Da){
### Matrix Omega and its derivatives ------------- B

OmegakFirst.b <- matrix(0,nrow=md[d],ncol=md[d])
OmegakFirst.b[lower.tri(OmegaFirst.b)]
<- sequence((md[d]-1):1) *rho”(sequence((md[d]-1):1)-1)
OmegakFirst.b <- OmegaFirst.b + t(OmegaFirst.b)
OmegakFirst.b <- (1/(1-rho"2)) * OmegakFirst.b
OmegakFirst.b <- OmegaFirst.b

+ (2 xrho / (1-rh0”2)) * Omega.b
V3[[d]] <- sigma.fb * OmegakFirst.b}

if (d <= Da)

vd <-(sigma.fa * Omega.a + diag(sigma2edt[ia[[d]]]))
else

vd <-(sigma.fb * Omega.b + diag(sigmaz2edt[i[[d]]]))

if (abs(det(vd))<0.000000001 || abs(det(vd))>100000000 00) {
Flag <- 1
Bad <- Bad + 1
break }

### Inverse matrix of the variance and submatrices
Vd.inv[[d]] <- solve(vd)

### Product between V*-1 d and X d
### for all d submatrices
VinvX[[d]] <- Vd.inv[[d]] % * 00 Xd[[d]]

### Product between V-1 d and vy d
### for all d submatrices
Vinvy[[d]] <- Vd.inv[[d]] % + %0 yd[[d]]

### Inverse of Q. Next we calculate Q

Q.nv <- Q.inv + t(Xd[[d]]) % *% VinvX[[d]]

# calculation of the elements function of V3
# derivatives of V (total) with respect to rho
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# S3

VinvV3[[d]] <- Vd.inv[[d]] % *% V3[[d]]
tr.VinvW3 <- tr.Vinvww3 + sum(diag(VinvV3[[d]]))

XVinvW3VinvX[[d]] <- t(VinvX[[d]]) % *% V3[[d]]
% % VinvX[[d]]
SumXVinvW3VinvX <- SumXVinvv3VinvX + XVinvV3VinvX[[d]]

yVinvX <- yVinvX + t(yd[[d]]) % *% VinvX[[d]]
yVinvW3Vinvy <- yVinvW3Vinvy + t(Vinvy[[d]])

% % V3[[d]] % *% Vinvy[[d]]
yVinvW3VinvX <- yVinvW3VinvX + t(Vinvy[[d]])

% % V3[[d]] % *% VinvX[[d]]

# F33

VinvV3VinvV3[[d]] <- Vd.inv[[d]] % *% V3[[d]]
% % Vd.inv[[d]] % *% V3[[d]]
tr.VinvW3Vinw3 <- tr.Vinvw3VinvV3
+ sum(diag(VinvV3VinvV3[[d]]))

XVinvwW3VinvV3VinvX[[d]] <- t(VinvX[[d]]) % *9% V3[[d]]
% % Vd.inv[[d]] % *% V3[[d]] % *% VinvX[[d]]
}
if (Flag==1) {
ITER <- MAXITER
Flag <- 0
break }

### Calculation of Q
Q <- solve(Q.inv)

tr. XVinvW1VinvXQ <- tr.XVinvwW1VinvW1VinvXQ <- XVinvV1Vi nvxXQ
<- tr.XVinvW1Vinvww3VinvX.aQ <- 0

for(d in 1:Da){

tr.XVinvwW1VinvXQ <- tr.XVinvwW1VinvXQ

+ sum(diag(XVinvV1VinvX[[d]] % *% Q))

tr. XVinvW1VinvwWwiVvinvXQ <- tr.XVinvV1Vinvwwi1VinvXQ

+ sum(diag(XVinvW1VinvV1VinvX[[d]] % *% Q))

XVinwW1VinvXQ <- XVinvwWi1VinvXQ + XVinvV1VinvX[[d]] % *% Q
tr.XVinvV1VinvW3VinvX.aQ <- tr.XVinvV1Vinvw3VinvX.aQ

}

+ sum(diag(XVinvW1VinvV3VinvX.a[[d]] % *% Q))

tr. XVinvV2VinvXQ <- tr.XVinvww2VinvW2VinvXQ <- XVinvV2Vi nvxQ
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<- tr.XVinvV2Vinvw3VinvX.bQ <- 0
for(d in 1:Db){
tr.XVinvW2VinvXQ <- tr.XVinvW2VinvXQ
+ sum(diag(XVinvV2VinvX[[d]] % *% Q))
tr.XVinvV2Vinvw2VinvXQ <- tr.XVinvV2Vinvw2VinvXQ

+ sum(diag(XVinvV2VinvV2VinvX[[d]] % *% Q))
XVinwW2VinvXQ <- XVinvW2VinvXQ + XVinvV2VinvX[[d]] % *% Q
tr.XVinvV2VinvV3VinvX.bQ <- tr.XVinvV2VinvW3VinvX.bQ

+ sum(diag(XVinvV2VinvV3VinvX.b[[d]] % *% Q))

}

tr. XVinvV3VinvXQ <- tr.XVinvV3VinvV3VinvXQ
<- XVinwW3VinvXQ <- 0
for(d in 1:D)Y
tr.XVinvV3VinvXQ <- tr.XVinvV3VinvXQ
+ sum(diag(XVinvV3VinvX[[d]] % *% Q))
tr. XVinvwW3VinwW3VinvXQ <- tr.XVinvw3Vinvw3VinvXQ

+ sum(diag(XVinvV3VinvV3VinvX[[d]] % *% Q))
XVIinwW3VinvXQ <- XVinvw3VinvXQ + XVinvV3VinvX[[d]] % *% Q
}
# Calculation of PV1, and yPV1Py - A
tr. XVinvV1VinvXQXVinvV1VinvXQ <- sum(diag(XVinvV1Vinv XQ
% % XVinvV1VinvXQ))
tr. XVinvV1VinvXQXVinvV2VinvXQ <- sum(diag(XVinvV1Vinv XQ
% % XVinvV2VinvXQ))
tr. XVinvV1VinvXQXVinvV3VinvXQ <- sum(diag(XVinvV1Vinv XQ

% % XVinvV3VinvXQ))

tr.PV1 <- tr.Vinvwwl - tr.XVinvw1VinvXQ

tr.PV1PV1 <- tr.VinvwwiVinwl - 2 * tr.XVinvV1VinvW1VinvXQ
+ tr.XVinvW1VinvXQXVinvV1VinvXQ

tr.PVIPV2 <- tr.XVinvW1VinvXQXVinvV2VinvXQ

tr.PV1PV3 <- tr.VinvwwlVinw3.a - 2 * tr.XVinvW1Vinvw3VinvX.aQ
+ tr.XVinvW1VinvXQXVinvV3VinvXQ

yPV1Py <- yVinvwW1Vinvy - yVinvwW1VinvX % *% Q %% t(yVinvXa)
- yVinvXa % *% Q %0 t(yVinvw1VinvX) + yVinvXa
%% Q %P6 SumXVinwWlVinvX %% Q %% t(yVinvXa)

# Calculation of PV2 and yPV2Py ~  -----mem- B
tr. XVinvV2VinvXQXVinvV2VinvXQ <- sum(diag(XVinvV2Vinv XQ

% % XVinvV2VinvXQ))
tr. XVinvV2VinvXQXVinvV1VinvXQ <- sum(diag(XVinvV2Vinv XQ
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% % XVinvV1VinvXQ))
tr. XVinvV2VinvXQXVinvV3VinvXQ <- sum(diag(XVinvV2Vinv XQ
% % XVinvV3VinvXQ))

tr.PV2 <- tr.Vinvww2 - tr.XVinvw2VinvXQ

tr.PV2PV2 <- tr.Vinvww2Vinw2 - 2 *  tr.XVinvv2Vinvw2VinvXQ
+ tr.XVinvW2VinvXQXVinvV2VinvXQ

tr.PV2PV1 <- tr.XVinvW2VinvXQXVinvV1VinvXQ

tr.PV2PV3 <- tr.VinvwW2Vinw3.b - 2 *  tr.XVinvVv2Vinvw3VinvX.bQ
+ tr.XVinvW2VinvXQXVinvV3VinvXQ

yPV2Py <- yVinvwW2Vinvy - yVinvww2VinvX % *% Q %% t(yVinvXb)
- yinvXb % *% Q %0 t(yVinvw2VinvX) + yVinvXb
% % Q %P6 SumXVinvV2VinvX %+ % Q %6 t(yVinvXb)

# Calculation of PV3 and yPV3Py = - TOTAL A and B

tr. XVinvV3VinvXQXVinvV3VinvXQ <- sum(diag(XVinvV3Vinv XQ
% % XVinvV3VinvXQ))

tr.PV3 <- tr.Vinvww3 - tr.XVinvw3VinvXQ
tr.PV3PV3 <- tr.Vinvw3Vinw3 - 2 * tr.XVinvV3VinvW3VinvXQ
+ tr.XVinvV3VinvXQXVinvV3VinvXQ

yPV3Py <- yVinvW3Vinvy - yVinvwW3VinvX % *% Q %6 t(yVinvX)
- yinvX % *% Q %6 t(yVinvv3VinvX) + yVinvX
% % Q %P6 SumXVinvV3VinvX %% Q %0 t(yVinvX)

# Scores and elements of Fisher information Matrix
# F11, F22, F12, F33, F44, F34 for A /| B

S1 <- -05 = PVl + 05 =« yPV1Py
S2 <- -05 = trPV2 + 05 * yPV2Py
S3 <- -05 = trPV3 + 05 * yPV3Py

Ssig <- ¢(S1, S2, S3)

F11 <- 05 =« tr.PV1iPV1
F22 <- 05 =« tr.PV2PV2
F12 <- 0.5 = tr.PV1PV2

F13 <- 0.5 = tr.PV1PV3
F23 <- 05 =« tr.PV2PV3
F33 <- 05 =« tr.PV3PV3
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}

# FINAL Fisher information Matrix
Fsig <- matrix(c(F11, F12, F13, F12, F22,
F23, F13, F23, F33),ncol=3)
SumFsig <- abs(sum(Fsig))
# print(det(Fsig))
if (abs(det(Fsig))<0.000000001 || SumFsig > 10000000) {
# print(ITER)
ITER <- MAXITER
Bad <- Bad + 1
break }

# print(ITER)
Fsig.inv <- solve(Fsig)

# Fisher-Scoring Algorithm
dif <- Fsig.inv % *% Ssig

B R
theta.f <- theta.f + dif

sigma.fa <- theta.f[1,1]
sigma.fb <- theta.f[2,1]
rho <- theta.f[3,1]

# Stopping criterion
# print(theta.f)

if(abs(dif[1,1])<0.00001 && abs(dif[2,1])<0.00001
&& abs(dif[3,1])<0.00001)
break

print(Q)

print(sigma.fa)

print(sigma.fb)

print(rho)

results3 <- data.frame(theta.f, Fsig)
results3 <- as.data.frame(t(results3))
write.table(results3, file="REML.txt", sep="\t")

HHHHHH R

x<-"ITER greater than 49"
z<-"ITER smaller than 49"
if (ITER>49) print(x) else print(z)

H*H H

if (sigma.fa < 0 || sigma.fbo < O || tho < -1 || rho > 1) {

HHHHHHHHHHHHH

251
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ITER <- MAXITER
Bad <- Bad + 1}

return(list(as.vector(theta.f), Fsig, ITER, Bad))
}

18.2.3 R code of BETA.U.area.corr

The R code of the functioBETA.U.area.corr is listed bellow.

RO AR A A A A AR R A A AR R A R AR 7 HHERGHAR AT HEHHH AT
Hit Area level Partitioned F-H model with correlated time ef fects

HHH Pagliarella model 2

### Author: Maria Chiara Pagliarella

### File name: EstimationBETAcorr.R

### Updated: July 2010

#HH

BHEH AR AR A A A AR R A A AR R A AR 7Y HHERGHAR AT HEHHH AT

BETA.U.area.corr <- function(X, ydt, D, Da, Db, md, mda, mdb ,
sigma2edt, sigmaua, sigmaub, rho) {

p <- ncol(X)

i <- list(1:md[1])
mdcum <- cumsum(md)
Db <- D-Da

for(d in 2:D)
i[[d]] <- (mdcum[d-1]+1):mdcum[d]

ia <- i[1:Da]
ib <- i[(Da+1):D]

yda <- Xda <- list()
for(d in 1:Da) {
yda[[d]] <- ydt[ia[[d]]
Xda[[d]] <- Xia[[d]],]

}
ydb <- Xdb <- list()
for(d in 1:Db) {
ydb[[d]] <- ydt[ib[[d]]
} Xdb[[d]] <- X[ib[[d]].]
yd <- Xd <- list()
for(d in 1:D) {
yd[[d]] <- ydt[i[[d]]
Xd[[d]] <- X[if[d]].]
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Vd.inv <- list()
Q.inv <- matrix(0, nrow=p, ncol=p)
XVy <-0

for (d in 1:D) {

## Elements of the variance matrix TOTAL (A & B)

if (d <= Da) {
Omega.a <- matrix(0,nrow=mda[d],ncol=mda[d])
Omega.a[lower.tri(Omega.a)] <- rho"sequence((mda[d]-1 ):1)
Omega.a <- Omega.a + t(Omega.a)
diag(Omega.a) <- 1
Omega.a <- (1/(1-rho"2)) * Omega.a
vd <-(sigmaua * Omega.a + diag(sigmaZ2edtfia[[d]]]))}

else {
Omega.b <- matrix(0,nrow=md[d],ncol=md[d])
Omega.b[lower.tri(Omega.b)] <- rho"sequence((md[d]-1) 1)
Omega.b <- Omega.b + t(Omega.b)
diag(Omega.b) <- 1
Omega.b <- (1/(1-rho"2)) * Omega.b
vd <-(sigmaub * Omega.b + diag(sigma2edt[i[[d]]]))}

### Inverse matrix of the variance and submatrices
Vd.inv[[d]] <- solve(vd)

### Product between Xt d, V™-1.d and y d for all d submatric es
XVy <- XVy + t(Xd[[d]]) % *0% Vd.inv[[d]] % *% yd[[d]]

### Inverse of Q. Next we calculate Q
Q.inv <- Q.inv + t(Xd[[d]]) % *% Vd.inv[[d]] % *% Xd[[d]]
}
# print(Omega.a)
# print(Omega.b)
# print(vd)

Q <- solve(Q.inv)

beta <- Q % *% XVy

ua <- ub <- list()
for(d in 1:Da){
ua[[d]] <- sigmaua * Omega.a % % Vd.inv[[d]]
% % (yda[[d]] - Xda[[d]] % * % beta)
}
for(d in 1:Db){
ub[[d]] <- sigmaub * Omega.b %% Vd.inv[[d]]
% % (ydb[[d]] - Xdb[[d]] % *% beta)
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ua<-as.matrix(unlist(ua))
ub<-as.matrix(unlist(ub))
u <- c(ua,ub)

return(c(beta,u))

18.2.4 R code of mse.area.corr

The R code of the functiomse.area.corris listed bellow.

BHEH AR AR A A A AR R A A AR R A R AR 7 HHEHGHAR AR AR
###  Area level Partitioned F-H model with correlated time ef fects

#tH Pagliarella model 2

### Author: Maria Chiara Pagliarella

### File name: EstimationMSEcorr.R

### Updated: July 2010

#it#

BRB R R H BHAH T

mse.area.corr <- function(X, D, Da, Db, md, mda, mdb, sigma2 edt,
sigmaua, sigmaub, rho, F11, F22, F33, F13, F23) {

p <- ncol(X)

i <- list(1:md[1])
mdcum <- cumsum(md)
Db <- D-Da

for(d in 2:D)X
i[[d]] <- (mdcum[d-1]+1):mdcum[d]
if (d<= Da) ia <- i[1:Da]
else ib <- i[(Da+1):D]

Xda <- list()
for(d in 1:Da) {
Xda[[d]] <- X[ia[[d]].]

i(db <- list()

for(d in 1:Db) {

} Xdb[[d]] <- X[ib[[d]].]
Xd <- list()

for(d in 1:D) {

} Xd[[d]] <- XIi[[d]].]
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HH B R R R B T B B T B R R HHHH
HHH Calculation of elements of g1, g2 and g3 FOR A

Omega.a <- OmegaFirst.a <- Vda.inv <- VinvOmega.a <-

VinvOmegakFirst.a <- OmegaVinvOmega.a <- OmegaVinvOmegaF irsta <-

OmegakFirstVinvOmegaFirst.a <- gl.a <- Sinv.a <- SinvXda <-
OmegaVinvOmegaSinvXda <- g2.1a <- g1l <- 13 <- g33a <- list(
for(d in 1:Da) {

### Elements of the variance matrix
Omega.a[[d]] <- matrix(0,nrow=mda[d],ncol=mda[d])

Omega.a[[d]][lower.tri(Omega.a[[d]])] <- rho"sequence ((mda[d]-1):1)

Omega.a[[d]] <- Omega.a[[d]] + t(Omega.a[[d]])
diag(Omega.a[[d]]) <- 1
Omega.a[[d]] <- (1/(1-rho”2)) * Omega.a[[d]]

vda <-(sigmaua * Omega.a[[d]] + diag(sigmaZ2edt[ia[[d]]]))
OmegakFirst.a[[d]] <- matrix(0,nrow=mda[d],ncol=mda][d] )

OmegakFirst.a[[d]][lower.tri(OmegaFirst.a[[d]])] <-
sequence((mdald]-1):1) * rho”(sequence((mda[d]-1):1)-1)

OmegakFirst.a[[d]] <- OmegakFirst.a[[d]] + t(OmegaFirst.a [[d1D

OmegakFirst.a[[d]] <- (1/(1-rho"2)) * OmegakFirst.a[[d]]
OmegaFirst.a[[d]] <- OmegaFirst.a[[d]] +
(2 xrho / (1-rh0"2)) * Omega.a[[d]]

### Inverse matrix of the variance and submatrices
Vda.inv[[d]] <- solve(vda)

### Product between V'-1_da and Omega_a

VinvOmega.a[[d]] <- Vda.inv[[d]] % *% Omega.a[[d]]

### Product between V'-1_da and OmegaFirst_a
VinvOmegakFirst.a[[d]] <- Vda.inv[[d]] % *% OmegaFirst.a[[d]]
### Product between Omega.a, V-1 _da and Omega.a

OmegaVinvOmega.a[[d]] <- t(VinvOmega.a[[d]]) % *% Omega.a[[d]]

### Product of Omega_a with V-1 _da and OmegaFirst_a
OmegaVinvOmegaFirst.a[[d]] <- Omega.a[[d]] % *% Vda.inv[[d]]
% % OmegaFirst.a [[d]]
### Product of OmegaFirst_a with V°-1_da and OmegaFirst_a
OmegakFirstVinvOmegakFirst.a[[d]] <- OmegakFirst.a[[d]]
% % Vda.inv[[d]] % *% OmegaFirst.a[[d]]

gl.a[[d]] <- (sigmaua * Omega.a[[d]]) - ((sigmaua)’2 *
OmegaVinvOmega.a[[d]]) ### Calculation of gl _a

### Elements of the variance matrix Sigma_ed_a
sed.a <- sigma2edtfia[[d]]]
### Inverse matrix of Sigma_ed for all d submatrices_a

)
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Sinv.a[[d]] <- diag(1l/sed.a)
### Product between Sigma_a™-1 ed and X_da for all d submatr ices_a
SinvXda[[d]] <- Sinv.a[[d]] % * % Xda[[d]]
### Product Omega.a with V*-1_da for Omega.a
### and Sigma™1_ed for X da for all submatrices
OmegaVinvOmegaSinvXda[[d]] <- OmegaVinvOmega.a[[d]]
% % SinvXda[[d]]

### First part of g2_a (the second is its transpose)

g2.1a[[d]] <- Xda[[d]] - sigmaua * Omega.a[[d]]
% % SinvXda[[d]] + (sigmaua“2) *
OmegaVinvOmegaSinvXda[[d]]

### Elements gll, g22 and gl12 for calcultion of g3_a

gll[[d]] <- OmegaVinvOmega.a[[d]] - 2 * sigmaua *
OmegaVinvOmega.a[[d]] % =*% VinvOmega.a[[d]] +
(sigmaua)™2 * OmegaVinvOmega.a[[d]] % +*%
Vda.inv[[d]] % *% OmegaVinvOmega.a[[d]]

g13[[d]] <- sigmaua * OmegaVinvOmegaFirst.a[[d]] - (sigmaua) 2 *
OmegaVinvOmegaFirst.a[[d]] % *% VinvOmega.a[[d]] -
(sigmaua)™2 * OmegaVinvOmega.a[[d]] % *%
VinvOmegakFirst.a[[d]] + (sigmaua)’3 *
OmegaVinvOmega.a[[d]] % *% VinvOmegaFirst.a[[d]]
% % VinvOmega.a[[d]]

g33a[[d]] <- (sigmaua)2 * OmegaFirstVinvOmegaFirst.a[[d]] -
2 * (sigmaua)’3 * OmegaVinvOmegaFirst.a[[d]] % * %
VinvOmegakFirst.a[[d]] + (sigmaua)™4 *
OmegaVinvOmegaFirst.a[[d]] % *% Vda.nv[[d]] % *%
t(OmegaVinvOmegaFirst.a[[d]])

B R B R B B T R T B HHH
#H# Calculation of elements of g1, g2 and g3 FOR B

Omega.b <- OmegaFirst.b <- Vdb.inv <- VinvOmega.b <-

VinvOmegaFirst.b <- OmegaVinvOmega.b <- OmegaVinvOmegaF irstb <-
OmegaFirstVinvOmegaFirst.b <- gl.b <- Sinv.b <- SinvXdb <-
OmegaVinvOmegaSinvXdb <- g2.1b <- 22 <- g23 <- q33b <- list( )
for(d in 1:Db) {

### Elements of the variance matrix

Omega.b[[d]] <- matrix(0,nrow=mdb[d],ncol=mdb[d])
Omega.b[[d]][lower.tri(Omega.b[[d]])] <- rho"sequence ((mdb[d]-1):1)
Omega.b[[d]] <- Omega.b[[d]] + t(Omega.b[[d]])

diag(Omega.b[[d]]) <- 1

Omega.b[[d]] <- (1/(1-rho”2)) * Omega.b[[d]]
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vdb <-(sigmaub  * Omega.b[[d]] + diag(sigmaZ2edt[ib[[d]]]))

OmegakFirst.b[[d]] <- matrix(0,nrow=mdb[d],ncol=mdb][d] )
OmegakFirst.b[[d]][lower.tri(OmegaFirst.b[[d]])] <-
sequence((mdb[d]-1):1) *rho”(sequence((mdb[d]-1):1)-1)
OmegakFirst.b[[d]] <- OmegaFirst.b[[d]] + t(OmegaFirst.b [[d1D
OmegakFirst.b[[d]] <- (1/(1-rho"2)) *  OmegakFirst.b[[d]]
OmegaFirst.b[[d]] <- OmegaFirst.b[[d]] +
(2 xrho / (1-rh0"2)) * Omega.b[[d]]

### Inverse matrix of the variance and submatrices
Vdb.inv[[d]] <- solve(vdb)

### Product between V™-1_db and Omega b
VinvOmega.b[[d]] <- Vdb.inv[[d]] % *% Omega.b[[d]]
### Product between V'-1_db and OmegaFirst_b
VinvOmegakFirst.b[[d]] <- Vdb.inv[[d]] % *% OmegaFirst.b[[d]]
### Product between Omega.b, V-1 _db and Omega.b
OmegaVinvOmega.b[[d]] <- t(VinvOmega.b[[d]]) % *% Omega.b[[d]]
### Product of Omega_b with V-1 _db and OmegaFirst b
OmegaVinvOmegaFirst.b[[d]] <- Omega.b[[d]] % * 0%
Vdb.inv[[d]] % *% OmegaFirst.b [[d]]
### Product of OmegaFirst_b with V*-1_db and OmegaFirst_b
OmegakFirstVinvOmegaFirst.b[[d]] <- OmegaFirst.b[[d]] % *0p
Vdb.inv[[d]] % * 9% OmegaFirst.b[[d]]

### Calculation of g1 b
gl.b[[d]] <- (sigmaub * Omega.b[[d]]) - ((sigmaub)™2 *
OmegaVinvOmega.b[[d]])

### Elements of the variance matrix Sigma_ed b

sed.b <- diag(sigma2edt[ib[[d]]])

### Inverse matrix of Sigma_ed for all d submatrices_b
Sinv.b[[d]] <- solve(sed.b)

### Product between Sigma b™-1 ed and X_db for all d submatr ices b
SinvXdb[[d]] <- Sinv.b[[d]] % +* %0 Xdb[[d]]
### Product Omega.b with V-1 _db for Omega.b and Sigma™-1 e d
### for X_db for all submatrices
OmegaVinvOmegaSinvXdb[[d]] <- OmegaVinvOmega.b[[d]] % * % SinvXdb[[d]]
### First part of g2 _b (the second is its transpose)
g2.1b[[d]] <- Xdb[[d]] - sigmaub * Omega.b[[d]] % *%
SinvXdb[[d]] + (sigmaub2) * OmegaVinvOmegaSinvXdb[[d]]

### Elements 33, g44 and g34 for calcultion of g3_b
g22[[d]] <- OmegaVinvOmega.b[[d]] - 2 * sigmaub  *
OmegaVinvOmega.b[[d]] % *% VinvOmega.b[[d]] +
(sigmaub)™2 * OmegaVinvOmega.b[[d]] % +*% Vdb.inv[[d]] % *%
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OmegaVinvOmega.b[[d]]

g23[[d]] <- sigmaub * OmegaVinvOmegaFirst.b[[d]] - (sigmaub) 2 *
OmegaVinvOmegaFirst.b[[d]] % *% VinvOmega.b[[d]] -
(sigmaub)™2 * OmegaVinvOmega.b[[d]] % *%
VinvOmegakFirst.b[[d]] + (sigmaub)’3 *
OmegaVinvOmega.b[[d]] % =*% VinvOmegaFirst.b[[d]] % *%
VinvOmega.b[[d]]

g33b[[d]] <- (sigmaub)2 * OmegaFirstVinvOmegaFirst.b[[d]] -
2 * (sigmaub)’3 * OmegaVinvOmegaFirst.b[[d]] % *%
VinvOmegakFirst.b[[d]] + (sigmaub)’4 *
OmegaVinvOmegaFirst.b[[d]] % *% Vdb.inv[[d]] % *%
t(OmegaVinvOmegakFirst.b[[d]])

# CALCULATION of Q

Vd.inv <- VinvX <- list()
Q.inv <- matrix(0, nrow=p, ncol=p)

for(d in 1:D) {

## Elements of the variance matrix TOTAL (A & B)

if (d <= Da) {
Omega.a <- matrix(0,nrow=mda[d],ncol=mda[d])
Omega.a[lower.tri(Omega.a)] <- rho"sequence((mda[d]-1 ):1)
Omega.a <- Omega.a + t(Omega.a)
diag(Omega.a) <- 1
Omega.a <- (1/(1-rho"2)) * Omega.a
vd <-(sigmaua * Omega.a + diag(sigma2edt[ia[[d]]]))}

else {
Omega.b <- matrix(0,nrow=md[d],ncol=md[d])
Omega.b[lower.tri(Omega.b)] <- rho"sequence((md[d]-1) 1)
Omega.b <- Omega.b + t(Omega.b)
diag(Omega.b) <- 1
Omega.b <- (1/(1-rho"2)) * Omega.b
vd <-(sigmaub * Omega.b + diag(sigma2edt[i[[d]]])}

### Inverse matrix of the variance and submatrices
Vd.inv[[d]] <- solve(vd)

### Inverse of Q. Next we calculate Q

Q.inv <- Q.inv + t(Xd[[d]]) % «% Vdinv[d]] % =% Xd[[d]]
}

Q <- solve(Q.inv)

# Calculation of MSE_A
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Fsig.a <- matrix(c(F11, F13, F13, F33),ncol=2)
gla <- g2a <- g3a <- list()
for(d in 1:Da){
gla[[d]] <- diag(g1.a[[d]])
g2a[[d]] <- diag(g2.1a[[d]] % *% Q %P t(g2.1a[[d]]))
q11[[d]] <- diag(q11[[d]])
q13[[d]] <- diag(q13([d]])
} q33a[[d]] <- diag(q33a[[d]])
for(d in 1:Da){
g3a[[d]] <- vector()
for(i in 1:mda[d]){
g3a[[d][i] <- sum(diag(matrix(c(ql1[[d]][i],
rep(q13([[d]][i].2),a33a[[d]][i]),
nrow=2) % * % solve(Fsig.a)))

# Calculation of MSE_B

Fsig.b <- matrix(c(F22, F23, F23, F33),ncol=2)
glb <- g2b <- g3b <- list()
for(d in 1:Db){
g1b[[d]] <- diag(g1.b[[d]])
g2b[[d]] <- diag(g2.1b[[d]] % *% Q % t(g2.1b[[d]]))
q22[[d]] <- diag(q22[[d]])
q23([[d]] <- diag(q23([d]])
} q33b[[d]] <- diag(q33b[[d]])
for(d in 1:Db){
g3b[[d]] <- vector()
for(i in L:mdb[d]){
g3b[[d]][i] <- sum(diag(matrix(c(g22[[d]][i],
rep(q23[[d]][i],2),a33b[[d]][i]),
nrow=2) % * % solve(Fsig.b)))

}

}

gla <- unlist(gla)
glb <- unlist(glb)
g2a <- unlist(g2a)
g2b <- unlist(g2b)
g3a <- unlist(g3a)
g3b <- unlist(g3b)
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# Calculation of MSE

mse.a <- gla + g2a + 2 * (g3a
mse.b <- glb + g2b + 2 * g3b
mse <- c(mse.a, mse.b)

return(mse)

18.2.5 R code of Interval.corr

The R code of the functiomterval.corr for the confidence intervals ammvalues is listed bellow.

BRBH R H BHAH T
###  Area level Partitioned F-H model with correlated time ef fects

HHH Pagliarella model 2

### Author: Maria Chiara Pagliarella

### File name: IC.corr.R

### Updated: August 2010

#it#

BRBH R H BHAH T

Interval <- function(Fisher, conf=0.95) {
alfa <- 1-conf
k <- 1-alfa/2

z <- gnorm(k)

Finv <- solve(Fisher[[2]])

sigma.a.std.err <- z * sgrt(Finv[1,1])
sigma.b.std.err <- z * sgrt(Finv[2,2])
sigma.ab.std.err <- z *sgrt(Finv[1,1] + Finv[2,2] - 2 * Finv[1,2])

rho.std.err <- z * sgrt(Finv[3,3])
beta.std.err <- z * sgrt(as.vector(diag(Fisher[[5]])))

infoeta <- betaO.hat - beta.std.err
supbeta <- betaO.hat + beta.std.err
testbeta <- beta0O.hat - beta.std.err < 0
& betaO.hat + beta.std.err > 0

infsigmaua <- sigmaua.hat - sigma.a.std.err
supsigmaua <- sigmaua.hat + sigma.a.std.err
testsigmaua <- sigmaua.hat - sigma.a.std.err < 0

& sigmaua.hat + sigma.a.std.err > 0

infsigmaub <- sigmaub.hat - sigma.b.std.err
supsigmaub <- sigmaub.hat + sigma.b.std.err
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testsigmaub <- sigmaub.hat - sigma.b.std.err < 0
& sigmaub.hat + sigma.b.std.err > 0

infdif.sigma <- (sigmaua.hat - sigmaub.hat)
- sigma.ab.std.err
supdif.sigma <- (sigmaua.hat - sigmaub.hat)
+ sigma.ab.std.err
testdif.sigma <- (sigmaua.hat - sigmaub.hat)
- sigma.ab.std.err < 0
& (sigmaua.hat - sigmaub.hat)
+ sigma.ab.std.err > 0

infrho <- rho.hat - rho.std.err
suprho <- rho.hat + rho.std.err
testrho <- rho.hat - rho.std.err < 0
& rho.hat + rho.std.err > 0

return(list(

sigma.a.std.err, sigma.b.std.err, sigma.ab.std.err,
rho.std.err, beta.std.err,

infbeta, supbeta, testbeta,

infsigmaua, supsigmaua, testsigmaua,
infsigmaub, supsigmaub, testsigmaub,
infdif.sigma, supdif.sigma, testdif.sigma,

infrho, suprho, testrho))

}

pvalueBeta.corr <- function(beta0O.hat, Fisher) {
z <- abs(betaO.hat) / sqrt(as.vector(diag(Fisher[[5]])) )
p.beta <- pnorm(z, lower.tail=F)
return( 2 *p.beta )

}

18.3 R code for the partitioned Fay-Herriot model 3

18.3.1 R code of H3area

The R code of the functioH3areais listed bellow.

B R H R R B
HitH Area level Partitioned F-H model with correlated time ef fects

#H# Pagliarella model 3

### Author: Maria Chiara Pagliarella

### File name: H3.R

### Updated: May 2010

H#HitH

B R R R R R R B
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H3area <- function(X, ydt, D, md, sigma2edt) {

p <- ncol(X)
i <- list(1:md[1])
mdcum <- cumsum(md)

for(d in 2:D)
i[[d]] <- (mdcum[d-1]+1):mdcum[d]

yd < Xd < list()

for(d in 1:D) {
yd[[d]] <- ydt[i[[d]]]
} Xd[[d]] <- X{i[d]].]

Vd.inv <-  VinvX <- list()
Q2.inv <- XV2X <- matrix(0, nrow=p, ncol=p)
yVX <- 0

for(d in 1:D) {

### Elements of the variance matrix
vd <- sigmazedt[i[[d]]]

### Inverse matrix of the variance and submatrices
Vvd.inv[[d]] <- diag(1/vd)

### Product between V*-1 ed and X d
### for all d submatrices
VinvX[[d]] <- Vd.inv[[d]] % * 9% Xd[[d]]

### Inverse of Q2. Next we calculate Q2
Q2.inv <- Q2.inv + t(Xd[[d]]) % *% VinvX[[d]]

### Sum in d of the product between vyt d, V-1 d and X d
YWX <- yWX + yd[[d]] % *% VinvX[[d]]
}

Q2 <- solve(Q2.inv)

tr.Xv2xQz2 <- 0

for(d in 1:D)

tr.XV2XQ2 <- tr.XV2XQ2 + sum(diag( t(VinvX[[d]]) % *% VinvX[[d]] % *% Q2))
tr.P2 <- sum(1l/sigma2edt) - tr.XV2XQ2

yP2y <- sum(ydt"2/sigma2edt) - yVX % *% Q2 %% t(yVX)

sigma.u <- (yP2y - (M-p))/itr.P2

return(as.vector(sigma.u))
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18.3.2 R code of REMLarea.2corr

The R code of the functioREMLarea.2corr is listed bellow.

B R H R R B
HitH Area level Partitioned F-H model with correlated time ef fects

#H# Pagliarella model 3

### Author: Maria Chiara Pagliarella

### File name: REML2corr.R

### Updated: July 2010

HiH

R A A R A A A AR A R HHEAHHAR R AR AT

REMLarea.2corr <- function(X, ydt, D, Da, Db, md, mda, mdb,
sigma2edt, sigma.0 = sigma.0, MAXITER = 100) {

sigma.fa <- sigma.0

sigma.fb <- 0.8 # sigma.O

rho.fa <- 0.75

rho.fb <- 0.25

theta.f <- as.vector(c(sigma.fa, rho.fa, sigma.fb, rho.f b))

p <- ncol(X)

i <- list(1:md[1])
mdcum <- cumsum(md)
Db <- D-Da

for(d in 2:D)Y
i[[d]] <- (mdcum[d-1]+1):mdcum[d]
if (d<= Da) ia <- i[1:Da]
else ib <- i[(Da+1):D]

}

yda <- Xda <- list()
for(d in 1:Da) {

yda([[d]] <- ydt[ia[[d]]]
} Xda[[d]] <- Xia[[d]].]
ydb <- Xdb <- list()
for(d in 1:Db) {

ydb{[d]] <- ydt[ib[[d]]]
} Xdb([[d]] <- X[ib[[d]].]
yd <- Xd <- list()
for(d in 1:D) {

yd[[d]] <- yat[i[[d]]]
} Xd[[d]] <- X[if[d]].]

Bad <- Flag <- 0
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for(TER in 1:MAXITER) {

V1 <- V2 <- Vda.inv <- VinvXa <- Vinvya <- Vinw1l <-

XVinwW1VinvX <- Vinww2 <- XVinwW2VinvX <- VinwW1Vinwl <-
XVinwW1VinwWwiVinvX <- Vinvww2Vinw2 <- XVinvW2VinvW2Vinv X <-
VinwWi1Vinvww2 <- XVinvW1Vinvw2VinvX <- list()

tr.VinvwWl <- yVinvXa <- yVinvwW1Vinvy <- yVinvW1VinvX <-

SumXVinvW1VinvX <- tr.Vinvww2 <- yVinvww2Vinvy <- yVinvV2Vi nvX <-
SumXVinvv2VvinvX <- tr.VinvwW1Vinvwl <- tr.Vinvww2Vvinw2 <-

tr.Vinvww1Vinw2 <- 0

for(d in 1:Da) {

### Matrix Omega and its derivatives ------------- A
Omega.a <- matrix(0,nrow=mda[d],ncol=mda[d])
Omega.a[lower.tri(Omega.a)] <- rho.fa"sequence((mdald ]-1):1)

Omega.a <- Omega.a + t(Omega.a)
diag(Omega.a) <- 1

Omega.a <- (1/(1-rho.fa”2)) * Omega.a
V1[[d]] <- Omega.a

### Derivatives
OmegakFirst.a <- matrix(0,nrow=mda[d],ncol=mda[d])
OmegakFirst.a[lower.tri(OmegaFirst.a)] <-

sequence((mdald]-1):1) *rho.fa”(sequence((mda[d]-1):1)-1)
OmegakFirst.a <- OmegaFirst.a + t(OmegaFirst.a)

OmegakFirst.a <- (1/(1-rho.fa"2)) * OmegaFirst.a
OmegaFirst.a <- OmegaFirst.a +

(2 xrho.fa / (1-rho.fa™2)) * Omega.a
V2[[d]] <- sigma.fa * OmegakFirst.a

### Elements of the variance matrix
Vda <- (sigma.fa * Omega.a + diag(sigma2edt[ia[[d]]]))

if (abs(det(Vda))<0.000000001 || abs(det(Vda))>1000000 0000) {
Flag <- 1
Bad <- Bad+l
break }

### Inverse of variance matrix
Vda.inv[[d]] <- solve(Vda)

### Product between V°-1 da and X da
### for all d submatrices
VinvXa[[d]] <- Vda.inv[[d]] % * % Xda[[d]]

### Product between V-1 da and vy da
### for all d submatrices
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Vinvya[[d]] <- Vda.inv[[d]] % *% yda[[d]]
# calculation of the elements function of V1
# derivatives of V with respect to sigma™2_A

# Sl

Vinw1[[d]] <- Vda.inv[[d]] % *% V1[[d]]
tr.Vinvww1l <- tr.Vinwwl + sum(diag(VinvV1[[d]]))

XVinvwWaVinvX[[d]] <- t(VinvXa[[d]]) % *% VI1[[d]]
% % VinvXa[[d]]
SumXVinvwW1VinvX <- SumXVinvV1VinvX + XVinvV1VinvX[[d]]

yVinvXa <- yVinvXa + t(yda[[d]]) % *9% VinvXa[[d]]

yVinvW1Vinvy <- yVinvwW1Vinvy + t(Vinvya[[d]]) % * %

VI[[d]] % *% Vinvya[[d]]

yVinvW1VinvX <- yVinvW1VinvX + t(Vinvya[[d]]) % * %

V1[[d]] % =% VinvXa[[d]]
# calculation of the elements function of V2
# derivatives of V with respect to rho_A
# S2

VinvwW2[[d]] <- Vda.inv[[d]] % *% V2[[d]]
tr.Vinvww2 <- tr.Vinvww2 + sum(diag(VinvVv2[[d]]))

XVinW2Vinvx[[d]] <- t(VinvXa[[d]]) % «% V2[[d]] % *% VinvXa[[d]]

SumXVinvV2VinvX <- SumXVinvW2VinvX + XVinvV2VinvX[[d]]

yVinvv2Vinvy <- yVinvww2Vinvy + t(Vinvya[[d]]) % * %

V2[[d]] % *% Vinvya[[d]]

yVinvw2VvinvX <- yVinvw2VinvX + t(Vinvya[[d]]) % * %

V2[[d]] % +% VinvXa[[d]]

# F11

VInW1VinwWi1[[d]] <- Vda.inv[[d] % «% V1[[d]] % *%

Vda.inv[[d]] % *% VI1[[d]]
tr.Vinvw1Vvinvwwl <- tr.Vinvwi1VinvVvl +
sum(diag(VinvV1VinvVv1[[d]]))

XVInW1VinWaVinvX[[d]] <- t(VinvXa[d]]) % %

V[[d]] % +% Vdainv[[d]] % *% V1[[d]] % *% VinvXad]]
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# F22

VinvW2VinvV2[[d]] <- Vda.inv[[d]] % *% V2[[d]] % *%
Vda.inv[[d]] % *00 V2[[d]]
tr.Vinvw2Vvinw2 <- tr.Vinvww2vinw2 +
sum(diag(VinvV2VinvVv2[[d]]))

XVinwW2VinvW2VinvX[[d]] <- t(VinvXa[[d]]) % * %
V2[[d]] % *% Vda.inv[[d]] % *% V2[[d]] % *%
VinvXa[[d]]

# F12

VinvwW1VinvwW2[[d]] <- Vda.inv[[d]] % *% VI1[[d]] % *%

Vda.inv[[d]] % *% V2[[d]]
tr.VinvwW1Vinvv2 <- tr.VinvW1Vinvw2 +
sum(diag(VinvV1VinvV2[[d]]))

XVinwW1VinvV2VinvX[[d]] <- t(VinvXa[[d]]) % *9% V1[[d]]
% % Vda.inv[[d]] % *% V2[[d]] % =*% VinvXa[[d]]
}
if (Flag==1) {
ITER <- MAXITER
Flag <- 0
break }

V3 <- V4 <- Vdb.inv <- VinvXb <- Vinvyb <- Vinw3 <-

XVinvW3VinvX <- Vinvw4 <- XVinvW4VinvX <- VinvwWw3Vinvww3 <-
XVinvW3Vinvw3VinvX <- Vinvww4Vinvw4 <- XVinvW4Vinvw4Vinv X <-
Vinvww3Vinw4 <- XVinvw3VinvW4VinvX <- list()

tr.VinvW3 <- yVinvXb <- yVinvwW3Vinvy <- yVinvww3VinvX <-

SumXVinvW3VinvX <- tr.Vinvww4 <- yVinww4Vinvy <- yVinvV4Vi nvX <-
SumXVinvww4VinvX <- tr.Vinvww3Vinvw3 <- tr.Vinvww4Vinw4 <-

tr.Vinvww3Vinvw4 <- 0

for(d in 1:Db) {

### Matrix Omega and its derivatives ------------- B
Omega.b <- matrix(0,nrow=mdb[d],ncol=mdb[d])
Omega.b[lower.tri(Omega.b)] <- rho.fb”sequence((mdb[d ]-1):1)

Omega.b <- Omega.b + t(Omega.b)
diag(Omega.b) <- 1

Omega.b <- (1/(1-rho.th™2)) * Omega.b
V3[[d]] <- Omega.b

### Derivatives
OmegakFirst.b <- matrix(0,nrow=mdb][d],ncol=mdb[d])
OmegakFirst.b[lower.tri(OmegaFirst.b)] <-

sequence((mdb[d]-1):1) * rho.fb”(sequence((mdb[d]-1):1)-1)
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OmegakFirst.b <- OmegaFirst.b + t(OmegaFirst.b)

OmegaFirst.b <- (1/(1-rho.fb"2)) * OmegakFirst.b
OmegakFirst.b <- OmegaFirst.b + (2 *rho.fb / (1-rho.fb™2)) *Omega.b
V4[[d]] <- sigma.fb * OmegakFirst.b

### Elements of the variance matrix

Vdb <- (sigma.fo  *Omega.b + diag(sigma2edt[ib[[d]]]))
#print(Vdb)

#print(sigma2edt[ib[[d]]])

#print(sigma.fb)

#print(Omega.b)

if (abs(det(Vdb))<0.000000001 || abs(det(Vdb))>1000000 0000) {
Flag <- 1
Bad <- Bad + 1
break }

### Inverse of variance matrix
Vdb.inv[[d]] <- solve(Vdb)

### Product between V™-1_db and X db
### for all d submatrices
VinvXb[[d]] <- Vdb.inv[[d]] % * 00 Xdb[[d]]

### Product between V-1 db and vy db
### for all d submatrices
Vinvyb[[d]] <- Vdb.inv[[d]] % *% ydb[[d]]

# calculation of the elements function of V3
# derivatives of V with respect to sigma™2_B

# S3

VinvW3[[d]] <- Vdb.inv[[d]] % *% V3[[d]]
tr.VinvwW3 <- tr.Vinvww3 + sum(diag(VinvV3J[[d]]))

XVinwW3aVinvX[[d]] <- t(VinvXb[[d]]) % *% V3[[d]]
% % VinvXbl[[d]]
SumXVinvW3VinvX <- SumXVinvV3VinvX + XVinvV3VinvX[[d]]

yVinvXb <- yVinvXb + t(ydb[[d]]) % *% VinvXbl[[d]]

yVinvw3Vinvy <- yVinvwW3Vinvy + t(Vinvyb[[d]]) % *% V3[[d]]
% % Vinvyb[[d]]

yVinvW3VinvX <- yVinvW3VinvX + t(Vinvyb[[d]]) % *9% V3[[d]]

% % VinvXb[[d]]

# calculation of the elements function of V4
# derivatives of V with respect to rho B
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# S4

Vinw4[[d]] <- Vdb.inv[[d]] % * % VA[[d]]
tr.Vinvww4 <- tr.Vinww4 + sum(diag(VinvVv4[[d]]))

XVinwWaVinvX[[d]] <- t(VinvXb[[d]]) % *% VA4[[d]]
% % VinvXb[[d]]
SumXVinvww4VinvX <- SumXVinvw4VinvX + XVinvV4VinvX[[d]]

yVinwwaVinvy <- yVinvwW4Vinvy + t(Vinvyb[[d]]) % *% VA[[d]]
% % Vinvyb[[d]]
yVinvww4VinvX <- yVinvw4VinvX + t(Vinvyb[[d]]) % *% VA[[d]]
% % VinvXbl[[d]]
# F33
VinvV3VinvV3[[d]] <- Vdb.inv[[d]] % *% V3[[d]] % *%
Vdb.inv[[d]] %  *% V3[[d]]
tr.VinvW3Vinvw3 <- tr.Vinvw3Vinvw3 + sum(diag(VinvV3Vin vW3[[d]])
XVinvwW3Vinww3VinvX[[d]] <- t(VinvXb[[d]]) % *% V3[[d]]
% % Vdb.inv[[d]] % *% V3[[d]] % *% VinvXb[[d]]
# F44
VinvwW4VinvV4[[d]] <- Vdb.inv[[d]] % *% VA4[[d]]

% % Vdb.inv[[d]] % *% VA4[[d]]
tr.Vinvw4Vvinvww4 <- tr.Vinvw4Vinvw4 +
sum(diag(Vinvv4VinvV4[[d]]))

XVINVWAVInWAVInvX[[d]] <- t(VinvXb[d]]) % «% VA[d]] % *%
vdb.inv[[d]] %  *% VA[[d]] % *% VinvXb[[d]]

# F34

VinW3aVinwa[[d]] <- Vdb.inv[[d] % «% V3[[d]]

% % Vdb.inv[[d]] % *% V4[[d]]
tr.Vinvw3Vinvw4 <- tr.Vinvw3Vinvw4 +
sum(diag(VinvV3VinvV4[[d]]))

XVInW3VInWaVvinvX[[d]] <- t(VinvXb[[d]]) % «% V3[[d]] % *%

vdbinv[[d]] %  *% VA[d]] % *% VinvXb[[d]]

if (Flag==1) {

ITER <- MAXITER
Flag <- 0
break }
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# CALCULATION of Q
Vd.inv <- VinvX <- list()
Q.inv <- matrix(0, nrow=p, ncol=p)

for(d in 1:D) {
## Elements of the variance matrix TOTAL (A & B)
if (d <= Da)
vd <-(sigma.fa * Omega.a + diag(sigma2edt[ia[[d]]]))

else
vd <-(sigma.fb * Omega.b + diag(sigma2edt[i[[d]]]))
if (abs(det(vd))<0.000000001 || abs(det(vd))>100000000 00) {
Flag <- 1
Bad <- Bad + 1
break }

### Inverse matrix of the variance and submatrices
Vd.inv[[d]] <- solve(vd)

### Product between V-1 ed and X d
### for all d submatrices
VinvX[[d]] <- Vd.inv[[d]] % * 00 Xd[[d]]

### Inverse of Q. Next we calculate Q
Q.inv <- Q.inv + t(Xd[[d]]) % *% VinvX[[d]]
}

if (Flag==1) {
ITER <- MAXITER
Flag <- 0
break }

Q <- solve(Q.inv)

tr. XVinvW1VinvXQ <- tr.XVinvw2VinvXQ <-

tr. XVinvW1VinvwwiVvinvXQ <- XVinvwWi1VinvXQ <-
tr. XVinvV2Vinvww2VinvXQ <- XVinvww2VinvXQ <-
tr.XVinvV1Vinvww2VinvXQ <- 0

for(d in 1:Da){
tr.XVinvW1VinvXQ <- tr.XVinvw1VinvXQ +
sum(diag(XVinvV1VinvX[[d]] % *% Q))
tr.XVinvWV2VinvXQ <- tr.XVinvw2VinvXQ +
sum(diag(XVinvV2VinvX[[d]] % *% Q))
tr.XVinvW1VinvwWwiVvinvXQ <- tr.XVinvW1VinvwWw1VinvXQ +
sum(diag(XVinvV1VinvWi1VinvX[[d]] % *% Q))
XVIinvWWiVinvXQ <- XVinvW1VinvXQ + XVinvW1VinvX[[d]] % *% Q
tr.XVinvV2Vinvww2VinvXQ <- tr.XVinvw2Vinvw2VvinvXQ +
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sum(diag(XVinvV2VinvW2VinvX[[d]] % *% Q))
XVIinwW2VinvXQ <- XVinvww2VinvXQ + XVinvV2VinvX[[d]] % *% Q
tr.XVinvW1Vinvww2VinvXQ <- tr.XVinvV1Vinvww2VinvXQ +

sum(diag(XVinvV1VinvW2VinvX[[d]] % *% Q))

}

tr.XVinvW3VinvXQ <- tr.XVinvww4VinvXQ <-

tr. XVinvV3VinvW3VinvXQ <- XVinvwWw3VinvXQ <-
tr.XVinvW4Vinvww4VvinvXQ <- XVinvww4VinvXQ <-
tr.XVinvV3Vinvww4VvinvXQ <- 0

for(d in 1:Db){
tr.XVinvW3VinvXQ <- tr.XVinvw3VinvXQ +
sum(diag(XVinvV3VinvX[[d]] % *% Q))
tr.XVinvW4VinvXQ <- tr.XVinvww4VinvXQ +
sum(diag(XVinvv4VinvX[[d]] % *% Q))
tr.XVinvV3Vinvww3VinvXQ <- tr.XVinvV3Vinvww3VinvXQ +
sum(diag(XVinvV3VinvW3VinvX[[d]] % *% Q))
XVIinwW3VinvXQ <- XVinvww3VinvXQ + XVinvV3VinvX[[d]] % *% Q
tr.XVinvW4VinwaVvinvXQ <- tr.XVinvW4Vinvww4VvinvXQ +
sum(diag(XVinvV4VinvW4VinvX[[d]] % *% Q))
XVIinwW4VinvXQ <- XVinvW4VinvXQ + XVinvw4VinvX|[[d]] % *% Q
tr.XVinvV3Vinww4VvinvXQ <- tr.XVinvV3Vinvww4VvinvXQ +
sum(diag(XVinvV3VinvW4VinvX[[d]] % *% Q))

}

# Calculation of PV1, PV2, yPV1Py and yPV2Py --------- A

tr. XVinvV1VinvXQXVinvwWwi1VinvXQ <-

sum(diag(XVinvW1VinvXQ% * %XVinvV1VinvXQ))
tr. XVinvV2VinvXQXVinvW2VinvXQ <-

sum(diag(XVinvV2VinvXQ% * %XVinvV2VinvXQ))
tr. XVinvV1VinvXQXVinvw2VinvXQ <-

sum(diag(XVinvW1VinvXQ% * %XVinvV2VinvXQ))

tr.PV1 <- tr.Vinwil - tr.XVinvww1VinvXQ

tr.PV2 <- tr.Vinvww2 - tr.XVinvw2VinvXQ

tr.PV1PV1 <- tr.VinwiVinwil - 2 * tr. XVinvww1VinvwwiVinvXQ +
tr. XVinvV1VinvXQXVinvW1VinvXQ

tr.PV2PV2 <- tr.Vinvww2Vinw2 - 2 * tr.XVinvW2Vinvww2VinvXQ +
tr. XVinvV2VinvXQXVinvW2VinvXQ

tr.PV1IPV2 <- tr.Vinvww1lVinw2 - 2 *  tr.XVinvwW1Vinvw2VinvXQ +
tr. XVinvV1VinvXQXVinvW2VinvXQ

yPV1Py <- yVinvwW1Vinvy - yVinvwW1VinvX % *% Q %% t(yVinvXa) -
yVinvXa % *% Q % t(yVinvw1lVinvX) + yVinvXa % *% Q %%
SumXVinvV1VinvX %*% Q %P6 t(yVinvXa)

yPV2Py <- yVinvwW2Vinvy - yVinvww2VinvX % *% Q %% t(yVinvXa) -
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yVinvXa % *% Q %P6 t(yVinvw2VinvX) + yVinvXa %

SumXVinvww2VinvX % +*% Q %% t(yVinvXa)

# Calculation of PV3, PV4, yPV3Py and yPV4Py --------- B

tr. XVinvV3VinvXQXVinvw3VinvXQ <-
sum(diag(XVinvV3VinvXQ %
tr. XVinvV4VinvXQXVinvww4VinvXQ <-
sum(diag(XVinvV4VinvXQ %
tr. XVinvV3VinvXQXVinvww4VinvXQ <-
sum(diag(XVinvV3VinvXQ %

tr.PV3 <- tr.Vinvww3 - tr.XVinvw3VinvXQ
tr.PV4 <- tr.Vinvww4 - tr.XVinvw4VinvXQ

tr.PV3PV3 <- tr.Vinvww3Vinw3 - 2

tr.PV4PV4 <- tr.Vinvw4Vinvw4 - 2

tr.PV3PV4 <- tr.Vinvw3Vinvw4 - 2

* 0 XVinvW3VinvXQ))
* 00 XVinwW4VinvXQ))

* 00 XVinwW4VinvXQ))

tr. XVinvV3VinvXQXVinvVv3VinvXQ

tr. XVinvV4VinvXQXVinvw4VinvXQ

tr. XVinvV3VinvXQXVinvw4VinvXQ

yPV3Py <- yVinvW3Vinvy - yVinvwWw3VinvX %

yVinvXb % *% Q %P6 t(yVinvV3VinvX) + yVinvXb %
SumXVinvW3VinvX %*% Q %% t(yVinvXb)

yPV4Py <- yVinvwW4Vinvy - yVinvwWw4VinvX %

yVinvXb % *% Q %P6 t(yVinvw4VinvX) + yVinvXb %
SumXVinvww4VvinvX % *% Q %% t(yVinvXb)

«% Q YPb

*  tr.XVinvV3Vinvw3VinvXQ +
*  tr.XVinvW4Vinvww4VvinvXQ +

*  tr.XVinvV3Vinvww4VvinvXQ +

*% Q %P6 t(yVinvXb) -

«% Q b

*% Q %96 t(yVinvXb) -

# Scores and elements of Fisher information Matrix
# F11, F22, F12, F33, F44, F34 for A/ B

S1
S2
S3
S4

-0.5
-0.5
-0.5
-0.5

* Xk *

tr.PV1 + 0.5
tr.PV2 + 0.5
tr.PV3 + 0.5
tr.PV4 + 0.5

Ssig <- ¢(S1, S2, S3, S4)

F11
F22
F12

F33
F44
F34

0.5
0.5
0.5

0.5
0.5
0.5

tr.PV1PV1
tr.PV2PV2
tr.PV1PV2

tr.PV3PV3
tr.PV4PV4
tr.PV3PV4

* yPV1Py
* yPV2Py
* yPV3Py
* yPV4Py

# Calculation of no-diagonal elements of Fisher informatio

«% Q Y%

n Matrix

271
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# F13, F23, F14, F24 for A and B

tr. XVinvV1VinvXQXVinvw3VinvXQ <-

sum(diag(XVinvW1VinvXQ % *% XVinvV3VinvXQ))
tr. XVinvV2VinvXQXVinvw3VinvXQ <-

sum(diag(XVinvW2VinvXQ % *% XVinvV3VinvXQ))
tr. XVinvV1VinvXQXVinvwWw4VinvXQ <-

sum(diag(XVinvwW1VinvXQ % *% XVinvV4VinvXQ))
tr. XVinvV2VinvXQXVinvww4VinvXQ <-

sum(diag(XVinvW2VinvXQ % *% XVinvV4VinvXQ))

tr.PV1PV3 <- tr.XVinvW1VinvXQXVinvV3VinvXQ
tr.PV2PV3 <- tr.XVinvW2VinvXQXVinvV3VinvXQ
tr.PV1PV4 <- tr.XVinvW1VinvXQXVinvV4VinvXQ
tr.PV2PV4 <- tr.XVinvV2VinvXQXVinvV4VinvXQ

F13 <- 0.5 =« tr.PV1PV3
F23 <- 05 = tr.PV2PV3
F14 <- 0.5 =« tr.PV1PV4
F24 <- 05 =« tr.PV2PV4

# FINAL Fisher information Matrix
Fsig <- matrix(c(F11, F12, F13, F14, F12, F22,
F23, F24, F13, F23, F33, F34,
F14, F24, F34, F44),ncol=4)
SumFsig <- abs(sum(Fsig))
# print(det(Fsig))
if (abs(det(Fsig))<0.000000001 || SumFsig > 10000000) {
# print(ITER)
ITER <- MAXITER
Bad <- Bad + 1
break }

# print(ITER)
Fsig.inv <- solve(Fsig)

# Fisher-Scoring Algorithm
dif <- Fsig.inv % *% Ssig

HH B R HH B R
theta.f <- theta.f + dif
sigma.fa <- theta.f[1,1]
sigma.fb <- theta.f[3,1]

rho.fa <- theta.f[2,1]
rho.fb <- theta.f[4,1]
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# Stopping criterion
# print(theta.f)

if(abs(dif[1,1])<0.00001 && abs(dif[2,1])<0.00001 &&
abs(dif[3,1])<0.00001 && abs(dif[4,1])<0.00001)
break

print(Q)

print(sigma.fa)

print(sigma.fb)

print(rho.fa)

print(rho.fb)

results3 <- data.frame(theta.f, Fsig)
results3 <- as.data.frame(t(results3))
write.table(results3, file="REML.txt", sep="\t")

HoHHHHHHH

x<-"ITER greater than 49"
z<-"ITER smaller than 49"
if (ITER>49) print(x) else print(z)

H*H H

}

if (sigma.fa < 0 || sigma.fb < 0 || rho.fa < -1 ||
rhofa > 1 || rho.fb < -1 || rho.fb > 1) {
ITER <- MAXITER
Bad <- Bad + 1}

return(list(as.vector(theta.f), Fsig, ITER, Bad))

18.3.3 R code of BETA.U.area.2corr

The R code of the functioBETA.U.area.2corr is listed bellow.

B R H R R B
###  Area level Partitioned F-H model with correlated time ef fects

it Pagliarella model 3

### Author: Maria Chiara Pagliarella

### File name: EstimationBETA2corr.R

### Updated: May 2010

#itt

B H R B

BETA.U.area.2corr <- function(X, ydt, D, Da, Db, md, mda, si gmazedt,
sigmaua, sigmaub, rhoa, rhob) {

p <- ncol(X)
i <- list(1:md[1])
mdcum <- cumsum(md)
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Db <- D-Da

for(d in 2:D)
i[[d]] <- (mdcum[d-1]+1):mdcum[d]

ia <- i[1:Da]
ib <- i[(Da+1):D]

yda <- Xda <- list()
for(d in 1:Da) {
yda([[d]] <- ydt[ia[[d]]]
Xda[[d]] <- Xia[[d]],]

}
ydb <- Xdb <- list()
for(d in 1:Db) {
ydb[[d]] <- ydt[ib[[d]]
} Xdb[[d]] <- X[ib[[d]].]
yd <- Xd <- list()
for(d in 1:D) {
yd([[d]] <- ydt[i[[d]]
Xd[[d]] <- X[if[d]].]

}

Vd.inv <- list()

Q.inv <- matrix(0, nrow=p, ncol=p)
XVy <-0

for (d in 1:D) {
## Elements of the variance matrix TOTAL (A & B)
if (d <= Da) {
Omega.a <- matrix(0,nrow=mda[d],ncol=mda[d])
Omega.aflower.tri(Omega.a)] <-
rhoa”"sequence((mda[d]-1):1)
Omega.a <- Omega.a + t(Omega.a)
diag(Omega.a) <- 1
Omega.a <- (1/(1-rhoa2)) * Omega.a}
else {
Omega.b <- matrix(0,nrow=md[d],ncol=md[d])
Omega.b[lower.tri(Omega.b)] <-
rhob”sequence((md[d]-1):1)
Omega.b <- Omega.b + t(Omega.b)
diag(Omega.b) <- 1
Omega.b <- (1/(1-rhob™2)) * Omega.b}

if (d <= Da)
vd <-(sigmaua * Omega.a + diag(sigma2edtia[[d]]]))
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else
vd <-(sigmaub * Omega.b + diag(sigma2edt[i[[d]]]))

### Inverse matrix of the variance and submatrices
Vd.inv[[d]] <- solve(vd)

### Product between X't _d, V™-1.d and y_d for all d submatric es
XVy <- XVy + t(Xd[[d]]) % *9% Vd.inv[[d]] % *% vyd[[d]]

### Inverse of Q. Next we calculate Q
Q.inv <- Q.inv + t(Xd[[d]]) % *9% Vd.inv[[d]] % *% Xd[[d]]
}
# print(Omega.a)
# print(Omega.b)
# print(vd)

Q <- solve(Q.inv)
beta <- Q % *% XVy

ua <- ub <- list()
for(d in 1:Da){
ua[[d]] <- sigmaua * Omega.a %% Vd.inv[[d]] % *% (yda[[d]] -
Xda[[d]] % *% beta)
}
for(d in 1:Db){
ub[[d]] <- sigmaub * Omega.b %% Vd.inv[[d]] % *% (ydb[[d]] -
Xdb[[d]] % *% beta)
}
ua<-as.matrix(unlist(ua))
ub<-as.matrix(unlist(ub))
u <- c(ua,ub)

return(c(beta,u))

18.3.4 R code of mse.area.2corr

The R code of the functiomse.area.2cortis listed bellow.

B R H R R B
###  Area level Partitioned F-H model with correlated time ef fects

#H# Pagliarella model 3

### Author: Maria Chiara Pagliarella

### File name: EstimationMSE2corr.R

### Updated: May 2010

#itH

R AR A R A R R AR A AR A R R HHEAHHAR R AR

mse.area.2corr <- function(X, D, Da, Db, md, mda, mdb, sigma 2edt,
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sigmaua, sigmaub, rhoa, rhob,
F11, F22, F12, F33, F44, F34) {

p <- ncol(X)

i <- list(1:md[1])
mdcum <- cumsum(md)
Db <- D-Da

for(d in 2:D)X
i[[d]] <- (mdcum[d-1]+1):mdcum[d]
if (d<= Da) ia <- i[1:Da]
else ib <- i[(Da+1):D]

Xda <- list()
for(d in 1:Da) {
Xda[[d]] <- X[ia[[d]],]

}

Xdb <- list()

for(d in 1:Db) {

\ Xdb[[d]] <- X[ib[[d]],]

Xd <- list()
for(d in 1:D) {
Xd[[d]] <- Xi[[d]].]

HHAHH R R R R R R R R R HH#HH
it Calculation of elements of g1, g2 and g3 FOR A

Omega.a <- OmegaFirst.a <- Vda.inv <- VinvOmega.a <-

VinvOmegaFirst.a <- OmegaVinvOmega.a <- OmegaVinvOmegaF irsta <-
OmegaFirstVinvOmegaFirst.a <- gl.a <- Sinv.a <- SinvXda <-
OmegaVinvOmegaSinvXda <- g2.la <- gqll <- ql12 <- 922 <- list()

for(d in 1:Da) {

### Elements of the variance matrix

Omega.a[[d]] <- matrix(0,nrow=mda[d],ncol=mda[d])

Omega.a[[d]][lower.tri(Omega.a[[d]])] <-
rhoa"sequence((mda[d]-1):1)

Omega.a[[d]] <- Omega.a[[d]] + t(Omega.a[[d]])

diag(Omega.a[[d]]) <- 1

Omega.a[[d]] <- (1/(1-rhoa™2)) * Omega.a[[d]]

vda <-(sigmaua * Omega.a[[d]] + diag(sigma2edt[ia[[d]]]))

OmegakFirst.a[[d]] <- matrix(0,nrow=mda[d],ncol=mda][d] )
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OmegakFirst.a[[d]][lower.tri(OmegaFirst.a[[d]])] <-

sequence((mdald]-1):1) *

rhoa”(sequence((mdald]-1):1)-1)
OmegakFirst.a[[d]] <- OmegakFirst.a[[d]] + t(OmegaFirst.a [[d1D
OmegakFirst.a[[d]] <- (1/(1-rhoa"2)) * OmegaFirst.a[[d]]
OmegakFirst.a[[d]] <- OmegakFirst.a[[d]] +

(2 xrhoa / (1-rhoa™2)) * Omega.a[[d]]

### Inverse matrix of the variance and submatrices
Vda.inv[[d]] <- solve(vda)

### Product between V'-1_da and Omega_a

VinvOmega.a[[d]] <- Vda.inv[[d]] % *% Omega.a[[d]]

### Product between V'-1_da and OmegakFirst_a

VinvOmegakFirst.a[[d]] <- Vda.inv[[d]] % *% OmegaFirst.a[[d]]

### Product between Omega.a, V-1 _da and Omega.a

OmegaVinvOmega.a[[d]] <- t(VinvOmega.a[[d]]) % *% Omega.a[[d]]

### Product of Omega_a with V"-1_da and OmegakFirst_a

OmegaVinvOmegaFirst.a[[d]] <- Omega.a[[d]] % *% Vda.inv[[d]] % *%

OmegakFirst.a [[d]]

### Product of OmegaFirst_ a with V°-1_da and OmegaFirst_a

OmegakFirstVinvOmegaFirst.a[[d]] <- OmegaFirst.a[[d]] % *0p
Vda.inv[[d]] % *% OmegaFirst.a[[d]]

### Calculation of gl a
gl.a[[d]] <- (sigmaua * Omega.a[[d]]) -
((sigmaua)™2 * OmegaVinvOmega.a[[d]])

### Elements of the variance matrix Sigma_ed_a

sed.a <- sigmaZ2edtfia[[d]]]

### Inverse matrix of Sigma_ed for all d submatrices_a
Sinv.a[[d]] <- diag(1l/sed.a)

### Product between Sigma_a™-1 ed and X_da for all d submatr ices_a
SinvXda[[d]] <- Sinv.a[[d]] % * % Xda[[d]]
### Product Omega.a with V*-1_da for Omega.a and Sigma™-1_e d

### for X _da for all submatrices
OmegaVinvOmegaSinvXda[[d]] <- OmegaVinvOmega.a[[d]]
% % SinvXda[[d]]

### First part of g2_a (the second is its transpose)

g2.1a[[d]] <- Xda[[d]] - sigmaua * Omega.a[[d]] % =*%
SinvXda[[d]] + (sigmaua2) *
OmegaVinvOmegasSinvXda[[d]]

### Elements 11, g22 and 12 for calcultion of g3_a

gl1[[d]] <- OmegaVinvOmega.a[[d]] - 2 * sigmaua *
OmegaVinvOmega.a[[d]] % *% VinvOmega.a[[d]] +
(sigmaua)™2 * OmegaVinvOmega.a[[d]] % =*% Vda.inv[[d]]
% % OmegaVinvOmega.a[[d]]
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gl12[[d]] <- sigmaua * OmegaVinvOmegaFirst.a[[d]] -
(sigmaua) 2 * OmegaVinvOmegaFirst.a[[d]] % *0p
VinvOmega.a[[d]] - (sigmaua) 2 *
OmegaVinvOmega.a[[d]] % =*% VinvOmegakFirst.a[[d]] +
(sigmaua)”3  * OmegaVinvOmega.a[[d]] % *%
VinvOmegakFirst.a[[d]] % *% VinvOmega.a[[d]]

g22[[d]] <- (sigmaua)2 * OmegaFirstVinvOmegaFirst.a[[d]] -
2 * (sigmaua)’3 * OmegaVinvOmegaFirst.a[[d]] % * %
VinvOmegakFirst.a[[d]] + (sigmaua)™4 *
OmegaVinvOmegaFirst.a[[d]] % *% Vda.nv[[d]] % *%
t(OmegaVinvOmegakFirst.a[[d]])

}
HHAHH R R R R A R R R R HH#HH
it Calculation of elements of g1, g2 and g3 FOR B

Omega.b <- OmegaFirst.b <- Vdb.inv <- VinvOmega.b <-

VinvOmegaFirst.b <- OmegaVinvOmega.b <- OmegaVinvOmegaF irstb <-
OmegaFirstVinvOmegaFirst.b <- gl.b <- Sinv.b <- SinvXdb <-
OmegaVinvOmegaSinvXdb <- g2.1b <- 933 <- 34 <- g44 <- list()

for(d in 1:Db) {

### Elements of the variance matrix

Omega.b[[d]] <- matrix(0,nrow=mdb[d],ncol=mdb[d])

Omega.b[[d]][lower.tri(Omega.b[[d]])] <-
rhob”sequence((mdb[d]-1):1)

Omega.b[[d]] <- Omega.b[[d]] + t(Omega.b[[d]])

diag(Omega.b[[d]]) <- 1

Omega.b[[d]] <- (1/(1-rhob™2)) * Omega.b[[d]]

vdb <-(sigmaub  * Omega.b[[d]] + diag(sigma2edt[ib[[d]]]))
OmegakFirst.b[[d]] <- matrix(0,nrow=mdb[d],ncol=mdb][d] )

OmegakFirst.b[[d]][lower.tri(OmegaFirst.b[[d]])] <-
sequence((mdb[d]-1):1) *rhob”(sequence((mdb[d]-1):1)-1)

OmegakFirst.b[[d]] <- OmegakFirst.b[[d]] + t(OmegaFirst.b [([d
OmegakFirst.b[[d]] <- (1/(1-rhob™2)) * OmegakFirst.b[[d]]
OmegakFirst.b[[d]] <- OmegaFirst.b[[d]] +

(2 *rhob / (1-rhob™2)) * Omega.b[[d]]

### Inverse matrix of the variance and submatrices
Vdb.inv[[d]] <- solve(vdb)

### Product between V™-1_db and Omega_ b

VinvOmega.b[[d]] <- Vdb.inv[[d]] % *% Omega.b[[d]]
### Product between V™-1_db and OmegaFirst_b
VinvOmegakFirst.b[[d]] <- Vdb.inv[[d]] % *% OmegaFirst.b[[d]]

### Product between Omega.b, V*-1_db and Omega.b
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OmegaVinvOmega.b[[d]] <- t(VinvOmega.b[[d]]) % *% Omega.b[[d]]
### Product of Omega_b with V-1 _db and OmegaFirst_b
OmegaVinvOmegaFirst.b[[d]] <- Omega.b[[d]] % * %0

Vdb.inv[[d]] % *% OmegaFirst.b [[d]]
### Product of OmegaFirst b with V*-1_db and OmegaFirst_b
OmegakFirstVinvOmegaFirst.b[[d]] <- OmegaFirst.b[[d]] % * 0%
Vdb.inv[[d]] % *% OmegaFirst.b[[d]]

### Calculation of gl b
gl.b[[d]] <- (sigmaub * Omega.b[[d]]) - ((sigmaub) 2 *
OmegaVinvOmega.b[[d]])

### Elements of the variance matrix Sigma_ed_b

sed.b <- diag(sigma2edt[ib[[d]]])

### Inverse matrix of Sigma_ed for all d submatrices b
Sinv.b[[d]] <- solve(sed.b)

### Product between Sigma b™-1 ed and X_db for all d submatr ices_b
SinvXdb[[d]] <- Sinv.b[[d]] % * % Xdb[[d]]
### Product Omega.b with V*-1_db for Omega.b and Sigma™-1_e d
### for X_db for all submatrices
OmegaVinvOmegaSinvXdb[[d]] <- OmegaVinvOmega.b[[d]] % * 9% SinvXdb[[d]]
### First part of g2_b (the second is its transpose)
02.1b[[d]] <- Xdb[[d]] - sigmaub * Omega.b[[d]] % *%
SinvXdb[[d]] + (sigmaub™2) *

OmegaVinvOmegaSinvXdb[[d]]

### Elements 933, g44 and g34 for calcultion of g3_b

g33[[d]] <- OmegaVinvOmega.b[[d]] - 2 * sigmaub *
OmegaVinvOmega.b[[d]] % *% VinvOmega.b[[d]] +
(sigmaub)™2 * OmegaVinvOmega.b[[d]] % *%
Vdb.inv[[d]] % *% OmegaVinvOmega.b[[d]]

q34[[d]] <- sigmaub * OmegaVinvOmegaFirst.b[[d]] -
(sigmaub)™2 * OmegaVinvOmegaFirst.b[[d]] % * 0
VinvOmega.b[[d]] - (sigmaub) 2 *
OmegaVinvOmega.b[[d]] % *% VinvOmegaFirst.b[[d]] +
(sigmaub)”3 * OmegaVinvOmega.b[[d]] % *%
VinvOmegakFirst.b[[d]] % *% VinvOmega.b[[d]]

g44[[d]] <- (sigmaub)2 * OmegaFirstVinvOmegaFirst.b[[d]] -
2 * (sigmaub)’3 * OmegaVinvOmegaFirst.b[[d]] % *0p
VinvOmegakFirst.b[[d]] + (sigmaub)’4 *
OmegaVinvOmegaFirst.b[[d]] % *% Vdb.nv[[d]] % *%
t(OmegaVinvOmegakFirst.b[[d]])

### Calculation of Q

Vd.inv <- VinvX <- list()
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Q.inv <- matrix(0, nrow=p, ncol=p)

for(d in 1:D) {

}

### Elements of the variance matrix TOTAL (A & B)
if (d <= Da) {

else

Omega.a <- matrix(0,nrow=mda[d],ncol=mda[d])
Omega.a[lower.trilOmega.a)] <- rhoa"sequence((mda[d]- 1):1)
Omega.a <- Omega.a + t(Omega.a)

diag(Omega.a) <- 1

Omega.a <- (1/(1-rhoa™2)) * Omega.a

vd <-(sigmaua * Omega.a + diag(sigma2edt[ia[[d]]]))}

{

Omega.b <- matrix(0,nrow=md[d],ncol=md[d])
Omega.b[lower.tri(Omega.b)] <- rhob”sequence((md[d]-1 ):1)
Omega.b <- Omega.b + t(Omega.b)

diag(Omega.b) <- 1

Omega.b <- (1/(1-rhob™2)) * Omega.b

vd <-(sigmaub * Omega.b + diag(sigma2edt[i[[d]]]))}

### Inverse matrix of the variance and submatrices
Vd.inv[[d]] <- solve(vd)

### Inverse of Q. Next we calculate Q
Q.inv <- Q.inv + t(Xd[[d]]) % *% Vd.inv[[d]] % *% Xd[[d]]

Q <- solve(Q.inv)

### Calculation of MSE_A

Fsig.a <- matrix(c(F11, F12, F12, F22),ncol=2)

gla <- g2a <- g3a <- list()

for(d in 1:Da){

gla[[d]] <- diag(gl.a[[d]])

g2a[[d]] <- diag(g2.1a[[d]] % *% Q % t(g2.1a[[d]]))
q11[[d]] <- diag(q11[[d]])

q12[[d]] <- diag(q12[[d]])

q22[[d]] <- diag(q22([[d]])

}
for(d in 1:Da){
g3a[[d]] <- vector()

for(i

in 1:mda[d]¥{

g3a[[d]]i] <- sum(diag(matrix(c(qLl1[[d]][i],
rep(q12[[d]][i],2),q22[[d]][i]),
nrow=2) % * % solve(Fsig.a)))
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### Calculation of MSE_B

Fsig.b <- matrix(c(F33, F34, F34, F44),ncol=2)
glb <- g2b <- g3b <- list()
for(d in 1:Db){

g1b[[d]] <- diag(g1.b[[d]])

g2b[d]] <- diag(g2.1b[[d]] % «% Q %P6 t(g2.1b[[d]])

q33([[d]] <- diag(q33[[d]])

q34([[d]] <- diag(q34[[d]])
} q44[[d]] <- diag(q44([d]])
for(d in 1:Db){
g3b[[d]] <- vector()

for(i in 1:mdb[d]){

g3b[[d]][i] <- sum(diag(matrix(c(g33[[d]][i],
rep(q34[[d]][i].2),q44{[d]][i]),

nrow=2) % *% solve(Fsig.b)))

}

gla <- unlist(gla)
glb <- unlist(glb)
g2a <- unlist(g2a)
g2b <- unlist(g2b)
g3a <- unlist(g3a)
g3b <- unlist(g3b)

### Calculation of MSE
mse.a <- gla + g2a + 2 * (g3a
mse.b <- glb + g2b + 2 * g3b

mse <- c(mse.a, mse.b)

return(mse)

}

18.3.5 R code of Interval.2corr

The R code of the functiomterval.2corr for the confidence intervals argvalues is listed bellow.

HHHH R R R
Hit# Area level Partitioned F-H model with correlated time ef

#H# Pagliarella model 3
### Author: Maria Chiara Pagliarella

### File name: IC2corr.R

### Updated: July 2010

HiH

BHAR R HHHHHH AR R R AR AR R AR R R

BHAHHHHHHAH A

BHAHHRAHHH A
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Interval <- function(Fisher, conf=0.95) {
alfa <- 1-conf
k <- 1-alfa/2
z <- gnorm(k)

Finv <- solve(Fisher[[2]])

sigma.a.std.err <- z * sgrt(Finv[1,1])

sigma.b.std.err <- z * sgrt(Finv[3,3])

sigma.ab.std.err <- z *sgrt(Finv[1,1] + Finv[3,3] - 2 * Finv[1,3])
rho.a.std.err <- z * sgrt(Finv[2,2])

rho.b.std.err <- z * sgrt(Finv[4,4])

rho.ab.std.err <- z *sgrt(Finv[2,2] + Finv[4,4] - 2 * Finv[2,4])

beta.std.err <- z * sgrt(as.vector(diag(Fisher[[5]])))

infoeta <- betaO.hat - beta.std.err
supbeta <- betaO.hat + beta.std.err
testbeta <- beta0O.hat - beta.std.err < 0
& betaO.hat + beta.std.err > 0

infsigmaua <- sigmaua.hat - sigma.a.std.err
supsigmaua <- sigmaua.hat + sigma.a.std.err
testsigmaua <- sigmaua.hat - sigma.a.std.err < 0

& sigmaua.hat + sigma.a.std.err > 0

infsigmaub <- sigmaub.hat - sigma.b.std.err
supsigmaub <- sigmaub.hat + sigma.b.std.err
testsigmaub <- sigmaub.hat - sigma.b.std.err < 0

& sigmaub.hat + sigma.b.std.err > 0

infdif.sigma <- (sigmaua.hat - sigmaub.hat)
- sigma.ab.std.err
supdif.sigma <- (sigmaua.hat - sigmaub.hat)
+ sigma.ab.std.err
testdif.sigma <- (sigmaua.hat - sigmaub.hat)
- sigma.ab.std.err < 0
& (sigmaua.hat - sigmaub.hat)
+ sigma.ab.std.err > 0

infrhoa <- rhoa.hat - rho.a.std.err
suprhoa <- rhoa.hat + rho.a.std.err
testrhoa <- rhoa.hat - rho.a.std.err < 0
& rhoa.hat + rho.a.std.err > 0

infrhob <- rhob.hat - rho.b.std.err
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suprhob <- rhob.hat + rho.b.std.err
testrhob <- rhob.hat - rho.b.std.err < 0
& rhob.hat + rho.b.std.err > 0

infdif.rho <- (rhoa.hat - rhob.hat) - rho.ab.std.err
supdif.rho <- (rhoa.hat - rhob.hat) + rho.ab.std.err

testdif.rho <- (rhoa.hat - rhob.hat) - rho.ab.std.err < 0
& (rhoa.hat - rhob.hat) + rho.ab.std.err > 0

return(list(
sigma.a.std.err, sigma.b.std.err, sigma.ab.std.err,
rho.a.std.err, rho.a.std.err, rho.ab.std.err,

beta.std.err,
infbeta, supbeta, testbeta,

infsigmaua, supsigmaua, testsigmaua,
infsigmaub, supsigmaub, testsigmaub,
infdif.sigma, supdif.sigma, testdif.sigma,

infrhoa, suprhoa, testrhoa,
infrhob, suprhob, testrhob,
infdif.rho, supdif.rho, testdif.rho))

pvalueBeta.2corr <- function(beta0.hat, Fisher) {

z <- abs(betaO.hat) / sqrt(as.vector(diag(Fisher[[5]]))
p.beta <- pnorm(z, lower.tail=F)

return( 2 *p.beta )
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Chapter 19

Appendix 5: R code for the area-level

spatio-temporal models

19.1 R code for the area-level spatio-temporal models

19.1.1 R code of FitSpatioTemporalFH
A

it Spatio-temporal Fay Herriot Models

it SAMPLE Project

HitH

### Author: Yolanda Marhuenda (y.marhuenda@umbh.es)

### File name: FitSpatioTemporalFH.R

### Updated: January 20th, 2011

it

HH R A

diagonalizematrix <- function(A,ntimes)
{

nrowA <- nrow(A)

ncolA <- ncol(A)

Adiag <- matrix(0,nrow=nrowA * ntimes, ncol=ncolA

firsti <- 1

firstj <- 1

for (n in l:ntimes)

{
lasti <- firsti+nrowA-1
lastj <- firstj+ncolA-1
Adiag([firsti:lasti,firstj:lastj]<-A
firsti <- lasti+1
firstj <- lastj+1

}
return (Adiag)

285
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}

FitSpatioTemporalFH <- function(model,X,y,nD,nT,sigma 2dt,theta0,
W,MAXITER,PRECISION,confidence)

{

result <- list(model=model, convergence=TRUE, iteration s=0,
validtheta=FALSE, theta=0, beta=0,
goodnessoffit=0, estimates=0)

if (model'="A" && model!="B")

{
cat("Error REML_Model: Model must be A or B:",model)
result$convergence <- FALSE
return (result)

}

M <- nDxnT

nparam <- nrow(thetaO)
# Initialization

invA  <- matrix(0,nrow=M,ncol=M)

invAZ1 <- matrix(0,nrow=M,ncol=nD)

tZ1PZ1 <- matrix(0,nrow=nD, ncol=nD)

tZ1P <- matrix(0,nrow=nD,ncol=M)

S <- trPV  <- matrix(0,nrow=nparam,ncol=1)

F <- trPVPV <- matrix(0,nrow=nparam,ncol=nparam)

Va <- list()
### Calculate Z1
vectorlT <- matrix(1,nrow=nT, ncol=1)

Z1 <- matrix(0,nrow=nD *nT, ncol=nD)
first <- 1

for (d in 1:nD)

{

last <- first+nT-1
Z1[first:last,d]<-vectorlT
first <- last+1

}

tZ1 <- t(Z1)

ty <-t(y)

tX < t(X)

tWW <- crossprod(W)

plderivrhol <- - W - t(W)

Id <- diag(1,nrow=nD,ncol=nD)
Tmenl <- nT-1

if (model=="A")
Va[[3]] <- diag(1,nrow=M,ncol=M)
else
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{
PV <- list()
Omega2drho2 <- derivOmega2drho2 <- matrix(0,nrow=nT,nco [=nT)
seqTmenl_1 <- sequence(Tmenl:l)
Ve <- diag(sigma2dt)
}
thetakmasl <- thetak <- thetaO
k <-0

diff <- PRECISION+1
while (diff>PRECISION & k<MAXITER)
{
k <- k+1
thetak <- thetakmasl
sigma2l k <- thetak[1]
rhol k <- thetak[2]
sigma22_k <- thetak|[3]

Omegalrhol k <- solve(crossprod(ld-rhol_k *W))
Vul <- sigma2l k *Omegalrhol k

if (model=="A")

{

invAvec <- 1/(sigma22_k+sigma2dt)
invA <- diag(invAvec)
first <- 1
for (i in 1:nD)
{
last <- first+Tmenl
firstlast <- first:last
invAZ1[firstlast,i]<-invAvec(firstlast]
first <- first + nT

}
}
else
{
rho2_k <- thetak[4]

Unomenrho22_k <- 1-(rho2_k™2)
Omega2drho2_k <- matrix(0,nrow=nT,ncol=nT)

Omega2drho2_k[lower.tri(Omega2drho2_k)] <- rho2_k"seq Tmenl_1
Omega2drho2_k <- Omega2drho2_k+t(Omega2drho2_k)
diag(Omega2drho2 k) <- 1

Omega2drho2_k <- (1/Unomenrho22_k) * Omega2drho2_k

sigma220mega2drho2_k <- sigma22_k *Omega2drho2_k

#inverse in blocks
first <- 1
for (i in 1:nD)
{
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last <- first+Tmenl
firstlast <- first:last
Ved <- Vef[first:last,first:last]
Ad <- sigma220mega2drho2_k + Ved
invAd <- solve(Ad)
invA[first:last,first:last]<-invAd
first <- first + nT

}

iNVAZ1 = invA% *%Z1

}

invWul <- solve(Vul)

invV <- invA - invAZ1%  *%solve(invWul+tZ1% * %invAZ1)% * %t(invAZ1)
tXinvW <-tX % *% invV

inv_tXinVX <- solve(tXinvV % *9% X)

P <- invV - t(tXinvV) % *% inv_txXinVX % *% tXinvV

# calculate S and F
derivrhol_k <- plderivrhol + 2 xrhol_k =tWw
# calculate Va
sigmaOmegaderivrholOmega <- (-sigma2l k) * (Omegalrhol k % *%
derivchol k % *% Omegalrhol k)

Va[[l]] <- Z1 % *% Omegalrhol_k % % tzZ1
Va[[2]] <- Z1 % =*% sigmaOmegaderivtholOmega % *% tZ1

if (model=="A")
{
tZ1P <- tZ1% *%P
tZ1PZ1 <- tZ1P% *%Z1
auxVl <- tZ1PZ1% *%Omegalrhol k
trPV[1] <- sum(diag(auxV1))
auxV2  <- tZ1PZ1% *%sigmaOmegaderiviholOmega
trPV[2] <- sum(diag(auxV2))
trPV[3] <- sum(diag(P))
Py <-P %%y
tyP <- t(Py) # P is symmetric
trPVPV[1,1] <- sum(auxV1 *t(auxVl))
trPVPV[2,2] <- sum(auxV2 *t(auxVv2))
trPVPV[3,3] <- sum(P  *t(P))
trPVPV[1,2] <- sum(auxV1l *t(auxVv2))
tZ1PPZ1 <- tZ1P% *%t(tZ1P)
trPVPV[1,3] <- sum(tZz1PPZ1 *t(Omegalrhol k))
trPVPV[2,3] <- sum(tZ1PPZ1 * t{(sigmaOmegaderivrho10Omega))
}

else

{

Va[[3]] <- diagonalizematrix(Omega2drho2_k,ntimes=nD)
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for

for

}

derivOmega2drho2_k <- matrix(0,nrow=nT,ncol=nT)
derivOmega2drho2_k[lower.tri(derivOmega2drho2_k)]<- seqTmenl_1+
rho2_k“(seqTmenl_1-1)
derivOmega2drho2_k <- derivOmega2drho2 k +
t(derivOmega2drho2_k)
derivOmega2drho2_k <- (1/Unomenrho22_k) * derivOmega2drho2_k +
(2 xrho2_k/Unomenrho22_k) *Omega2drho2_k

sigma22derivOmega2drho2_k <- sigma22_k * derivOmega2drho2_k
Va[[4]] <- diagonalizematrix(sigma22derivOmega2drho2_ K,
ntimes=nD)

for (i in 1l:nparam)
{
PVl <- P % *% Va[[ill
trPV[i] <- sum(diag(PVI[[i]]))
}

for (j in 1l:nparam)
{

tPVj <- t(PV[[ilD

for (i in 1:)

trPVPV[i,j] <- sum(PVI[i]] *tPV))

}
Py <P %% vy
tyP <- t(Py)

(a in 1l:nparam)
S[a] <- (-0.5) *trPV[a] + 0.5 =*(tyP % *% Va[[a]] % *% Py)
for (b in a:nparam)
Fla,b] <- 0.5 *trPVPV][a,b]
(a in 2:nparam) # symmetric

for (b in 1:(a-1))
Fla,b] <- F[b,a]

Finv <- ginv(F)
thetakmasl <- thetak + Finv % *0% S

# Test values!=0 to avoid division errors

if (any(thetak==0))

for (i in 1l:nparam)

{
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if (thetak[i]==0)
thetak[i]<- 0.0001

}
}
diff <- max( abs(thetak - thetakmasl)/thetak )
} #while (diff>PRECISION & k<MAXITER)

result$iterations <- k

# validate output
if (k>=MAXITER && diff>=PRECISION)

{
result$convergence <- FALSE
return (result)

}

niter <- k

sigma2l_k <- thetakmasl[1]
rhol_k <- thetakmas1[2]
sigma22_k <- thetakmasl[3]

if (sigma2l1 k<O || rhol_k < (-1) || rhol_k>1 || sigma22_k<O | |

(model=="B" && (thetakmasl[4]<(-1) || thetakmasl1[4]>1)) )
{

result$theta <- thetakmasl

return(result)
}

# calculate estimates beta, u, mu
Omegalrhol k <- solve(crossprod(ld-rhol_k *W))
Vul <- sigma2l k *Omegalrhol k

if (model=="A")
{
invAvec <- 1/(sigma22_k+sigma2dt)
invA <- diag(invAvec)
first <- 1
for (i in 1:nD)
{
last <- first+Tmenl
firstlast <- first:last
invAZ1[firstlast,i]<-invAvec|firstlast]
first <- first + nT

}
}
else
{
rho2_k <- thetakmasl[4]

Unomenrho22_k <- 1-(rho2_k™2)
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Omega2drho2_k <- matrix(0,nrow=nT,ncol=nT)

Omega2drho2_k[lower.tri(Omega2drho2_k)] <- rho2_k"seq Tmenl_1
Omega2drho2_k <- Omega2drho2_k+t(Omega2drho2_k)
diag(Omega2drho2_k) <- 1

Omega2drho2_k <- (/Unomenrho22_k) * Omega2drho2_k
sigma220mega2drho2_k <- sigma22_k *Omega2drho2_k

first <- 1

for (i in 1.nD)

{

last <- first+Tmenl
firstlast <- first:last
Ad <- sigma220mega2drho2_k + Vef[first:last,first:last]
invAd <- solve(Ad)
invA[first:last,first:last]<-invAd
first <- first + nT
}
invVAZ1 <- invA% *%Z1
}
invWul <- solve(Vul)
invV <- invA - invAZ1%  *%solve(invWul+tZ1% * %invAZ1)% * %t(invAZ1)

tXinwW  <- tX % *% invV

Q <- solve(tXinwV % *% X)

betaest <- Q % *% (tXinvW % *% vy)
ymenXbetaest <- (y - X % *% betaest )
invWymenXBest <- invW % *% ymenXbetaest

partel <- Vul % *% tZ1
if (model=="A")
parte2 <- diag(sigma22_k,nrow=M)
else
parte2 <- diagonalizematrix(sigma220mega2drho2_k,ntim es=nD)

ulest <- partel % *% invVymenXBest

u2dtest <- parte2 %  *% invVymenXBest

uldtest <- matrix(data=rep(ulest, each=nT),nrow=M,ncol =1)
mudtest <- X% =*%betaest + uldtest + u2dtest

Vv <- solve(invV)

loglike <- (-0.5) * ( Mxlog(2 *pi) +
determinant(V,logarithm=TRUE)$modulus +
t(ymenXbetaest)%  * %invV%* %ymenXbetaest )

AIC <- (-2) ~*loglike + 2 =*(length(betaest)+nparam)

BIC <- (-2) ~*loglike + log(M) * (length(betaest)+nparam)

# calculate confidence intervals and pvalues
alfa <- 1-confidence
k <- l-alfa/2
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z <- gnorm(k)

sgrtQvector <- sgrt(diag(Q))
intconfidencebeta <- z * sgrtQvector
intconfidencetheta <- z * sgrt(diag(Finv))

z <- abs(betaest)/sqrtQvector
p <- pnorm(z, lower.tail=FALSE)
pvalue <- 2 *p

result$validtheta <- TRUE

result$theta <- data.frame(estimate=thetakmas1,
std.error=intconfidencetheta)
result$beta <- data.frame(coef=betaest,

std.error=intconfidencebeta,

tvalue=betaest/intconfidencebeta,

pvalue=pvalue,

greater.alfa=pvalue>alfa)
result$goodnessoffit<- c(loglike=loglike, AIC=AIC, BIC =BIC)
result$estimates <- mudtest

return (result)

}

19.1.2 R code of BootMSE.SpatioTemporalFH
FHHHHHH A S

HHH Spatio-temporal Fay Herriot Models
HHH SAMPLE Project
#iH

### Author: Yolanda Marhuenda (y.marhuenda@umh.es)

### File name: BootMseSpatioTemporalFH.R

### Updated: January 20th, 2011

Hit#H

HHHBHH AR R R R R R HHHAHH AR R

BootMSE.SpatioTemporalFH <- function(model,nB,Xdt,nD, nT,sigmaz2dt,
beta,theta,rhol 0 b,rho2_0 b,
W,MAXITER,PRECISION,confidence)

if (model'="A" && model!="B")

{
print("Error: Model must be A or B.")
return;

}

msedt <- 0

Id <- diag(1,nrow=nD, ncol=nD)

sigma2l <- theta[l]
rhol <- theta[2]
sigma22 <- theta[3]



19.1. R code for the area-level spatio-temporal models

Omegalrhol <- solve(crossprod(ld-rhol *W))
sigma210megalrhol <- sigma2l *Omegalrhol
M <- nD+nT

if (model=="B")

{

rho2  <- theta[4]
Unomenrho22_ 05 <- (1-rho272)"(-0.5)
u2dt_b <- matrix(0, nrow=M, ncol=1)

}

b<-1
while (b<=nB)
{
ul b  <- matrix(data=mvrnorm(n=1, mu=rep(0,nD),
Sigma=sigma210megalrhol), nrow=nD, ncol=1)

uldt_b <- matrix(data=rep(ul_b, each=nT),nrow=M,ncol=1 )
if (model=="A")
u2dt b <- matrix(data=rnorm(M, mean=0, sd=sqrt(sigma22) ),
nrow=M, ncol=1)
else
{
epsilondt_b <- matrix(data=rnorm(M, mean=0, sd=sqrt(sig maz22)),
nrow=M, ncol=1)
i<-1
for (d in 1:nD)
{
u2dt_b[i] <- Unomenrho22_05 * epsilondt_bli]
for (t in 2:nT)
{
i <- i+l
u2dt_b[i] <- rho2 * u2dt_b[i-1]+epsilondt_b[i]
}
i<-i+1
}
}
edt b <- matrix(data=rnorm(M, mean=0, sd=sqrt(sigma2dt) ),

nrow=M,ncol=1)
ydt b <- Xdt% =*%beta + uldt_b + u2dt b + edt b
mudt_b <- ydt b - edt b

### fitting the model
seedsigma_b <- Henderson(Xdt,ydt b,sigma2dt)
if (seedsigma_b<0)
{

cat("Warning: Assigning Henderson seed for sigma in
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bootstrap sample b=", b,".\n")

seedsigma_b<-min(sigma2dt)

cat("sigma is established to the minimum value of sigma2dt: ,
seedsigma_b,".\n")

}
sigma2l 0 b <- sigma22 0 b <- 0.5 * seedsigma_b

if (model=="A")
thetaO b <- rbind(sigma21 0 b, rhol 0 b, sigma22 0 b)
else
thetaO b <- rbind(sigma21 0 b, rhol 0 b, sigma22 0 b, rh 02 0 b)

result <- FitSpatioTemporalFH(model,X,ydt b,nD,nT,sig ma2dt,theta0_b,
W,MAXITER,PRECISION,confidence)

if (result$convergence==FALSE || result$validtheta==FA LSE)
{

}

difference <- result$estimates - mudt_b
msedt <- msedt + difference™2
b <- b+l

} #while (b<=nB)

next

### calculate msedt

msedt <- msedt/nB
return (msedt)

19.1.3 R code of Henderson
HHHHEH HHHHHEHH

HHH Spatio-temporal Fay Herriot Models
#tH SAMPLE Project
#HitH

### Author: Yolanda Marhuenda (y.marhuenda@umh.es)

### File name: Henderson.R

### Updated: January 20th, 2011

Hit

HHH A R HHH

Henderson <- function(X,y,sigma2dt)
{
invVe <- 1/sigma2dt
invWeX  <- inWWe =X
tXinvwWeX <- t(X)% *%invVveX
P <- diag(invVe)-invVeX% * %solve(tXinvweX)%  *%t(invVeX)
trtzZPZ  <- sum(diag(P))
tyPy <- t(y)% *%P%%y # for vectors t(y)% * %P %%y=sum(y* P% %y)
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sigma2  <- as.numeric((tyPy-(nrow(X)-ncol(X)))/trtZPZ)

return (sigma2)

}

19.1.4 R code of MessageErrorFitting

BHAHHHHH AR BHAHHHHHHRH A

it Spatio-temporal Fay Herriot Models

it SAMPLE Project

HitH

### Author: Yolanda Marhuenda (y.marhuenda@umbh.es)

### File name: MessageErrorFitting.R
### Updated: January 20th, 2011
it

BHARHHHHHHHHHH AR R R AR A AR R AR R R BHAH R

MessageErrorFitting <- function(model,nsample,converg ence,niter,
validtheta,theta)

{
linea <- paste("Warning: Sample=",nsample,"\n")
cat(linea)

if (convergence==FALSE)

{ linea <- paste("Maximum number of iterations is reached.\n
cat(linea)

}

else

{

sigma2l REML <- theta[l]
rhol REML <- thetal2]
sigma22_REML <- theta[3]

if (sigma2l REML<0)

{
linea <- paste(" sigma21<0 (",sigma2l REML,")" )
cat(linea)

}

if (rhol_REML<(-1) || rhol_REML>1)

{
linea <- paste(" rhol must be in [-1,1] (“,rhol_REML,")" )
cat(linea)

}

if (sigma22_REML<0)

{

linea <- paste(" sigma22<0 (",sigma22_ REML,")" )
cat(linea)
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if (model=="B")
{
rho2_REML <- theta[4]
if (rho2_REML<(-1) || rho2_REML>1)

{
linea <- paste(" rho2 must be in [-1,1] (“,rho2_REML,")" )
cat(linea)
}
}
linea <- paste("\nTotal number of iterations:",niter,".\ n")
cat (linea)
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Appendix 6: R code for the unit-level time
models

20.1 R code for the unit-level models with independent timeféects

20.1.1 R code of REML.individual.indep
The R code of the functioREML.individual.indep is listed bellow.

HHH R HHHHHEHH
### Unit level model with independent time effects #t#

### SAMPLE project it
### Author: Laureano Santamaria Arana i
HHAHH R R R R A R R R HHAHH AR

REML.individual.indep <- function(X, Y, W, D, md, ndi,
sigma0,sigmal, sigma2, MAXITER = 500) {

n <- nrow(X)
p <- ncol(X)

Sd.inv<-matrix(0, nrow=n, ncol=n)
mdcum <- cumsum(md)

ndcum <- cumsum(ndi)

for(ITER in 1L:MAXITER)

F1 <- sigmal/sigmaO
F2 <- sigma2/sigma0

mR <- 0
mF <- 0
mJ <- 0
for(d in 1:D) {

297



298 Chapter 20. Appendix 6: R code for the unit-level time eied

if (d==1) {
Inicio <-1
Pr <-1
}
if (dl=1) {
Pr <- (ndcum[mdcum][d-1]]+1)
Inicio <-mdcum[d-1]+1
}
Fin <- ndcum[mdcum[d]]
Nd <- Fin-Pr+1

Wd <- WI[Pr:Fin,Pr:Fin]
yd <- Y[Pr:Fin]
Xd <- X[Pr:Fin,]

D1INd <- matrix(0,Nd,md[d])
i <1
for(k in 1:md[d]) {
for(j in Ll:ndi[lnicio+k-1]) {
DANd[i,k]<-1
i<- i+1
}
}
Imd<-diag(md[d])
sld.inv <- solve(Imd+F2 *{(D1Nd)% * %Wd%826D1Nd)
Ld.inv <- Wd-F2 *Wd%%D1Nd%%sld.inv% * %t(D1Nd)%* %Wd

UnoNd <-as.matrix(rep(1,Nd))

T1 <- F1+Ld.inv% *9%UnoNd%%t(UnoNd)% * %Ld.inv
T2 <- 14(F1 *t(UnoNd)% *%Ld.inv% * %UnoNd)

Sigmad.inv <- Ld.inv - (T1/T2[1,1])
Sd.inv[Pr:Fin,Pr:Fin] <- Sigmad.inv

mR <- mR + t(Xd)%=* %Sigmad.inv% * %Xd
mF <- mF + t(Xd)% * %Sigmad.inv% * %UnoNd%%t(UnoNd)% * %
Sigmad.inv% *%Xd
mJ <- mJ + t(Xd)% =*%Sigmad.inv% * %D1Nd%26t(D1Nd)% * %
Sigmad.inv% *%Xd
}

R <- solve(mR)

mA <-
mB <-
mC <-
mD <-

O o oo
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mE <-
mG <-
mH <-
mK <-
mL <-
mM <-
mN <-
mP <-
mQ <-
mR <-
mS <-
mT <-
mV <-
mW <- 0

cNeoNoNoNcloNoNoloNeNoNoNe!

for(d in 1:D) {
if (d==1) {
Inicio <-1
Pr <1
}
if (d!=1) {
Pr <- (ndcum[mdcum[d-1]]+1)
Inicio <-mdcum[d-1]+1
}
Fin  <- ndcum[mdcum[d]]
Nd <- Fin-Pr+1

Wd <- WI[Pr:Fin,Pr:Fin]
yd <- Y[Pr:Fin]
Xd <- X[Pr:Fin,]

DINd <- matrix(0,Nd,md[d])
i <1
for(k in L:md[d]) {
for(j in 1:ndi[lnicio+k-1]) {

DANd[i,k]<-1
i<- i+1
}
}
UnoNd <-as.matrix(rep(1,Nd))
mA <- mA + t(yd)% *%Sd.inv[Pr:Fin,Pr:Fin]% * %yd
mB <- mB + t(yd)% *%Sd.inv[Pr:Fin,Pr:Fin]% * % Xd
mC <- mC + t(Xd)%* %Sd.inv[Pr:Fin,Pr:Fin]% * %yd
T3 <- tyd)% *%Sd.inv[Pr:Fin,Pr:Fin]% * %UNoNd%%t(UnoNd)% * %

Sd.inv[Pr:Fin,Pr:Fin]
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mD <- mD + T3%%yd
mE <- mE + T3%%Xd

T4 <- Sd.inv[Pr:Fin,Pr:Fin] - Sd.inv[Pr:Fin,Pr:Fin]% * %6 Xd%%
R% %t(Xd)% * %Sd.inv[Pr:Fin,Pr:Fin]

mG <- mG + t(UnoNd)%+ %T4%%UnoNd
mH <- mH + sum(diag(t(D1Nd)% *%T4%%D1Nd))

T5 <- t(yd)% *%Sd.inv[Pr:Fin,Pr:Fin]% * %D 1Nd%6t(D1Nd)% * %
Sd.inv[Pr:Fin,Pr:Fin]

mK <- mK + T5%%yd
mL <- mL + T5% %Xd

T6 <- t(UnoNd)% =*%Sd.inv[Pr:Fin,Pr:Fin]% * %UnoNd

mM <- mM + T69%946T6

MmN <- mN + T6%%t(UnoNd)% * %Sd.inv[Pr:Fin,Pr:Fin]% * % Xd% %R %%
t(Xd)% *%Sd.inv[Pr:Fin,Pr:Fin]% * %UnoNd

mP <- mP + t(UnoNd)% * %Sd.inv[Pr:Fin,Pr:Fin]% * 9o Xd%%R%YomFY%6
R% %t(Xd)% * %Sd.inv[Pr:Fin,Pr:Fin]% * %UnoNd

T7 <- t(DINd)% *%Sd.inv[Pr:Fin,Pr:Fin]% * %Xd%%R

T8 <- t(DINd)% *%Sd.inv[Pr:Fin,Pr:Fin]% * %UNoNd%%t(UnoNd)% * %
Sd.inv[Pr:Fin,Pr:Fin]% *%D1Nd

mQ <- mQ + sum(diag(T8))
MR <- mR + sum(diag(T7% * %t(Xd)% * %Sd.inv[Pr:Fin,Pr:Fin]% * %
UnoNd% %t(UnoNd)% * %Sd.inv[Pr:Fin,Pr:Fin]% * %D1Nd))
mS <- mS + sum(diag(T7% * Y%omF%®6R%%t(Xd)% * %
Sd.inv[Pr:Fin,Pr:Fin]% * %D1Nd))

mT <- mT + sum(diag(t(D1Nd)% =*%Sd.inv[Pr:Fin,Pr:Fin]% * %D1Nd%%6
t(DINd)% * %Sd.inv[Pr:Fin,Pr:Fin]% *%D1Nd))

mV <- mV + sum(diag(T7% * %t(Xd)% * %Sd.inv[Pr:Fin,Pr:Fin]% *%DI1Nd
% %t(D1Nd)%* %Sd.inv[Pr:Fin,Pr:Fin]% * %D1Nd))

mW <- mW + sum(diag(T7% %mJ%%R%%t(Xd)% * %
Sd.inv[Pr:Fin,Pr:Fin]% * %D1Nd))

}
S <- matrix(0, nrow=2, ncol=1)
F <- matrix(0, nrow=2, ncol=2)

F3 <- matrix(0, nrow=3, ncol=3)

sigma0S <- 1/(n-p) * (MA-(mB%* %R %% mC))
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S[1,1] <- - mG/2 + mD/(2  *sigma0) - (ME% *%R%%mC)/sigma0 +
(mB% %R%%mFY26R%%mC)/(2 * sigma0)

S[2,1] <- - mH/2 + mK/(2 *sigma0) - (mL% *%R%%mC)/sigma0 +
(mB% %R %%mJ%%R%%mC)/(2 * sigma0)

F[1,1] <- mM/2 - mN + mP/2
F[1,2] <- mQ/2 - mR + mS/2
F[2,1] <- F[1,2]

F[2,2] <- mT/2 -mV + mW/2

F.inv <- solve(F)
d <- F.iinv% *%S
F1 <- F1 + d[1]
F2 <- F2 + d[2]

dif <- rbind(sigma0S-sigma0,d * as.vector(sigma0s))
sigma <- rbind(sigma0S, sigma0S *F1,sigma0S =*F2)

### Fisher information matrix

F3[1,1] <- (n-p)/(2 *sigma0 * sigma0)
F3[1,2] <- mG/(2 *sigma0)
F3[1,3] <- mH/(2  *sigma0)

F3[2,1] <- F3[1,2]
F3[2,2] <- mM/2 - mN + mP/2
F3[2,3] <- mQ/2 - mR + mS/2
F3[3,1] <- F3[1,3]
F3[3,2] <- F3[2,3]
F3[3,3] <- mT/2 -mV + mW/2

ANVARIVAN

F3.inv <- solve(F3)
### Scores
sigma0 <- sigma[l]
sigmal <- sigma[2]
sigma2 <- sigma][3]
### Stopping criterion
if(abs(dif[1])<0.00001 & abs(dif[2])<0.00001 & abs(dif| 3])<0.00001)

break

}
return(list(sigma0,sigmal,sigma2,F3.inv,ITER,R))
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20.1.2 R code of BETA.U.individual.indep
The R code of the functioBETA.U.individual.indep is listed bellow.

HH B HHBHH T
### Unit level model with independent time effects #H#

### SAMPLE project HHH
### Author: Laureano Santamaria Arana HtH

HH B HHBHH T

BETA.U.individual.indep <- function(X, Y, W, D, md, ndi,
sigma0,sigmal, sigma?2) {

n <- nrow(X)
F1 <- sigmal/sigmaO
F2 <- sigma2/sigma0

Sd.inv<-matrix(0, nrow=n, ncol=n)

mdcum <- cumsum(md)
ndcum <- cumsum(ndi)
Bl <- 0
B2 <- 0

for(d in 1:D) {

if (d==1) {
Inicio <-1
P <1

}

if (d!=1) {
P <- (hdcum[mdcum[d-1]]+1)
Inicio <-mdcum[d-1]+1

}
Fin  <- ndcum[mdcum([d]]
Nd <- Fin-P+1

Wd <- WIP:Fin,P:Fin]
yd <- Y[P:Fin]
Xd <- X[P:Fin,]

D1Nd <- matrix(0,Nd,md[d])
i <-1
for(k in 1:md[d]) {
for(j in L:ndi[lnicio+k-1]) {
DANd[i,k]<-1
i<- i+1



20.1. R code for the unit-level models with independent taffects 303

}
Imd<-diag(md[d])

sld.inv <- solve(Imd+F2 *t{(DINd)% * %Wd986D1Nd)
Ld.inv <- Wd-F2 *Wd%%D1Nd%%sld.inv% * %t(D1Nd)%* %Wd

UnoNd <-as.matrix(rep(1,Nd))

T1 <- F1+Ld.inv% *%UnoNd%%t(UnoNd)% * %Ld.inv
T2 <- 1+(F1 *t(UnoNd)% *%Ld.inv% * %UnoNd)

Sigmad.inv <- Ld.inv - (T1/T2[1,1])
Sd.inv[P:Fin,P:Fin] <- Sigmad.inv

Bl <- B1 + t(Xd)% =*%Sigmad.inv% *%Xd
B2 <- B2 + t(Xd)% =*%Sigmad.inv% *%yd

}

Beta <- solve(B1)% *%B2

return(Beta)



304 Chapter 20. Appendix 6: R code for the unit-level time eied

20.1.3 R code of mse.individual.indep

The R code of the functiomse.individual.indepis listed bellow.

HHHBHH AR R R R R AR HHHAHH A H A
### Unit level model with independent time effects #H#

### SAMPLE project #tH
### Author: Laureano Santamaria Arana H#HtH

HHH A R R

mse.individual.indep <- function(X, Y, W, D, md, ndi, MXm ,N DI, MXp,
sigma0, sigmal, sigma2, Flnv) {

gl < GL1(X, Y, W, D, md, ndi, sigma0, sigmal, sigma2, NDI)

02 <- G2(X, Y, W, D, md, ndi, sigma0, sigmal, sigma2, NDI, MXp, MXm)
g3 <- G3(X, Y, W, D, md, ndi, sigma0, sigmal, sigma2, NDI, Finv )

g4 <- G4(D, md, ndi, NDI, W, sigma0)

return(gl+g2+2 *g3+g4)
}

### Calculation of g1
G1 <- function(X, Y, W, D, md, ndi, sigma0, sigmal, sigma2, ND N {

n <- nrow(X)
F1 <- sigmal/sigma0
F2 <- sigma2/sigma0

# ndi muestral
# NDI poblacional

mdcum <- cumsum(md)
ndcum <- cumsum(ndi)

fdi <- ndi/NDI

for(d in 1:D) {
if (d==1) {
Inicio <-1
Pr <-1
F <- md[d]

}

if (d!=1) {
Pr <- (ndcum[mdcum[d-1]]+1)
Inicio <-mdcum[d-1]+1
F <- Inicio + md[d] - 1
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}

Fin  <- ndcum[mdcum][d]]
Nd <- Fin-Pr+1

Wd <- WIPr:Fin,Pr:Fin]
yd <- Y[Pr:Fin]
Xd <- X[Pr:Fin,]

fd <- fdi[lnicio:F]

D1Nd <- matrix(0,Nd,md[d])
i <1
for(k in 1:md[d]) {
for(j in 1:ndi[lnicio+k-1]) {
DINd[i,k]<-1
i<- i+1
}
}
Imd<-diag(md[d])
UnoNd <-as.matrix(rep(1,Nd))

sld.inv <- solve(Imd+F2 *{(DINd)% * %Wd986D1Nd)

Ld.inv <- Wd-F2 *Wd%%D1Nd%6sld.inv% * %t(D1Nd)%* %Wd
Tl <- F1 *Ld.inv% *%UnoNd%%t(UnoNd)% * %L d.inv

T2 <- 1+(F1 *t(UnoNd)% *%Ld.inv% * %UnoNd)

Sigmad.inv <- Ld.inv - (T1/T2[1,1])

for(k in 1:md[d]) {
M1 <- Imd[k,] =*(1-fd[k])
P1d <- sigma0 *F1«((1-fd[k])"2) *(1-(F1 *t(UnoNd)% * %
Sigmad.inv% *%UnoNd))
P2d <- -sigma0 =*F1xF2*(1-fd[k]) * (t(UnoNd)% =%
Sigmad.inv% * %D1Nd%6M1)

P3d <- (sigma0 *F2=*((1-fd[k])"2)) - (sigmaO * F2+ F2* (diag(t(M1)

% %t(D1INd)% * %Sigmad.inv% * %D1Nd%6M1)))
if (k==1) {
gld <- Pld+P2d+P3d
}

if (kI=1) {
gld <- c(gld,P1d+P2d+P3d)
}

}
if (d==1) {

gl <- gld
}

if (d'=1) {
gl <- c(gl,91d)
}
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return(gl)
}

### Calculation of g2

G2 <- function(X, Y, W, D, md, ndi, sigma0, sigmal, sigma2, ND I,
MXp, MXm) {

n <- nrow(X)
p <- ncol(X)
F1 <- sigmal/sigma0
F2 <- sigma2/sigma0

# ndi muestral

# NDI poblacional

# MXp Media poblacional
# MXm Media muestral

M <- sum(md)

mdcum <- cumsum(md)
ndcum <- cumsum(ndi)

fdi <- ndi/NDI
D1 <- NDI-ndi
K1 <- NDI/D1
K2 <- ndi/D1
Xast <- K1 *MXp - K2*MXm

mR <- 0

for(d in 1:D) {
if (d==1) {
Inicio <-1
Pr <-1
F <- md[d]
}
if (d'=1) {
Pr <- (ndcum[mdcum[d-1]]+1)
Inicio <-mdcum[d-1]+1
F <- Inicio + md[d] - 1
}
Fin  <- ndcum[mdcum([d]]
Nd <- Fin-Pr+1

Wd <- WIPr:Fin,Pr:Fin]
yd <- Y[Pr:Fin]

Xd <- X[Pr:Fin,]

fd <- fdi[lnicio:F]
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Xdast <- Xast[lnicio:F]

D1Nd <- matrix(0,Nd,md[d])
i <1
for(k in L:md[d]) {
for(j in l:ndi[lnicio+k-1]) {
DINd[i,k]<-1
i<- i+1
}
}
Imd<-diag(md[d])
UnoNd <-as.matrix(rep(1,Nd))

sld.inv <- solve(Imd+F2 *{(D1INd)% * %Wd%86D1Nd)

Ld.inv <- Wd-F2 »Wd%%D1Nd%%sld.inv% * %t(D1Nd)%* %Wd

Tl <- F1 *Ld.inv% *%UnoNd%%t(UnoNd)% * %Ld.inv
T2 <- 1+(F1 *t(UnoNd)% *%Ld.inv% * %UnoNd)
Sigmad.inv <- Ld.inv - (T1/T2[1,1])

MR <- mR + t(Xd)%=* %Sigmad.inv% * %Xd
}

Q <- sigma0 *solve(mR)

for(d in 1:D) {
if (d==1) {
Inicio <-1
Pr <-1
F <- md[d]

}

if (dl=1) {
Pr <- (ndcum[mdcum[d-1]]+1)
Inicio <-mdcum[d-1]+1
F <- Inicio + md[d] - 1

}

Fin  <- ndcum[mdcum][d]]

Nd <- Fin-Pr+1

D1Nd <- matrix(0,Nd,md[d])
i <1
for(k in 1:md[d]) {
for(j in l:ndi[lnicio+k-1]) {
DINd[i,k]<-1
i<- i+1
}
}
Imd<-diag(md[d])
UnoNd <-as.matrix(rep(1,Nd))

Wd <- WIPr:Fin,Pr:Fin]
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Xd <- X[Pr:Fin,]
fd <- fdi[lnicio:F]
Xdast <- Xast[lnicio:F]

sld.inv <-
Ld.inv <-
Tl <- F1
T2 <- 1+(

solve(Imd+F2 *t{(D1INd)% * %Wd%86D1Nd)

Wd-F2  » Wd%%D1Nd%%sld.inv% * %t(D1Nd)%* %Wd
* Ld.inv% * %UnoNd%%t(UnoNd)% * %Ld.inv

F1 *t(UnoNd)% *%Ld.inv% * %UnoNd)

Sigmad.inv <- Ld.inv - (T1/T2[1,1])

for(k in 1:
Glid

Glad
G21d

T1
G22d

md[d]) {

<- (F1 *(1-fd[k])) *(1-(F1 *t(UnoNd)% *%
Sigmad.inv% * %UnoNd))% %t(UnoNd)% * %Wd%80Xd

<- -F1 *=F2*(1-fd[K]) * (t(UnoNd)% * %Sigmad.inv% * %
D1Nd% %t(D1Nd)% * %Wd%86Xd)

<- -F1 »F2x (1-fd[K]) * (t(Imd[k,])% * %t(D1Nd)% * %
Sigmad.inv% * %UnoNd%%t(UnoNd)% * %Wd¥86Xd)

<- Imd - (F2 =t(D1Nd)% *%Sigmad.inv% *%D1Nd)

<- F2*(1-fd[k]) *t(Imd[k,])%  * %T1%%t(D1Nd)% * %Wd%8oXd

if (k==1) {

}

G2d <- G1i1d + Gl12d + G21d + G22d

if (ki=1) {

}
}

G2d <- ¢(G2d, G11d + Gil2d + G21d + G22d)

if (d==1) {
G2 <- G2d

}
if (d'=1) {

G2 <- ¢(G2, G2d)

}

at22 <- matrix(G2,nrow=M,ncol=p,byrow = T)
at21l <- matrix((1-fdi) * Xast,nrow=M,ncol=p,byrow = T)

02 <- diag((at21-at22)% * % Q% P0(t(at21)-t(at22)))

return(g2)

### Calculation of g3

G3 <- function(X, Y, W, D, md, ndi, sigma0, sigmal, sigma2, ND I,

Finv) {
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n <- nrow(X)
F1 <- sigmal/sigmaO
F2 <- sigma2/sigma0

# ndi muestral
# NDI poblacional

mdcum <- cumsum(md)
ndcum <- cumsum(ndi)
fdi <- ndi/NDI

mR <- 0
g<-matrix(0, nrow=3, ncol=3)

for(d in 1:D) {
if (d==1) {
Inicio <-1
Pr <1
F <- md[d]
}
if (dl=1) {
Pr <- (ndcum[mdcum[d-1]]+1)
Inicio <-mdcum[d-1]+1
F <- Inicio + md[d] - 1
}
Fin  <- ndcum[mdcum][d]]
Nd <- Fin-Pr+1

Wd <- WIPr:Fin,Pr:Fin]
yd <- Y[Pr:Fin]
Xd <- X[Pr:Fin,]
fd <- fdi[lnicio:F]

D1Nd <- matrix(0,Nd,md[d])
i <-1
for(k in L:md[d]) {
for(j in 1:ndi[lnicio+k-1]) {
DINd[i,k]<-1
i<- i+1
}
}
Imd<-diag(md[d])
UnoNd <-as.matrix(rep(1,Nd))

Ads.inv <- solve(Imd+(F2 *{(DINd)% * %Wd986D1Nd))
Lds.inv <- Wd-(F2  *Wd%%D1Nd%%Ads.inv% * %t(D1Nd)% * %Wd)
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Tl <- F1 *Lds.inv% *%UnoNd%%t(UnoNd)% * %Lds.inv
T2 <- 1+(F1 *t(UnoNd)% =*%Lds.inv% * %UnoNd)
Sigmad.inv <- Lds.inv - (T1/T2[1,1])

Tl <- -Wd%+ %D1Nd%P6Ads.inv% * %t(DINd)% * %Wd

T2 <- F2 *Wd%%D1INd¥Ads.inv% * %t(D1Nd)% * %Wd9%86
D1Nd% %Ads.inv% * %t(D1Nd)% * %Wd

DpLdsF2 <- T1 + T2

Tl <- Lds.inv% *%UnoNd%%t(UnoNd)% * %Lds.inv
T2 <- 1+(F1 *t(UnoNd)% =*%Lds.inv% * %UnoNd)
DpSdsF1 <- (T1/(T2[1,1]°2))

TO <- as.numeric((F1 * F1xt(UnoNd)% * %DpLdsF2% %UnoNd))
Tl <- (TO *(Lds.inv% *%UnoNd%%t(UnoNd)% * %Lds.inv))/(T2[1,1]°2)
T3 <- (DpLdsF2% *%UnoNd%%t(UnoNd)% * %Lds.inv) +
(Lds.inv% * %UnoNd%%t(UnoNd)% * %DpLdsF2)
DpSdsF2 <- DpLdsF2 + T1 - (F1 =T3)/(T2[1,1])

Sigmads <- solve(Sigmad.inv)

for(k in 1:md[d]) {
DpB1ldF1l <- (1-fd[k]) *t(UnoNd)% * %(Sigmad.inv + F1 *DpSdsF1)
DpB1dF2 <- F1 (1-fd[K]) *t(UnoNd)% * %DpSdsF2

DpB2dF1 <- F2 *(1-fd[k]) *Imd[k,]% * %t(DINd)%* %DpSdsF1
DpB2dF2 <- (1-fd[K]) *Imd[k,]% * %t(DINd)%* %
(Sigmad.inv + F2  *DpSdsF2)

T2 <- (DpB1dF1+DpB2dF1l)
T3 <- (DpB1dF2+DpB2dF2)

q1,1] <-
q1,2] <-
q[1,3] <-
ql2,1] <-
a[2,2] <- T2% *%(sigma0 * Sigmads)% * %t(T2)
q[2,3] <- T2% *%(sigma0 * Sigmads)% * %t(T3)
q3,1] <- 0

a[3,2] <- T3% *%(sigma0 * Sigmads)% * %t(T2)
q[3,3] <- T3% *%(sigma0 * Sigmads)% * %t(T3)

[oNeoNeoNe)

g3dparcial <- sum(diag(q% * %Finv))
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if (k==1) {
g3d <- g3dparcial

}
if (k!=1) {
g3d <- c(g3d,g3dparcial)
}
}

if (d==1) {
g3 <- g3d
}

if (d=1) {
03 <- ¢(g3,93d)
}

return(g3)
}

### Calculation of g4

G4 <- function(D, md, ndi, NDI, W, sigma0) {

# ndi muestral
# NDI poblacional

g4 <- vector()

Indice <- 1
Inicio <- 1
for(d in 1:D) {
for (j in 1:md[d]) {
g4[Indice] <- (sigmaO/(NDlI[Indice] 2)) *
(NDI[Indice]-ndi[Indice])
Indice <- Indice + 1

}

return(g4)
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20.1.4 R code of Interval.indep
The R code of the functiomterval.indep is listed bellow.

HHHBHH AR A R R R R
### Unit level model with independent time effects

### SAMPLE project

### Author: Laureano Santamaria Arana

HHHBHH AR R R R R R R

Interval.indep <- function(fit, conf=0.95) {
alfa <- 1-conf
k <- 1-alfa/2
z <- gnorm(k)

Finv <- fit[[2]]

sigma.std.err <- z * sgrt(Finv[1,1])
sigmal.std.err <- z * sgrt(Finv[2,2])
sigma2.std.err <- z * sgrt(Finv[3,3])
beta.std.err <- z * sgrt(as.vector(diag(fit[[3]])))

return(list(sigma.std.err, sigmal.std.err,
sigmaz2.std.err, beta.std.err))

}

20.1.5 R code of pvalue
The R code of the functiopvalueis listed bellow.

HHH R
### Unit level model with independent time effects

### SAMPLE project

### Author: Laureano Santamaria Arana

HHHBHH AR R R R R R

pvalue <- function(betaO, fit) {

z <- abs(betaO)/sqgrt(as.vector(diag(fit[[3]])))
pval <- 2 =*pnorm(z, lower.tail=F)

return( pval )

BRI
HHH
HH#H
HiH
BRI

BHHHHHH R
HH#H
HAH
Hi#
BHEBHAH AR

20.2 R code for the unit-level models with correlated time décts

20.2.1 R code of REML.autocorr

The R code of the functioREML.individual.autocorr is listed bellow.
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R R R R R R R R R HHHH T
### Unit level model with time correlated effects Hit

### SAMPLE project #H#
### Author: Laureano Santamaria Arana #it#
B H R R B

source("Omega.R")

REML.individual.autocorr <- function(X, Y, W, D, md, ndi,
sigma0, sigmal, sigma2, rho, MAXITER = 500) {

n <- nrow(X)
p <- ncol(X)

Sd.inv<-matrix(0, nrow=n, ncol=n)

mdcum <- cumsum(md)
ndcum <- cumsum(ndi)

for(TER in 1:MAXITER){

F1 <- sigmal/sigmaO
F2 <- sigma2/sigma0

mR <- 0
mF <- 0
mJ <- 0
mJD <- 0
for(d in 1:D) {
if (d==1) {
Inicio <-1
Pr <-1
}
if (d'=1) {
Pr <- (ndcum[mdcum[d-1]]+1)
Inicio <-mdcum[d-1]+1
}
Fin  <- ndcum[mdcum[d]]
Nd <- Fin-Pr+1

Wd <- WI[Pr:Fin,Pr:Fin]
yd <- Y[Pr:Fin]
Xd <- X[Pr:Fin,]

DINd <- matrix(0,Nd,md[d])
i< 1
for(k in L:md[d]) {

313



314

}

Chapter 20. Appendix 6: R code for the unit-level time eied

for(j in Ll:ndi[lnicio+k-1]) {
D1Nd[i,k]<-1
i<- i+l
}
}
Imd<-diag(md[d])
Omegad <- Calcula_Omegad(md[d], rho)
OmegadDeriv <- Deriva_Omegad (md[d], rho, Omegad)
Omegadinv <- Inversa_Omegad(md[d], rho)

sld.inv <- solve(OmegadInv+F2 *t(DINd)% * %Wd¥86D1Nd)
Ld.inv <- Wd-F2 *Wd%%D1Nd%osld.inv% * %t(D1Nd)%* %Wd

UnoNd <-as.matrix(rep(1,Nd))

Tl <- F1 xLd.inv% *%UnoNd%%t(UnoNd)% * %Ld.inv
T2 <- 1+(F1 *t(UnoNd)% *%Ld.inv% * %UnoNd)

Sigmad.inv <- Ld.inv - (T1/T2[1,1])
Sd.inv[Pr:Fin,Pr:Fin] <- Sigmad.inv

mR <- mR + t(Xd)%=* %Sigmad.inv% * %Xd

mF <- mF + t(Xd)% * %Sigmad.inv% * %UnoNd%%
t(UnoNd)% * %Sigmad.inv% * %Xd

mJ <- mJ + t(Xd)% =*%Sigmad.inv% *%D1Nd%%
Omegad% %t(D1Nd)% * %Sigmad.inv% * %Xd

mJD <- mJD + t(Xd)% *%Sigmad.inv% *%D1Nd%%
OmegadDeriv% * %t(D1Nd)% * %Sigmad.inv% * %Xd

R <- solve(mR)

mA
mB
mC
mD
mE
mG
mH
mK
mL

<-

A\
1
SNeNeoVNoloNoNoNoNe)

mHD <- 0
mKD <- 0
mLD <- 0

mM <-

mN
mP
mQ
mR

<-
<-
<-
<-

coooo
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mS <- 0
mQD <- 0
mRD <- 0
mSD <- 0
mT <- 0
mVvV <- 0
mwW <- 0
mTD <- 0
mVD <- 0
mwD <- 0
mTDD <- 0O
mVDD <- 0
mWDD <- 0

for(d in 1:D) {
if (d==1) {
Inicio <-1
Pr <-1

}

if (d'=1) {
Pr <- (ndcum[mdcum[d-1]]+1)
Inicio <-mdcum[d-1]+1

}

Fin  <- ndcum[mdcum[d]]

Nd <- Fin-Pr+1

Wd <- WI[Pr:Fin,Pr:Fin]
yd <- Y[Pr:Fin]
Xd <- X[Pr:Fin,]

DINd <- matrix(0,Nd,md[d])
i< 1
for(k in L:md[d]) {
for(j in Ll:ndi[lnicio+k-1]) {
D1Nd[i,k]<-1
i<- i+1

}
UnoNd <-as.matrix(rep(1,Nd))

Omegad <- Calcula_Omegad(md[d], rho)
OmegadDeriv <- Deriva_Omegad (md[d], rho, Omegad)

mA <- mA + t(yd)% *%Sd.inv[Pr:Fin,Pr:Fin]% * %yd
mB <- mB + t(yd)% *%Sd.inv[Pr:Fin,Pr:Fin]% * % Xd
mC <- mC + t(Xd)%* %Sd.inv[Pr:Fin,Pr:Fin]% * %yd
T3 <- tyd)% *%Sd.inv[Pr:Fin,Pr:Fin]% *0p

UnoNd% %t(UnoNd)% * %Sd.inv[Pr:Fin,Pr:Fin]
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mD <- mD + T3%%yd
mE <- mE + T3%%Xd

T4 <- Sd.inv[Pr:Fin,Pr:Fin] - Sd.inv[Pr:Fin,Pr:Fin]% * %
Xd% %R¥*%t(Xd)% * %Sd.inv[Pr:Fin,Pr:Fin]

mG <- mG + t(UnoNd)%+ %T4%%UnoNd
mH <- mH + sum(diag(t(D1INd)% *%T4%%D1Nd%6Omegad))
mHD <- mHD + sum(diag(t(D1Nd)% =*%T4%%D1Nd%%OmegadDeriv))

T5 <- t(yd)% *%Sd.inv[Pr:Fin,Pr:Fin]% * %D1Nd%260Omegad¥%b
t(D1INd)% * %Sd.inv[Pr:Fin,Pr:Fin]

mK <- mK + T5%%yd

mL <- mL + T5% %Xd

T5D <- t(yd)% *%Sd.inv[Pr:Fin,Pr:Fin]% * %D1Nd%26OmegadDeriv%e %
t(D1INd)% * %Sd.inv[Pr:Fin,Pr:Fin]

mKD <- mKD + T5D#8tyd

mLD <- mLD + T5D%%Xd

T6 <- t(UnoNd)% =*%Sd.inv[Pr:Fin,Pr:Fin]% * %UnoNd

mM <- mM + T6%846T6

mN <- mN + T6%%t(UnoNd)% * %Sd.inv[Pr:Fin,Pr:Fin]% * % Xd%%R%%
t(Xd)% = %Sd.inv[Pr:Fin,Pr:Fin]% * %UnoNd

mP <- mP + t(UnoNd)% * %Sd.inv[Pr:Fin,Pr:Fin]% * %X d%Y%R¥%Y6mMFY806
R% %t(Xd)% * %Sd.inv[Pr:Fin,Pr:Fin]% *%UnoNd

T7 <- t(DINd)% *%Sd.inv[Pr:Fin,Pr:Fin]% * %Xd%%R

T8 <- t(DINd)% *%Sd.inv[Pr:Fin,Pr:Fin]% * %UNoNd%%t(UnoNd)% * %
Sd.inv[Pr:Fin,Pr:Fin]% * %D1Nd%26Omegad

mQ <- mQ + sum(diag(T8))

mR <- mR + sum(diag(T7% * %t(Xd)% * %Sd.inv[Pr:Fin,Pr:Fin]% * %
UnoNd% %t(UnoNd)% * %Sd.inv[Pr:Fin,Pr:Fin]% * %D 1INd¥%60Omegad))

mS <- mS + sum(diag(T7% * %mFY®6R%%t(Xd)% * %Sd.inv[Pr:Fin,Pr:Fin]
% %D1Nd¥%Omegad))

T8D <- t(DINd)% =*%Sd.inv[Pr:Fin,Pr:Fin]% * %UNoNd%%t(UnoNd)% * %
Sd.inv[Pr:Fin,Pr:Fin]% * %D1Nd%6OmegadDeriv

mQD <- mQD + sum(diag(T8))

mMRD <- mRD + sum(diag(T7%=* %t(Xd)% * %Sd.inv[Pr:Fin,Pr:Fin]% * %0
UnoNd% %t(UnoNd)% * %Sd.inv[Pr:Fin,Pr:Fin]% * %0D1Nd%%
OmegadDeriv))

mSD <- mSD + sum(diag(T7% * %omF%®6R%%t(Xd)% * %Sd.inv[Pr:Fin,Pr:Fin]
% %D1Nd¥¥%OmegadDeriv))
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}

mT <- mT + sum(diag(t(D1Nd)% *%Sd.inv[Pr:Fin,Pr:Fin]% * %D1Nd%%
Omegad% %t(D1Nd)% * %Sd.inv[Pr:Fin,Pr:Fin]% * %DI1Nd%P6Omegad))
mV <- mV + sum(diag(T7% * %t(Xd)% * %Sd.inv[Pr:Fin,Pr:Fin]% * %D1INd%6
Omegad% %t(D1Nd)% * %Sd.inv[Pr:Fin,Pr:Fin]% * %D1INd%P6Omegad))
mW <- mW + sum(diag(T7% %mJ%%R%%t(Xd)% * %Sd.inv[Pr:Fin,Pr:Fin]
% %D1Nd¥%Omegad))

mTD <- mTD + sum(diag(t(D1Nd)% *%Sd.inv[Pr:Fin,Pr:Fin]% * %D1INdY% 6
Omegad% %t(D1Nd)% * %Sd.inv[Pr:Fin,Pr:Fin]% * %D 1INd%%
OmegadDeriv))

mVD <- mVD + sum(diag(T7% * %t(Xd)% * %Sd.inv[Pr:Fin,Pr:Fin]% * %D1Nd
% %Omegad¥%®ot(DINd)% * %Sd.inv[Pr:Fin,Pr:Fin]% *%D1Nd
% %OmegadDeriv))

mWD <- mWD + sum(diag(T7% %mJ%%R%%t(Xd)% * %Sd.inv[Pr:Fin,Pr:Fin]
% %D1Nd¥¥%OmegadDeriv))

mTDD <- mTDD + sum(diag(t(D1Nd)% *%Sd.inv[Pr:Fin,Pr:Fin]% * %
D1Nd% %OmegadDeriv% %t(D1Nd)%* %Sd.inv[Pr:Fin,Pr:Fin]
% %D1Nd¥¥%OmegadDeriv))

mVDD <- mVDD + sum(diag(T7%=* %t(Xd)% * %Sd.inv[Pr:Fin,Pr:Fin]% * %0
D1Nd% %0OmegadDeriv¥%+ %t(D1Nd)% * %Sd.inv[Pr:Fin,Pr:Fin]% * 0%
D1Nd% %0OmegadDeriv))

mWDD <- mWDD + sum(diag(T7%%mJID¥86R%%t(Xd)% * %
Sd.inv[Pr:Fin,Pr:Fin]% * %D1Nd%OmegadDeriv))

S <- matrix(0, nrow=4, ncol=1)
Fisher <- matrix(0, nrow=4, ncol=4)

S[1,1] <- - (n-p)/(2 *sigma0) + mA/(2 =sigmaO *sigma0) -

(mB% %R%%mC)/(2 * sigma0 * sigma0)

S[2,1] <- - mG/2 + mD/(2  *sigmaQ) - (ME% *%R%%mC)/sigma0 +

(mB% %R%%mFY¥86R%%mC)/(2 * sigma0)

S[3,1] <- - mH/2 + mK/(2 *sigma0) - (mL% *%R%%mC)/sigma0 +

(mB% %R %%mJ%%R%%mC)/(2 * sigma0)

S[4,1] <- F2 *(- mHD/2 + mKD/(2 =*sigma0) - (mLD% *%R%%mC)/sigma0 +

(mB% %R%%mJD%®0R%%mC)/(2 * sigma0))

Fisher[1,1] <- (n-p)/(2 * sigma0 * sigma0)
Fisher[1,2] <- mG/(2 * sigmao)

Fisher[1,3] <- mH/(2 * sigma0)

Fisher[1,4] <- F2 * (mHD/(2 * sigma0))
Fisher[2,1] <- Fisher[1,2]

Fisher[2,2] <- mM/2 - mN + mP/2

Fisher[2,3] <- mQ/2 - mR + mS/2

Fisher[2,4] <- F2 *(mQD/2 - mRD + mSD/2)

Fisher[3,1]
Fisher[3,2]

N
|

Fisher[1,3]
Fisher[2,3]

N
|

Fisher[3,3] <- mT/2 -mV + mW/2
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Fisher[3,4] <- F2 *(MTD/2 -mVD + mWD/2)
Fisher[4,1] <- Fisher[1,4]

Fisher[4,2] <- Fisher[2,4]

Fisher[4,3] <- Fisher[3,4]

Fisher[4,4] <- F2 *F2x (mTDD/2 -mVDD + mWDD/2)

DET <- det(Fisher)
if (DET<0.00000000001) {
ITER <- 500
break
}
Fisher.inv <- solve(Fisher)
dif <- Fisher.inv% * %S

sigma0 <- sigma0 + dif[1]
diff2] <- dif[2] * sigma0
dif[3] <- dif[3] * sigma0
sigmal <- sigmal + dif[2]
sigma2 <- sigma2 + dif[3]

rho <- rho + diff4]

if(abs(dif[1])<0.00001 & abs(dif[2])<0.00001 & abs(dif[ 3])<0.00001 &
abs(dif[4])<0.00001)
break
}
return(list(sigma0,sigmal,sigma2,rho,Fisher.inv,ITE R,R))

20.2.2 R code of BETA.U.individual.autocorr

The R code of the functioBETA.U.individual.autocorr is listed bellow.

HHHHH T T R R R R R HHHH R
### Unit level model with time correlated effects #itH

### SAMPLE project #tH
### Author: Laureano Santamaria Arana H#itt
R T R R R R R HHHHH R

source("Omega.R")

BETA.U.individual.autocorr <- function(X, Y, W, D, md, ndi ,
sigma0, sigmal, sigma2, rho) {

n <- nrow(X)

F1 <- sigmal/sigmaO

F2 <- sigma2/sigma0

mdcum <- cumsum(md)
ndcum <- cumsum(ndi)
Bl <-0
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B2 <- 0

for(d in 1:D) {

}

if (d==1) {
Inicio <-1
P <1
}
if (d'=1) {
P <- (ndcum[mdcum[d-1]]+1)
Inicio <-mdcum[d-1]+1

}
Fin  <- ndcum[mdcum][d]]
Nd <- Fin-P+1

Wd <- WI[P:Fin,P:Fin]
yd <- Y[P:Fin]
Xd <- X[P:Fin,]

D1Nd <- matrix(0,Nd,md[d])
i <1
for(k in L:md[d]) {
for(j in l:ndi[lnicio+k-1]) {
DINd[i,k]<-1
i<- i+1

}

}
Imd<-diag(md[d])
Omegadinv <- Inversa_Omegad(md[d], rho)

sld.inv <- solve(Omegadinv+F2 *{(DINd)% * %Wd%86D1Nd)
Ld.inv <- Wd-F2 »Wd%%D1Nd%%sld.inv% *%t(D1Nd)%* %Wd

UnoNd <-as.matrix(rep(1,Nd))

Tl <- F1 *Ld.inv% *%UnoNd%%t(UnoNd)% * %L d.inv
T2 <- 1+(F1 *t(UnoNd)% = %Ld.inv% * %UnoNd)

Sigmad.inv <- Ld.inv - (T1/T2[1,1])

Bl <- B1 + t(Xd)% =*%Sigmad.inv% *%Xd
B2 <- B2 + t(Xd)% =*%Sigmad.inv% *%yd

Beta <- solve(B1)% *%B2
return(Beta)
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20.2.3 R code of mse.individual.autocorr

The R code of the functiomse.individual.autocorr is listed bellow.

source("Omega.R")

mse.individual.autocorr <- function(X, Y, W, D, md, ndi, MX m ,NDI,
MXp, sigmaO, sigmal, sigma2, rho, FInv) {

gl < GL(X, Y, W, D, md, ndi, sigma0, sigmal, sigma2, rho, NDI)

g2 <- G2(X, Y, W, D, md, ndi, sigma0, sigmal, sigma2, rho, NDI, MXp, MXm)
g3 <- G3(X, Y, W, D, md, ndi, sigma0, sigmal, sigma2, rho, NDI, Flnv)

g4 <- G4(D, md, ndi, NDI, W, sigma0)

return(gl+g2+2  *g3+g4)
}

G1 <- function(X, Y, W, D, md, ndi, sigma0, sigmal, sigma2, rh o, NDI) {

n <- nrow(X)
F1 <- sigmal/sigmaO
F2 <- sigma2/sigma0

# ndi muestral
# NDI poblacional

mdcum <- cumsum(md)
ndcum <- cumsum(ndi)

fdi <- ndi/NDI

for(d in 1:D) {
if (d==1) {
Inicio <-1
Pr <-1
F <- md[d]

}

if (d'=1) {
Pr <- (ndcum[mdcum[d-1]]+1)
Inicio <-mdcum[d-1]+1
F <- Inicio + md[d] - 1

}

Fin  <- ndcum[mdcum([d]]

Nd <- Fin-Pr+1

Wd <- WIPr:Fin,Pr:Fin]
yd <- Y[Pr:Fin]
Xd <- X[Pr:Fin,]
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fd <- fdi[lnicio:F]

D1Nd <- matrix(0,Nd,md[d])
i<-1
for(k in L:md[d]) {
for(j in 1:ndi[lnicio+k-1]) {
DINd[i,k]<-1
i<- i+1

}

}

Imd<-diag(md[d])

UnoNd <-as.matrix(rep(1,Nd))

Omegadinv <- Inversa_Omegad(md[d], rho)
Omegad <- Calcula_Omegad(md[d], rho)

sld.inv <- solve(Omegadinv+F2 *{(DINd)% * %Wd%86D1Nd)
Ld.inv <- Wd-F2 *Wd%%D1Nd%%sld.inv% = %t(D1Nd)%* %Wd
Tl <- F1 *Ld.inv% *%UnoNd%%t(UnoNd)% * %L d.inv

T2 <- 1+(F1 *t(UnoNd)% = %Ld.inv% * %UnoNd)

Sigmad.inv <- Ld.inv - (T1/T2[1,1])

for(k in 1:md[d]) {
Valorl <- (1-fd[k])"2
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P1ld <- sigma0 *Fl1*Valorl *(1-(F1 =*t(UnoNd)% *%Sigmad.inv% *%UnoNd))

P2d <- -sigma0 =*F1*F2*Valorl =*(t(UnoNd)% =*%Sigmad.inv% *%D1Nd%

Omegad% %Imd[k,])

Valor2 <- sigma0 *F2xValorl =*(t(Imd[k,])% * %0Omegad¥®oimdlk,])

Valor3d <- sigma0 *F2xF2+Valorl = (t(Imd[k,])% * %0megad¥®ot(D1Nd)% * %

Sigmad.inv% * %D1Nd%60Omegad¥®oimdlk,])
P3d <- Valor2 - Valor3
if (k==1) {
gld <- P1d+P2d+P3d

}
if (kl=1) {
gld <- c(gld,P1d+P2d+P3d)
}
}
if (d==1) {
gl <- gld
}
if (d=1) {
gl <- c(gl,91d)
}
}
return(gl)

}

G2 <- function(X, Y, W, D, md, ndi, sigma0, sigmal, sigma2,
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rho, NDI, MXp, MXm) {

n <- nrow(X)
p <- ncol(X)
F1 <- sigmal/sigma0
F2 <- sigma2/sigma0

# ndi muestral

# NDI poblacional

# MXp Media poblacional
# MXm Media muestral

M <- sum(md)

mdcum <- cumsum(md)
ndcum <- cumsum(ndi)

fdi <- ndi/NDI
D1 <- NDI-ndi
K1 <- NDI/D1
K2 <- ndi/D1
Xast <- K1 *MXp - K2+ MXm

mR <- 0

for(d in 1:D) {
if (d==1) {
Inicio <-1
Pr <-1
F <- md[d]

}

if (d!=1) {
Pr <- (ndcum[mdcum[d-1]]+1)
Inicio <-mdcum[d-1]+1
F <- Inicio + md[d] - 1

}

Fin  <- ndcum[mdcum[d]]

Nd <- Fin-Pr+1

Wd <- WIPr:Fin,Pr:Fin]
yd <- Y[Pr:Fin]

Xd <- X[Pr:Fin,]

fd <- fdi[lnicio:F]
Xdast <- Xast[lnicio:F,]

D1Nd <- matrix(0,Nd,md[d])
i<-1
for(k in 1:md[d]) {

for(j in Ll:ndi[lnicio+k-1]) {
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}

DINd[i,k]<-1
i<- i+1
}
}
Imd<-diag(md[d])
UnoNd <-as.matrix(rep(1,Nd))

Omegadinv <- Inversa_Omegad(md[d], rho)
Omegad <- Calcula_Omegad(md[d], rho)

sld.inv <- solve(OmegadInv+F2 *t{(DINd)% * %Wd%86D1Nd)
Ld.inv <- Wd-F2 »Wd%%D1Nd%%sld.inv% =* %t(D1Nd)%* %Wd
Tl <- F1 *Ld.inv% *%UnoNd%%t(UnoNd)% * %L d.inv

T2 <- 1+(F1 *t(UnoNd)% *%Ld.inv% * %UnoNd)

Sigmad.inv <- Ld.inv - (T1/T2[1,1])

MR <- mR + t(Xd)%=* %Sigmad.inv% *%Xd

Q <- sigma0 *solve(mR)

for(d in 1:D) {

if (d==1) {
Inicio <-1
Pr <-1
F <- md[d]
}
if (dl=1) {
Pr <- (ndcum[mdcum[d-1]]+1)
Inicio <-mdcum[d-1]+1
F <- Inicio + md[d] - 1
}
Fin  <- ndcum[mdcum[d]]
Nd <- Fin-Pr+1

D1Nd <- matrix(0,Nd,md[d])
i <1
for(k in L:md[d]) {
for(j in l:ndi[lnicio+k-1]) {
D1Nd[i,k]<-1
i<- i+1

}

Wd <- WIPr:Fin,Pr:Fin]
Xd <- X[Pr:Fin,]
fd <- fdi[lnicio:F]
Xdast <- Xast[lnicio:F,]

Imd<-diag(md[d])
UnoNd <-as.matrix(rep(1,Nd))
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Omegadinv <- Inversa_Omegad(md[d], rho)
Omegad <- Calcula_Omegad(md[d], rho)

sld.inv <- solve(OmegadInv+F2 *t{(DINd)% * %Wd%86D1Nd)
Ld.inv <- Wd-F2 »Wd%%D1Nd%%sld.inv% * %t(D1Nd)%* %Wd
T1 <- F1 *Ld.inv% *%UnoNd%%t(UnoNd)% * %Ld.inv

T2 <- 1+(F1 *t(UnoNd)% *%Ld.inv% * %UnoNd)

Sigmad.inv <- Ld.inv - (T1/T2[1,1])

for(k in 1:md[d]) {

G1ld <- (F1 +(1-fd[k]))  *(1-(F1 *t(UnoNd)% *%Sigmad.inv% *%UnoNd))

% %t(UnoNd)% * %Wd9@6Xd

G12d <- -F1 #F2x(1-fd[k])  *(t(UnoNd)% = %Sigmad.inv% *%DINd¥%b

Omegad%%t(DINd)%* %Wd¥@6Xd)

G21d <- -F1 »F2+(1-fd[k]) = (t(md[Kk,])% * %0Omegad¥®ot(DINd)% * %

Sigmad.inv% * %UnoNd%%t(UnoNd)% * %Wd%86Xd)

T1 <- Imd - (F2 =t(D1Nd)% *%Sigmad.inv% * %D1Nd%%Omegad)
G22d <- F2*(1-fd[k]) *t(Imd[k,])%  *%Omegad¥96T1%%t(D1Nd)%* %

Wd%%Xd
if (k==1) {
G2d <- Gl1lid + Gl2d + G21d + G22d
}
if (kl=1) {
G2d <- ¢(G2d, G11d + Gl2d + G2i1d + G22d)
}
}
if (d==1) {
G2 < G2d
}
if (dl=1) {
G2 <- ¢(G2, G2d)
}

}

at22 <- matrix(G2,nrow=M,ncol=p,byrow = T)
at21l <- matrix((1-fdi) * Xast,nrow=M,ncol=p,byrow = T)

02 <- diag((at21-at22)% * % Q% P0(t(at21)-t(at22)))
return(g2)

}

G3 <- function(X, Y, W, D, md, ndi, sigma0, sigmal,
sigma2, rho, NDI, Finv) {

n <- nrow(X)
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F1 <- sigmal/sigmaO
F2 <- sigma2/sigma0

# ndi muestral
# NDI poblacional

mdcum <- cumsum(md)
ndcum <- cumsum(ndi)
fdi <- ndi/NDI

mR <- 0
g<-matrix(0, nrow=4, ncol=4)

for(d in 1:D) {
if (d==1) {
Inicio <-1
Pr <-1
F <- md[d]
}
if (d'=1) {
Pr <- (ndcum[mdcum[d-1]]+1)
Inicio <-mdcum[d-1]+1
F <- Inicio + md[d] - 1
}
Fin  <- ndcum[mdcum]d]]
Nd <- Fin-Pr+1

Wd <- WIPr:Fin,Pr:Fin]
yd <- Y[Pr:Fin]

Xd <- X[Pr:Fin,]

fd <- fdi[lnicio:F]

D1Nd <- matrix(0,Nd,md[d])
i <1
for(k in L:md[d]) {
for(j in l:ndi[lnicio+k-1]) {
D1Nd[i,k]<-1
i<- i+1

}

}

Imd<-diag(md[d])

UnoNd <-as.matrix(rep(1,Nd))

Omegadinv <- Inversa_Omegad(md[d], rho)
Omegad <- Calcula_Omegad(md[d], rho)

Ads.inv <- solve(Omegadinv+(F2 *t{(DINd)% * %Wd%86D1Nd))
Lds.inv <- Wd-(F2  *Wd%%D1Nd%%Ads.inv% * %t(D1Nd)% * %Wd)
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Tl <- F1 *Lds.inv% *%UnoNd%%t(UnoNd)% * %Lds.inv
T2 <- 1+(F1 *t(UnoNd)% =*%Lds.inv% * %UnoNd)
Sigmad.inv <- Lds.inv - (T1/T2[1,1])

Tl <- -Wd%+ %D1Nd%P6Ads.inv% * %t(DINd)% * %Wd

T2 <- F2 *Wd%%D1Nd¥6Ads.inv% * %t(DINd)% * %Wd¥86D1Nd%%
Ads.inv% * %t(D1Nd)%* %Wd

DpLdsF2 <- T1 + T2

DpLdsRho <- -F2 *Wd%%D1Nd%%Ads.inv% * %0Omegadinvy% %
t(Omegad)% * %0OmegadIinvy% %Ads.inv% * %t(D1Nd)% * %Wd

Tl <- Lds.inv% *%UnoNd%%t(UnoNd)% * %Lds.inv
T2 <- 1+(F1 *t(UnoNd)% =*%Lds.inv% * %UnoNd)
DpSdsF1 <- (T1/(T2[1,1]°2))

TO <- as.numeric((F1 * F1xt(UnoNd)% * %DpLdsF2% %UnoNd))
Tl <- (TO *(Lds.inv% *%UnoNd%%t(UnoNd)% * %Lds.inv))/(T2[1,1]°2)
T3 <- (DpLdsF2% *%UnoNd%%t(UnoNd)% * %Lds.inv) +
(Lds.inv% * %UnoNd%%t(UnoNd)% * %DpLdsF2)
DpSdsF2 <- DpLdsF2 + T1 - (F1 *T3)/(T2[1,1])

TO <- as.numeric((F1 * F1xt(UnoNd)% * %DpLdsRho% %UnoNd))
Tl <- (TO *(Lds.inv% *%UnoNd%%t(UnoNd)% * %Lds.inv))/(T2[1,1]°2)
T3 <- (DpLdsRho% * %UnoNd%%t(UnoNd)% * %Lds.inv) +

(Lds.inv% * %UnoNd%%t(UnoNd)% * %DpLdsRho)
DpSdsRho <- DpLdsRho + T1 - (F1 =T3)/(T2[1,1])

Sigmads <- solve(Sigmad.inv)

for(k in 1:md[d]) {
DpB1dF1 <- (1-fd[K]) *t(UnoNd)% =*%(Sigmad.inv + F1 *DpSdsF1)
DpB1ldF2 <- F1 = (1-fd[k]) *t(UnoNd)% * %DpSdsF2
DpB1dRho <- F1 *(1-fd[k]) *t(UnoNd)% * %DpSdsRho

DpB2dF1 <- F2 *(1-fd[k]) *Imd[k,]% *%Omegad¥®ot(D1Nd)% * %DpSdsF1
DpB2dF2 <- (1-fd[K]) *Imd[k,]% * %Omegad¥®ot(D1INd)% * %
(Sigmad.inv + F2 *DpSdsF2)
DpB2dRho <- F2x*(1-fd[K]) *Imd[k,]% * %(Omegadinv%+ %t(D1Nd)% * %
Sigmad.inv + Omegad% * %t(D1Nd)% * %Sigmad.inv)

T2 <- (DpBldF1+DpB2dF1)
T3 <- (DpBldF2+DpB2dF2)
T4 <- (DpBldRho+DpB2dRho)

q1,1] <-
q1,2] <-
q[1,3] <-
q[1,4] <-
q2,1] <-

[oNeoNoNoNe)
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a2,2] <-
q[2,3] <-
q2,4] <-
q[3,1] <-
q[3,2] <-
q[3,3] <-
qa3.4] <-
q4,1] <-
q[4,2] <-
q[4,3] <-
q[4,4] <-

T2%
T2%
T2%
0

T3%
T3%
T3%
0

T4%
T4%
T4%

if (k==1) {
<- g3dparcial

g3d
}

if (k1=1) {

* 9(sigmal * Sigmads)% * %t(T2)
* 9(sigmal * Sigmads)% * %t(T3)
* 9(sigmal * Sigmads)% * %t(T4)

* 9(sigma0 * Sigmads)% * %t(T2)
* 9(sigmal * Sigmads)% * %t(T3)
* 9o(sigmal * Sigmads)% * %t(T4)

* 9(sigmal * Sigmads)% * %t(T2)
* 9(sigma0 * Sigmads)% * %t(T3)
* %(sigmal * Sigmads)% * %t(T4)

g3d <- c(g3d,g3dparcial)

}
}

if (d==1) {

g3 <- g3d

}
if (di=1) {

}

g3 <- ¢(g3,93d)

}

return(g3)

G4 <- function(D, md, ndi, NDI, W, sigma0) {

# ndi muestral
# NDI poblacional

g4 <- vector()
Indice <- 1

Inicio <- 1
for(d in 1:D) {

for (j in 1:md[d]) {

g4[Indice] <- (sigmaO/(NDlI[Indice] 2))

(NDI[Indice]-ndi[Indice])

Indice <- Indice + 1
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}

}
return(g4)

20.2.4 R code of Interval.autocorr

The R code of the functiomterval.autocorr is listed bellow.

BRBH R H
### Unit level model with time correlated effects

### SAMPLE project

### Author: Laureano Santamaria Arana

HHHHH R T R R R R R

Interval.autocorr <- function(fit, conf=0.95) {
alfa <- 1-conf
k <- 1-alfa/2
z <- gnorm(k)
Finv <- fit[[2]]
sigma.std.err <- z
sigmal.std.err <- z
sigma2.std.err <- z
rho.std.err <- z * sqrt(Finv[4,4])
beta.std.err <- z * sgrt(as.vector(diag(fit[[3]])))
return( list(sigma.std.err, sigmal.std.err, sigma2.std

rho.std.err, beta.std.err) )

* sgrt(Finv[1,1])
* sgrt(Finv[2,2])
* sgrt(Finv[3,3])

20.2.5 R code of Omega calculation

HHHHH R T R R R R R
### Unit level model with time correlated effects

### SAMPLE project

### Author: Laureano Santamaria Arana

BRB R R H

Calcula_Omegad <- function(Elem, rho) {
Omegad<-matrix(0,nrow=Elem,ncol=Elem)
Omegad[lower.tri(Omegad)]<-rho"sequence((Elem-1):1)
Omegad<-Omegad+t(Omegad)
diag(Omegad)<-1
Omegad <- (1/(1-rho"2))
return(as.matrix(Omegad))

* Omegad

}

Deriva_Omegad <- function(Elem, rho, Omegad) {
OmegadPrima<-matrix(0,nrow=Elem,ncol=Elem)

OmegadPrima[lower.tri(OmegadPrima)] <- sequence((Elem

BHHHHHH R
HHH
HH#H
HHH
B

.err,

BRI
Hi#
HAH
HiH
BHHHHHH R

-1):1) o+

rho”(sequence((Elem-1):1)-1)



}
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OmegadPrima <- OmegadPrima+t(OmegadPrima)
OmegadPrima <- (1/(1-rho"2)) * OmegadPrima
OmegadPrima <- OmegadPrima + (2 =*rho/(1-rho"2)) * Omegad

return(as.matrix(OmegadPrima))

Inversa_Omegad <- function(Elem, rho) {

Imd <- diag(Elem)
E <- diag(Elem)
E[1,1] <- O
E[Elem,Elem] <- O
F <- diag(Elem)
for(i in 1:Elem) {

F[i,i] <- 0
if (i>1) {
Fli,i-1] <- 1
}
if (i<Elem) {
Fli,i+1] <- 1
}

}

Omegadinversa <- matrix(0,nrow=Elem,ncol=Elem)
Omegadinversa <- Imd + (tho  *rho *E) - (rho =*F)
return(as.matrix(OmegadInversa))
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Chapter 21

Appendix 7: R code for M-quantile small
area estimators of the mean

21.1 R code of mg.sae

The R code of the functiomq.saeis listed bellow.

BHARHHHHHHHHHH AR R R AR AR R AR R R BHAHHHRHHHHHH
HH#H

it M-quantile estimators for the mean
i SAMPLE project
HiH

### Authors: N. Salvati, N.Tzavidis, C. Giusti,

Hit# S. Marchetti and M. Pratesi

### File name: MQ_FUNCTION_MEAN.R

### Updated: February 2nd, 2010

Hi#

HHAHHHHH R R R R R R R HH A H AR

library(MASS)

#M-quantile function
QRLM <- function (x, y, case.weights = rep(1, nrow(x)),

var.weights = rep(1, nrow(x)), w = rep(1, nrow(x)), init = "l s",
psi = psi.huber, scale.est = c("MAD", "Huber", "proposal 2" ),

k2 = 1.345, method = c("M", "MM"), maxit = 20, acc = 1e-04,

test.vec = "resid", q = 0.5)

{

irls.delta <- function(old,new)
sqrt(sum((old-new)"2)/max(1e-20,sum(old"2)))
irls.rrxwr <- function(x, w, r) {
w <- sqrt(w)
max(abs((matrix(r *w,1,length(r))% * % X)/sqrt(matrix(w,1,length(r)) % * %
% % (X°2))))/sqrt(sum(w *72))
}
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method <- match.arg(method)
nmx <- deparse(substitute(x))
if (is.null(dim(x))) {

X <- as.matrix(x)
colnames(x) <- nmx

}

else x <- as.matrix(x)

if (is.null(colnames(x)))

colnames(x) <- paste("X", seq(ncol(x)), sep = ")
if (ar(x)$rank < ncol(x))
stop("x is singular: singular fits are not implemented in rl m")

if (!(any(test.vec == c("resid", "coef"’, "w", "NULL")) ||

is.null(test.vec)))

stop(“invalid testvec")

if (length(var.weights) !'= nrow(x))

stop("Length of var.weights must equal number of observati ons")
if (any(var.weights < 0))

stop("Negative var.weights value")

if (length(case.weights) != nrow(x))

stop("Length of case.weights must equal number of observat ions")
w <- (w =* case.weights)/var.weights
if (method == "M") {

scale.est <- match.arg(scale.est)

if (lis.function(psi))

psi <- get(psi, mode = "function")
arguments <- list(...)

if (length(arguments)) {

pm <- pmatch(hames(arguments), names(formals(psi)), nom atch = 0)
if (any(pm == 0))

warning(paste("some of ... do not match"))
pm <- names(arguments)[pm > 0]
formals(psi)[pm] <- unlist(arguments[pm])

}

if (is.character(init)) {

if (init == "Is")

temp <- Im.wfit(x, y, w, method = "qr")
else if (init == "lts")

temp <- Igs.default(x, y, intercept = FALSE, nsamp = 200)
else stop("init method is unknown")

coef <- temp$coef

resid <- temp$resid

}

else {

if (is.list(init))

coef <- init$coef

else coef <- init

resid <-y - x % *% coef

}

}
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else if (method == "MM") {
scale.est <- "MM"
temp <- Igs.default(x, y, intercept=FALSE, method="S", kO =1.548)

coef <- temp$coef

resid <- temp$resid

psi <- psi.bisquare

if (length(arguments <- list(...)))

if (match("c", names(arguments), nomatch = FALSE)) {
c0 <- arguments$c

if (cO > 1.548) {

psi$c <- c0

}

else warning("c must be at least 1.548 and has been ignored")
}

scale <- temp$scale

}

else stop("method is unknown")

done <- FALSE

conv <- NULL

nl <- nrow(x) - ncol(x)

if (scale.est = "MM")

scale <- mad(resid/sqgrt(var.weights), 0)

theta <- 2 * pnorm(k2) - 1

gamma <- theta + k22 * (1 - theta) - 2 * k2 * dnorm(k2)

gest <- matrix(0, nrow = ncol(x), ncol = length(q))

gwt <- matrix(0, nrow = nrow(x), ncol length(q))

gfit <- matrix(0, nrow = nrow(x), ncol length(q))

gres <- matrix(0, nrow = nrow(x), ncol = length(q))

for(i in 1l:length(q)) {

for (iiter in l:maxit) {

if (lis.null(test.vec))

testpv <- get(test.vec)

if (scale.est = "MM") {

if (scale.est == "MAD")

scale <- median(abs(resid/sqrt(var.weights)))/0.6745

else scale <- sqgrt(sum(pmin(resid 2/var.weights,
(k2 = scale)2))/(n1 *gamma))

if (scale == 0) {
done <- TRUE

break

}

}

w <- psi(resid/(scale *  sqrt(var.weights))) * case.weights
ww <- 2 x (1 - q[i]) * W

ww[resid > 0] <- 2 * g[i] * wfresid > 0]

W <- WWwW

temp <- Im.wfit(x, y, w, method = "qr")
coef <- temp$coef
resid <- temp$residuals
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if (lis.null(test.vec))

convi <- irls.delta(testpv, get(test.vec))

else convi <- irls.rrxwr(x, wmod, resid)

conv <- c(conv, convi)

done <- (convi <= acc)

if (done)

break

}

if (!done)

warning(paste("rlm failed to converge in",maxit,"steps a t g=",q[i]))
gest[, i] <- coef

gwt[, i] <- w

afit[, i] <- temp$fitted.values

gresl,i] <- resid

}

list(fitted.values = dfit, residuals = qres, q.values = q,
g.weights = qwt, coefficients = qest)

}

# COMPUTE THE QUANTILE ORDER

# COMPUTING OF THE QUANTILE-ORDERS
"zerovalinter"<-function(y, x)

{
if(min(y) > 0) {
xmin <- x[y == min(y)]
if(length(xmin) > 0)
xmin <- xmin[length(xmin)]
Xzero <- xmin
}
else {

if(max(y) < 0) {
xmin <- X[y == max(y)]
if(length(xmin) > 0)
Xxmin <- xmin[1]
Xzero <- xmin

else {

yl <- min(y[y > 0])
if(length(yl) > 0)

yl <- yl[length(y1)]
y2 <- max(yly < 0])
if(length(y2) > 0)

y2 <- y2[1]
x1 <- X[y == y1]
if(length(x1) > 0)

x1 <- x1[length(x1)]
X2 <- X[y == y2]



21.1. R code of mq.sae

if(length(x2) > 0)
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X2 <- x2[1]
xzero <- (x2 * yl - x1 * y2)/(yl - y2)
xmin <- x1
if(abs(y2) < yl1)
xmin <- x2
}
}
resu <- Xxzero
resu

}

# Function for Finding the Quantile Orders by Linear Interpo
# Assumes that "zerovalinter" function has been already loa

"gridfitinter"<-function(y,expectile,Q)
# computing of the expectile-order of each observation of y b
# interpolation

{
ng<-length(Q)

diff <-y % *% t(as.matrix(rep(1, nq))) - expectile
vectordest <- apply(diff, 1, zerovalinter,Q)

#print(vectordest)
#qord<-list(ord=c(vectordest))
#qord

}

#y: study variable

#x: set of covariates without the intercept for sampled unit
#regioncode.s: area code for sampled units

#x.r: set of covariates for out of sample units
#regioncode.r: area code for out of sample units

#p size of x +1 (intercept)

mg.sae=function(y,x,regioncode.s,m,p,x.outs,regionc
tol.value=0.0001,maxit.value=100,k.value=1.345)

{

MQE<-c(rep(0,m))
MQNAIVE<-c(rep(0,m))

datanew=chind(y,x,regioncode.s)

ni=as.numeric(table(regioncode.s))

lation
ded

ode.r,
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sample.sizer<-as.numeric(table(regioncode.r))

Ni=sample.sizer+ni

N<-sum(Ni)
n<-sum(ni)

X=matrix(x,n,p-1)
X.r=matrix(x.outs,(N-n),p-1)
x.t=rbind(x,x.r)
x.c<-rep(1,n)
x.design<-cbind(x.c,x)

p=ncol(x.design)

ob<-QRLM(x.design, y,g=sort(c(seq(0.006,0.99,0.045), 0.5,0.994,
0.01,0.02,0.96,0.98)),k = k.value,maxit=maxit.value,a cc=tol.value)
go<-matrix(c(gridfitinter(y,ob$fitted.values,ob$q.v alues)),

nrow=n,ncol=1)
gmat<-matrix(c(go,regioncode.s),nrow=sum(ni),ncol=2 )
mgo<-aggregate(gmat[,1],list(d2=qmat[,2]),mean)[,2]

uar<-sort(unique(regioncode.s))
saq<-matrix(c(mqo,uar),nrow=m,ncol=2)

saq<-rbind(saq,c(0.5,9999))

beta.stored=matrix(0,m,2)

res.s=NULL

tttmp1<-NULL

ci<-array(rep(0,n *m),dim=c(n,m,1))
cil<-array(rep(0,n *m),dim=c(n,m,1))
prs<-NULL

prr<-NULL

wi<-matrix(0,n,m)

for(i in 1:m){

ob1<-QRLM(x.design,y,g=mqo][i],psi=psi.huber,k = k.val ue,
maxit=maxit.value,acc=tol.value)

wd<-diag(c(ob1$qg.weights))

# Regional parameters from multiquantile model
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coef<-matrix(c(t(ob1$coefficients)),nrow=1,ncol=p)
# need to be ordered by area

coef<-t(coef)

meat<-wd%=* %x.design% * %solve(t(x.design)% * %wd%%x.design)
x1<-c(rep(1,(Ni[i]-ni[i])))

ir<-rep(0,n)

irfregioncode.s==uarf[i]]<-1

ril<-sample.sizer]i]

r=NULL

for (kk in 1:(p-1))

E<—c(r,sum(x.r[,kk][regioncode.r==uar[i]]))}

r=c(rj1,r)

sj1<-sum(rep(1,ni[i]))

tss=NULL

for (kk in 1:(p-1))

tss<-c(tss,sum(x[,kk][regioncode.s==uar[i]]))}

tss<-C(SjL,tsS)

w.welsh<-((NI[/(nii]) sirrmeatts = %6(r-(Niil-nifi)y/nifi) *159)

MQE][i]J<-sum(w.welsh  *y)/sum(w.welsh)
y.i<-y[regioncode.s==uar[i]]

y.pred.s<-cbind(1,x[regioncode.s==uar]i],])% * 9pcoef
residual<-y.i-y.pred.s

tttmp1[i]<-(sample.sizer]i]/ni[i]) * sum(residual)

prs<-c(prs,y.pred.s)

res.s<-c(res.s,residual)
y.pred<-cbind(1,x.r[regioncode.r==uarli],])% * Opcoef
prr<-c(prr,y.pred)
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data<-cbind(regioncode.s,w.welsh)
for (kk in 1:n){

if (data[kk,1]==uar[i]) ci[kk,i,1]<-data[kk,2]-1
else if (datalkk,1]!=uar[i]) ci[kk,i,1]<-data[kk,2] }

MQNAIVE[i]<-(1/Ni[i]) * as.real(sum(y.i)+sum(y.pred))

#f<-(sample.sizer[i])/ni[i]

ai<-r

bi<-ai% * %solve(t(x.design)% * %owd%%x.design)% * %t(x.design)%  * %wd
bi<-c(bi)

wil,i]<-c(ir-+bi)

datanaive<-cbind(regioncode.s,wil,i])
for (kk in 1:n){

if (datanaive[kk,1]==uar[i]) cil[kk,i,1]<-datanaivelk k,2]-1
else if (datanaive[kk,1]'=uar[i]) cil[kk,i,1]<-datanai velkk,2] }
}

res.d=res.s"2
res.d<-chind(res.d,regioncode.s,ci[,,1])

v<-NULL

for (0o in 1:m){

v[oo]<-1/Ni[o0]"2 * (sum((res.d[,(oo+2)][res.d[,2]==uar[o0]] "2+
+(sample.sizer[oo])/ni[o0]) *res.d[,1][res.d[,2]==uar[oo]])+
+sum(res.d[,(0o+2)][res.d[,2]'=uar[00]] 2 *res.d[,1][res.d[,2]'=uar[oq]]))

}

res.d1<-cbind(res.s"2,regioncode.s,cil[,,1])

v1<-NULL

bias<-NULL

mse<-NULL

for (0o in 1:m){

v1[oo]<-1/Ni[oo]2 * (sum((res.d1[,(oo+2)][res.d1[,2]==uar[00]] 2+

+(sample.sizer[oo])/n) *res.d1[,1][res.d1[,2]==uar[oo]])+

+sum(res.dl[,(oo+2)][res.d1][,2]'=uar[o0]] "2 *res.dl[,1]
[res.d1[,2]!=uar[00]]))

bias[oo]<-(1/Ni[oo]) * (sum(wi[,00]  *prs)-sum(c(prs[regioncode.s==uar[00]],
prr[regioncode.r==uar[00]])))

mse[oo]<-v1[oo]+(bias[o0])"2
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}

list(mg.cd=MQE,mqg.naive=MQNAIVE,mse.cd=v,mse.naive= mse,code.area=uar)
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Chapter 22

Appendix 8: R code for nonparametric
M-quantile small area estimators of the

mean

22.1 R code of npmg.sae

The R code of the functionpmg.saeis listed bellow.

BHAHHHHH AR
HH#H

#H# M-quantile estimators for the mean
#H# SAMPLE project
HitH

### Authors: N. Salvati, N.Tzavidis, C. Giusti,

it S. Marchetti and M. Pratesi

### File name: npmg.sae.R

### Updated: February 10th, 2010

#itH

HH R

# Model-Based Simulations
#rm(list=Is(all=TRUE))
library(MASS)
library(SemiPar)
library(nime)

my.default.knots.2D<-function (x1, x2, num.knots)
{
require("cluster")
if (missing(num.knots))
num.knots <- max(10, min(50, round(length(x1)/4)))
X <- chind(x1, x2)
dup.inds <- (1:nrow(X))[dup.matrix(X) == T]
if (length(dup.inds) > 0)

341
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X <- X[-dup.inds, ]
knots <- clara(X, num.knots)$medoids
return(knots)

H H H

Z.matrix<-function(lon,lat,knots){
K<-nrow(knots)

dist.knot<-matrix(0,K,K)
dist.knot[lower.tri(dist.knot)]<-dist(knots)
dist.knot<-dist.knot+t(dist.knot)
Omega<-tps.cov(dist.knot)
dist.lon<-outer(lon,knots|[,1],"-")
dist.lat<-outer(lat,knots|[,2],"-")
dist.x<-sgrt(dist.lon"2+dist.lat"2)
svd.Omega<-svd(Omega)
sgrt.Omega<-t(svd.Omega$v %  *% (t(svd.Omega$u) +* sqgrt(svd.Omega$d)))
Z<- t(solve(sgrt.Omega,t(tps.cov(dist.x))))
return(Z)

}

npgrim<-function(Y.n,X,Z.spline,quantile,tol=0.001, maxit=100,theta=2,
kk=1.345){

# prototype function for panel data fitting of MQ models

# the matrix X is assumed to contain an intercept

# the vector s is a strata indicator assumed (so far) to be a one -way layout
# theta : GCV parameter, defaulted to 2

require(SemiPar)

require(MASS)

require(splines)
assign("tol",tol,pos=1)
assign("maxit",maxit,pos=1)
assign("Y.n",Y.n,pos=1)
assign("X",X,pos=1)
assign("kk",kk,pos=1)
assign("Z.spline",Z.spline,pos=1)
assign("theta" theta,pos=1)
assign("quantile”,quantile,pos=1)

n<-length(Y.n)
X<-as.matrix(X)
pl<-ncol(X)
p2<-ncol(Z.spline)
X.n<-chind(X,Z.spline)
p=pl+p2
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b=rep(1,p)

my.psi.q<-function(u,q,c){
s<-median(abs(u))/0.6745

w <- psi.huber((u/s),c)

ww <-2=* (1 -q) *w
wwlu> 0] <- 2 * gq * wu > 0]
W <- ww

Wk U

}

my.b<-function(X,Y,W,lambda)
{G<-as.matrix(diag(c(rep(0,pl),rep(1,p2)),p))
solve(t(X)%  * %Wa806X+Glambda)% * %t(X)% * %W4E86Y

stima<-function(l){

# | : coefficiente di penalizzazione nel'lRPLS
n<-nrow(X.n)

diff<-1

iter<-0

while (diff>tol)

{#inizia procedura di stima

iter<-iter+1
res<-Y.n-X.n% *%b #calcolo residui
W.n<-as.matrix(diag(c(my.psi.q(as.matrix(res),qtl,k k)/as.matrix(res)),n))

assign("W.n", W.n, pos=1)

b.ott<-my.b(X.n,Y.n,W.n,l)

diff<-sum((as.matrix(b)-as.matrix(b.ott))"2)

b<-b.ott

if (iter>maxit)

{warning(paste("failed to converge in", maxit, "steps at g =", qtl)
break}

}

y.hat=X.n% *%b

list(fitted.values=as.matrix(y.hat),coef=as.matrix( b),
we=as.matrix(diag(W.n)))

}

my.GCV<-function(l)

{

G<-as.matrix(diag(c(rep(0,p1),rep(1,p2)),p))

tmp<-stima(l)

y.hat<-tmp$fitted.values

S<-(X.n)% *%solve(t(X.nN)%  * %W.n%%X.n+Gx1)% * %t(X.n)% *%W.n
sum((Y.n-y.hat)"2)/((1-theta *sum(diag(S))/n)"2)

}
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length.g<-length(quantile)
y.fit<-matrix(0,n,length.q)
y.coef<-matrix(0,p,length.q)
y.weight<-matrix(0,n,length.q)
lambda.ott<-NULL

for (k in l:length.q)

{

gti<-quantile[k]
gti<-assign("qtl",qtl,pos=1)
tmp<-optimize(my.GCV,c(0,50))
l.ott<-tmp$minimum
lambda.ott[K]<-l.ott
y.stim<-stima(l.ott)
y.fit[,k]<-y.stim$fitted.values
y.coef[,k]=y.stim$coef
y.weight[,k]=y.stim$we

}
list(hat.values=y.fit,b.stim=y.coef,q.weights=y.wei ght,lambda.q=lambda.ott)

}

# COMPUTE THE QUANTILE ORDER

# COMPUTING OF THE QUANTILE-ORDERS
"zerovalinter"<-function(y, x)

{
if(min(y) > 0) {
xmin <- x[y == min(y)]
if(length(xmin) > 0)
xmin <- xmin[length(xmin)]
Xzero <- xmin
}
else {

if(max(y) < 0) {
xmin <- x[y == max(y)]
if(length(xmin) > 0)
Xmin <- xmin[1]
XzZero <- xmin

else {

yl <- min(yly > 0])
if(length(yl) > 0)

yl <- yl[length(y1)]
y2 <- max(y[y < 0])
if(length(y2) > 0)

y2 <- y2[1]
x1 <- X[y == y1]
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if(length(x1) > 0)

x1 <- x1[length(x1)]
X2 <- X[y == y2]
if(length(x2) > 0)

X2 <- x2[1]
xzero <- (x2 * yl - x1 * y2)l(yl - y2)
xmin <- x1
if(abs(y2) < y1)
xmin <- x2
}
}
resu <- Xzero
resu
}
# Function for Finding the Quantile Orders by Linear Interpo lation
# Assumes that "zerovalinter" function has been already loa ded

"gridfitinter"<-function(y,expectile,Q)
# computing of the expectile-order of each observation of y
by interpolation
{
ng<-length(Q)

diff <-y % *% t(as.matrix(rep(1, nq))) - expectile
vectordest <- apply(diff, 1, zerovalinter,Q)

#print(vectordest)
#qord<-list(ord=c(vectordest))
#qord

}

#y: study variable

#x: set of covariates without the intercept for sampled unit S
#regioncode.s: area code for sampled units

#x.r. set of covariates for out of sample units

#regioncode.r: area code for out of sample units

#p size of x +1 (intercept)

#z.spline: the spline matrix

sae.npmg=function(y,x,z.spline,z.spline.r,regioncod e.s,m,p,X.outs,
regioncode.r,tol.value=0.0001,maxit.value=100,k.val ue=1.345)
{

MQE<-c(rep(0,m))
MQNAIVE<-c(rep(0,m))

datanew=chind(y,x,regioncode.s)
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ni=as.numeric(table(regioncode.s))
sample.sizer<-as.numeric(table(regioncode.r))

Ni=sample.sizer+ni

N<-sum(Ni)
n<-sum(ni)

X=matrix(x,n,p-1)
X.r=matrix(x.outs,(N-n),p-1)
x.t=rbind(x,x.r)

x.c<-rep(1,n)

x.design<-chind(x.c,x)
p=ncol(x.design)

p2<-ncol(z.spline)
G.matrix=diag(c(rep(0,p),rep(1,p2)))

ob<-npqgrim(y, x.design, z.spline, quantile=sort(c(seq( 0.006,0.99,0.045),
0.5,0.994,0.01,0.02,0.96,0.98)),kk = k.value,maxit=ma xit.value,tol=tol.value)
g.values<-sort(c(seq(0.006,0.99,0.045),0.5,0.994,0. 01,0.02,0.96,0.98))
go<-matrix(c(gridfitinter(y,ob$hat.values,q.values) ),nrow=n,ncol=1)
gmat<-matrix(c(qo,regioncode.s),nrow=sum(ni),ncol=2 )

mgo<-aggregate(gmat[,1],list(d2=gmat[,2]),mean)[,2]

uar<-sort(unique(regioncode.s))
saq<-matrix(c(mqo,uar),nrow=m,ncol=2)

saqg<-rbind(saq,c(0.5,9999))

beta.stored=matrix(0,m,2)

res.s=NULL

tttmpl<-NULL

ci<-array(rep(0,n *m),dim=c(n,m,1))
cil<-array(rep(O,n *m),dim=c(n,m,1))
prs<-NULL

prr<-NULL

wi<-matrix(0,n,m)

for(i in 1:m){

obl<-npgrim(y, x.design, z.spline, quantile=mqol[i],kk = k.value,
maxit=maxit.value,tol=tol.value)
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wd<-diag(c(ob1$g.weights))

# Regional parameters from multiquantile model
coef<-matrix(c(t(ob1$b.stim)),nrow=1,ncol=p+p2) # nee d to be ordered by area
coef<-t(coef)

meat<-wd%=* %cbind(x.design,z.spline)% * %solve(t(cbind(x.design,z.spline))
% Y%wd%%cbind(x.design,z.spline)+obl$lambda.q * G.matrix)

x1<-c(rep(1,(Ni[i]-ni[i])))
ir<-rep(0,n)
irfregioncode.s==uar[if}<-1
rj1<-sample.sizer(i]
r=NULL

Eor (kk in 1:(p-1))

r<-c(r,sum(x.r[,kk][regioncode.r==uarli]]))}

r=c(rj1,r,c(as.numeric(apply(z.spline.r[regioncode. r==uarli],],2,sum))))

sjl<-sum(rep(1,ni[i]))
tss=NULL
for (kk in 1:(p-1))

tss<-c(tss,sum(x[,kk][regioncode.s==uarli]]))}

tss<-c(sj1,tss,c(as.numeric(apply(z.spline[regionco de.s==uar[i],],2,sum))))
w.welsh<-((Ni[i])/(ni[i])) *ir+meat% * %(r-((Nifi]-ni[i)/nili]) *1SS)
MQE][i]<-sum(w.welsh  *y)/sum(w.welsh)

y.i<-y[regioncode.s==uar[i]]

y.pred.s<-cbind(1,x[regioncode.s==uatr[i],],z.spline [regioncode.s==uar[i],])
% %coef
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residual<-y.i-y.pred.s

tttmp1[i]<-(sample.sizer[i}/ni[i]) * sum(residual)

prs<-c(prs,y.pred.s)

res.s<-c(res.s,residual)

y.pred<-cbind(1,x.r[regioncode.r==uarfi],],z.spline .rfregioncode.r==uarfil,])

% %coef
prr<-c(prr,y.pred)

data<-chind(regioncode.s,w.welsh)
for (kk in 1:n){

if (data[kk,1]==uar[i]) ci[kk,i,1]<-data[kk,2]-1
else if (datalkk,1]!=uar[i]) ci[kk,i,1]<-data[kk,2] }

MQNAIVE[i]<-(1/Ni[i]) * as.real(sum(y.i)+sum(y.pred))

#f<-(sample.sizer[i])/ni[i]

ai<-r

bi<-ai% * %solve(t(cbind(x.design,z.spline))% * %wd%%cbind(x.design,z.spline))
% %t(cbind(x.design,z.spline))% * %wd

bi<-c(bi)

wil,i]<-c(ir-+bi)

datanaive<-cbind(regioncode.s,wil[,i])
for (kk in 1:n){

if (datanaive[kk,1]==uar[i]) cil[kk,i,1]<-datanaivelk k,2]-1

else if (datanaive[kk,1]!'=uar[i]) cil[kk,i,1]<-datanai velkk,2] }
}

res.d=res.s"2

res.d<-cbind(res.d,regioncode.s,ci[,,1])

v<-NULL

for (0o in 1:m){

v[oo]<-1/Ni[o0]"2 * (sum((res.d[,(oo+2)][res.d[,2]==uar[o0]] "2+
(sample.sizer[oo])/n) *res.d[,1][res.d[,2]==uar[oo0]])+
sum(res.d[,(oo+2)][res.d[,2]!=uar[00]] 2 * res.d[,1][res.d[,2]'=uar[o0]]))
}

res.d1<-cbind(res.s"2,regioncode.s,cil[,,1])
v1<-NULL
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bias<-NULL

mse<-NULL

for (0o in 1:m){

vl[oo]<-1/Ni[oo] 2 * (sum((res.d1[,(oo+2)][res.d1[,2]==uar[o0]] 2+

(sample.sizer[o0])/n) *res.d1[,1][res.d1[,2]==uar[oo]])+sum(res.d1[,(00+2) ]
[res.d1[,2]'=uar[00]]"2 *res.d1[,1][res.d1[,2]'=uar[oq]]))
bias[oo]<-(1/Ni[00]) * (sum(wi[,00]  *prs)-sum(c(prs[regioncode.s==uar[00]],

prr[regioncode.r==uar[00]])))
mse[oo]<-v1[oo]+(bias[o0])"2

}

list(npmg.cd=MQE,npmg.naive=MQNAIVE,mse.cd=v,mse.na ive=mse,code.area=uar)
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Chapter 23

Appendix 9: R code for M-quantile
Geographically Weighted Regression

23.1 R code of mggwr.sae

The R code of the functiomggwr.saeis listed bellow.

BHAHHHHH AR R BHAHHHHHH
HH#H

i M-quantile GWR estimators for the mean
## SAMPLE project
HiH

### Authors: N. Salvati, N.Tzavidis, C. Giusti,

#it# S. Marchetti and M. Pratesi

### File name: mqggwr-R

### Updated: March 17th, 2010

Hi#

HHAHHHHH R R R R R R R HH AR

library(MASS)
library(nime)
library(sp)
library(spgwr)

#M-estimator with GWR weights

QRLM <- function (x, y, case.weights = rep(1, nrow(x)),

var.weights = rep(1, nrow(x)), ..., w = rep(1, nrow(x)),

init="Is", psi=psi.huber, scale.est=c("MAD", "Huber", " proposal 2"),

k2 = 1.345, method = c("M", "MM"), maxit = 20, acc = 1e-04,
test.vec = "resid", q = 0.5,wl)

irls.delta <- function(old,new)sgrt(sum((old-new)"2)/
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max(le-20,sum(old"2)))
irls.rexwr <- function(x, w, r) {
w <- sgrt(w)

max(abs((matrix(r +*w,1,length(r))% * % X)/sqrt(matrix(w,1,length(r)) % *%

% % (x°2))))/sqrt(sum(w *172))

}

method <- match.arg(method)

nmx <- deparse(substitute(x))

if (is.null(dim(x))) {

X <- as.matrix(x)

colnames(x) <- nmx

}

else x <- as.matrix(x)

if (is.null(colnames(x)))

colnames(x) <- paste("X", seq(ncol(x)), sep = ")

if (gr(x)$rank < ncol(x))

stop("x is singular: singular fits are not implemented in rl

if (!(any(test.vec == c("resid", "coef"’, "w", "NULL")) ||
is.null(test.vec)))

stop(“invalid testvec")

if (length(var.weights) !'= nrow(x))

stop("Length of var.weights must equal number of observati

if (any(var.weights < 0))

stop("Negative var.weights value")

if (length(case.weights) != nrow(x))

stop("Length of case.weights must equal number of observat

w <- (w =* case.weights)/var.weights

if (method == "M") {

scale.est <- match.arg(scale.est)

if (lis.function(psi))

psi <- get(psi, mode = "function")

arguments <- list(...)

if (length(arguments)) {

pm <- pmatch(hames(arguments), names(formals(psi)), nom

if (any(pm == 0))

warning(paste("some of ... do not match"))

pm <- names(arguments)[pm > 0]

formals(psi)[pm] <- unlist(arguments[pm])

}

if (is.character(init)) {

if (init == "Is")

temp <- Im.wfit(x, y, w, method = "qr")

else if (init == "lts")

temp <- Igs.default(x, y, intercept = FALSE, nsamp = 200)

else stop("init method is unknown")

coef <- temp$coef

resid <- temp$resid

}

else {

ons")

ions")

atch = 0)
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if (is.list(init))

coef <- init$coef

else coef <- init

resid <-y - x % *% coef

}

}
else if (method == "MM") {
scale.est <- "MM"

temp <- Igs.default(x, y, intercept=FALSE, method="S", kO =1.548)

coef <- temp$coef

resid <- temp$resid

psi <- psi.bisquare

if (length(arguments <- list(...)))

if (match("c", names(arguments), nomatch = FALSE)) {
c0 <- arguments$c

if (cO > 1.548) {

psisc <- c0

}

else warning("c must be at least 1.548 and has been ignored")
}

scale <- temp$scale

}

else stop("method is unknown")

done <- FALSE

conv <- NULL

nl <- nrow(x) - ncol(x)

if (scale.est = "MM")

scale <- mad(resid/sgrt(var.weights), 0)

theta <- 2 * pnorm(k2) - 1

gamma <- theta + k22 * (1 - theta) - 2 * k2 * dnorm(k2)

gest <- matrix(0, nrow = ncol(x), ncol = length(q))

gwt <- matrix(0, nrow = nrow(x), ncol = length(q))

gfit <- matrix(0, nrow = nrow(x), ncol = length(q))

gres <- matrix(0, nrow = nrow(x), ncol = length(q))

for(i in 1l:length(q)) {

for (iiter in L:maxit) {

if (lis.null(test.vec))

testpv <- get(test.vec)

if (scale.est = "MM") {

if (scale.est == "MAD")

scale <- median(abs(resid/sqrt(var.weights)))/0.6745

else scale <- sqgrt(sum(pmin(resid™2/var.weights,(k2 * scale)™2))/
(n1 * gamma))

if (scale == 0) {

done <- TRUE

break

}
}

w <- psi(resid/(scale *  sqrt(var.weights))) * case.weights
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ww <- 2 x (1 - q[i]) * W

ww[resid > 0] <- 2 * qli] * wlresid > 0]
w <- wwdiag(wl)

temp <- Im.wfit(x, y, w, method = "qr")

coef <- temp$coef

resid <- temp$residuals

if (lis.null(test.vec))

convi <- irls.delta(testpv, get(test.vec))

else convi <- irls.rrxwr(x, wmod, resid)

conv <- c(conv, convi)

done <- (convi <= acc)

if (done)

break

}

if (!done)

warning(paste("rlm failed to converge in",maxit,"steps a t q = "q[l)
gest[, i] <- coef

gwt[, i] <- w

gfit[, i] <- temp$fitted.values

gresl,i] <- resid

list(fitted.values = dfit, residuals = qres, q.values = q,
g.weights = qwt, coefficients = qest)

}

# COMPUTE THE QUANTILE ORDER
#
zerovalinter<-function(y, X)

if(min(y) > 0) {
xmin <- X[y == min(y)]
if(length(xmin) > 0)
xmin <- xmin[length(xmin)]
Xzero <- xmin

else {
if(max(y) < 0) {
xmin <- x[y == max(y)]
if(length(xmin) > 0)
Xmin <- xmin[1]
Xzero <- xmin

else {
yl <- min(y[y > 0])
if(length(yl) > 0)
yl <- yl[length(y1)]
y2 <- max(yly < 0])
if(length(y2) > 0)
y2 <- y2[1]
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x1 <- X[y == y1]
if(length(x1) > 0)
x1 <- x1[length(x1)]
x2 <- xly == yZ]
if(length(x2) > 0)
X2 <- x2[1]

xzero <- (x2 * yl - x1 * y2)/(yl - y2)

xmin <- x1
if(abs(y2) < yl)
Xmin <- x2
}
}

resu <- Xxzero
resu

Function for Finding the Quantile Orders by Linear Interpo

H H H

gridfitinter<-function(y,expectile,Q)
# computing of the expectile-order of each observation of y b
# interpolation

{

ng<-length(Q)

diff <- y % =*% t(as.matrix(rep(1, nq))) - expectile
vectordest <- apply(diff, 1, zerovalinter,Q)

}

##M-estimator original

QRLM1 <- function (X, y, case.weights = rep(1, nrow(x)),

var.weights = rep(1, nrow(x)), ..., w = rep(1, nrow(x)), ini

psi = psi.huber, scale.est = c("MAD", "Huber", "proposal 2"

k2 = 1.345, method = c("M", "MM"), maxit = 20, acc = 1e-04,

test.vec = "resid", q = 0.5)

{

irls.delta <- function(old,new)sqrt(sum((old-new)"2)/
max(1le-20,sum(old™2)))

irls.rrxwr <- function(x, w, r) {

w <- sgrt(w)

lation

max(abs((matrix(r *w,1,length(r)) % * 9% x)/sqrt(matrix(w,1,length(r)) % * %

% % (Xx°2))))/sqrt(sum(w *172))

method <- match.arg(method)
nmx <- deparse(substitute(x))
if (is.null(dim(x))) {

X <- as.matrix(x)

colnames(x) <- nmx

}

else x <- as.matrix(x)
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if (is.null(colnames(x)))

colnames(x) <- paste("X", seq(ncol(x)), sep = ")

if (gr(x)$rank < ncol(x))

stop("x is singular: singular fits are not implemented in rl

if (!(any(test.vec == c("resid", "coef", "w", "NULL")) ||
is.null(test.vec)))

stop(“invalid testvec")

if (length(var.weights) != nrow(x))

stop("Length of var.weights must equal number of observati

if (any(var.weights < 0))

stop("Negative var.weights value")

if (length(case.weights) != nrow(x))

stop("Length of case.weights must equal number of observat

w <- (w =* case.weights)/var.weights

if (method == "M") {

scale.est <- match.arg(scale.est)

if (lis.function(psi))

psi <- get(psi, mode = "function")

arguments <- list(...)

if (length(arguments)) {

pm <- pmatch(names(arguments), names(formals(psi)), nom

if (any(pm == 0Q))

warning(paste("some of ... do not match"))

pm <- names(arguments)[pm > 0]

formals(psi)[pm] <- unlist(arguments[pm])

}

if (is.character(init)) {

if (init == "Is")

temp <- Im.wfit(x, y, w, method = "gr")

else if (init == "lts")

temp <- Igs.default(x, y, intercept = FALSE, nsamp = 200)

else stop("init method is unknown")

coef <- temp$coef

resid <- temp$resid

}

else {

if (is.list(init))

coef <- init$coef

else coef <- init

resid <-y - x % *=% coef

}

}

else if (method == "MM") {

scale.est <- "MM"

temp <- Igs.default(x, y, intercept=FALSE, method="S", kO

coef <- temp$coef

resid <- temp$resid

psi <- psi.bisquare

if (length(arguments <- list(...)))

m)

ons")

ions")

atch = 0)

=1.548)
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if (match("c", names(arguments), nomatch = FALSE)) {
c0 <- arguments$c
if (cO > 1.548) {

psi$c <- c0

}

else warning("c must be at least 1.548 and has been ignored")
}

scale <- temp$scale

}

else stop("method is unknown")

done <- FALSE

conv <- NULL

nl <- nrow(x) - ncol(x)

if (scale.est != "MM")

scale <- mad(resid/sqgrt(var.weights), 0)

theta <- 2 * pnorm(k2) - 1

gamma <- theta + k272  * (1 - theta) - 2 * k2 * dnorm(k2)

gest <- matrix(0, nrow = ncol(x), ncol = length(q))

gwt <- matrix(0, nrow = nrow(x), ncol = length(q))

gfit <- matrix(0, nrow = nrow(x), ncol = length(q))

gres <- matrix(0, nrow = nrow(x), ncol = length(q))

for(i in Ll:length(q)) {

for (iiter in l:maxit) {

if (lis.null(test.vec))

testpv <- get(test.vec)

if (scale.est '= "MM") {

if (scale.est == "MAD")

scale <- median(abs(resid/sqrt(var.weights)))/0.6745

else scale <- sqgrt(sum(pmin(resid™2/var.weights,(k2 * scale)"2))/
(n1 »gamma))

if (scale == 0) {

done <- TRUE

break

}
}

w <- psi(resid/(scale *  sqrt(var.weights))) * case.weights
ww <- 2+ (1 - qfi]) * W

wwlresid > 0] <- 2 * g[i] * wfresid > 0]
W <- ww

temp <- Im.wfit(x, y, w, method = "gr")

coef <- temp$coef

resid <- temp$residuals

if (lis.null(test.vec))

convi <- irls.delta(testpv, get(test.vec))

else convi <- irls.rrxwr(x, wmod, resid)

conv <- c(conv, convi)

done <- (convi <= acc)

if (done)

break
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}

if (‘done)

warning(paste("rim failed to converge in",maxit,"steps a t g = "q[l)
gest[, i] <- coef

gwtf, i] <- w

gfit[, i] <- temp$fitted.values

gresl,i] <- resid

list(fitted.values = dfit, residuals = qres, q.values = q,
g.weights = qwt, coefficients = qest)

}

mqggwr.sae=function(x,y,m,area,lon,lat,x.r,area.r,
lon.r,lat.r,method="mqgwr",k.value=1.345, mqgwrweigh t=TRUE)

{

id.area<- sort(unique(area))
m<-length(id.area)

id.area.r=sort(unique(area.r))
m.r<-length(id.area.r)

tmp.cont=rep(0,m.r)
for (i in 1:m.r)
{for (j in 1:m)

if (id.area.r[i]==id.area[j])tmp.cont[i]=1

}
}

tmpO=which(tmp.cont==0)
id.area.out=id.area.r[tmp0]
id.area.in=id.area

ni<- rep(0,m)
for(i in 1:m)ni[il<- sum(area==id.area.in[i])
n<- sum(ni)

ri<- rep(0,m)
for(i in L:m)ri[i]<- sum(area.r==id.area.in[i])
r<- sum(ri)

Ni=ri+ni

RI.MQGWR_CD.Mean=rep(0,m)

if (m.r>m)RI.LMQGWR_CD.Mean.out=rep(0,(m.r-m))
if (m.r==m)RI.LMQGWR_CD.Mean.out=NULL
mse=rep(0,m)
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# Compute the Distance Matrix

eu_dist=as.matrix(dist(cbind(as.vector(lon),as.vect
x.design=cbind(1,x)

p=ncol(x.design)
g.value=sort(c(seq(0.002,0.99,0.045),0.5,0.994,0.01

if (method=="mqgwr")
{

ob.trad<-QRLM1(x.design, y,maxit=100,g=q.value ,k=k.v
go.trad<-matrix(c(gridfitinter(y,ob.trad$fitted.val
nrow=n,ncol=1)

if (mggwrweight==TRUE)band=gwr.selly ~ 1 + x, coords=chin
gweight=gwr.gauss)

if (mggwrweight==FALSE)band=gwr.sel(ly ~ 1 + X, coords=cbi
gweight=gwr.bisquare)

if (mggwrweight==TRUE)w.sp<-gwr.gauss((eu_dist"2),ba

if (mggwrweight==FALSE)w.sp<-gwr.bisquare((eu_dist™2
g.new=0
for(ii in 1:n){
w.new<-diag(w.sp[,ii])
ob<-QRLM(x.design, y,maxit=100,g=sort(c(seq(0.002,0.
0.994,0.01,0.02,0.96,0.98)),wl=w.new,k=k.value)

go<-matrix(c(gridfitinter(y,ob$fitted.values,ob$q.v
nrow=n,ncol=1)

g.newl[ii]=as.real(qolii,1])

if (is.na(g.newlii])) g.newl[ii]=as.real(go.trad[ii,1]
}

gmatl<-matrix(c(g.new,area),nrow=n,ncol=2)
mgol=tapply(gmatl[,1],gmatl[,2],mean)
saq<-matrix(0,nrow=m,ncol=2)

saq[,1]=mqgol

saq[,2]=sort(unique(gmatl[,2]))

ci=array(rep(0,n

*m),dim=c(n,m,1))

res.s=NULL
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for (i in 1:m)
{
pred.medr=0
x.r.area<-matrix(chind(1,x.r)[area.r==id.area.in[i] 1.ri[i],p)
lon.gwr=lon.r[area.r==id.area.in]i]]
lat.gwr=lat.r[area.r==id.area.in[i]]

tmp=matrix(0,n,1)
tmpl=matrix(0,n,1)

for (j in L:ri[i]){
dbase=as.matrix(rbind(cbind(lon.gwr[j],lat.gwr(j]),
cbind(as.vector(lon),as.vector(lat))))

dist.r=(as.matrix(dist(dbase))[-1,1])

if (mggwrweight==TRUE)w.new=gwr.gauss((dist.r)"2,ban d)

if (mggwrweight==FALSE)w.new=gwr.bisquare((dist.r)"2 ,band)
w.new=diag(w.new)

ob1=QRLM(x.design, y,maxit = 100,g=c(saq[i,1]),wl=w.ne w,k=k.value)

coef<-matrix(c(t(ob1$coef)),nrow=1,ncol=p)
# need to be ordered by area

coef<-t(coef)

W_star=diag(c(ob1$q.weight),n,n)

S=W_star%* %x.design% = %solve(t(x.design)% * %W _star%: %x.design)
xir=x.r.arealj,]

tmp=tmp+S%-* %xir

pred.medr[j]<-(x.r.areal[j,]% * %coef[,1])

}

pred.meds=0
sj<-matrix(x.design[area==id.area.in[i]],ni[i],p)

lon.gwr=(lon)[area==id.area.in[i]]
lat.gwr=(lat)[area==id.area.in[i]]

for (j in L:ni[i){
dbase=as.matrix(rbind(cbind(lon.gwr[j],lat.gwr(j]),
cbind(as.vector(lon),as.vector(lat))))

dist.r=(as.matrix(dist(dbase))[-1,1])

if (mggwrweight==TRUE)w.new=gwr.gauss((dist.r)"2,ban d)

if (mggwrweight==FALSE)w.new=gwr.bisquare((dist.r)"2 ,band)
w.new=diag(w.new)

ob1=QRLM(x.design, y,maxit = 100,g=c(saq[i,1]),wl=w.ne w,k=k.value)

coef<-matrix(c(t(ob1$coef)),nrow=1,ncol=p)
# need to be ordered by area
coef<-t(coef)
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W_star=diag(c(ob1$q.weight),n,n)

S=W_star%= %x.design% = %solve(t(x.design)% * %W _star% %x.design)
xis=sj[j,]

tmpl=tmpl+S%=* %Xis

pred.meds][j]<-(sj[j,]% * 9%coef],1])

}

fl<-y[area==id.area.in]i]]
res.s<-c(res.s,(f1-pred.meds))

ir=rep(0,n)
irfarea==id.area.in[i]]<-1
welsh.cd=ir+ir * ((ri[i]+ni[i)/ni[i])+tmp-((ri[i]+ni[i])/ni[i]) *tmpl

data<-chind(as.vector(area),welsh.cd)

for (kk in 1:n)

{

if (data[kk,1]==id.area.in[i]) ci[kk,i,1]=data[kk,2]- 1

else if (data[kk,1]!=id.area.in[i]) ci[kk,i,1]=data[kk 2]}
RI.MQGWR_CD.Mean[il=as.real(1/(ri[i]+ni[i]) * (t(welsh.cd)%  +%
% %as.vector(y)))

}

res.s=res.s"2
res.d=cbind(res.s,as.vector(area),ci[,,1])

for (0o in 1:m)

{mse[oo]=(1/(ni[oo]+ri[00])"2) * (sum((res.d[,(oo+2)][res.d[,2]==00]"2+
+(rifoo])/n) *res.d[,1][res.d[,2]==00])+
+sum(res.d[,(oo+2)][res.d[,2]'=00]"2 *res.d[,1][res.d[,2]!=00]))}
}
if (method=="mqgwr-li")
{

if (mggwrweight==TRUE)band=gwr.selly ~ 1 + X,
coords=cbind(lon, lat),gweight=gwr.gauss)

if (mggwrweight==FALSE)band=gwr.sel(ly ~ 1 + X, coords=cbi nd(lon, lat),
gweight=gwr.bisquare)
if (mggwrweight==TRUE)w.sp<-gwr.gauss((eu_dist"2),ba nd)
if (mggwrweight==FALSE)w.sp<-gwr.bisquare((eu_dist™2 ),band)
g.new=0

n.g=length(q.value)
fitted=matrix(0,n,n.q)
for (gj in 1:n.q)

{
ob.trad<-QRLM1(x.design, y,maxit=100,q=q.value[q]])
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for(ii in 1:n){

w.new<-(w.spl,ii])

err<-sum(w.new = ob.trad$q.weights * ob.trad$residuals)/

/sum(w.new = ob.trad$q.weights)

fitted[ii,qj]=ob.trad$fitted.valueslii]+err}
g.new<-matrix(c(gridfitinter(y,fitted,q.value)),nro w=n,ncol=1)
gmatl<-matrix(c(g.new,area),nrow=n,ncol=2)
mqol=tapply(gmatl[,1],gmatl[,2],mean)

saq<-matrix(0,nrow=m,ncol=2)

saq[,1]=mqgol

saq[,2]=sort(unique(gmati[,2]))

ci=array(rep(0,n *m),dim=c(n,m,1))
res.s=NULL
for (i in 1:m)
E)red.medr=0
x.r.area<-matrix(chind(1,x.r)[area.r==id.area.in[i] 1.ri[i],p)

lon.gwr=lon.r[area.r==id.area.in][i]]
lat.gwr=lat.r[area.r==id.area.in[i]]

tmp=matrix(0,1,n)
tmpl=matrix(0,1,n)

ob.trad<-QRLM1(x.design, y,maxit=100,q=c(saq([i,1]))
coef<-matrix(c(t(ob.trad$coef)),nrow=1,ncol=2)

# need to be ordered by area

coef<-t(coef)

wd<-diag(c(ob.trad$q.weights))

meat<-wd%* %x.design% * %solve(t(x.design)% * %wd%%0x.design)
meatl=(diag(1,n,n)-x.design% * 9%solve(t(x.design)% * %owd%%ox.design)% * %
% %t(x.design)%  *%wd)

for (j in L:ri[i){
dbase=as.matrix(rbind(cbind(lon.gwr[j],lat.gwr(j]),
cbind(as.vector(lon),as.vector(lat))))

dist.r=(as.matrix(dist(dbase))[-1,1])
if (mggwrweight==TRUE)w.new=gwr.gauss((dist.r)"2,ban d)
if (mggwrweight==FALSE)w.new=gwr.bisquare((dist.r)"2 ,band)
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uno=matrix(1,n,1)
errl=((t(uno)% * % (diag(c(w.new),n,n)% * %owd%Yomeatl)) *

* as.real(solve(t(uno)% * %diag(c(w.new),n,n)% * %wd%%uno)))
tmp=tmp-+errl

pred.medr[j]<-(x.r.area]j,]% * 9%pcoef[,1]+as.real(errl% * %matrix(y,n,1)))
}

pred.meds=0

sj<-matrix(x.design[area==id.area.in[i]],ni[i],p)

lon.gwr=(lon)[area==id.area.in[i]]
lat.gwr=(lat)[area==id.area.in[i]]

for (j in L1:ni[i{
dbase=as.matrix(rbind(cbind(lon.gwr[j],lat.gwr][j]),
cbind(as.vector(lon),as.vector(lat))))

dist.r=(as.matrix(dist(dbase))[-1,1])

if (mggwrweight==TRUE)w.new=gwr.gauss((dist.r)"2,ban d)

if (mggwrweight==FALSE)w.new=gwr.bisquare((dist.r)"2 ,band)

err2=((t(uno)% * 9% (diag(c(w.new),n,n)% * %owd%%meatl)) *

* as.real(solve(t(uno)% * %diag(c(w.new),n,n)% * %wd%%uno)))
tmpl=tmpl+err2

pred.meds][j]<-(sj[j,]% * 9%pcoef[,1]+as.real(err2% * %omatrix(y,n,1)))

}

fl<-y[area==id.area.in[i]]
res.s<-c(res.s,(f1-pred.meds))

sj.tot<-apply(sj,2,sum)
rj.tot<-apply(x.r.area,2,sum)

ir=rep(0,n)

irfarea==id.area.in[i]]<-1

welsh.cd=ir = ((ri[i]+ni[i])/ni[i])+meat% *0p

% %(rj.tot-(ri[i]/ni[i]) * sj.tot)+t(tmp)-((ri[i])/ni[i]) *{(tmpl)
data<-chind(as.vector(area),welsh.cd)

for (kk in 1:n)

{

if (data[kk,1]==id.area.in[i]) ci[kk,i,1]=data[kk,2]- 1

else if (data[kk,1]'=id.area.in[i]) ci[kk,i,1]=data[kk 21}
RI.MQGWR_CD.Mean[i]=as.real(1/(ri[i]+ni[i]) * (t(welsh.cd)%  *%as.vector(y)))

}
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res.s=res.s"2
res.d=cbind(res.s,as.vector(area),ci[,,1])

for (0o in 1:m)

{mse[oo]=(1/(ni[oo]+ri[00])"2) * (sum((res.d[,(oo+2)][res.d[,2]==00] 2+
+(ri[oo])/n) +res.d[,1][res.d[,2]==00])+
+sum(res.d[,(oo+2)][res.d[,2]'=00] 2 *res.d[,1][res.d[,2]!=00]))}

}

#out of sample area
if (m.r>m){
rr.sample=m.r-m

for (i in l:rr.sample)

{

Ri=sum(area.r==id.area.out][i])
x.r.area<-matrix(chind(1,x.r)[area.r==id.area.out]i 11.Ri,p)
pred.medr=0

lon.gwr=lon.r[area.r==id.area.out[i]]

lat.gwr=lat.r[area.r==id.area.out[i]]

for (j in 1L:Ri{

dbase=as.matrix(rbind(cbind(lon.gwrf[j],lat.gwr[j]),
cbind(as.vector(lon),as.vector(lat))))

dist.r=(as.matrix(dist(dbase))[-1,1])

if (mggwrweight==TRUE)w.new=gwr.gauss((dist.r)"2,ban d)
if (mggwrweight==FALSE)w.new=gwr.bisquare((dist.r)"2 ,band)
w.new=diag(w.new)

ob1=QRLM(x.design, y,maxit = 100,g=0.5,wl=w.new)
coef<-matrix(c(t(ob1$coef)),nrow=1,ncol=2)

# need to be ordered by area

coef<-t(coef)

pred.medr[j]<-(x.r.area]j,]% * %pcoef],1])
}
RI.MQGWR_CD.Mean.out[i]<-1/(Ri) * (sum(pred.medr))}
}
list(Area.code.in=id.area.in,Area.code.out=id.area. out,

Est.Mean.in=RI.MQGWR_CD.Mean,
Est.Mean.out=RI.MQGWR_CD.Mean.out,Est.mse.in=mse)



Chapter 24

Appendix 10: R code for M-quantile CD
estimators of the CDF

24.1 R code of mg.sae.quant

The R code of the functiomqcd.saeis listed bellow.

BHAHHHHH AR HHRAHHHHH
HHH#H

## M-quantile CD estimators for the quantiles
## SAMPLE project
it

### Authors: N. Salvati, N.Tzavidis, C. Giusti,

## S. Marchetti and M. Pratesi

### File name: MQ.SAE.quant.R

### Updated: March 17th, 2010

HitH

HH B R A HH I

library(MASS)
library(np)

QRLM <- function (x, y, case.weights = rep(1, nrow(x)),

var.weights = rep(1, nrow(x)), ..., w = rep(1, nrow(x)),
init="1s",psi=psi.huber, cale.est=c("MAD","Huber","p roposal 2"),
k2=1.345,method= ("M","MM"),maxit=20, acc=1e-04,test. vec="resid",q=0.5)

irls.delta <- function(old,new)sqrt(sum((old-new)"2)/
max(le-20,sum(old"2)))

irls.rrxwr <- function(x, w, r) {

w <- sgrt(w)

365
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max(abs((matrix(r +*w,1 length(r)) % * % Xx)/sqrt(matrix(w,1,length(r)) % * %
% %(X"2))))/sqrt(sum(w *72))
}

method <- match.arg(method)

nmx <- deparse(substitute(x))

if (is.null(dim(x))) {

X <- as.matrix(x)

colnames(x) <- nmx

}

else x <- as.matrix(x)

if (is.null(colnames(x)))

colnames(x) <- paste("X", seq(ncol(x)), sep = ")

if (gr(x)$rank < ncol(x))

stop("x is singular: singular fits are not implemented in rl

if (!(any(test.vec == c("resid", "coef", "w", "NULL")) ||
is.null(test.vec)))

stop(“invalid testvec")

if (length(var.weights) != nrow(x))

stop("Length of var.weights must equal number of observati

if (any(var.weights < 0))

stop("Negative var.weights value")

if (length(case.weights) != nrow(x))

stop("Length of case.weights must equal number of observat

w <- (w =* case.weights)/var.weights

if (method == "M") {

scale.est <- match.arg(scale.est)

if (Yis.function(psi))

psi <- get(psi, mode = "function")

arguments <- list(...)

if (length(arguments)) {

pm <- pmatch(names(arguments), names(formals(psi)), nom

if (any(pm == 0))

warning(paste("some of ... do not match"))

pm <- names(arguments)[pm > 0]

formals(psi)[pm] <- unlist(arguments[pm])

}

if (is.character(init)) {

if (init == "Is")

temp <- Im.wfit(x, y, w, method = "gr")

else if (init == "lts")

temp <- Igs.default(x, y, intercept = FALSE, nsamp = 200)

else stop("init method is unknown")

coef <- temp$coef

resid <- temp$resid

}

else {

if (is.list(init))

coef <- init$coef

else coef <- init

m)

ons")

ions")

atch = 0)
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resid <-y - x % =% coef

}

}

else if (method == "MM") {

scale.est <- "MM"

temp <- Igs.default(x, y, intercept=FALSE, method="S", kO =1.548)
coef <- temp$coef

resid <- temp$resid

psi <- psi.bisquare

if (length(arguments <- list(...)))

if (match("c", names(arguments), nomatch = FALSE)) {
c0 <- arguments$c

if (cO > 1.548) {

psi$c <- c0

}

else warning("c must be at least 1.548 and has been ignored")
}

scale <- temp$scale

}

else stop("method is unknown")

done <- FALSE

conv <- NULL

nl <- nrow(x) - ncol(x)

if (scale.est != "MM")

scale <- mad(resid/sqgrt(var.weights), 0)

theta <- 2 * pnorm(k2) - 1

gamma <- theta + k22 * (1 - theta) - 2 * k2 * dnorm(k2)

gest <- matrix(0, nrow = ncol(x), ncol = length(q))

gwt <- matrix(0, nrow = nrow(x), ncol length(q))

gfit <- matrix(0, nrow = nrow(x), ncol length(q))

gres <- matrix(0, nrow = nrow(x), ncol = length(q))

for(i in Ll:length(q)) {

for (iiter in l:maxit) {

if (lis.null(test.vec))

testpv <- get(test.vec)

if (scale.est '= "MM") {

if (scale.est == "MAD")

scale <- median(abs(resid/sqrt(var.weights)))/0.6745

else scale <- sqgrt(sum(pmin(resid™2/var.weights,(k2 * scale)"2))/
(n1 »gamma))

if (scale == 0) {
done <- TRUE
break

}
}

w <- psi(resid/(scale *  sqrt(var.weights))) * case.weights
ww <- 2« (1 - qfi]) * W

wwlresid > 0] <- 2 * g[i] * wfresid > 0]

W <- ww
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temp <- Im.wfit(x, y, w, method = "gr")

coef <- temp$coef

resid <- temp$residuals

if (lis.null(test.vec))

convi <- irls.delta(testpv, get(test.vec))

else convi <- irls.rrxwr(x, wmod, resid)

conv <- c(conv, convi)

done <- (convi <= acc)

if (done)

break

}

if (‘done)

warning(paste("rim failed to converge in", maxit, "steps a tqg=" q)
gest[, i] <- coef

gwt[, 1] <- w

gfit[, i] <- temp$fitted.values

gresl,i] <- resid

}

list(fitted.values = dfit, residuals = qres, q.values = q,
g.weights = qwt, coefficients = qest)

}

# COMPUTE THE QUANTILE ORDER

# COMPUTING OF THE QUANTILE-ORDERS
"zerovalinter"<-function(y, X)

{
if(min(y) > 0) {
xmin <- x[y == min(y)]
if(length(xmin) > 0)
xmin <- xmin[length(xmin)]
Xzero <- xmin
}
else {

if(max(y) < 0) {
xmin <- x[y == max(y)]
if(length(xmin) > 0)
Xmin <- xmin[1]
XzZero <- xmin

else {

yl <- min(yly > 0])
if(length(yl) > 0)

yl <- yl[length(y1)]
y2 <- max(y[y < 0])
if(length(y2) > 0)

y2 <- y2[1]
x1 <- X[y == y1]
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if(length(x1) > 0)

x1 <- x1[length(x1)]
X2 <- X[y == y2]
if(length(x2) > 0)

X2 <- x2[1]
xzero <- (x2 * yl - x1 * y2)l(yl - y2)
xmin <- x1
if(abs(y2) < y1)
xmin <- x2
}
}
resu <- Xxzero
resu

}

# Function for Finding the Quantile Orders by Linear Interpo
# Assumes that "zerovalinter" function has been already loa

"gridfitinter"<-function(y,expectile,Q)
# computing of the expectile-order of each observation of y b
# interpolation
{
ng<-length(Q)

diff <-y % *% t(as.matrix(rep(1, nq))) - expectile
vectordest <- apply(diff, 1, zerovalinter,Q)

#print(vectordest)
#qord<-list(ord=c(vectordest))
#qord

}

mgq.coef<-function(myx,myy,myregioncode,maxiter=100)

#This function estimate the m-quantile regression coeffic
#myx<- x sample matrix of auxiliary variables

#myy<- y vector

#mynumauxvar<- number of auxiliary variables (include con

#myregioncode<- area code for y and x units, data must be orde

area code
#maxiter<- OPTIONAL, number of maximum iteration for ob alg

myar<-unique(myregioncode)

myareas<-length(myar)
mysamplesize<-sum(as.numeric(table(myregioncode)))
mynumauxvar<-dim(myx)[2]

ob<-QRLM(myx, myy, maxit=maxiter,q=sort(c(seq(0.006,0
0.994,0.01,0.02,0.96,0.98)))
go<-matrix(c(gridfitinter(myy,ob$fitted.values,ob$q

lation
ded

ients

stant)
red by

orithm

.99,0.045),0.5,
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nrow=mysamplesize,ncol=1)

gmat<-matrix(c(qo,myregioncode),nrow=length(myregio ncode),ncol=2)
mgo<-aggregate(gmat[,1],list(d2=gmat[,2]),mean)[,2]
saq<-matrix(c(mgo,myar),nrow=myareas,ncol=2)

saq<-rbind(saq,c(0.5,9999))

0b1<-QRLM(myx, myy,maxit = maxiter,q=c(mqo[l:myareas]) )
mycoef<-matrix(c(t(ob1$coefficients)),nrow=myareas, ncol=mynumauxvar)
# need to be ordered by area

mycoef<-t(mycoef)

mycoef

}

intsolver<-function(mygest,myyboot,myX,myregioncode pop,mypopsize,myar,
myareas,adjseed,mysboot,mymaxit=100){

myres<-array(0,dim=c(myareas))

myy<-myyboot[mysboot]

myx<-myX[mysboot,]
myregioncode<-myregioncodepop[mysboot]
myregioncoder<-myregioncodepop[-mysboot]
mysamplesizer<-as.numeric(table(myregioncoder))
myX.r<-myX[-mysboot,]

# M-quantiles
coef.boot<-mq.coef(myx,myy,myregioncode)

# Quantile Estimation Using Chambers Dunstan Estimator
for(i in 1:myareas){
fl<-myy[myregioncode==myar(i]]
X.aux.i<-as.matrix(myX.r[myregioncoder==myar{i],])
pred.medr<-(X.aux.i% * %coef.bootl,i])
x.design.i<-as.matrix(myx[myregioncode==myatr[i],])
pred.meds<-(x.design.i% * %coef.bootl,i])
res.s<-fl-pred.meds
z<-sample(res.s,mysamplesizer]i],replace=TRUE)
z<-z+pred.medr

comb<-c(f1,pred.medr)
startO<-quantile(comb,prob=c(mygest))

sameside<-T

myiter<-0

while (sameside & myiter<mymaxit){
ff2<-sum(c(z)<=start0)
ff1<-sum(c(f1)<=start0)
fO<-1/(mypopsize[i]) * (ff1+ff2)

if (fO<=myqgest) startl<-startO+adjseed
if (fO>myqgest) startl<-startO-adjseed
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ff2<-sum(c(z)<=start1)

ffl<-sum(c(fl)<=startl)

f.new<-1/(mypopsizeli]) * (ff1+ff2)
start.bef<-start0

start.aft<-startl

if (f0<=myqgest & f.new>=mygest) sameside<-F
if (fO>=mygest & f.new<=mygest) sameside<-F
startO<-startl

myiter<-myiter+1

}

if(myiter>=100) warning(“intsolver sameside did not conv erge in
"mymaxit" iteration")

ff2<-sum(c(z)<=start.bef)
ffl<-sum(c(fl)<=start.bef)
f.bef<-1/(mypopsize]i]) * (ff1+ff2)
ff2<-sum(c(z)<=start.aft)
ffl<-sum(c(f1)<=start.aft)
f.aft<-1/(mypopsize[i]) * (ff1+ff2)
fdif<-abs(f.bef-f.aft)

if (fdif>=0.01) {

start. med<-(start.bef+start.aft)/2

eps<-0.001

tol<-50

myiter<-0

while (abs(tol)>=0.05 & myiter<mymaxit){
ff2<-sum(c(z)<=start.med)
ffl<-sum(c(fl)<=start.med)

fmed<-1/(mypopsizeli]) * (ff1+ff2)
tol<-(fmed-myqgest)

fmedl<-1/(mypopsize[i]) * (ff1+ff2)-eps
fmedu<-1/(mypopsizeli]) * (ff1+ff2)+eps

if (fmed<mygest & fmedi<fmedu) start.bef<-start.med

if (fmed<mygest & fmedI>fmedu) start.aft<-start.med

if (fmed>mygest & fmedi<fmedu) start.aft<-start.med

if (fmed>mygest & fmedI>fmedu) start.bef<-start.med

start.med<-(start.bef+start.aft)/2

myiter<-myiter+1

}

if(myiter>=100) warning(“intsolver fdif>0.01 tol did not converge in
"mymaxit" iteration")

}

if (fdif<0.01) {
start.med<-(start.bef+start.aft)/2

eps<-0.001
tol<-50
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myiter<-0

while (abs(tol)>0.05 & myiter<mymaxit){
ff2<-sum(c(z)<=start.med)
ffl<-sum(c(f1l)<=start.med)

fmed<-1/(mypopsize]i]) * (ff1+ff2)
tol<-(fmed-myqest)

fmedl<-1/(mypopsize][i]) * (ffL+ff2)-eps
fmedu<-1/(mypopsize]i]) * (ff1+ff2)+eps

if (fmed<mygest & fmedl<fmedu) start.bef<-start.med
if (fmed<mygest & fmedl>fmedu) start.aft<-start.med

if (fmed>mygest & fmedi<fmedu) start.aft<-start.med

if (fmed>mygest & fmedl>fmedu) start.bef<-start.med
start. med<-(start.bef+start.aft)/2

myiter<-myiter+1

}

if(myiter>=100) warning(“intsolver fdif<0.01 tol did not
"mymaxit” iteration")

}

myresJi]<-start.med
Mlteration i in bootstrap ends here
myres

}

boot.CD.R<-function(mygest,myyboot,myX,myregioncode
mysamplesize,myar,myareas,myadjseed,myR,myid){

myproc.a<-array(0,dim=c(myareas,myR))

#Sampling from bootstrap population

for (r in 1:myR){

mysboot<-NULL

s.boot.i<-NULL

for (i in 1:myareas){
s.boot.i<-sample(myid[myregioncodepop==myar|i]],mys
mysboot<-c(mysboot,s.boot.i)

}

myproc.a[,r]<-intsolver(mygest,myyboot,myX,myregion
myareas,myadjseed,mysboot)

R ends here

myproc.a

}

MQ.SAE.quant<-function(myqgrid,myy,myx,myX,myregion

adjseed=max(0.15,mean(myy)/500),myMSE=FALSE,B=1,R=4

mymaxit=100){

converge in

pop,mypopsize,

amplesizel[i])

codepop,mypopsize,myar,

code,myregioncodepop,
00,method="su",
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#This function estimate quantiles via CD estimator when n/N > p
with p very small
#myqgrid<- quantiles order to be estimated (i.e. 0.25,0.50 ,0.75)

#myy<- y vector
#myx<- x sample matrix of auxiliary variables
#myX<- X population matrix of auxiliary variables

#myregioncode<- area code for y and x units, data must be orde red by

area code

#myregioncodepop<- area code for X units (population), dat a must be ordered
by area code

#adjseed<- OPTIONAL, tune the value used to find two good sta rting point to
solve the integral

#myMSE<-TRUE compute the MSE of the CD quantiles estimate vi a bootstrap,

FALSE does not compute any MSE

#B<- number of bootstrap population

#R<- number of bootstrap samples

#method<- which method to be used to estimate residuals dist ribution,
choice= "su" (smooth unconditional),"eu" (emprirical unc onditional),
"sc" (smooth conditional),"ec" (empirical coditional)

#mymaxit: maximum iteration allowed in the while routines

myar<-unique(myregioncode)
myareas<-length(myar)
mypopsize<-as.numeric(table(myregioncodepop))
mysamplesize<-as.numeric(table(myregioncode))
myquantnum<-length(myqgrid)
id<-seq(1l:sum(mypopsize))

myarea.g<-matrix(0,myquantnum,myareas)
myq.true.boot<-array(0,dim=c(myquantnum,myareas,B))
myarea.qg.boot.r<-array(0,dim=c(myquantnum,myareas,B ,R))
myarea.q.boot<-array(0,dim=c(myquantnum,myareas,B))
myq.true.boot.m<-array(0,dim=c(myquantnum,myareas))
myarea.d.boot.m<-array(0,dim=c(myquantnum,myareas))
BIAS.boot<-matrix(0,myquantnum,myareas)

VAR .boot<-matrix(0,myquantnum,myareas)
MSE.boot<-matrix(0,myquantnum,myareas)

kk<-0

mycoef<-mq.coef(myx,myy,myregioncode)

for(qg in myqgrid}{
gest<-qq

kk<-kk+1
myres<-NULL

for(i in l:myareas){
fl<-myy[myregioncode==myar{i]]
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X.aux.i<-as.matrix(myX[myregioncodepop==myar]i],])

pred.medtot<-(X.aux.i% * %omycoef[,i])
x.design.i<-as.matrix(myx[myregioncode==myatr[i],])
pred.meds<-(x.design.i% * %omycoef[,i])

res.s<-fl-pred.meds

myres[i]<-list(res.s)
z<-sample(res.s,mypopsize]i],replace=TRUE)
z<-z+pred.medtot

comb<-c(pred.medtot)
startO<-quantile(comb,prob=c(gest))

sameside<-T

myiter<-0

while (sameside & myiter<mymaxit){
ff2<-sum(c(z)<=start0)

fO<-1/(mypopsize[i]) * (ff2)

if (fO<=qest) startl<-startO+adjseed

if (fO>gest) startl<-startO-adjseed
ff2<-sum(c(z)<=startl)
f.new<-1/(mypopsizeli]) * (ff2)
start.bef<-start0

start.aft<-startl

if (f0<=gest & f.new>=qgest) sameside<-F
if (f0>=gest & f.new<=qgest) sameside<-F
startO<-startl

myiter<-myiter+1

}

if(myiter>=100) warning("CD.quant sameside did not conve rge in "mymaxit"
iteration")

ff2<-sum(c(z)<=start.bef)

f.bef<-1/(mypopsizeli]) * (ff2)
ff2<-sum(c(z)<=start.aft)
f.aft<-1/(mypopsize[i]) * (ff2)

fdif<-abs(f.bef-f.aft)
if (fdif>=0.01) {
start. med<-(start.bef+start.aft)/2

eps<-0.001

tol<-50

myiter<-0

while (abs(tol)>=0.05 & myiter<mymaxit){
ff2<-sum(c(z)<=start.med)

fmed<-1/(mypopsize]i]) * (ff2)
tol<-(fmed-gest)

fmedl<-1/(mypopsize][i]) * (ff2)-eps
fmedu<-1/(mypopsize]i]) * (ff2)+eps

if (fmed<gest & fmedl<fmedu) start.bef<-start.med
if (fmed<gest & fmedI>fmedu) start.aft<-start.med
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if (fmed>gest & fmedi<fmedu) start.aft<-start.med

if (fmed>gest & fmedI>fmedu) start.bef<-start.med
start.med<-(start.bef+start.aft)/2

myiter<-myiter+1

}

if(myiter>=100) warning("CD.quant fdif>0.01 tol did not c
"mymaxit" iteration")

}

if (fdif<0.01) {
start.med<-(start.bef+start.aft)/2

eps<-0.001

tol<-50

myiter<-0

while (abs(tol)>0.05 & myiter<mymanxit){
ff2<-sum(c(z)<=start.med)

fmed<-1/(mypopsizeli]) * (ff2)
tol<-(fmed-gest)

fmedl<-1/(mypopsize[i]) * (ff2)-eps
fmedu<-1/(mypopsizeli]) * (ff2)+eps

if (fmed<gest & fmedi<fmedu) start.bef<-start.med

if (fmed<gest & fmedl>fmedu) start.aft<-start.med

if (fmed>gest & fmedi<fmedu) start.aft<-start.med

if (fmed>gest & fmedI>fmedu) start.bef<-start.med
start.med<-(start.bef+start.aft)/2

myiter<-myiter+1

}

if(myiter>=100) warning("CD.quant fdif<0.01 tol did not c
"mymaxit" iteration")

myarea.q[kk,i]<-start. med
}#lteration i ends here

if(myMSE)X
#itH#H##BOOtStrap###HHH#H

#Generate B bootstrap Population (size N)

if(method=="sc"){

#Centering residuals in each areas (use this for area condit
res.s.centered<-NULL

for (i in 1:myareas){
res.s.centered[i]<-list(myres[[i]]-mean(myres[[i]])

}

#smoothed density of residuals areas conditioned
Fhat.ord<-NULL
res.ord<-NULL

onverge in

onverge in

ioned approach)

375



376 Chapter 24. Appendix 10: R code for M-quantile CD estorsabf the CDF

for (i in 1:myareas){
bw<-npudensbw("res.s.centered][[i]],ckertype="epanec hnikov")
Fhat<-fitted(npudist(bws=bw))

res.ord[i]<-list(sort(res.s.centered[[i]]))

Fhat.ord[i]<-list(sort(Fhat))

}
}

if(method=="su"){

#Centering residuals for the whole sample
(use this for area unconditioned approach)
res.s.centered<-NULL

for (i in 1:myareas){
res.s.centered<-c(res.s.centered,myres|[[i]])

}

res.s.centered<-sort(res.s.centered-mean(res.s.cent ered))

#smoothed density of residuals areas unconditioned
Fhat.ord<-NULL
bw<-npudensbw("res.s.centered,ckertype="epanechniko V")
Fhat<-fitted(npudist(bws=bw))

Fhat.ord<-sort(Fhat)

}
if(method=="ec"){
#Centering residuals in each areas (use this for area condit ioned approach)

res.s.centered<-NULL

for (i in 1:myareas){
res.s.centered[i]<-list(myres][[i]]-mean(myres[[i]]) )
}

}

if(method=="eu"){

#Centering residuals for the whole sample
(use this for area unconditioned approach)
res.s.centered<-NULL

for (i in 1:myareas){
res.s.centered<-c(res.s.centered,myres|[[i]])

}

res.s.centered<-sort(res.s.centered-mean(res.s.cent ered))

}

for (b in 1:B){

if(method=="sc"){

#Sample from kernel density areas conditioned
samp.boot<-NULL

for (i in 1:myareas){
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s.boot<-NULL

for (g in 1l:mypopsize[i]{

s.boot[g]<-which(Fhat.ord[[i]]==quantile(Fhat.ord[[ i]],prob=runif(1),
;ype=3))

samp.boot[i]<-list(s.boot)

#Population smoothed density of residuals area conditione d
y.boot<-NULL

y.boot.i<-NULL

for (i in 1:myareas){

y.boot.i<-myX[myregioncodepop==myar([i],]|% * Yomycoef[,i]+
res.ord[[i]][samp.boot[[i]]]

y.boot<-c(y.boot,y.boot.i)

}

}

if(method=="su"){

#Sample from kernel density areas unconditioned

samp.boot<-NULL

for (i in 1:myareas){

s.boot<-NULL

for (g in 1l:mypopsize[i]{

s.boot[g]<-which(Fhat.ord==quantile(Fhat.ord,prob=r unif(1),type=3))
}

samp.boot[i]<-list(s.boot)

#Population smoothed density of residuals areas unconditi oned
y.boot<-NULL

y.boot.i<-NULL

for (i in 1:myareas){

y.boot.i<-myX[myregioncodepop==myar(i],]|% * %omycoef[,i]+
res.s.centered[samp.boot][[i]]]

y.boot<-c(y.boot,y.boot.i)

}

}

if(method=="ec"){

#Population empirical density of residuals area condition ed

y.boot<-NULL
y.boot.i<-NULL
for (i in 1:myareas){

y.boot.i<-myX[myregioncodepop==myar(i],]|% * %omycoef[,i]+
sample(res.s.centered[[i]],mypopsize[i],replace=TRU E)
y.boot<-c(y.boot,y.boot.i)

}

}

if(method=="eu"){
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#Population empirical density of residuals area unconditi oned
y.boot<-NULL

y.boot.i<-NULL

for (i in 1:myareas){

y.boot.i<-myX[myregioncodepop==myar(i],]|% * %omycoef],i]+
sample(res.s.centered,mypopsizel[i],replace=TRUE)

y.boot<-c(y.boot,y.boot.i)

}

}

for (ii in 1:myareas){

myq.true.boot[kk,ii,b]<-quantile(y.boot[myregioncod epop==myarlii]],
prob=c(gest))

}

myarea.q.boot.r[kk,,b,1:R]<-boot.CD.R(qgest,y.boot,m yX,myregioncodepop,
mypopsize,mysamplesize,myar,myareas,adjseed,R,id)

#print(myarea.qg.boot.r[kk,,b,])

#myarea.q.boot.r[kk,,b,(R/2+1):R]<-mycollect[[2]]

#print(myarea.qg.boot.r[kk,,b,])

for (i in 1:myareas){
myarea.q.boot[kk,i,b]<-mean(myarea.qg.boot.r[kk,i,b, )

1B ends here

for (i in 1:myareas){
myq.true.boot.m[kk,ij<-mean(myq.true.boot[kk,i,])
myarea.q.boot.m[kk,i]<-mean(myarea.q.boot[kk,i,])

}

for (i in 1:myareas){

BIAS.boot[kk,i]<-myarea.q.boot.m[kk,i]-myq.true.boo t.m[kKk,i]
aux<-matrix(0,B,1)

for (b in 1:B){

aux[b,1]<-(1/R) * sum((myarea.q.boot.r[kk,i,b,]-myarea.q.boot[kk,i,b] )2)
}

VAR.boot[kk,i]<-(1/B) * sum(aux[,1])

}

for (i in 1:myareas){

MSE.boot[kk,i]<-((BIAS.boot[kk,i])"2)+VAR.boot[kk,i ]

}

Hend if myMSE
Mlteration k ends here
RMSE.CD<-as.data.frame(sqrt(MSE.boot))
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names(RMSE.CD)<-myar

row.names(RMSE.CD)<-myqgrid

guantiles<-as.data.frame(myarea.q)

names(quantiles)<-myar

row.names(quantiles)<-myqgrid
rest<-list(quantiles=quantiles,rmse=RMSE.CD,Area.Co de=myar)

}
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Chapter 25

Appendix 11: R code for nonparametric
M-quantile CD estimators of the CDF

25.1 R code of npmq.sae.quant

The R code of the functionpmqcd.saeis listed bellow.

HH B R A R HHHHE
HitH

### Nonparametric M-quantile CD estimators for the quantil es
## SAMPLE project

it

### Authors: N. Salvati, N.Tzavidis, C. Giusti,

HHH S. Marchetti and M. Pratesi

### File name: MQ.SAE.quant.R

### Updated: February 2nd, 2010

HitH

HH B R A HH I

rm(list=Is(all.names=TRUE))

set.seed(1977)

library(MASS)
library(np)
library(SemiPar)
library(splines)

npgrim<-function(Y.n,X,Z.spline,quantile,tol=0.001, maxit=100,theta=2,
kk=1.345){
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# prototype function for panel data fitting of MQ models

# the matrix X is assumed to contain an intercept

# the vector s is a strata indicator assumed (so far) to be a one -way layout
#theta : GCV parameter, defaulted to 2

require(SemiPar)

require(MASS)

require(splines)
assign("tol",tol,pos=1)
assign("maxit",maxit,pos=1)
assign("Y.n",Y.n,pos=1)
assign("X",X,pos=1)
assign("kk",kk,pos=1)
assign("Z.spline",Z.spline,pos=1)
assign("theta" ,theta,pos=1)
assign("quantile”,quantile,pos=1)

n<-length(Y.n)
X<-as.matrix(X)

pl<-ncol(X)
Z.spline<-as.matrix(Z.spline)
p2<-ncol(Z.spline)
X.n<-cbind(X,Z.spline)
p=pl+p2

b=rep(1,p)

my.psi.q<-function(u,q,c){
s<-median(abs(u))/0.6745

w <- psi.huber((u/s),c)

ww <-2* (1 -q) * w
wwu> 0] <- 2 * g * wu > 0]
W <- ww

W U

}

my.b<-function(X,Y,W,lambda)
{G<-as.matrix(diag(c(rep(0,p1),rep(1,p2)).p))

solve(t(X)%  * %W X+Glambda)% * %t(X)% * %W4286Y
}

stima<-function(l){

# | : coefficiente di penalizzazione nellIRPLS
n<-nrow(X.n)

diff<-1

iter<-0

while (diff>tol)
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{#inizia procedura di stima

iter<-iter+1

res<-Y.n-X.n% *%b #calcolo residui
W.n<-as.matrix(diag(c(my.psi.q(as.matrix(res),qtl,k
assign("w.n", W.n, pos=1)
b.ott<-my.b(X.n,Y.n,W.n,l)
diff<-sum((as.matrix(b)-as.matrix(b.ott))"2)
b<-b.ott

if (iter>maxit)

{warning(paste("failed to converge in", maxit, "steps at q
break}

}

y.hat=X.n% *%b
list(fitted.values=as.matrix(y.hat),coef=as.matrix(
we=as.matrix(diag(W.n)))

}

my.GCV<-function(l)

{
G<-as.matrix(diag(c(rep(0,p1),rep(1,p2)),p))
tmp<-stima(l)

y.hat<-tmp$fitted.values
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k)/as.matrix(res)),n))

=" qth)

b),

S<-(X.n)% *%solve(t(X.nN)%  * %W.n%%X.n+Gx1)% * %t(X.n)% *%W.n

sum((Y.n-y.hat)"2)/((1-theta * sum(diag(S))/n)"2)
}

length.qg<-length(quantile)
y.fit<-matrix(0,n,length.q)
y.coef<-matrix(0,p,length.q)
y.weight<-matrix(0,n,length.q)
lambda.ott<-NULL

for (k in l:length.q)

{

gtl<-quantile[k]
gtl<-assign("qgtl",qtl,pos=1)
tmp<-optimize(my.GCV,c(0,50))
l.ott<-tmp$minimum
lambda.ott[k]<-l.ott
y.stim<-stima(l.ott)
y.fit[,K]<-y.stim$fitted.values
y.coef[,k]=y.stim$coef
y.weight[,k]=y.stim$we

}

list(hat.values=y.fit,b.stim=y.coef,q.weights=y.wei

}

# COMPUTE THE QUANTILE ORDER

# COMPUTING OF THE QUANTILE-ORDERS

ght,lambda.q=lambda.ott)
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"zerovalinter"<-function(y, x)

{
if(min(y) > 0) {
xmin <- X[y == min(y)]
if(length(xmin) > 0)
xmin <- xmin[length(xmin)]
Xzero <- xmin

else {
if(max(y) < 0) {
xmin <- X[y == max(y)]
if(length(xmin) > 0)
Xmin <- xmin[1]
XzZero <- xmin

else {
yl <- min(yly > 0])
if(length(yl) > 0)
yl <- yl[length(y1)]
y2 <- max(y[y < 0])
if(length(y2) > 0)
y2 <- y2[i]
x1 <- x[y == yi]
if(length(x1) > 0)
x1 <- x1[length(x1)]
X2 <- X[y == y2]
if(length(x2) > 0)
X2 <- x2[1]
xzero <- (x2 * yl - x1 * y2)/(yl - y2)
xmin <- x1
if(abs(y2) < y1)
Xxmin <- x2
}
}

resu <- Xzero
resu

}

# Function for Finding the Quantile Orders by Linear Interpo lation
# Assumes that "zerovalinter" function has been already loa ded

"gridfitinter"<-function(y,expectile,Q)
# computing of the expectile-order of each observation of y b y interpolation
{
ng<-length(Q)
diff <-y % *% t(as.matrix(rep(1, nqg))) - expectile
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vectordest <- apply(diff, 1, zerovalinter,Q)

#print(vectordest)
#qord<-list(ord=c(vectordest))
#qord

}

mg.coef<-function(myx,myy,myzspline,mykvalue=1.345, myregioncode,
maxiter=100){

#This function estimate the m-quantile regression coeffic ients
#myx<- x sample matrix of auxiliary variables
#myy<- y vector

#mynumauxvar<- number of auxiliary variables (include con stant)
#myregioncode<- area code for y and x units, data must be orde red by
area code

#maxiter<- OPTIONAL, number of maximum iteration for ob alg orithm

myar<-sort(unique(myregioncode))
myzspline<-as.matrix(myzspline)
myareas<-length(myar)
mysamplesize<-sum(as.numeric(table(myregioncode)))
mynumauxvar<-dim(myx)[2]+ncol(myzspline)

ob<-npgrim(myy, myx, myzspline,g=sort(c(seq(0.006,0.9 9,0.045),0.5,
0.994,0.01,0.02,0.96,0.98)),kk=mykvalue)
g.values<-sort(c(seq(0.006,0.99,0.045),0.5,0.994,0. 01,0.02,0.96,0.98))
go<-matrix(c(gridfitinter(y,ob$hat.values,q.values) ),nrow=mysamplesize,
ncol=1)

gmat<-matrix(c(qo,myregioncode),nrow=length(myregio ncode),ncol=2)

mqgo<-aggregate(gmat[,1],list(d2=gmat[,2]),mean)[,2]
saq<-matrix(c(mqo,myar),nrow=myareas,ncol=2)

saq<-rbind(saq,c(0.5,9999))

obl<-npgrim(myy, myx, myzspline, quantile=c(mqo[l:myar eas]), kk=mykvalue)
mycoef<-matrix(c(t(ob1$b.stim)),nrow=myareas,ncol= m ynumauxvar)

# need to be ordered by area

mycoef<-t(mycoef)

mycoef

}

intsolver<-function(mygest,myyboot,myX,myzspline,my zsplinepop,
myregioncodepop,mypopsize,myar,myareas,adjseed,mysb ooty

myres<-array(0,dim=c(myareas))

myy<-myyboot[mysboot]
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myx<-myX[mysboot,]
myregioncode<-myregioncodepop[mysboot]
myregioncoder<-myregioncodepop[-mysboot]
mysamplesizer<-as.numeric(table(myregioncoder))
myX.r<-myX[-mysboot,]
myzspline<-myzsplinepop[mysboot,]
myzspliner<-myzsplinepop[-mysboot,]

# M-quantiles
coef.boot<-mq.coef(myx,myy,myregioncode)

# Quantile Estimation Using Chambers Dunstan Estimator
for(i in 1:myareas){

f1<-myy[myregioncode==myar(i]]
pred.medr<-cbind(myX.r[myregioncoder==myar{i],],
myzspliner[myregioncoder==myarfi],])% * 9pcoef.boot],i]
pred.meds<-cbind(myx[myregioncode==myar[i],],
myzspline[myregioncode==myar[i],])% * 9pcoef.boot[,i]
res.s<-fl-pred.meds
#z<-matrix(rep(res.s,sample.sizer[i]),nrow=sample.s izerfi],
ncol=sample.sizel[i])
z<-sample(res.s,mysamplesizer]i],replace=TRUE)
z<-z+pred.medr

comb<-c(f1,pred.medr)

startO<-quantile(comb,prob=c(myqgest))

sameside<-T

while (sameside){

ff2<-sum(c(z)<=start0)

ff1<-sum(c(f1)<=start0)

fO<-1/(mypopsize[i]) * (ff1+ff2)

if (fO<=myqgest) startl<-startO+adjseed

if (fO>myqgest) startl<-startO-adjseed
ff2<-sum(c(z)<=startl)

ffl<-sum(c(fl)<=startl)

f.new<-1/(mypopsize]i]) * (ff1+ff2)
start.bef<-start0

start.aft<-startl

if (f0O<=myqgest & f.new>=mygest) sameside<-F
if (f0O>=myqgest & f.new<=mygest) sameside<-F
startO<-startl

}

ff2<-sum(c(z)<=start.bef)
ff1<-sum(c(f1)<=start.bef)
f.bef<-1/(mypopsize[i]) * (ffL+ff2)
ff2<-sum(c(z)<=start.aft)
ffl<-sum(c(fl)<=start.aft)
f.aft<-1/(mypopsize[i]) * (ffL+ff2)
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fdif<-abs(f.bef-f.aft)

if (fdif>=0.01) {
start.med<-(start.bef+start.aft)/2
eps<-0.001

tol<-50

while (abs(tol)>=0.5){
ff2<-sum(c(z)<=start.med)
ffl<-sum(c(f1)<=start.med)

fmed<-1/(mypopsizeli]) * (ff1+ff2)
tol<-(fmed-myqgest)

fmedl<-1/(mypopsize[i]) * (ff1+ff2)-eps
fmedu<-1/(mypopsizeli]) * (ff1+ff2)+eps

if (fmed<mygest & fmedi<fmedu) start.bef<-start.med
if (fmed<mygest & fmedI>fmedu) start.aft<-start.med
if (fmed>mygest & fmedi<fmedu) start.aft<-start.med
if (fmed>mygest & fmedI>fmedu) start.bef<-start.med
#if (fmedl<fmedu) start.bef<-start.med

#if (fmedl>fmedu) start.aft<-start.med

#if (fmedl<fmedu) start.aft<-start.med

#if (fmedl>fmedu) start.bef<-start.med

start. med<-(start.bef+start.aft)/2

#print(tol)

}

}

if (fdif<0.01) {
start.med<-(start.bef+start.aft)/2
eps<-0.001

tol<-50

while (abs(tol)>0.5){
ff2<-sum(c(z)<=start.med)
ffl<-sum(c(fl)<=start.med)

fmed<-1/(mypopsizeli]) * (ff1+ff2)
tol<-(fmed-myqgest)

fmedl<-1/(mypopsize[i]) * (ff1+ff2)-eps
fmedu<-1/(mypopsizeli]) * (ff1+ff2)+eps

if (fmed<mygest & fmedi<fmedu) start.bef<-start.med
if (fmed<mygest & fmedI>fmedu) start.aft<-start.med
if (fmed>mygest & fmedi<fmedu) start.aft<-start.med
if (fmed>mygest & fmedI>fmedu) start.bef<-start.med
#if (fmedl<fmedu) start.bef<-start.med

#if (fmedl>fmedu) start.aft<-start.med

#if (fmedl<fmedu) start.aft<-start.med

#if (fmedl>fmedu) start.bef<-start.med

start. med<-(start.bef+start.aft)/2

#print(tol)

}

387



388 Chapter 25. Appendix 11: R code for nonparametric M-tlgaBD estimators of the CDF

}

myresJi]<-start.med

#print(i)

Mlteration i in bootstrap ends here

myres

}

NPMQ.SAE.quant<-function(myqgrid,myy,myx,myX,myzspl ine,myzsplinepop,myregioncode,
myregioncodepop,adjseed=max(0.15,mean(myy)/500)){

#This function estimate quantiles via CD estimator when n/N -> p with
p very small

#myqgrid<- quantiles order to be estimated (i.e. 0.25,0.50 ,0.75)

#myy<- y vector
#myx<- x sample matrix of auxiliary variables
#myX<- X population matrix of auxiliary variables

#myregioncode<- area code for y and x units, data must be orde red

by area code

#myregioncodepop<- area code for X units (population), dat a must be ordered
by area code

#adjseed<- OPTIONAL, tune the value used to find two good sta rting point to

solve the integral

myar<-unique(myregioncode)
myareas<-length(myar)
mypopsize<-as.numeric(table(myregioncodepop))
mysamplesize<-as.numeric(table(myregioncode))
myqguantnum<-length(myqgrid)
id<-seq(1l:sum(mypopsize))

myarea.q<-matrix(0,myquantnum,myareas)
myq.true.boot.m<-array(0,dim=c(myquantnum,myareas))
myarea.q.boot.m<-array(0,dim=c(myquantnum,myareas))

kk<-0

mycoef<-mqg.coef(myx,myy,myzspline,mykvalue=1.345,my regioncode)

for(qq in myqgrid){
gest<-qq
kk<-kk+1

myres<-NULL

for(i in 1l:myareas){

f1<-myy[myregioncode==myar(i]]
pred.medtot<-cbind(myX[myregioncodepop==myar[i],],
myzsplinepop[myregioncodepop==myar(i],])% * %omycoef],i]
x.design.i<-as.matrix(myx[myregioncode==myarf[i],])
pred.meds<-cbind(myx[myregioncode==myar[i],],
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myzspline[myregioncode==myar]i],])% * %omycoef[,i]
res.s<-fl-pred.meds

myres[i]<-list(res.s)

# z<-matrix(rep(res.s,pop.size]i]),nrow=pop.size]i],
z<-sample(res.s,mypopsize[i],replace=TRUE)
z<-z+pred.medtot

comb<-c(pred.medtot)

startO<-quantile(comb,prob=c(gest))

sameside<-T

while (sameside){

ff2<-sum(c(z)<=start0)

# ffl<-sum(c(f1)<=start0)
fO<-1/(mypopsize[i]) * (ff2)

if (f0<=qgest) startl<-startO+adjseed

if (fO>gest) startl<-startO-adjseed
ff2<-sum(c(z)<=startl)

# ffl<-sum(c(fl)<=startl)
f.new<-1/(mypopsizeli]) * (ff2)
start.bef<-start0

start.aft<-startl

if (f0<=gest & f.new>=gest) sameside<-F
if (f0O>=qgest & f.new<=gest) sameside<-F
startO<-startl

}

ff2<-sum(c(z)<=start.bef)

# ffl<-sum(c(fl)<=start.bef)
f.bef<-1/(mypopsize]i]) * (ff2)
ff2<-sum(c(z)<=start.aft)

# ffl<-sum(c(fl)<=start.aft)
f.aft<-1/(mypopsizeli]) * (ff2)
fdif<-abs(f.bef-f.aft)

if (fdif>=0.01) {
start.med<-(start.bef+start.aft)/2
eps<-0.001

tol<-50

while (abs(tol)>=0.5){
ff2<-sum(c(z)<=start.med)
# ffl<-sum(c(fl)<=start.med)

fmed<-1/(mypopsizeli]) * (ff2)
tol<-(fmed-gest)

fmedl<-1/(mypopsize[i]) * (ff2)-eps
fmedu<-1/(mypopsizeli]) * (ff2)+eps

if (fmed<gest & fmedi<fmedu) start.bef<-start.med
if (fmed<gest & fmedI>fmedu) start.aft<-start.med
if (fmed>gest & fmedl<fmedu) start.aft<-start.med
if (fmed>gest & fmedI>fmedu) start.bef<-start. med

ncol=sample.size][i])
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#if (fmedi<fmedu) start.bef<-start.med
#if (fmedl>fmedu) start.aft<-start.med
#if (fmedi<fmedu) start.aft<-start.med
#if (fmedl>fmedu) start.bef<-start.med
start. med<-(start.bef+start.aft)/2
#print(tol)

}

}

if (fdif<0.01) {

start. med<-(start.bef+start.aft)/2
eps<-0.001

tol<-50

while (abs(tol)>0.5){
ff2<-sum(c(z)<=start.med)
# ffl<-sum(c(fl)<=start.med)

fmed<-1/(mypopsize]i]) * (ff2)
tol<-(fmed-gest)

fmedI<-1/(mypopsizel[i]) * (ff2)-eps
fmedu<-1/(mypopsize]i]) * (ff2)+eps

if (fmed<gest & fmedl<fmedu) start.bef<-start.med
if (fmed<gest & fmedI>fmedu) start.aft<-start.med
if (fmed>gest & fmedi<fmedu) start.aft<-start.med
if (fmed>gest & fmedl>fmedu) start.bef<-start.med
#if (fmedl<fmedu) start.bef<-start.med

#if (fmedl>fmedu) start.aft<-start.med

#if (fmedl<fmedu) start.aft<-start.med

#if (fmedi>fmedu) start.bef<-start.med

start. med<-(start.bef+start.aft)/2

#print(tol)

}

}

#print(i)

myarea.q[kk,i]<-start.med

}lteration i ends here

}

guantiles<-myarea.q

for(i in 1l:myareas){
check<-sort(quantiles|,i])-quantiles,i]
check<-sum(abs(check))

if(check!=0){

warning("Quantile crossing produced in area ",i)
}

}

rest<-list(quantiles=myarea.q,Area.Code=myar)

}
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Appendix 12: R code for M-quantile
poverty indicators estimators

26.1 R code of mg.sae.poverty

The R code of the functiomq.sae.povertyis listed bellow.

BHAHHHHH AR
HHH#H

## M-quantile poverty indicators estimators
## SAMPLE project
it

### Author: N. Salvati, N.Tzavidis, C. Giusti, S. Marchetti
### File name: MQ.SAE.poverty.R

### Updated: February 2nd, 2010

HitH

HH B R A

Hit#HH#HH#HHLIBRARY
library(MASS)
library(np)

QRLM <- function (x, y, case.weights = rep(1, nrow(x)), var.
rep(1, nrow(x)), ..., w = rep(1, nrow(x)), init = "Is", psi = p
scale.est = c("MAD", "Huber", "proposal 2"), k2 = 1.345,

method = c("M", "MM"), maxit = 20, acc = 1e-04, test.vec =

g = 0.5)
{

irls.delta <- function(old, new) sqrt(sum((old - new)"2)/
max(1e-20, sum(old"2)))
irls.rrxwr <- function(x, w, r) {
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w <- sgrt(w)

max(abs((matrix(r +*w,1 length(r)) % * % Xx)/sqrt(matrix(w,1,length(r)) % * %

(xX"2))))/sqrt(sum(w *72))
}

method <- match.arg(method)

nmx <- deparse(substitute(x))

if (is.null(dim(x))) {

X <- as.matrix(x)

colnames(x) <- nmx

}

else x <- as.matrix(x)

if (is.null(colnames(x)))

colnames(x) <- paste("X", seq(ncol(x)), sep = ")

if (gr(x)$rank < ncol(x))

stop("x is singular: singular fits are not implemented in rl
if (!(any(test.vec == c("resid", "coef"', "w", "NULL")) ||
is.null(test.vec)))

stop(“invalid testvec")

if (length(var.weights) !'= nrow(x))

stop("Length of var.weights must equal number of observati
if (any(var.weights < 0))

stop("Negative var.weights value")

if (length(case.weights) != nrow(x))

stop("Length of case.weights must equal number of observat
w <- (w =* case.weights)/var.weights

if (method == "M") {

scale.est <- match.arg(scale.est)

if (lis.function(psi))

psi <- get(psi, mode = "function")

arguments <- list(...)

if (length(arguments)) {

pm <- pmatch(names(arguments), names(formals(psi)), nom
if (any(pm == 0))

warning(paste("some of ... do not match"))

pm <- names(arguments)[pm > 0]

formals(psi)[pm] <- unlist(arguments[pm])

if (is.character(init)) {

if (init == "Is")
temp <- Im.wfit(x, y, w, method = "gr")
else if (init == "lts")

temp <- Igs.default(x, y, intercept = FALSE, nsamp = 200)
else stop("init method is unknown")

coef <- temp$coef

resid <- temp$resid

}

else {

if (is.list(init))

coef <- init$coef

ons")

ions")

atch = 0)
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else coef <- init
resid <-y - x % =% coef

}

}

else if (method == "MM") {

scale.est <- "MM"

temp <- Igs.default(x, y, intercept = FALSE, method = "S", kO = 1.548)

coef <- temp$coef

resid <- temp$resid

psi <- psi.bisquare

if (length(arguments <- list(...)))

if (match("c", names(arguments), nomatch = FALSE)) {
c0 <- arguments$c

if (cO > 1.548) {

psi$c <- c0

}

else warning("c must be at least 1.548 and has been ignored")
}

scale <- temp$scale

}

else stop("method is unknown")

done <- FALSE

conv <- NULL

nl <- nrow(x) - ncol(x)

if (scale.est = "MM")

scale <- mad(resid/sqgrt(var.weights), 0)

theta <- 2 * pnorm(k2) - 1

gamma <- theta + k22 * (1 - theta) - 2 * k2 * dnorm(k2)
gest <- matrix(0, nrow = ncol(x), ncol = length(q))
gwt <- matrix(0, nrow = nrow(x), ncol = length(q))
gfit <- matrix(0, nrow = nrow(x), ncol = length(q))
gres <- matrix(0, nrow = nrow(x), ncol = length(q))
for(i in 1l:length(q)) {

for (iiter in l:maxit) {

if (lis.null(test.vec))

testpv <- get(test.vec)

if (scale.est '= "MM") {

if (scale.est == "MAD")

scale <- median(abs(resid/sqrt(var.weights)))/0.6745
else scale <- sqgrt(sum(pmin(resid™2/var.weights,(k2 *scale)"2))/(nl1 * gamma))
if (scale == 0) {

done <- TRUE

break

}
}

w <- psi(resid/(scale *  sqrt(var.weights))) * case.weights
ww <- 2« (1 - qfi]) * W

wwlresid > 0] <- 2 * g[i] * wfresid > 0]

W <- ww
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temp <- Im.wfit(x, y, w, method = "gr")
coef <- temp$coef

resid <- temp$residuals

if (lis.null(test.vec))

convi <- irls.delta(testpv, get(test.vec))
else convi <- irls.rrxwr(x, wmod, resid)
conv <- c(conv, convi)

done <- (convi <= acc)

if (done)

break

}

if (‘done)

warning(paste("rim failed to converge in", maxit, "steps a tqg=" q)
gest[, i] <- coef

gwt[, 1] <- w

gfit[, i] <- temp$fitted.values

gresl,i] <- resid

}

list(fitted.values = dfit, residuals = qgres, q.values = q, ¢ .weights = qwt,
coefficients = gest)

}

# COMPUTE THE QUANTILE ORDER

# COMPUTING OF THE QUANTILE-ORDERS
"zerovalinter"<-function(y, x)

{
if(min(y) > 0) {
xmin <- x[y == min(y)]
if(length(xmin) > 0)
xmin <- xmin[length(xmin)]
Xzero <- xmin
}
else {

if(max(y) < 0) {
xmin <- x[y == max(y)]
if(length(xmin) > 0)
Xxmin <- xmin[1]
Xzero <- xmin

else {
yl <- min(yly > 0])
if(length(yl) > 0)
yl <- yl[length(y1)]
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y2 <- max(yly < 0])
if(length(y2) > 0)

y2 <- y2[1]
x1 <- x[y == yl]
if(length(x1) > 0)

x1 <- x1[length(x1)]
X2 <- X[y == y2]
if(length(x2) > 0)

X2 <- x2[1]
xzero <- (x2 * yl - x1 * y2)/(yl - y2)
xmin <- x1
if(abs(y2) < y1)
Xmin <- x2
}
}
resu <- Xxzero
resu

}

# Function for Finding the Quantile Orders by Linear Interpo
# Assumes that "zerovalinter" function has been already loa

"gridfitinter"<-function(y,expectile,Q)
# computing of the expectile-order of each observation of y
by interpolation

{
ng<-length(Q)

diff <- y % *% t(as.matrix(rep(1, nq))) - expectile
vectordest <- apply(diff, 1, zerovalinter,Q)

#print(vectordest)
#qord<-list(ord=c(vectordest))
#qord

}

mgq.coef<-function(myx,myy,myregioncode,maxiter=100) {

#This function estimate the m-quantile regression coeffic

#myx<- x sample matrix of auxiliary variables

#myy<- y vector

#mynumauxvar<- number of auxiliary variables (include con
#myregioncode<- area code for y and x units, data must be orde
area code

#maxiter<- OPTIONAL, number of maximum iteration for ob alg

myar<-unique(myregioncode)
myareas<-length(myar)

lation
ded

ients

stant)
red by

orithm
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mysamplesize<-sum(as.numeric(table(myregioncode)))
mynumauxvar<-dim(myx)[2]

ob<-QRLM(myx, myy, maxit=maxiter,q=sort(c(seq(0.006,0
0.994,0.01,0.02,0.96,0.98)),k=1.345)
go<-matrix(c(gridfitinter(myy,ob$fitted.values,ob$q
nrow=mysamplesize,ncol=1)
gmat<-matrix(c(qo,myregioncode),nrow=length(myregio
mqgo<-aggregate(gmat[,1],list(d2=gmat[,2]),mean)[,2]
saq<-matrix(c(mgo,myar),nrow=myareas,ncol=2)
saq<-rbind(saq,c(0.5,9999))

0b1<-QRLM(myx, myy,maxit = maxiter,g=c(mqo[l:myareas])
mycoef<-matrix(c(t(ob1$coefficients)),nrow=myareas,

# need to be ordered by area

mycoef<-t(mycoef)

list(q.mean=mycoef,q.unit=gmat)

}

compute.hcr.pg<-function(my.ys,my.x.s,my.X.pop,myre
L,areas,ar,pop.size,sample.size,myz){

f.MQ.0O<-array(0,dim=c(areas))
f.MQ.1<-array(0,dim=c(areas))

res.mg<-NULL

#Fit the model M-quantile
tmp=mgq.coef(my.x.s,my.ys,myregioncode)
beta.mg<-tmp$g.mean

for(i in l:areas){

#MQ

ysd<-my.ys[myregioncode==ar[i]]
x.sd<-my.x.s[myregioncode==ar[i],]
Eds.mg<-x.sd% * %beta.mq[,i]
res.d.mqg<-ysd-Eds.mq
res.mqg<-c(res.mq,res.d.mq)

}

for(i in l:areas){
x.rd<-my.X.pop[myregioncodepop==arfi],]

#Monte Carlo approximation to the best predictor of vyi

F.0.hl.mg<-matrix(0,L,1)
F.1.hl.mg<-matrix(0,L,1)

.99,0.045),0.5,
.values)),

ncode),ncol=2)

,k=1.345)
ncol=mynumauxvar)

gioncode,myregioncodepop,
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for (I in 1:LY{

#MQ

Ehl.mc<-x.rd% *%beta.mq[,i]+sample(res.mq,pop.size]i],replace=TRUE )
I.mc.mqg<-Ehl.mc<myz

F.0.hl.mq[l,1]<-sum(l.mc.mq)/pop.size]i]

Ehl.mc[Ehl.mc<0]<-0

F.1.hl.mq[l,1]<-(1/pop.size]i]) * sum((1-Ehl.mc/myz) *|.mc.mq)

}

f.MQ.0[i]<-mean(F.0.hl.mq[,1])

f.MQ.1[i]<-mean(F.1.hl.mq[,1])

}#i ends here

f.MQ.0O[which(f.MQ.0>1)]<-1
f.MQ.1[which(f.MQ.1>1)]<-1

res<-listtHCR.MQ=f.MQ.0,PG.MQ=f.MQ.1,res.mg=res.mq, mycoef=beta.mq)
res

}Function compute.hcr.pg ends here

MQ.SAE.poverty<-function(my.ys,my.x.s,my.X.pop,myre gioncode,
myregioncodepop,L=50,myMSE=TRUE,myB=1,myR=400,metho d="eu",pov.I=NULL){
#This function compute the HCR and the PovertyGap statistic s for
Small Area

areas<-length(unique(myregioncode))
ar<-unique(myregioncode)
pop.size<-table(myregioncodepop)
sample.size<-table(myregioncode)
myid<-1:sum(pop.size)

if(is.null(pov.l)) z<-0.6 * median(my.ys)
if(lis.null(pov.l)) z<-povl

myq.true.boot<-array(0,dim=c(2,areas,myB))
myarea.qg.boot.r<-array(0,dim=c(2,areas,myB,myR))
myarea.qd.boot<-array(0,dim=c(2,areas,myB))
myq.true.boot.m<-array(0,dim=c(2,areas))
myarea.g.boot.m<-array(0,dim=c(2,areas))
BIAS.boot<-matrix(0,2,areas)
VAR.boot<-matrix(0,2,areas)
MSE.boot<-matrix(0,2,areas)
Cl.boot.hcr<-matrix(0,areas,2)
Cl.boot.pg<-matrix(0,areas,2)

estimate<-compute.hcr.pg(my.ys,my.x.s,my.X.pop,myre gioncode,myregioncodepop,
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L,areas,ar,pop.size,sample.size,z)
res.mg<-estimate$res.mq

if(myMSE)X
#Generate B bootstrap Population (size N)

if(method=="sc"){

#Centering residuals in each areas (use this for area condit
res.s.centered<-NULL

for (i in 1l:areas){
res.s.centered[i]<-list(res.mg[myregioncode==ar[i]]
mean(res.mg[myregioncode==arf[i]]))

#smoothed density of residuals areas conditioned
Fhat.ord<-NULL

res.ord<-NULL

for (i in l:areas){
bw<-npudensbw("res.s.centered[[i]],ckertype="epanec
Fhat<-fitted(npudist(bws=bw))
res.ord[i]<-list(sort(res.s.centered[[i]]))
Fhat.ord[i]<-list(sort(Fhat))

}

}

if(method=="su"){

#Centering residuals for the whole sample
(use this for area unconditioned approach)
res.s.centered<-sort(res.mg-mean(res.mq))

#smoothed density of residuals areas unconditioned
Fhat.ord<-NULL
bw<-npudensbw("res.s.centered,ckertype="epanechniko
Fhat<-fitted(npudist(bws=bw))

Fhat.ord<-sort(Fhat)

}

if(method=="ec"){

#Centering residuals in each areas (use this for area condit
res.s.centered<-NULL

for (i in l:areas){
res.s.centered[i]<-list(res.mg[myregioncode==ar[i]]
mean(res.mg[myregioncode==arf[i]]))

}

}

if(method=="eu"){

ioned approach)

hnikov")

ioned approach)
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#Centering residuals for the whole sample
(use this for area unconditioned approach)
res.s.centered<-sort(res.mg-mean(res.mq))

}
for (b in 1:myB){

if(method=="sc"){

#Sample from kernel density areas conditioned
samp.boot<-NULL

for (i in l:areas){

s.boot<-NULL

for (g in 1:pop.sizeli]){

s.boot[g]<-which(Fhat.ord[[i]]l==quantile(Fhat.ord[[ i]],prob=runif(1),
type=3))

samp.boot]i]<-list(s.boot)

}

#Population smoothed density of residuals area conditione d

y.boot<-NULL

y.boot.i<-NULL

for (i in l:areas){

y.boot.i<-my.X.pop[myregioncodepop==ar]i],]% * Yoestimate$mycoef],i]+
res.ord[[i]][samp.boot[[i]]]

y.boot<-c(y.boot,y.boot.i)

}

}

if(method=="su"){

#Sample from kernel density areas unconditioned
samp.boot<-NULL

for (i in l:areas){

s.boot<-NULL

for (g in 1:pop.sizeli]){

s.boot[g]<-which(Fhat.ord==quantile(Fhat.ord,prob=r unif(1),type=3))
samp.boot[i]<-list(s.boot)

}

#Population smoothed density of residuals areas unconditi oned

y.boot<-NULL

y.boot.i<-NULL

for (i in l:areas){

y.boot.i<-my.X.pop[myregioncodepop==ar]i],]% * Ypestimate$mycoef[,i]+
res.s.centered[samp.boot][[i]]]

y.boot<-c(y.boot,y.boot.i)

}

}

if(method=="ec"){
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#Population empirical density of residuals area condition ed
y.boot<-NULL

y.boot.i<-NULL

for (i in l:areas){

y.boot.i<-my.X.pop[myregioncodepop==ar[i],]% * Ypestimate$mycoef[,i]+
sample(res.s.centered[[i]],pop.size][i],replace=TRUE )
y.boot<-c(y.boot,y.boot.i)

}
}

if(method=="eu"){

#Population empirical density of residuals area unconditi oned
y.boot<-NULL

y.boot.i<-NULL

for (i in l:areas){

y.boot.i<-my.X.pop[myregioncodepop==ar[i],]% * Ypestimate$mycoef[,i]+
sample(res.s.centered,pop.size]i],replace=TRUE)

y.boot<-c(y.boot,y.boot.i)

}
}

for (i in l:areas){

y.d.boot<-y.boot[myregioncodepop==arfii]]
myq.true.boot[1,ii,b]<-sum(y.d.boot<z)/pop.sizelii]

y.d.boot[y.d.boot<0]<-0

myq.true.boot[2,ii,b]<-(1/pop.sizelii]) * sum((1-y.d.boot/z) * (y.d.boot<z))
}

for(rr in 1:myR){

mysboot<-NULL

s.boot.i<-NULL

for(ii in 1l:areas){

s.boot.i<-sample(myid[myregioncodepop==ar[ii]],samp le.sizelii])
mysboot<-c(mysboot,s.boot.i)

}

ys.boot<-y.boot[mysboot]

X.S.boot<-my.X.pop[mysboot,]
estimate.boot<-compute.hcr.pg(ys.boot,x.s.boot,my.X .pop,myregioncode,
myregioncodepop,L,areas,ar,pop.size,sample.size,z)
myarea.q.boot.r[1,,b,rr]<-estimate.boot$HCR.MQ
myarea.q.boot.r[2,,b,rr]<-estimate.boot$PG.MQ

}

for (ii in l:areas){
myarea.q.boot[1,ii,b]<-mean(myarea.q.boot.r[1,ii,b, )
myarea.q.boot[2,ii,b]<-mean(myarea.q.boot.r[2,ii,b, )
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}

}#B ends here

for (i in l:areas){

myq.true.boot.m[1,i]<-mean(myq.true.boot[1,i,])
myq.true.boot.m[2,i]<-mean(myq.true.boot[2,i,])
myarea.d.boot.m[1,i]<-mean(myarea.g.boot[1,i,])
myarea.q.boot.m[2,i]<-mean(myarea.q.boot[2,i,])

}

for (i in l:areas){
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BIAS.boot[1,i]<-myarea.q.boot.m[1,i]-myq.true.boot. m[1,i]
BIAS.boot[2,i]<-myarea.q.boot.m[2,i]-myq.true.boot. m[2,i]
aux.0<-matrix(0,myB,1)

aux.1<-matrix(0,myB,1)

for (b in 1:myB){

aux.0[b,1]<-(1/myR) * sum((myarea.g.boot.r[1,i,b,]-myarea.q.boot[1,i,b])" 2)
aux.1[b,1]<-(1/myR) * sum((myarea.g.boot.r[2,i,b,]-myarea.q.boot[2,i,b]) 2)
}

VAR.boot[1,i]<-(1/myB) * sum(aux.0[,1])

VAR.boot[2,i]<-(1/myB) * sum(aux.1[,1])

}

for (i in l:areas){

MSE.boot[1,i]<-((BIAS.boot[1,i])"2)+VAR.boot[1,i]
MSE.boot[2,i]<-((BIAS.boot[2,i])"2)+VAR.boot[2,i]
Cl.boot.hcrli,]J<-quantile(c(myarea.q.boot.r[1,i,,])
Cl.boot.pg[i,]J<-quantile(c(myarea.q.boot.r[2,i,,]),

rmse.hcr.mg<-sqrt(MSE.boot[1,])
rmse.pg.mg<-sgrt(MSE.boot[2,])
¥end if myMSE
if(myMSE==FALSE){

rmse.hcr.mg<-NULL
rmse.pg.mg<-NULL

res<-listtHCR.MQ=estimate$HCR.MQ,PG.MQ=estimate$PG.

RMSE.HCR.MQ=rmse.hcr.mq,RMSE.PG.MQ=rmse.pg.mq,
Area.Code=unique(myregioncode),Pov.Line=z2)

}Function ends here

,prob=c(0.025,0.975))
prob=c(0.025,0.975))

MQ,
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Chapter 27

Appendix 13: R code for the EB method
for poverty estimation

27.1 R code of FGTpovertyEB

The R code of the functioRGTpovertyEB() s listed bellow.

HHHH B HH R R HHHHH AR AR
HH

### This function fits a unit level model to the log of the welf are variable
### and obtains EB estimators of FGT poverty measures of orde rland?2

### (poverty incidence and poverty gap) when the out-of-sam ple values of

### auxiliary variables are available.

HiH

### Work for European project SAMPLE

HH

### Author: Isabel Molina

### File name: FGTpovertyEB.R

### Updated: February 8th, 2011

i

HHH HHHHHH A

FGTpovertyEB<-function(dom,seldomain=unique(dom),Xr dtot,welfare,Xs,weight,
z=0.6 *median(welfare),L=50,seed=Sys.time()){

# Load library required to fit a mixed model
library(nime)

# Set the seed for random number generation,
# required for the Monte Carlo approximation of the EB method

set.seed(seed)

# Number of domains for which EB estimators of poverty measur es are required

403
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# called (target domains)

I<-length(unique(seldomain))

# Total number of domains with sample data
D<-length(unique(dom))

# Number of auxiliary variables (including the constant)
p<-dim(Xs)[2]

# Sample sizes and out-of-sample sizes of target domains

nd<-rep(0,D)
rd<-rep(0,D)

for (i in 1:1){
nd[seldomain][i]]<-sum(dom==seldomain(i])
rd[seldomain[i]]<-dim(Xrdtot[[i]])[1]

}

# Take logarithm of welfare after adding a constant to make it positive

m<-abs(min(welfare))+1
welfaret<-welfare+m
ys<-log(welfaret)

# Fit the nested-error model to sample data by REML method usi ng function Ime
# from library nlme.

fit. EB<-Ime(ys™1+Xs,random="1|as.factor(dom),metho d="REML")

# Create a list object containing different results from the model fit.
Resultsfit<-list(Summary=summary(fit. EB),FixedEffec ts=fixed.effects(fit.EB),
RandomEffects=random.effects(fit. EB),ResVar=fit. EB$ sigma,
RandomEffVar=as.numeric(VarCorr(fit. EB)[1,1]),Logli ke=fit. EB$logLik,

RawResiduals=fit. EB$residuals[1:n])

# Save some of the results of the fitting method in variables

betaest<-fixed.effects(fit. EB)# Vector of model coeffic ients (size p)
upred<-random.effects(fit. EB) # Matrix with predicted ra ndom effects in 1st col.
sigmae2est<-fit. EB$sigma"2 # Estimated error variance
sigmau2est<-as.numeric(VarCorr(fit.EB)[1,1]) # Estima ted random effects var.

# EB method starts: Generate L vectors of non-sample values o f the response

# from their conditional distribution given the sample data and calculate
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# empirical values of EB estimators.

# Matrices with poverty incidences and gaps for the L simulat
# in the EB method

povinc<-matrix(0,nr=D,nc=L)

povgap<-matrix(0,nr=D,nc=L)

# Vectors with final EB estimators
povinc.EB<-rep(0,D)
povgap.EB<-rep(0,D)

# Time counter initialization
timel<-Sys.time()
timel

for (i in L) # Cycle for target domains

# Print order of target domain
cat("Domain num.",i,"\n")

# Code of target domain
d<-seldomain(i]

# Matrix with the values of the p auxiliary variables for the
# out-of-sample observations in the i-th target domain
Xrd<-Xrdtot[[i]]

# Get sample values for target domain
ysd<-ys[dom==d]

# Compute conditional means for out-of-sample units
mudpred<-Xrd% =* %matrix(betaest,nr=p,nc=1)+upred[d,1]

# The conditional distribution of (hon-sample data given sa

# in the EB method can be expressed as a new nested-error model
# different random effects variance. We calculate this rand

# variance (called sigmav2)

gammad<-sigmau2est/(sigmau2est+sigmae2est/nd[d])
sigmav2<-sigmau2est  *(1-gammad)

for (ell in 1:L){  ### Start of Monte Carlo simulations for EB m

# Generate random effect for target domain d
vd<-rnorm(1,0,sqrt(sigmav?2))

# Generate random errors for all out-of-sample units in targ
ed<-rnorm(rd[d],0,sqrt(sigmae2est))

405
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# Compute vector of out-if-sample responses
yrdpred<-mudpred+vd+ed

# Merge non-sample and sample values (full population or cen sus)
# for domain d
ydnew<-c(ysd,yrdpred)

# Compute domain poverty measures using population values
Ednew<-exp(ydnew)-m

povinc[d,ell][<-mean(Ednew<z)

povgap[d,elll<-mean((Ednew<z) * (z-Ednew)/z)

} # End of Monte Carlo simulations for EB method

# EB predictors of poverty measures (averages over the L Mont e
# Carlo simulations)

povinc.EB[d]<-mean(povinc[d,])

povgap.EB[d]<-mean(povgap[d,])

} # End of cycle for province index
time2 <- Sys.time() # Current time

ComputTime<-difftime(time2,timel,units="mins") # Tota | time spent by EB method
# Results
EstimatedPoverty<-data.frame(Domain=seldomain,Povin ¢=100 * povinc.EB[seldomain],

PovGap=100* povgap.EB[seldomain])
return (list(EstimatedPoverty=EstimatedPoverty,Compu tTime=ComputTime,
Resultsfit=Resultsfit))

} #End of function FGTpovertyEB

27.2 R code of PBMSE.EB

The R code of the functioRBMSE.EB() is listed bellow.

HHH A R HHH
Hi#H

### This function obtains estimators of the MSEs of the EB est imators
### of FGT poverty measures of order 1 (poverty incidence) an d order 2
### (poverty gap) by a parametric bootstrap method. Populat ion values of
### auxiliary variables are required.

Hi#H

### Work for European project SAMPLE

Hi#H

### Author: Isabel Molina

### File name: PBMSE_EB.R

### Updated: February 8th, 2011

Hi#H

HHHBHH AR R R R R R HHHAHH AR R
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PBMSE.EB<-function(dom,seldomain=unique(dom),Xrdtot ,welfare, Xs,weight,
z=0.6 *median(welfare),B=50,LB=50,seed=Sys.time()){

# Load library required to fit a mixed model
library(nime)

# Set the seed for random number generation,
# required for the Monte Carlo approximation of the EB method

set.seed(seed)

# Number of domains for which EB estimators of poverty measur es are
# required called (target domains)

I<-length(unique(seldomain))

# Total number of sample observations

n<-length(welfare)

# Total number of domains with sample data
D<-length(unique(dom))

# Number of auxiliary variables (including the constant)
p<-dim(Xs)[2]

# Sample sizes and out-of-sample sizes of target domains

nd<-rep(0,D)
rd<-rep(0,D)

for (i in L)
nd[seldomain][i]]<-sum(dom==seldomain([i])
rd[seldomain[i]]<-dim(Xrdtot[[i]])[1]

}

# Take logarithm of welfare after adding a constant to make it positive

m<-abs(min(welfare))+1
welfaret<-welfare+m
ys<-log(welfaret)

# Fit the nested-error model to sample data by REML method usi ng
# function Ime from library nime.
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fit. EB<-Ime(ys™1+Xs,random="1|as.factor(dom),metho d="REML")

# Save some of the results of the fitting method in variables

betaest<-fixed.effects(fit. EB)# Vector of model coeffic ients (size p)
upred<-random.effects(fit. EB) # Matrix with predicted ra ndom effects in 1st col.
sigmae2est<-fit. EB$sigma"2 # Estimated error variance
sigmau2est<-as.numeric(VarCorr(fit.EB)[1,1]) # Estima ted random effects var.

# Initialize vectors with the bootstrap MSEs of EB estimator S

MSEpropsum.B<-rep(0,D)
MSEgapsum.B<-rep(0,D)
MSEpovincEB.B<-rep(0,D)
MSEpovgapEB.B<-rep(0,D)

# Time counter initialization
timel<-Sys.time()

for (b in 1:B){ ### Start of bootstrap cycle
# Print bootstrap iteration
cat("Bootstrap iteration",b,"\n")

# We will generate a bootstrap population by generating samp le and
# out-of-sample elements and calculate true poverty measur es.

ys.B<-rep(0,n)  # Boostrap sample vector

# Initialize vectors with true poverty measures
truepovinc.B<-rep(0,D)

truepovgap.B<-rep(0,D)

# Initialize vectors with estimated poverty measures
povinc.B<-matrix(0,nr=D,nc=LB)
povgap.B<-matrix(0,nr=D,nc=LB)
povinc.EB.B<-rep(0,D)

povgap.EB.B<-rep(0,D)

ud.B<-rep(0,D) # Bootstrap random effects
nd<-rep(0,D) # Vector with sample sizes of provinces

# Generate sample elements (for all domains)
for (d in 1:D){

# Take sample elements
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Xsd<-Xs[dom==d,]

# Calculate the cummulated sample sizes
nd[d]<-sum(dom==d)

# Generate sample values of y from the fitted model
esd.B<-rnorm(nd[d],0,sqrt(sigmae2est))
ud.B[d]<-rnorm(1,0,sqgrt(sigmau2est))

musd.B<-Xsd% * %matrix(betaest,nr=p,nc=1)
ys.B[dom==d]<-musd.B+ud.B[d]+esd.B

}
# Take the bootstrap sample data and fit the nested-error mod el to it
fit.B<-Ime(ys.B™-1+Xs,random="1|as.factor(dom),meth od="REML")

betaest.B<-fixed.effects(fit.B)
upred.B<-random.effects(fit.B)
sigmae2est.B<-fit. B$sigma"2
sigmau2est.B<-as.numeric(VarCorr(fit.B)[1,1])

# Generate non-sample values only for selected domains
for (i in L:1){

# Print order of target domain
cat("Domain num.",i,"\n")

# Target domain
d<-seldomain(i]

# Matrix with the values of the p auxiliary variables for the
# out-of-sample observations in i-th target domain
Xrd<-Xrdtot[[i]]

# Vector of out-of-sample random errors in target domain d
erd.B<-rnorm(rd[d],0,sqrt(sigmae2est))

# Vector of out-of-sample marginal means
murd.B<-Xrd% * %matrix(betaest,nr=p,nc=1)

# Vector of out-of-sample responses
yrd.B<-murd.B+ud.B[d]+erd.B
Erd.B<-exp(yrd.B)-m

# Merge sample and non-sample elements for target domain d

ysd.B<-ys.B[dom==d]
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Esd.B<-exp(ysd.B)-m
Ed.B<-c(Erd.B,Esd.B)

# Calculate true domain poverty incidence and gap for target
# domain d

truepovinc.B[d]<-mean(Ed.B<z)
truepovgap.B[d]<-mean((Ed.B<z) * (z-Ed.B)/z)

# Compute EB predictors for each bootstrap sample

# Conditional mean for non-sample units
mudpred.B<-Xrd% * %matrix(betaest,nr=p,nc=1)+upred.B[d,1]

# The conditional distribution of (non-sample data given sa

# in the EB method can be expressed as a new nested-error model
# different random effects variance. We calculate this rand

# variance (called sigmav?2).

gammad.B<-sigmau2est.B/(sigmau2est.B+sigmae2est.B/n d[d])
sigmav2.B<-sigmauZ2est.B * (1-gammad.B)

for (ellb in 1:LB){ ### Monte Carlo approximation of EB predi

# Generate random effect for target domain d
vd.B<-rnorm(1,0,sqgrt(sigmav2.B))

# Generate random errors for all out-of-sample units in targ
ed.B<-rnorm(rd[d],0,sqrt(sigmae2est.B))

# Compute vector of out-if-sample responses
yrdpred.B<-mudpred.B+vd.B+ed.B

# Merge non-sample and sample values (full population or cen
# for domain d.

ydnew.B<-c(ysd.B,yrdpred.B)

Ednew.B<-exp(ydnew.B)-m

# EB predictors of poverty measures for each simulation

povinc.B[d,ellb]J<-mean(Ednew.B<z)
povgap.B[d,ellb]<-mean((Ednew.B<z) * (z-Ednew.B)/z)

} # End of Monte Carlo generations
# EB predictors of poverty measures

povinc.EB.B[d]<-mean(povinc.B[d,])
povgap.EB.B[d]<-mean(povgap.B[d,])
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# Cumulated squared errors for Bootstrap MSE
MSEpropsum.B[d]<-MSEpropsum.B[d]+(povinc.EB.B[d]-tr uepovinc.B[d])"2
MSEgapsum.B[d]<-MSEgapsum.B[d]+(povgap.EB.B[d]-true povgap.B[d])"2
} # En of cycle for target area

} # End of the bootstrap cycle

time2 <- Sys.time()

time2<-difftime(time2,time1,units="mins")

print(time2)

# Bootstrap MSEs

for (i in 1:0){
d<-seldomain[i]

# Bootstrap MSS of EB estimators

MSEpovincEB.B[d]<-MSEpropsum.B[d]/B

MSEpovgapEB.B[d]<-MSEgapsum.B[d]/B
}

# Save results

Results<-data.frame(Domain=seldomain,SampSize=nd[se Idomainy],
PBMSEpovinc=MSEpovincEB.B[seldomain] * 10000,
PBMSEpovgap=MSEpovgapEB.B[seldomain] * 10000)

return (Results)
} # End of function PBMSE.EB

27.3 R code of FGTpovertyEBsample

The R code of the functioRGTpovertyEBsample() s listed bellow.
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BHARHHHHHHHHHH AR R R AR AR R AR R R BHAHH R

it

### This function fits a unit level model to the log of the welf are variable
### and obtains approximate EB estimators of FGT poverty mea sures of order 1
### and 2 (poverty incidence and poverty gap) when the popula tion values of

### auxiliary variables are not available and only sample da ta are available.
HitH

### Work for European project SAMPLE

HitH

### Author: Isabel Molina

### File name: FGTpovertyEBsample.R
### Updated: February 8th, 2011

HitH

BHAHHHHH AR BHAHHHH R

FGTpovertyEBsample<-function(dom,seldomain=unique(d om),welfare,Xs,weight,
z=0.6 *median(welfare),L=50,seed=Sys.time()){
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# Load library required to fit a mixed model
library(nlme)

# Set the seed for random number generation,
# required for the Monte Carlo approximation of the EB method
set.seed(seed)

# Number of domains for which EB estimators of poverty measur es are required
# called (target domains)
I<-length(unique(seldomain))

# Total number of domains with sample data
D<-length(unique(dom))

# Sample and population sizes of target domains
nd<-rep(0,D)
Nd<-rep(0,D)

for (i in L:1){
nd[seldomain]i]]<-sum(dom==seldomain(i])
weightd<-round(weight{[dom==seldomain[i]])
Nd[seldomain[i]]<-sum(weightd)

}

# Sizes of out-of-sample data in each domain
rd<-Nd-nd

# Take logarithm of welfare after adding a constant to make it positive
m<-abs(min(welfare))+1

welfaret<-welfare+m

ys<-log(welfaret)

# Fit the nested-error model to sample data by REML method usi ng function Ime
# from library nlme.

p<-dim(Xs)[2]

fit. EB<-Ime(ys™1+Xs,random="1|as.factor(dom),metho d="REML")
Resultsfit<-list(Summary=summary(fit. EB),FixedEffec ts=fixed.effects(fit. EB),
RandomEffects=random.effects(fit. EB),ResVar=fit. EB$ sigma,
RandomEffVar=as.numeric(VarCorr(fit.EB)[1,1]),Logli ke=fit. EB$logLik,

RawResiduals=fit. EB$residuals[1:n])
# Save some of the results of the fitting method in variables
betaest<-fixed.effects(fit. EB)# Vector of model coeffic ients (size p)

upred<-random.effects(fit. EB) # Matrix with predicted ra ndom effects in 1st col.
sigmae2est<-fit. EB$sigma"2 # Estimated error variance
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sigmau2est<-as.numeric(VarCorr(fit. EB)[1,1]) # Estima ted random effects var.

# EB method starts: Generate L vectors of non-sample values o
# from their conditional distribution given the sample data
# empirical values of EB estimators.

# Matrices with poverty incidences and gaps for the L simulat
# EB method.

povinc<-matrix(0,nr=D,nc=L)

povgap<-matrix(0,nr=D,nc=L)

# Vectors with final EB estimators
povinc.EB<-rep(0,D)
povgap.EB<-rep(0,D)

# Time counter initialization
timel<-Sys.time()
timel

for (i in L) # Cycle for target domain

# Print order of target domain
cat("Domain num.",i,"\n")

# Code of target domain
d<-seldomain(i]

# Obtain sample values for selected domain

ysd<-ys[dom==d]
Xsd<-Xs[dom==d,]
wd<-round(weight[dom==d])

# Compute conditional means for non-sample units. For this,
# out-of-sample values of the means for domain d repeating th
# values a number of times equal to their sampling weight minu

musdpred<-Xsd% * %matrix(betaest,nr=p,nc=1)+upred[d,1]

mudpred<-NULL

for (i in L:nd[d]){
mudpred<-c(mudpred,rep(musdpred][i],(wd[i]-1)))

}

# The conditional distribution of (hon-sample data given sa

# in the EB method can be expressed as a new nested-error model
# different random effects variance. We calculate this rand

# variance (called sigmav?2).

f the response
and calculate

ions in the

generate
e sample
S one.

mple data)
with
om effects
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gammad<-sigmau2est/(sigmau2est+sigmae2est/nd[d])
sigmav2<-sigmau2est  *(1-gammad)

for (ell in 1:L){ ### Start of Monte Carlo simulations for EB m ethod

# Generate random effect for target domain d
vd<-rnorm(1,0,sqgrt(sigmav2))

# Generate model random errors for all out-of-sample units i n target
# domain d.
ed<-rnorm(rd[d],0,sqrt(sigmae2est))

# Compute vectors of out-of-sample responses
yrdpred<-mudpred+vd+ed

# Merge non-sample and sample values (full population or cen sus for
# target domain d)

ydnew<-c(ysd,yrdpred)

# Compute province poverty measures with population values
Ednew<-exp(ydnew)-m

povinc[d,ell][<-mean(Ednew<z)

povgap[d,elll<-mean((Ednew<z) * (z-Ednew)/z)

} # End of simulations for EB method

# EB predictors of poverty measures (averages over the L Mont e Carlo
# simulations)

povinc.EB[d]<-mean(povinc[d,])
povgap.EB[d]<-mean(povgap[d,])

} # End of cycle for target domain

time2 <- Sys.time() # Current time
ComputTime<-difftime(time2,timel,units="mins")

# Results

EstimatedPoverty<-data.frame(Domain=seldomain,SampS z=nd[seldomain],
Povinc=100 *povinc.EB[seldomain],PovGap=100 * povgap.EB[seldomain])

return (list(EstimatedPoverty=EstimatedPoverty,Compu tTime=ComputTime,

Resultsfit=Resultsfit))

} #End of function FGTpovertyEBsample
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Appendix 14: R code for the Fast EB
method for poverty estimation

28.1 R code of FastEB

The R code of the functioRastEB is listed bellow.

BHARHHHHHHHHHH AR R R AR AR R AR R R BHAHHRAH A

HH#H
HH#H
HH#H
HHH#H
HHH#H
HHH#H
HH#H
HH#H
HHH#H
HHH#H
HHH#H
HH#H

This function fits a unit level model to the log of the welf are
variable and the clog-log transformation of the score va riable

and obtains FAST-EB estimates of domain fuzzy poverty me asures
when the out-of-sample values of auxiliary variables ar e available.
Work for European project SAMPLE

Author: Caterina Ferretti
File name: FUZZYpovertyFAST_EB.R
Updated: February 18th, 2011

BHAHHHHH AR BHAHHHH R

FUZZYpovertyFAST.EB<-function(welfare,score,Xs,dom, weight,
z=0.6 *median(welfare),alpha=2,L=50){

# Load library required to fit a unit level model

library(nlme)

# Vector of unique domains

undom<-unique(dom)

# Number of domains

415
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D<-length(undom)

# Number of explanatory variables (including intercept)
p<-dim(Xs)[2]

# Domain sample and population sizes

nd<-rep(0,D)
Nd<-rep(0,D)

for (d in 1:D) {
nd[d]<-sum(dom==d)
Nd[d]<-sum(round(weight[dom==d]))

# Sample size and estimated population size.

n<-sum(nd)
N<-sum(Nd)

# Head Count Ratio, FM and FS indicators,
# latent and manifest poverty indexes

HCRs<-matrix(0,nr=D,nc=1)
means<-matrix(0,nr=D,nc=1)
meanss<-matrix(0,nr=D,nc=1)
lats<-matrix(0,nr=D,nc=1)
mans<-matrix(0,nr=D,nc=1)

yls<-NULL
vls<-NULL
y2s<-NULL
v2s<-NULL
fms<-NULL
ylss<-NULL
vlss<-NULL
y2ss<-NULL
v2ss<-NULL
fss<-NULL
lat<-NULL
man<-NULL
sumnd<-0

for (i in 1:n){
flags_i<- welfare > welfare[i]
y1s[i]l=sum(weight *flags i)
v1s[i]<-yls[i]/sum(weight)
y2s[i]=sum(weight *welfare =+ flags i)
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v2s]i]<-y2s[i]/sum(weight *welfare)
fmsl[i]<-v1s]i]"(alpha-1) * V25s]i]
flagss_i<- score > score[i]
y1ss[i]=sum(weight *flagss_i)
v1ss[i]<-y1ss[i]/sum(weight)
y2ss[i]l=sum(weight *score *flagss i)
v2ss]i]<-y2ss][i]/sum(weight * score)
fss[i]<-v1ssli]"(alpha-1) * V25S]i]
lat[i]<-max(fms]i],fss[i])
man([i]<-min(fms]i],fss|i])

}

for (d in 1:D){ # For each domain d

Esd<-welfare[dom==d]
weightd<-weight[dom==d]

HCRsJ[d,1]<-sum(weightd * (Esd<z))/sum(weightd)

fmsd<-fms[dom==d]
fssd<-fss[dom==d]
latd<-lat[dom==d]
mand<-man[dom==d]

means|d,1]<-sum(weightd * fmsd)/sum(weightd)
meanss[d,1]<-sum(weightd * fssd)/sum(weightd)
lats[d,1]<-sum(weightd * [atd)/sum(weightd)
mans|d,1]<-sum(weightd * mand)/sum(weightd)

sumnd<-sumnd-+nd[d]

}

# Log transformation of the welfare variable "welfare"

ys<-log(welfare)

# clog-log transformation of the non monetary variable "sco re"
yss<-log(-log(1-score))

# Fitting the nested-error model to sample data using R funct ion Ime
# from library nlme for the welfare variable

fit<-lme(ys™1+Xs,random="1|as.factor(dom),method=" REML")
# Create a list object containing different results from the model fit
Resultsfit<-list(Summary=summary(fit), FixedEffects= fixed.effects(fit),

RandomEffects=random.effects(fit),ResVar=fitdsigma,
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RandomEffVar=as.numeric(VarCorr(fit)[1,1]),Loglike= fit$logLik,

RawResiduals=fit$residuals[1:n])

betaest<-fixed.effects(fit)y # Estimated model coefficie
upred<-random.effects(fit)y = # Predicted random domain eff
sigmae2est<-fitsigma2 # Residual variance
sigmau2est<-as.numeric(VarCorr(fit)[1,1]) # Cov. matri

nts
ects

x of random effects

# Fitting the nested-error model to sample data using R funct ion Ime
# from library nlme for the non-monetary variable
fits<-Ime(yss™1+Xs,random="1|as.factor(dom),method ="REML")

# Create a list object containing different results from the model fits
Resultsfits<-list(Summary=summary(fits),FixedEffect s=fixed.effects(fits),
RandomEffects=random.effects(fits),ResVar=fits$sigm a,
RandomEffVar=as.numeric(VarCorr(fits)[1,1]),Loglike =fit$logLik,
RawResiduals=fits$residuals[1:n])

betaests<-fixed.effects(fits) # Estimated model coeffic ients
upreds<-random.effects(fits) # Predicted random domain e ffects

sigmae2ests<-fits$sigma"2 # Residual variance
sigmau2ests<-as.numeric(VarCorr(fits)[1,1]) # Cov. mat

rix of random ef.

HHHHHHH R A R BHHHHHH

# Generation of non-sample values and calculation of
# FASTEB and ELL province poverty fuzzy measures

RHR AR HHHHHHHH AR R R AR A AR A AR HHBHRR

# Initialize vectors

# Matrix with domain poverty incidences for each Monte Carlo
# in fast EB method

povinc<-matrix(0,nr=D,nc=1)

# Vector with estimated domain poverty incidences

# by fast EB method

povincfin<-rep(0,D)

# Matrix with domain FM indicators for each Monte Carlo repli
# in fast EB method

povFM<-matrix(0,nr=D,nc=1)

# Vector with estimated domain FM indicators by fast EB metho
povFMfin<-rep(0,D)

# Matrix with domain FS indicators for each Monte Carlo repli
# in fast EB method

povFS<-matrix(0,nr=D,nc=1)

# Vector with estimated domain FM indicators by fast EB metho
povFSfin<-rep(0,D)

# Matrix with domain latent poverty for each Monte Carlo repl

replication

cation

d

cation

d

ication
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# in fast EB method
LAT<-matrix(0,nr=D,nc=1)

# Vector with estimated domain latent poverty by fast EB meth od
LATfin<-rep(0,D)
# Matrix with domain manifest poverty for each Monte Carlo re plication

# in fast EB method

MAN<-matrix(0,nr=D,nc=1)

# Vector with estimated domain manifest poverty by fast EB me thod
MAN(fin<-rep(0,D)

for (ell in 1:L){ ### Start of Monte Carlo generations

samp<-NULL
Enew<-NULL
scnew<-NULL
sumnd<-0

for (d in 1:D){ # For each domain d

# Drawing of a sample with the same size of the original sample
# and probability proportional to sample weights

weightd<-round(weight[dom==d])
samp<-c(samp,sample((sumnd+1):(sumnd+nd[d]),size=nd [d],
replace=TRUE,prob=weightd))

Xr<-Xs[samp,]

Xrd<-Xr[(sumnd+1):(sumnd+nd[d]),]

# Compute conditional means for out-of-sample units
mudpred<-Xrd% =*%matrix(betaest,nr=p,nc=1)+upred[d,1]

gammad<-sigmau2est/(sigmau2est+sigmae2est/nd[d])
sigmav2<-sigmau2est  *(1-gammad)

# Generate random effect for target domain d
vd<-rnorm(1,0,sqrt(sigmav2))

# Generate random errors for all out-of-sample units in targ et
# domain d
ed<-rnorm(nd[d],0,sqrt(sigmae2est))

# Compute vector of out-if-sample responses
ydnew<-mudpred+vd+ed

# Welfare variable, inverse tranformation of response

Ednew<-exp(ydnew)
Enew<-c(Enew,Ednew)
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Xrs<-Xs[samp,]
Xrds<-Xrs[(sumnd+1):(sumnd+nd[d]),]
mudpreds<-Xrds% * %matrix(betaests,nr=p,nc=1)+upreds[d,1]

gammads<-sigmau2ests/(sigmau2ests+sigmae2ests/nd[d] )
sigmav2s<-sigmau2ests * (1-gammads)

vds<-rnorm(1,0,sqrt(sigmav2s))
eds<-rnorm(nd[d],0,sqgrt(sigmae2ests))

ydnews<-mudpreds+vds+eds
# Non-monetary variable, inverse tranformation of respons e

scdnew<-1-exp(-exp(ydnews))
scnew<-c(scnew,scdnew)

sumnd<-sumnd-+nd[d]

}

# FASTEB predictors of poverty measures

ylnew<-NULL
vlinew<-NULL
y2new<-NULL
v2new<-NULL
fmnew<-NULL

ylnews<-NULL
vlinews<-NULL
y2news<-NULL
v2news<-NULL
fsnew<-NULL

lathew<-NULL
mannew<-NULL

for (i in 1:n){

flagnew_i<- Enew > Enew]i]
ylnewl[i]=sum(flagnew i)
vlnewl[il<-ylnew]i]/(n-1)
y2new[i]=sum(Enew =*flagnew_i)
v2new/[i]<-y2new][il/sum(Enew)

fmnewl[i]<-vlnew][i]"(alpha-1) *v2newli]
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flagnews_i<- scnew > scnewli]
ylnews[i]=sum(flagnews_i)
vlnews[i]<-ylnews[i]/(n-1)
y2news[i]=sum(scnew xflagnews i)
v2newsl[i]<-y2news[i]/sum(scnew)

fsnewli]<-vlnews][i]"(alpha-1) * v2newsli]

latnew[i]<-max(fmnew([i],fsnewl[i])
mannew([i]l<-min(fmnew]i],fsnew/i])

sumnd<-0
for (d in 1:.D){

Ednew<-Enew[(sumnd+1):(sumnd+nd[d])]
fmdnew<-fmnew[(sumnd+1):(sumnd+nd[d])]
fsdnew<-fsnew[(sumnd+1):(sumnd+nd[d])]
latdnew<-latnew[(sumnd+1):(sumnd-+nd[d])]
mandnew<-mannew[(sumnd+1):(sumnd+nd[d])]

# FASTEB predictors of poverty measures for each domain

povinc[d,1]<-povinc[d,1]+mean(Ednew<z)
povFM[d,1]<-povFM[d,1]+mean(fmdnew)
povFS[d,1]<-povFS[d,1]+mean(fsdnew)
LAT[d,1]<-LAT[d,1]+mean(latdnew)
MAN[d,1]<-MAN[d,1]+mean(mandnew)

sumnd<-sumnd-+nd[d]

} # End of cycle for d
# End of generations
} g

# FASTEB predictors of poverty measures (averages over the
# L Monte Carlo simulations)

povincfin<-povinc/L
povFMfin<-povFM/L
povFSfin<-povFS/L
LATfin<-LAT/L
MANfin<-MAN/L

#Results

EstimatedPoverty<-data.frame(Domain=undom,PopnSize= Nd,SampSize=nd,
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FASTEBPovinc=povincfin,FASTEBFM=povFMfin,FASTEBFS=p ovFSfin)
return(list(EstimatedPoverty=EstimatedPoverty,Resul tsfit=Resultsfit,
Resultsfits=Resultsfits))

} # end of function FUZZYpovertyFAST.EB
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