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CHAPTER 7

Individual and aggregated health

outcomes studies

“If exposure to a necessary agent is
homogeneous within a population, then
case/control and cohort methods will fail to
detect it”

Geoffrey Rose
7.1 Introduction.

Studies based on individual data permit the assessment of the relationship
between a health outcome (disease or death) and a series of characteristics (risk factors
or confounding factors) measured at individual level. In other words for each individual
we have information on their health outcome and their risk factors and confounding
factors. However, as mentioned in chapter 1, when the individuals are hierarchically
organized in groups, for example neighborhoods of a city, the studies using individual
data must consider this hierarchical structrure in order to: 1) take account of the
relationship of dependence of the individuals within each group to avoid obtaining
incorrectly significant relation between exposure factors and disease when these do not

exist and 2) incorporate the influence of contextual or group factors into the study of
health'**.

In order to deal, for the purposed of health studies, with the organization of
individuals into groups, statistical models incorporating random effects may be used'”.
Through random effects models it is possible to simultaneously combine the study of

the influence of both individual and group factors on individual health outcomes,
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controlling for the dependency of the individuals within each group”®'**. Random

28,124
»%, are also

effects models, also known as multilevel models in other contexts
appropriate when our objective is not simply to assess the relationship between
exposure factors and health outcome, but also when it is proposed to study and explain
variations in health outcome within and between groups. Furthermore, as mentioned in
the first part of this thesis, in the study of small areas, random effects models are used to

control for the variability in estimated health indicators.

However, analyses of individual disease-exposure data within a population are
useful when exposure of interest varies sufficiently within the population. When the
within-population variance of exposure is limited, however, power of the individual-
data analysis within a population is reduced. As Geoffrey Rose pointed out “If exposure
to a necessary agent is homogeneous within a population, then case/control and cohort

methods will fail to detect it”**

. Dietary and enviromental factors provide examples that
can involved limited ranges within populations available for study but with a significant
variability between population groups. In such situations, aggregated health data studies
over different populations can be used. Specifically, aggregated-data analyses of disease

data across populations proposed by Prentice and Sheppard®''?"'%®

, with a sample of
individual exposure data from populations, can be powerful in estimating the exposure
effect if between-population variation of exposure is large. Individual and aggregated-

data analyses approaches are useful depending on where the exposure variation exists.

In the following section we describe the individual random effects model (IRM)
and the aggregated random effects model (ARM) proposed by Prentice and Sheppard
for obtaining relative rates of disease. The ARM will also be compared with the
classical ecological random effects model (ERM). Finally, we will explain the process

for estimating the IRM and ARM using the estimating equation approach'**'**3!,

7.2 Relative rate analysis of individual- and aggregated-data.

This section reviews the individual- and aggregated-data models, following Prentice

and Sheppard’s work'*"'?*,
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7.2.1 The individual-data model.

Let p,, denote the probability that the ith individual in the k-th population, with size

ng (k=I1,...,K), develops a certain disease within a defined follow-up period. We
consider a relative rate model:

Pui = pkoezle
where z,; is a vector of covariates, p,, is a ‘baseline’ disease probability for the k-th
population corresponding to z,, =0 andf is a parameter vector to be estimated. The

random effects assumption gives:

— Yo
P =hie

where e" denotes the expected baseline rate and h, denotes the residual baseline rate
or ‘frailty’ of the k-th population. We consider that h, ’s are independent random

effects with mean 1 and variance 6. Under the random effects assumption, the model

can be written as

p. =h e, (7.1)
where x|, =(1,z5) and o' =(y,,B").
The model expressed in (7.1) can be estimated considering that we know the

covariate information in all the individuals of the k-th cohort, i.e. in the n, individuals.

Such covariate information usually is not available and we can consider the model in

terms of a covariate sample size m, in the k-th cohort.

7.2.2 The aggregated-data model.

An aggregate-data model as defined by Prentice and Sheppard, can be induced

from the random effects model for individual data by averaging hke"-kr‘Oc over the n,
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individuals within k-th population, and considering the average disease probability p,

of the population among the n, individuals:

p, =h, O e /n,)
i=1

Following Prentice and Sheppard’s notation we can express the aggregated data model

as

P, =he, {} (7.2)

where €, {ak}zn;l(akl+...+aknk)denotes the average of the argument over the n,

individuals in the k-th population.

The model expressions presented consider that we know the covariate

information in all the individuals of the k-th cohort, 1.e. in the n, individuals. As we

pointed out in the section 7.2.1, such covariate information is not usually available and

we can express the models in terms of a covariate sample size m, in the k-th cohort. In
the same way, an aggregate-data model can be induced from the random effects model
for individual data by averaging hke"-kr‘Oc over the m, individuals in the sample within k-
th population, and considering the average disease probability p, of the population

among the n, individuals:

P, =he, {*} (7.3)

where €, {a, } =m;'(a,, +...+a,, ) denotes the average of the argument over the m,

individuals in the k-th population. Note that the left-hand side of the equation is the

average based on the aggregated data (i.e., n, individuals), while the right-hand side is
the average based on the individual data (i.e., m, individuals). Under the assumption

that the individual samples are random samples of a sufficient size from the population,

the aggregated-data model holds.
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7.3 Differences between aggregated data and ecological

studies.

Aggregated data and ecological studies are different, even though both are group-

31,132

level studies that use aggregate health outcomes . In this section, we show the

difference between the ARM in (7.2) and the ecological random effects model (ERM),

commonly used in small areas studies.

An ecological random effects model can be induced from the individual data by
averaging X, over the n, individuals within k-th population, instead of averaging eu
as in the ARM, and considering the average disease probability p, of the population

among the n, individuals again just as for the ARM:

"kalﬂ .
where x' == 4 . As has been shown, the ARM proposed by Prentice and Sheppard

arises from the aggregation of that component of the IRM which contains the covariates
and represents the relationship of these covariates with the health outcome, whereas
ecological studies only consider averages of individual covariates or group variables.

For more details on ecological studies the reader is referred to chapter 1 and 4.

7.4 Relative rate inference for individual and aggregated

random effects models based on estimating equations.

We consider individual data for a random sample of m; individuals on K populations
with population sizes ni’s (k=1,...,K). We denote the disease outcome variable of the i-

th individual in the k-th population asY,;. The variable Y,; takes a value of one if the
outcome of interest (disease/death) occurs on the individual within the defined study

follow-up period, and zero otherwise. We denote Y, =(Y,,,....Y,, )" and

My = (Mt o My, )" with
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W = E(Y) =E(E(Y, |hy)) = e .

Then the individual-data estimating equation for model (7.1) is'**!*?

D DTV (Ye —) =0, (7.4)
k=1

where D} =, /oo’ , V! = A, +c%ul (u)" with A, = diag[u,, {1-(1+06>)u,}.
The inverse of the variance-covariance matrix (V,)™' can be computed'**'** by

(VO =(A)" =0 (A0 i () (A {T+0* (W) (A) 'y}

We consider aggregated data on a disease or mortality outcome are available on the
K populations corresponding to the total number of disease cases (note that the total
number of disease cases is aggregated data that should be easy to obtain from
governmental agencies) and the total number of individuals at risk ng during the study

period. For model (7.3), we define
Y, =(n, )_I(Z Y,;) and l:\lﬁ‘ = E(?kA) = E(E(?kA h,)) = €, ™%},
i=1

Then the aggregated-data estimating equation'*”'** is

S OHVH YL -aH =0, (7.5)
k=1

where D =00 /00" and VA =c*{(@}) -, (n) "} + (0 —d,)(n,)"  with

2an

(T)k =g, {e”"}. Note that we don’t observe the individual covariates of every

individual in the population, except those in the sample. Prentice and Sheppard,
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therefore, estimated the average values W =€, {e"_kr“} and ¢, =¢, {ezxz‘x}with the

average values in the sample, ﬁlf and ¢, , respectively.

In each model, statistical inference on o can generally be based on the

asymptotic normality of & whose variance can be estimated consistently by the robust-
sandwich variance estimator'2*~*'3° For the IRM, we can compute the information

matrix as

K
I, => (D))" (V;)'D,
k=1

and the robust-sandwich estimator by

a;>{zmi)%v;)-w;—ui)(Y;—u;f(v;)-lni}a;)1

k=1

with all quantities evaluated at &" . On the other hand, the ARM has information matrix

define as

K
Ie =2 (D) (V) 'Dy
k=1
and robust-sandwich estimator by
K — — A A
02| SO0 5 A -y (0t a2y
k=1

with all quantities evaluated at 6. .

The estimation procedure is completed by inserting a K'*-consistent estimator

for 6. Such estimators are given by a moment estimators defined for the IRM and

ARM'?"'%8 respectively:
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(8%), = %i([em Y (e, (Y, im, =20 m, —1)+2e, {ukYk}] [(ﬂf)zmk —M_l +1)

k=1

@), = [T - - @ -0 ] [@ 7 -bm]"

k=1

The estimating equations can be solved through the Newton-Raphson procedures (see

R'® program in appendix A.3).
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CHAPTER 8

Geographical regression extension:
an integrated analysis of individual

and aggregated health outcomes

“Don’t be a novelist , be a statistician, much more
scope for the imagination”.

Darell Huff and Mel Calman

8.1 Introduction.

In chapter 7 we considered individual- and aggregated-data analyses of disease-
exposure on K populations. As we described, individual- and aggregated-data analyses
approaches are useful depending on where the exposure variation exists. However, in
epidemiological studies we usually consider two or more covariates (exposures and
confounding variables) that can have different types of variations, i.e., we can have
covariates with high within-population variability and others with high between-
population variability. In these cases, an individual-data analysis approach can perform
poorly on the estimation of the covariables with high between-population variability,
while an aggregated-data analysis approach can perform poorly on the estimation of the
covariables with high within-population variability. In addittion, if we have an exposure
covariable and a confounding variable that have different within- and between-
population variabilities, the individual-data analysis can perfom poorly in estimating the

exposure effect even if the exposure is subject to a high within-population variability.
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This is due to the influence of the confounding covariate, which is by definition related
to the exposure of interest’’ and can have high between-population variability.
Similarly, the aggregated-data analysis approach could perfom poorly in estimating
exposure effects even if the exposure is subject to high between-population variability,

due to the influence of the confounding variable with high within-population variability.

In this chapter, we consider a new analytical framework that is an integrated data
approach based on combining the individual- and aggregated-data analyses, presented in
chapter 7. This method uses an estimating equation approach following the originals

papers of Prentice and Sheppard'?"'%®

. The proposed analysis utilizes strengths of both
individual- and aggregated-health data analysis approaches in the estimation of the
exposure effect of interest, depending on which of the exposure variations (within- vs.
between-population) dominates. As we pointed out above, this approach can be useful
in epidemiological studies where we include exposure and confounding variables that
can have different source of within and between-population variability. For example, in
the study of the aetiology of bladder cancer we can jointly include variables where the
within-population variability is higher than the between-population variation, such as

smoking status, and variables where the between-population variation can be higher

than the within-population, such as chlorinated drinking water'*°.

The utilization of both types of data has been proposed under the fully Bayesian
framework by Jackson et al.'*’. Our proposal follows the same basic concept of Jackson
et al.,, but applies it under the estimating equation approach that Prentice and

Sheppard'?"'*® proposed originally.

In Section 8.2, we explain the study design and data structure of the proposed
analytical framework. Section 8.3, describe the combination of the individual- and
aggregated-data random effects models, a “population-based estimating equation”
(PBEE) approach. Section 8.4 describes a simulation study that illustrates advantages of
the PBEE over individual- and aggregated-data analyses presented in chapter 7. Finally,

Section 8.5 contains discussion.

8.2 Study design.
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We consider a study design in which 1) aggregated data on a disease or mortality
outcome are available on K populations with population sizes ny’s (k=1,...,K), and 2)
individual data for a random sample of my individuals (my < ny) from the k-th
population are collected. We denote the disease outcome variable of the i-th individual

in the k-th population as Y,; and a vector of covariates associated asz,;. The variable
Y, takes a value of one if the outcome of interest (disease/death) occurs on the

individual within the defined study follow-up period, and zero otherwise. In each

N
population’s aggregate data, we have the total number of disease cases ZYki and the

1

total number of individuals at risk ny during the study period, and, possibly, a vector of

population-level covariates Z, . These aggregated data are often available and published

periodically from governmental agencies. A diagram of the data structure is given in

Figure 8.1.
Figure 8.1 Diagram of the data structure.
Population 1 Population k Population K
Population-level data Population-level data Population-level data
0 Ny g
[ZYmanl] [ZYkionkozk] [ZYKi’nK’ZK]
i i i
Individual-level data Individual-level data Individual-level data
[(Yy15210)s 00 (Vi 5 Zim, )] [(Yiis Zi )50 Vi, > Zin, )] [(Yeis Zg1)s s (Vi > Zim, )]
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8.3 Relative rate inference based on population-based

estimating equations.
To utilize the entire data for parameter estimation under the study design of Figure

8.1, we propose to combine estimating equations for the individual- and aggregated-data

analyses into one equation. Using Y, =(Y,;,..., Yy, )' and W = (Uyellyy, )' with

., =E(Y,,)=EE(, h,)) = ™ the individual-data estimating equation is defined
as (7.4.), 1.e

Z(Di)T(Vﬁ)_l(Ykl ~1) =0,

where D} =0y /oo’ , V! = A, +6ul (ul)" withA, = diag[, {1-(1+ 0"}
The inverse of the variance-covariance matrix (V,)™' can be computed'**'** by

(VO =(A)" =6 (A) iy () (A {T+0 (W) (A) 'y

For the aggregated part we exclude the individual data from the aggregated data in

each population, that is, we now define S_(f as
\71:\ =(n, —m, )_I(Z Yy _zYki) and lllé = E(?ﬁ) = E(E(?ﬁ |hk)) =€, {eXka} .
i=1 i=l1
The aggregated-data estimating equation is
A ANT (X7TAN-1 U A A
Z(Dk ) (Vi) (Yo —0y) =0,
k=1
where D* =91 /90" and V* = *{(i*)* -0, (n, —m, )"} + (i — ¢, )(n, —m, )"

A T
with ¢, =€ {51 127128 (gee appendix A.4 for demonstration). Note that we don’t

observe the individual covariates of every individual in the population, except those in
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the sample. We, therefore, estimate the average values W, =€, {eXE“} and

T ~ > .
o, = € _m, {e**} with the average values in the sample, },ij and ¢, , respectively.

The two estimating equations above can be combined to utilize both the individual

and aggregate components of the entire data:

T

52

Vl O -l I _ I
k Yk uk — O
k=1 Dﬁ 0 \Aka

Y -y

Note that we are proposing a simple addition of the two estimating equations. The

combined estimating equation is a slight deviation from the optimal linear estimating

138

function " of the form,

(OE[Y]/da")" (Var[Y])™(Y —E[Y]).

1

Specifically,

A

I I
. . . . T My .
is not the variance-covariance matrix of | _ :
V,
k

v -,
(Y, —u,) and (?kA —[2) are correlated and [i has a sampling variation that is

unaccounted for in Vﬁ . As these second-order assumptions are difficult to verify, our

proposal is to keep the “weights” of the combined estimating function to correspond to

a simple sum of the two estimating equations, and use a robust-sandwich variance

y! - ul

estimator'™ of @ that reflects empirical second-order characteristics of ?i AZ .
P

127,128 34,135
d' "

This is in the spirit of Prentice and Sheppar and Liang and Zeger in their use

of a robust-sandwich variance estimator of mean parameters.
Statistical inference on o can generally be based on the asymptotic normality of

& whose variance can be estimated consistently by the following robust-sandwich

variance estimator:
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—~1 T -1
1y i DLY (Vi 0 ) (Yi-p ) Yi-ut)' (Vi o) (D} Ly
“Edy) Lo v ) (- )\vr-ar) Lo vp) o)

< (D) (Vi o) (D) y . |
where [, = z R R R with all quantities evaluated at &t. As Prentice
=Dy Lo v (D}

127,128
d

and Sheppar: , the estimation procedure is completed by inserting a K'2-consistent

estimator for ¢”. Such estimators are given by a moment estimators defined for the
individual and aggregated components of the estimating equation, respectively (see

appendix A.4 for demonstration):

6=+ (€, (Y, (e, (Y m, —200m, ~D+2e, (0, Y,}] [(@)°m, —6, | +1
K

k=1

@), = [T =i - @ -0, ~m) ] [ -8, -m) ]

k=1

We do not unify the two estimators of 6> in line with the idea of combining two
estimating equations into one. The estimating equation can be solved through the

Newton-Raphson procedures (See R program in appendix A.3).
8.4 Simulation design and efficiency comparison.

A simulation study was conducted to compare the inferential performance of three
approaches (IRM, ARM, PBEE) described in chapters 7 and section 8.2. We considered
four different sample-size scenarios depending on the number of populations, K, and the
sample size in each population, my: (K,mg) = (100,100), (100,50), (50,100), and (50,50).
These different scenarios can take place in real small-area geographical health studies.
The population size ng in each population was fixed at 2,000. In each scenario, we
considered the following simulation similar to that of Prentice and Sheppard'*”'**. Two

covariates, denoted as z,, and z,,, were generated, where z,, represents exposure of
interest and z,, can represent a confounding factor. For the i-th person in the k-th

population, we generate individual covariate values (z,,;, z,,,) from a bivariate normal
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distribution with population mean (Z,,,Z,,) and variance-covariance matrix

2
o 0,0 . . o
(6 v ! W], where the population mean (Z,,,Z,,) is also a bivariate normal
(¢

I~w

1 06,
L To consider a

random vector with mean (0, 0) and variance-covariance [
p

range of exposure variance in within- and between-populations, the within-population
variance (5\2V of exposure, were set at 0.25, 0.5, 1, 2, 4 or 16 but the between-population
variance of exposure was fixed at 1. This covers a wide range of the within- vs.
between-variance ratio of exposure from 0.25/1 where the between-population variance
dominates the within-population variance, to 16/1 where the within-population variance
dominates the between-population variance. We considered (0,,0,) = (0,0) for no
confounding case (NCC) and (0.3, 0.3) for a simple confounding case (SCC) by z,,. In
the NCC and SCC cases, we changed the within- versus between-population ratio and
considered that the additional covariate, that in the SCC is a confounding factor, had the
same within- and between-population variance. We considered that (6,,06,) = (0.3, 0.3)
were reasonable values to analyze the influence of the confounding factor. We also
considered an extended confounding case (ECC) with (0,,0,) = (0.3,0.3), where the
within- versus between-population variance ratio for the two covariates, z,, and z,,,
interchangeable with respect to their roles as an exposure or as a confounding factor,
were above and below one, respectively, i.e., z,,’s within- and between-population
variances are 0.85 and 3.4, respectively, and z,,’s within- and between-population
variances are 4 and 0.25, respectively. In this way, the two covariates have the same
total variance, but z,, has the variance ratio of 0.25 indicating that the between-
population variance dominates this covariate’s variability and z,, has the variance ratio

of 16 indicating that the within-population variance dominates.

With the NCC and SCC, we can study situations where an exposure covariate can
have different within- and between-population variabilities, and, in addition, we can
have, respectively, a no-confouding and a confounding covariate which have the same
within- and between-population variance. In this way, we can evaluate if 1) the IRM

perfoms well when the within-population variability is high for the exposure of interest
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and poorly when the between-population variability is high, 2) the ARM perfoms well
when the between-population variability is high and poorly when the within-population

variability is high, and 3) if the PBEE approach perfoms well in both situations.

With the ECC, we can study the situation where we have an exposure covariate
with different within- and between-population variabilities with respect to a
confounding variable. In this way, we can evaluate if 1) the IRM perfoms poorly in
estimating the exposure effect in spite of high within-population variability, due to the
influence of the confounding factor which may not be estimated well because of its high
between-population variability, 2) the ARM perfoms poorly in estimating the exposure
effect in spite of high between-population variability, due to the influence of
confounding variable which may not be estimated well because of its high within-
population variability and 3) the PBEE approach perfoms well in the two situations

described.

Population-specific frailties, h, , were generated as independent realized values
from a gamma distribution with mean 1 and variance 0.05. The disease event indicator,

Y,., was generated as a Bernoulli random variable with probability
h, exp(y, + Bz, +B,z,,) where v,=-3, B,=0.2, and B,=0.2. The 0.2 value

represents a relative risk value of aproximately 1.2 that reflects a positive association
with the disease outcome for the exposure and confounding factors. A total of 1,000
simulation runs were carried out in each of the different parameter sets. The simulation
was programmed in the free software R'® (see appendix A.3 for a detailed description

of the steps followed).

Tables 8.1 and 8.2 present the bias and coverage of the 95% confidence interval for
the 1,000 simulation runs for NCC and SCC. These results were presented in all the four
(K, my) combinations for the three approaches: individual random effects model (IRM),
aggregated random effects model (ARM) and the PBEE approach. For NCC (Table
8.1), when the between-population variance is larger than the within-population
variance, the ARM model generally presents lower bias than the IRM model, and when
the within-population variance is larger, the IRM generally presents lower bias than the

ARM model. The PBEE approach presents either the lowest value, or close to the
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Table 8.1 Bias and 95% confidence interval coverage for the individual random effects

model (IRM),

aggregated random effects model (ARM) and population-based

estimating equation approach (PBEE) for the no confounding case (NCC), in the

different within- and between -population variance ratios for the four scenarios

(K, my) = (100,100), (100,50), (50,100), and (50,50).

Survey sample size in k-th population

100 50
Number of | Variance % Bias 95% Interval % Bias 95% Interval
Populations | Ratio coverage coverage

IRM ARM PBEE| IRM ARM PBEE | IRM ARM PBEE | IRM ARM PBEE
0.25 0.20 0.00 0.07 92 93 93 1.99  -0.50 0.10 92 93 93
0.5 -0.33 -0.28 -0.40 94 95 94 1.51  -1.58 -1.04 92 93 93
1 0.74 -0.56 -0.08 92 94 93 1.86 -2.66 -1.51 92 92 92
100 2 090 -222 -0.56 94 93 93 0.84 -4.84 -2.68 92 90 91
4 099 -4.63 -0.59 94 91 93 1.18 -9.12 -3.26 92 87 90
8 0.39 -898 -1.01 92 87 91 0.80 -17.25 -3.55 93 67 90
16 -2.79 -19.16  -3.47 90 56 87| -2.45 -3090 -5.17 91 13 83
0.25 0.85 0.32 0.60 91 93 92| -1.94 -0.09 -0.39 91 94 93
0.5 -149  -1.13 -1.24 93 92 92 286 -0.89 -0.11 92 93 93
1 -0.55 -1.56 -1.14 93 92 93 2,52 -1.92 -0.67 92 93 93
50 2 0.62 -2.50 -0.92 93 92 92 2.54 -4.04 -1.56 93 94 92
4 1.25 471 -0.60 92 91 93 2.83 -822 -238 91 91 91
8 1.14 944 -045 92 88 92 221 -16.83 -2.63 92 81 90
16 =232 -19.20  -3.04 91 74 89| -1.51 -29.21 -4.29 90 46 89

Table 8.2 Bias and 95% confidence interval coverage for the individual random effects

model (IRM),

aggregated random effects model (ARM) and population-based

estimating equation approach (PBEE) for the simple confounding case (SCC), in the

different within- and between -population variance ratios for the four scenarios

(K, my) = (100,100), (100,50), (50,100), and (50,50).

Survey sample size in k-th population

100 50
Number of | Variance % Bias 95% Interval % Bias 95% Interval
Populations | Ratio coverage coverage

IRM ARM PBEE| IRM ARM PBEE | IRM ARM PBEE | IRM ARM PBEE
0.25 0.59 0.26 0.29 92 93 92 1.05 0.05 0.24 91 93 93
0.5 -0.30 -0.84 -0.48 93 93 92 092 -140 -0.96 92 93 93
1 -0.33  -143 -0.83 92 94 92 1.88  -2.51 -1.18 93 93 92
100 2 -0.08 -2.87 -1.12 93 93 93 0.72 -5.16 -2.57 93 91 92
4 0.68 -5.55 -0.77 92 90 94 1.04 -10.34 -3.30 92 85 90
8 0.29 -11.44 -1.01 94 83 93 0.92 -19.90 -3.42 92 61 89
16 -5.01 -22.89 -5.34 84 45 81| -4.03 -3504 -6.42 86 8 78
0.25 0.71 0.28 0.48 91 93 92| -1.81 0.77 0.13 92 93 91
0.5 134  -0.13 0.11 90 92 91 2.59  -0.85 0.20 90 93 92
1 1.74  -0.83 0.19 90 92 91 1.60 -2.19 -0.75 91 92 91
50 2 .11 -238 -0.14 92 92 92 3.67 -448 -0.64 92 92 92
4 1.51 -5.08 -0.09 92 91 92 3.10 -9.78 -1.76 92 88 91
8 0.76 -10.91 -0.75 92 87 92 1.66 -19.56 -2.74 91 74 89
16 -4.55 -22.54 -5.03 86 68 85| -3.37 -3486 -5.67 87 31 82
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lowest value, of bias in the three approaches, regardless of the within- and between-
variances. The results for the confidence coverage interval are similar for the three
models when the variance ratio is not large: they are all slightly lower than the 95%
coverage. However, when the within-variance dominates, the ARM’s coverage
probability goes low due to the large bias in estimating the parameter: the PBEE
approach is affected by the same problem but to a much lesser degree. Similar results

and patterns are observed for SCC (Table 8.2).

Figure 8.2 Mean square error for the individual random effects model (IRM),
aggregated random effects model (ARM) and population-based estimating equation
approach (PBEE) for the no confounding case (NCC), in the different within- and
between -population variance ratios for the four scenarios (K, my) = (100,100),

(100,50), (50,100), and (50,50).
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Figures 8.2 and 8.3 show mean squared errors of parameter estimation for NCC and

SCC, respectively. In all four (K, mg) combinations for the NCC and SCC, the mean

squared error of the IRM decreases, and that of ARM increases as the ratio of within- to

between-population exposure variance increases. However, the PBEE approach

consistently provides the smallest (or close to the smallest) mean squared errors among

the three methods in all the scenarios considered.

Figure 8.3 Mean square error for the individual random effects model (IRM),

aggregated random effects model (ARM) and population-based estimating equation
approach (PBEE) for the simple confounding case (SCC), in the different within- and

between -population variance ratios for the four scenarios (K, my) = (100,100),

(100,50), (50,100), and (50,50).
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Table 8.3 compares the estimation performance for ECC. The bias is small in both
B and B, estimation by the three approaches except for ARM’s 3, estimation subject to

the large within- vs. between-variation of z,,. In terms of the mean squared error, the

ARM results in smaller errors than the IRM for the covariate with 0.25 variance ratio
and, while the IRM provides smaller errors than the ARM for the covariate with 16
variance ratio. However, the PBEE approach performs well for the two covariates
variance ratios providing the best (or close to the best) results in all the different

scenarios we considered.

Table 8.3 Bias and mean square error (mse) for the individual random effects model
(IRM), aggregated random effects model (ARM) and population-based estimating
equation approach (PBEE) for the extended confounding case (ECC), in the different
within- and between -population variance ratios for the four scenarios (K, my) =

(100,100), (100,50), (50,100), and (50,50).

Survey sample size in k-th population
100 50
Number of | Parameter % Bias Mse x 107 % Bias Mse x 107
Populations IRM ARM PBEE | IRM ARM PBEE | IRM ARM PBEE | IRM ARM PBEE
100 ]31 0.03 0.86 -0.09 1.00 0.21 0.34 -0.15 1.50 0.16 1.56 0.22 0.36
]32 0.27 -18.04 -1.51 0.65 345 0.56 0.87 -31.85 -4.86 1.20 5.90 1.05
50 ]31 -0.04  0.83 0.12 2.01 0.43 0.72 -0.38 1.62 0.21 3.46 0.43 0.76
]32 0.72  -17.59 -1.43 1.29 5.82 1.10 215 -33.09 -422 | 275 8.14 2.14

8.5 Discussion.

This chapter, considered an “integrated” data analysis method, valuable for
epidemiological purposes, that combines all the available information in the health
outcomes and exposure variables at the different levels of data organization. This
analysis performed with the proposed PBEE method presents a powerful analytical
framework that takes into account both within- and between-population exposure
variation and combines the strengths of both individual- and aggregated-data. It is
applicable with the same study design and data structure (Figure 8.1) as the aggregated

data analysis and without knowledge of which of the exposure variations (within- vs.
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between-population) dominates. In addition, although we may have knowledge of
which variations dominates on each variable, two or more exposure variables of interest
do not necessarily have the same type of variations. As we have shown by ECC
simulations, the PBEE approach will be particularly more advantageous over an

individual- or aggregated-data analyses in such cases.

While the PBEE approach shares the same basic concept with the fully Bayesian

137
1.

approach of Jackson et a in that it utilizes both individual and aggregated data in

epidemiological analyses, its estimating equation approach following Prentice and

127,128
d

Sheppar makes mean-parameter inference robust against misspecification of the

second-order characteristics of disease outcomes. In addition, Jackson et al.'’’
multiplied the likelihood of individual data and that of aggregated data, while we
removed the samples in the individual data from the aggregated data. If the sample sizes
of individuals (my’s) is appreciable, this difference may be important. As a future
research topic, a more detailed study can be pursued to evaluate the advantages and
disadvantatges of the PBEE approach versus the fully Bayesian approach proposed by

Jackson et al.

At least, some extensions or modifications are possible for the PBEE approach. We
can study multiple imputation techniques to estimate the covariate information in the

h'* and adapt it epidemiological designs other

aggregated part of the PBEE approac
than cohort studies, such as case-control data. In addition, it may be of interest to study
the efficiency of the estimates obtained with the true variance-covariance matrix vs.
with other different choices. Another important point is to apply the PBEE approach to
an example with real data. Currently, we don’t have real data yet because the process to
obtain individual data is slow due to legal steps that we have to be followed due to

confidentiality reasons, as we explained in Chapter 1.

The study design/data structure considered is currently not a common study design
in epidemiology, but it offers certain advantages discussed in this chapter and in a
previous article by Jackson et al.'*’. The gain in the parameters estimates can be
achieved easily using aggregated mortality or disease data available from governmental

agencies. For this and other results shown in this chapter, we recommended the
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“integrated” design/data structure with the PBEE approach as a new analytical

framework that can be considered in future epidemiological studies.
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APPENDICES

A.1 Publications derived from the thesis.

A.1.1 Books.

1.

Benach J, Martinez JM, Yasui Y, Borrell C, Pasarin MI, Espafiol E, Benach
N. Atles de mortalitat en arees petites a Catalunya (1984-1998) / Atlas de
mortalidad en areas pequenas en Cataluria (1984-1998) / Atlas of mortality
in small areas in Catalonia (1984-1998). Barcelona: Mediterranea. Fundacio
Jaume Bofill and Universitat Pompeu Fabra; 2004 [Catalan-Spanish-
English].

A.1.2 Book chapters.

1.

Benach J, Martinez JM, Borrell C, Pasarin MI, Yasui Y, Bux6 M.
Geographical health inequalities in small areas of Catalonia. In: Borrell C,
Benach J (editors). Evolution of health inequalities in Catalonia. Barcelona:

Mediterranea. Fundaci6 Bofill; 2005 [Catalan].

A.1.3 Scientific articles.

1.

2.

Martinez JM, Benach J, Yasui Y, Ginebra J, Cléries R, Ocana R, Torné
MM, Almansa J, Borrell C, Espafiol E. An innovative approach for
comprehensiblely display spatial and temporal trends in small area atlases

(submitted).

Benach J, Martinez JM, Yasui Y, Borrell C, Pasarin MI, Espafiol E,
Benach N. Investigating geographical and temporal patterns of mortality.
The Atlas of mortality in small areas in Catalonia (1984-1998) (submitted).
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3. Martinez JM, Benach J, Ginebra J, Benavides FG, Yasui Y. An Integrated
Analysis of Individual and Aggregated Health Data: An Estimating Equation
Approach (submitted).

A.1.4 Scientific conferences.

1. Benach J, Martinez JM, Yasui Y, Borrell C, Pasarin MI, Espaiol E, Benach
N, Ginebra J, Cléries R et al. Atlas of mortality in small areas in Catalonia
(1984-1998). X congress of the Spanish Biometry Society. Oviedo May
25th-27th 2005 [Spanish].

2. Martinez JM, Yasui Y, Benach J, Ginebra J, Benavides FG. 4An Integrated
Analysis of Individual and Aggregated Health Data. 111 Jornadas Cientificas

de las Sociedades Espafiolas de Epidemiologia y Biometria. Valencia Jun

22th-23th 2006 (acepted) [Spanish].
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A.2 General SAS program part 1 (chapter 6).

****************************************************************;
*GENERAL PROGRAM CATALONIA (RELATIVE RISK AND TREND ESTIMATES) *;
*This i1s a general program, for some causes it is necessary not*;

*include age groups where there are not deaths *;
****************************************************************;

Data Cat2;

INFILE 'C:\jmiguel\CARPETA ATLAS DE CATALUﬁA\DATOS\data8498_cat.txt‘ DLM="'09"'x;

input zone age sex year cause observed population;
agel=0;age2=0;age3=0;age4=0;age5=0;age6=0;age7=0;age8=0;age9=0;
agel0=0;agell=0;agel2=0;agel3=0;agel4=0;agel5=0;agel6=0;agel7=0;agel8=0;
IF age=1 then agel=1;IF age=2 then age2=1;IF age=3 then age3=1;

IF age=4 then age4=1;IF age=5 then age5=1;IF age=6 then ageé6=1;

IF age=7 then age7=1;IF age=8 then age8=1;IF age=9 then age9=1;

IF age=10 then agelO=1;IF age=11l then agell=1;IF age=12 then agel2=1;

IF age=13 then agel3=1;IF age=14 then agel4=1;IF age=15 then agel5=1;

IF age=16 then agelé6=1;IF age=17 then agel7=1;IF age=18 then agel8=1;

IF year=8486 then yearr=1;IF year=8789 then yearr=2;IF year=9092 then yearr=3;

IF year=9395 then yearr=4;IF year=9698 then yearr=5;
run;

proc freq data=Cat2;

weight observed;

tables sex*causer*yearr/nocol norow nocum nopercent;
run;

proc sort data=Cat2;
by zone age sex causer;
run;

data Cat2 Agrl;

set Cat2;

by zone age sex causer;
retain observado;

if first.zone or first.age or first.sex or first.causer then observado=observed;

else observado= (observado+observed) ;

if not (last.zone or last.age or last.sex or last.causer)then delete;
keep zone age sex causer observado;
run;

data Cat2_ Agr2;

set Cat2;

by zone age sex causer;
retain poblacion;

if first.zone or first.age or first.sex or first.causer then poblacion=population;

else poblacion=(poblacion+population) ;

if not (last.zone or last.age or last.sex or last.causer) then delete;
keep zone age sex causer poblacion;
run;

proc sort data=Cat2 Agrl;
by zone causer age sex;
run;

proc sort data=Cat2 Agr2;
by zone causer age sex;
run;

data final Cat2;

MERGE Cat2 Agrl Cat2 Agr2;
by zone causer age sex;
run;

data final Cat3;
set final Cat2;
lpy=1log (poblacion) ;
run;

%macro DATA EXPM;
%$do i=1 %$to 18;
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Data Catm_&i;
set final Cat3;
if causer=&i and sex=1;
run;
%$end;
%MEND ;
%DATA_ EXPM;

*GEE approach to obtain reference rates internally;
%$macro DATAGEEM;
%$do i=1 %$to 18;
PROC GENMOD data=Catm_&i;
class zone age;
model observado=age /d=poisson offset=1lpy;
repeated subject=zone/type=exch;
ods output GEEEmpPEst=gee&i;
run;
%$end;
%MEND ;
%$DATAGEEM;

*Reference rates;
%macro DATA EXPM2;
%$do i=1 %$to 18;
Data gee2 &ij;
set gee&i;
dum=1;
run;
%$end;
%MEND ;
$DATA_EXPM2;

%$macro DATA EXPM3;
%$do i=1 %$to 18;
Data gee3_&i;
set gee2 &i;
by dum;
retain valor;
if first.dum then valor=estimate;
rate=exp (valor+estimate) ;
run;
Data gee4 &i;
set gee3_&i;
cause=&i;
if levell <>'';
age=levell;
keep cause age estimate valor rate;
run;
%$end;
%MEND ;
$DATA_ EXPM3;

%macro DATA EXPM4;
%$do i=2 %$to 18;
PROC APPEND BASE=gee4 1 DATA:gee47&i;
RUN;
%$end;
%MEND ;
$DATA EXPM4;

data geemalel;

set geed4 1;
agen=age*1l;
causer=cause;

keep causer agen rate;
run;

data Cat3;

set Cat2;

if sex=1;

agen=age;

keep zone causer yearr agen observed population;
run;

proc sort data=geemalel;
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by causer agen;
run;

proc sort data=Cat3;
by causer agen;
run;

data fmalel;

MERGE Cat3 geemalel;
by causer agen;

run;

*Expected deaths;
data fmale2;
set fmalel;
expected=population*rate;
run;

*Observed deaths;

proc sort data=fmale2;
by zone yearr causer;
run;

data fmale2 Agril;

set fmale2;

by zone yearr causer;

retain obs;

if first.zone or first.yearr or first.causer then obs=observed;
else obs=(obs+observed) ;

if not (last.zone or last.yearr or last.causer)then delete;

keep zone yearr causer obs;
run;

data fmale2 Agr2;

set fmale2;

by zone yearr causer;
retain expec;

if first.zone or first.yearr or first.causer then expec=expected;

else expec= (expec+expected) ;

if not(last.zone or last.yearr or last.causer) then delete;
keep zone yearr causer expec;
run;

*Merge observed and expected deaths;
proc sort data=fmale2 Agrl;

by zone causer yearr;

run;

proc sort data=fmale2 Agr2;

by zone causer yearr;

run;

data final malel;

MERGE fmale2 Agrl fmale2 Agr2;
by zone causer yearr;

run;

%$macro DATOS;
%$do i=1 %$to 18;
Data Datosm &i;
set final malel;
if causer=&i;

run;
%$end;
%MEND ;
$DATOS;

*Empirical Bayes model;
%$macro CATALONIAMALE;
%$do i=1 %$to 18;

PROC NLMIXED DATA=Datosm_&i TECH=TRUREG;
parms log sig=0 log_tau=0 beta0=0;
ETA=betal + s*(yearr-3)+ bi + si*(yearr-3);
LAMDA=EXP (ETA) ;

MEAN=LAMDA*EXPEC;
MODEL OBS ~ POISSON (MEAN) ;
RANDOM si bi ~
normal ([0,0],
[exp(2*log sig), 0,
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exp(2*log_tau)])

subject=zone OUT=Chmapl_aé&i;
run;

Data Chmaplafé&i;

set Work.Chmapl aé&i;

RR=exp (Estimate) ;

keep zone effect estimate probt RR;
run;

Proc sort data=Chmaplafé&i;
by zone;
run;

Proc sort data=datosm_&i;
by zone;
run;

data datosmfobs_&i;

set datosm &i;

by zone;

retain o;

if first.zone then o=obs;
else o=(o+obs) ;

if not (last.zone)then delete;
keep zone o;
run;

data datosmfexp &i;

set datosm &i;

by zone;

retain e;

if first.zone then e=expec;
else e=(e+expec) ;

if not(last.zone) then delete;
keep zone e;
run;

Proc sort data=datosmfobs_&i;
by zone;

run;

Proc sort data=datosmfexp &i;
by zone;

run;

data fin male&i;

MERGE datosmfobs_ &i datosmfexp &i Chmaplafé&i;

by zone;
run;

Data Chmaplarré&i;
set fin male&i;
if effect='bi';
smr=o0/e;

run;

Data Chmaplatrendé&i;
set fin male&i;
if effect='si’';
run;

PROC EXPORT DATA= Work.Chmaplarré&i

OUTFILE= "C:\jmiguel\CARPETA ATLAS DE CATALUNA\RESULTADOS\MAP\Resrra &i..xls"

DBMS=EXCEL2000 REPLACE;
RUN;

PROC EXPORT DATA= Work.Chmaplatrendé&i

OUTFILE="C:\jmiguel\CARPETA ATLAS DE CATALUNA\RESULTADOS\MAP\Restrenda &i..xls"

DBMS=EXCEL2000 REPLACE;
RUN;

%$end;

%$MEND ;

$CATALONIAMALE;
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A.3 R programs part 2 (chapters 7 and 8).
A.3.1 NCC simulation program.

Tibrary (MASS)

BUABHH B AR HH R R R AR HHRH AR AR A R LR R LR
BUABHH B AR R AR R R R B R AR HHBHH R H R AR LR R LR R
##FUNCTION INDIVIDUAL RANDOM EFFECTS MODEL (farem)##.
##FOR COMPUTE THE GRADIENT, HESSIAN AND SIGMAA2  ##,
e R g
BARABHRHRHRHRHRHRHRHRHRH R AR AR AR AR

farem<-function(betanew,data) {

#We suposse the next structure in the dataset:Id (Identification of individual),.
#Group (Group number), Y (Individual outcome: 1 death, 0 alive), 0 (Population's.
#observed deaths), n (Population at risk), zl (covariate z1), z2 (covariate z2),.
#...,Zp (covariate zp).

Dataprove=data

#K is the number of groups. We suppose that groups are ordered and they have all.
#the correlatives numbers. For example:1,2,3 and not 1,3 (There are no number 2).
#N is the number of observations and p is the number of covariates.
N<-dim(Dataprove) [1]

K<-Dataprove[N,2

p<-dim(Dataprove) [2]-5

ngr<-matrix(,nrow=1,ncol=K)
for (i in 1:K) ngr[l,i]<-dim(subset(Dataprove,Dataprove[2]==1))[1]

gammaO<-betanew[1]
beta=betanew[-1]

#Individual outcome.
Yki<-matrix(,nrow=N,ncol=1)
Yki[,1l]<-Dataprovel[, 3]

#Individual mean.
muki<-matrix(,nrow=N,ncol=1)
muki[,1]<-exp(gammaO+as.vector(as.matrix(Dataprovel[,6: (5+p)])%*%beta))

#Matrix D for the IRM.
Dki<-matrix(,nrow=N,ncol=p+1)

Dki[,1]<- muk1[ 1]

for (j in 1:p){
?ki[,j+1]<—as.numeric(Dataprove[,5+j])*muki[,1]

#Inverse variance-covariance matrix for the IRM.

##First, we compute sigma square.
muki2<- matr1x( nrow=N,ncol=1)
muki2[,1]<- muk1[ 1]A2

Yaver<-matrix(,nrow=1,ncol=K)
muk<-matrix(,nrow=1,ncol=K)
phik<-matrix(,nrow=K,ncol=1)
sigma2rek<-matrix(,nrow=K,ncol=1)

ini<-1
end<-ngr[1]
for (i in 1:kK) {
Yaver[1l,i]<-sum(Yki[ini:end])/ngr[i]
muk[1,i]<-sum(muki[ini:end])/ngr[i]
phik[i,1]<-sum(muki2[ini: end])/ngr[1]
s1gma2rek[1 J<-max((vaver[1l,i]*(vaver[1l,i]* ngr[1] -2*ngr[i]l*muk[1,1
D+2*((t(muki[ini:end, 1]36”7Yk1[1n1 rend, 1])/ngr[1]))/(ngr[1] (muk[1,i]A2)-phik[1, 1])+1 -100)
ini<-end+1
end<-ngr[i+1]+end}

sigma2re<-sum(sigma2rek[1:K]) /K

#we compute the expression for one part (transpose(muk)*Inverse(Deltak)*muk).
sumk<-matrix(,nrow=1,ncol=K)
ini<-1
end<-ngr[1]
for (i in 1:K) {sumk[1,i]l<-sum((muki[ini:end]A2)/(mukil[ini:end]*(1-
(1+sigma2re)*muki[ini:end])))
ini<-end+1
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end<-ngr[i+1]+end}

#Finally, we define the elements of the inverse of v.
Vki<-Tist(matrix(,nrow=K,ncol=1))

for (j in 1:K){
Vk1%[]]]< matrix(0,nrow=ngr[1,j],ncol=ngr[1,j1)

for (i in 1l:ngr[1,j]) {
yy=1-(1 +s1gma2re *muki[i]
ki[[311[,Ci:ngr[l,j]1)]1<-(-sigma2re*(1/yy)*(1/(1-
(1+s1gma2re) muk1[(1 ngr[1,31)1)))* (1/(1+s1gma2re sumk[l 31))
ki[[j11[1,i]<- (1/(muk1[1] *yy))-(sigma2re* (1/yy)A2) (1/(Q+sigma2re*sumk[1,3]1))

vkif[j]]:vki[[j]]+t(vki[[j]])—diag(diag(vki[[j]]))

HARABHRARARHRARHRHRHRHRH R
#Gradient, Hessian for IRM#.
BHH R

#vectors of individual responses for each group. For ngr[4] is NA but we don't use it.
Ykilist<-Tist(matrix(,nrow=K,ncol=1))

#vectors of mean for each group.
mukilist<-Tist(matrix(,nrow=K,ncol=1))

ini<-1

end<-ngr[1]

for (i in 1:K) {yvkilist[i]<-list(matrix(Dataprove[ini:end,3],nrow=ngr[i],ncol=1))
mukiTist[i]<-Tist(matrix(muki[ini:end],nrow=ngr[i],ncol=1))
ini<-end+1
end<-ngr[i+1]+end}

#vector diference response and mean.
Ykiminusmuki<-Tist(matrix(,nrow=K,ncol=1))
for (i in 1:K) {Yk1m1nusmuk1[[1]]< (YkiTist[[i]]-mukilist[[i]11)}

#Matrix Dk for each group.
DkiTist<-Tist(matrix(,nrow=K,ncol=1))
o 1for (i in 1:K) Dkilist[[i]]l<-matrix(,nrow=ngr[1l,i],ncol=p+1)
ini<-
end<—ngr[1]
for (3 1n 1:04{
for (n in 1:(p+1)){

Dk111st[[]]][ n]<-Dki[ini:end,n]}

ini<-end+1

end<-ngr[j+1]+end}

#Gradient.

ElementkGr<-Tist(matrix(,nrow=K,ncol=1))

Grlist<-Tist(matrix(0,nrow=(p+1),ncol=1))

for (i in 1:K) {
ElementKGr[[i]]<-t(Dkilist[[i11)%*%vki[[i]11%*%Ykiminusmuki[[i]]

Grlist[[1]]<-Grlist[[1]]+ETementKGr[[i]]}

Gr<-matrix(,nrow=(p+1),ncol=1)
for (i in 1:(p+1)) {Gr[i,1]l<-Grlist[[1]]1[i]}

#Hessian.

ElementKHs<-Tist(matrix(,nrow=K,ncol=1))

Hslist<-Tlist(matrix(0,nrow=_p+1),ncol=(p+1)))

for (i in 1:K) {
ElementKHs[[i1]]<--1*t(DkiTist[[1]])%*%Vvki[[1]]1%*%Dkilist[[i]]
HsTlist[[1]]<-Hslist[[1]]+ElementkKHs[[i]]}

Hs<-matrix(,nrow=_(p+1),ncol=(p+1))
for (1 in 1:(p+1)){
for (j in 1:(p+1)) {Hs[i,jl<-HsTlist[[1]1]1[i,j1}}

#we return the Gradient (Gr), Hessian(Hs) and sigmaA2(sigma2re).
Tist(Gradient=Gr,Hessian=Hs,sigma2re=sigma2re)}

i e e e g i
BARHBHBHRHRHRHRHRHRHRHRHRHRHBHRHBH BB RH RS AS
##FUNCTION AGGREGATED RANDOM EFFECTS MODEL (fagrem)##.
##FOR COMPUTE THE GRADIENT, HESSIAN AND SIGMAA2 ##
BARHBHBHRHRHRHRHRHRHRHRHRHBHBHBHBH BB ASAS
BARABHBHRHRHRHRHRHRHRHRHRHRHRHRHBH BB RH AR

fagrem<-function(betanew,data) {

#we suposse the next structure in the dataset:Id (Identification of individual),.
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#Group (Group number), Y (Individual outcome: 1 death, 0 alive), 0 (Population's.
#observed deaths), n (Population at risk), zl (covariate z1), z2 (covariate z2),
#...,Zp (covariate zp).

Dataprove=data

#K is the number of groups. We suppose that groups are ordered and they have all.
#the correlatives numbers. For example:1,2,3 and not 1,3 (There are no number 2).
#N is the number of observations and p is the number of covariates.
N<-dim(Dataprove) [1]

K<-Dataprove[N,2]

p<-dim(Dataprove) [2]-5

ngr<-matrix(,nrow=1,ncol=K
for (i in 1:K) ngr[1,i]<-dim(subset(Dataprove,Dataprove[2]==1))[1]

gammaO<-betanew[1]
beta<-betanew[-1]

#Individual mean (muki).
muki<-matrix(,nrow=N,ncol=1)
muki[,1]<-exp(gammaO+as.vector(as.matrix(Dataprovel[,6: (5+p)])%*%beta))

#Individual matrix D.
Dki<-matrix(,nrow=N,ncol=p+1)

Dki[,1]<- muk1[ 1]

for (1 in 1: p){

?k1[ ,J+1]<-as.numeric(bataprovel,5+j]1)*muki[,1]

#variance for the ARM.
muki2<-matrix(,nrow=N,ncol=1)
muki2[,1]<-muki[,1]A2

#outcome for the ARM as defined in Sheppard and Prentice (Biometrics,1995).
Y<-matrix(,nrow=1,ncol=K)

muk<-matrix(,nrow=1,ncol=K)
phik<-matrix(,nrow=K,ncol=1)
#Matrix D for the ARM.

Dk<-matrix(,nrow=K,ncol=p+1)

#First, we compute sigma square.
sigma2amk<-matrix(,nrow=K,ncol=1)

ini<-1

end<-ngr[1]

for (i in 1:K)
Y[1,i]<-((pataprove[ini,4])/(pataprove[ini,5]))
muk[1,i]<-sum(muki[ini:end])/ngr[i]
phik[1,1]<-sum(muki2[ini:end])/ngr[i]
for (G in 1:(p+1)) {Dk[i,jl<-sum(Dkil[ini:end,j]1)/ngr[il}

gmal2amk[i,]<-max(CCY[, 1] muk [, 1])A2 (muk[,i]-
phik[i, ])/(Dataprove[1n1 5]))/(muk[ 1]A2-phik[i, ] (1/(Dataprove[1n1 51))),-100)

ini<-end+1
end<-ngr[i+1]+end}

sigma2am<-sum(sigma2amk[1:K]) /K

#Finally, we define the variance.
vk<-matrix(,nrow=1,ncol=K)
ini<-1
end< ngr[1]
for (i in 1:K) {vk[1,i]<-sigma2am*((muk[i]A2)-(phik[i,]/(Dataprovel[ini,5])))+(muk[i]-
phik[i,]1)* (1/(Dataprove[1n1 51))
ini<-1
end<-ngr[1]}

BARABHRHRARHRHRARHRHRHRHRHH
#Gradient, Hessian for ARM#.
HHHHBRHHA AR H AR

#Gradient.

Dkt<-t(Dk)

ElementKaGr<-Tlist(matrix(,nrow=K,ncol=1))
Gralist<-Tist(matrix(0,nrow=(p+1),ncol=1))

for (i in 1:K) {ElementKaGr[[i]]<-Dkt[,i]*(1/Vk[i1)*(CY[i]l-muk[i])
Gralist[[1]]<-Gralist[[1]]+ETementKaGr[[i]]}

Gra<-matrix(,nrow=(p+1),ncol=
for (i in 1: (p+1)) {Gra[1 1]<-Gralist[[1]]1[i]1}

#Hessian.

ElementKaHs<-1ist(matrix(,nrow=K,ncol=1))

Hsalist<-Tist(matrix(0,nrow=(p+1l),ncol=(p+1)))

for (i in 1:kK) {ElementKaHs[[i1]]<--1*matrix(Dkt[,i],nrow=(p+1),ncol=1)%*%(1/Vk[i])%*%Dk[i,]
Hsalist[[1]]<-Hsalist[[1]]+ETementkaHs[[i]]}
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Hsa<-matrix(, nrow—(p+1) ncol=(p+1))
for (i in 1:(p+1
for (j in 1: (p+1)) {Hsa[i,jl<-Hsalist[[1]]1[i,j1}}

#we return the Gradient (Gra), Hessian(Hsa) and sigmaA2(sigma2am).

Tist(Gradienta=Gra,Hessiana=Hsa, sigma2am=sigma2am) }

BHABHHBHHB R AR B R B HHBHHBHHBH AR R AR R AR LR R LR AR S
HARABHRHRHRHRHRHRHRHRHRHRH BRI R A R AR AR A
##FUNCTION POPULATION-BASED ESTIMATING EQUATION (fpbm)##.
##FOR COMPUTE THE GRADIENT, HESSIAN AND SIGMAS A 2 ##
BARHBHRARHRHRHRHRHRHRHRH AR R AR R A R AR AR AR
BARABHRHRHRHRHRHRHRHRHRHBH BRI A R A R AR AR

fpbm<-function(betanew,data) {

#We suposse the next structure in the dataset:Id (Identification of individual),
#Group (Group number), Y (Individual outcome: 1 death, 0 alive), 0 (Population's.
#observed deaths), n (Population at risk), zl (covariate z1), z2 (covariate z2),.
#...,Zp (covariate zp).

Dataprove=data

#K is the number of groups. We suppose that groups are ordered and they have all.
#the correlatives numbers. For example:1,2,3 and not 1,3 (There are no number 2).
#N is the number of observations and p is the number of covariates.
N<-dim(Dataprove) [1]

K<-Dataprove[N,2]

p<-dim(Dataprove) [2]-5

ngr<-matrix(,nrow=1,ncol=K)
for (i in 1:K) ngr[l,i]<-dim(subset(Dataprove,Dataprove[2]==1))[1]

gammaO<-betanew[1]
beta<-betanew[-1]

HHHHBRHAA R
#Gradient, Hessian for the individual part#.
BARHBHRHRHRHRHRHRHRHRHRHBH AR

#Individual outcome.
Yki<-matrix(,nrow=N,ncol=1)
Ykil[,1]<- Dataprove[ 3]

#Individual mean.
muki<-matrix(,nrow=N,ncol=1)
muki[,1]<-exp(gammaO+as.vector(as.matrix(Dataprovel[,6: (5+p)])%*%beta))

#Individual matrix D.
Dki<-matrix(,nrow=N,ncol=p+1)

Dki[,1]<- muk1[ 1]

for (j in 1:p){
?ki[,j+1]<—as.numeric(Dataprove[,5+j])*muki[,1]

#Inverse variance-covariance matrix individual part.
#First, we compute sigma square for the individual part.

muki2<-matrix(,nrow=N,ncol=1)
muki2[,1]<-muki[,1]A2

Yaver<-matrix(,nrow=1,ncol=K)
muk<-matrix(,nrow=1,ncol=K)
phik<-matrix(,nrow=K,ncol=1)
sigma2rek<-matrix(,nrow=K,ncol=1)

ini<-1
end< ngr[1]
for (i in 1:K) {
Yaver[1l,i]<-sum(Yki[ini:end])/ngr[i]
muk[1,1]<—sum(muki[ini:end])/ngr[i]
phik[1,1]<-sum(muki2[ini: end])/ngr[1]
s1gma2rek[1 J<-max((vaver[1l,i]*(vaver[1l,i]* ngr[1] -2*ngr[i]l*muk[1,1
D+2*((t(muki[ini:end, 1]3é£7Yk1[1n1 rend, 1])/ngr[1]))/(ngr[1] (muk[1,i]A2)-phik[1, 1])+1 -100)
ini<-end+
end<-ngr[i+1]+end}

sigma2re<-sum(sigma2rek[1:K]) /K

#we compute the expression for one part (transpose(muk)*Inverse(Deltak)*muk).
sumk<-matrix(,nrow=1,ncol=K)

ini<-1

end<-ngr[1]
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for (i in 1:K) {sumk[1l,i]<-sum((muki[ini:end]A2)/(muki[ini:end]*(1-
(1+sigma2re)*muki[ini:end])))
ini<-end+1
end<-ngr[i+1]+end}

#Finally we define the elements of the inverse of V.
Vki<-Tist(matrix(,nrow=K,ncol=1))

for (J in 1:K
%[J]]< matr1x(0 nrow=ngr[1l,j],ncol=ngr[1,3j])

for (i in 1:ngr[1,j1) {
yy=1- (1+s1gma2re *muki[i]
VKi[[j]11[1, Giingr[1l,j1)]1<-(-sigma2re*(1/yy)*(1/(1-
(1+sigma2re)*muki[(i:ngr[1, J])]))) (1/(1+s1gma2re “sumk[1,3]1))
vki[[j11[i,1]1<-(1/(muki[i]* yy))—
(sigma2re*(1/yy)A2)* (1/(1+s1gma2re sumk[1,3]))

Vk1'}[[j]]=Vk1' [[311+tCvki[[3]11)-diag(diag(vki[[]11))

#vectors of individual responses for each group. For ngr[4] is NA but we don't use it.
Ykilist<-Tist(matrix(,nrow=K,ncol=1))

#vectors of mean for each group.
mukilist<-Tist(matrix(,nrow=K,ncol=1))

ini<-1

end<-ngr[1]

for (i in 1:K) {yvkilist[i]<-list(matrix(Dataprove[ini:end,3],nrow=ngr[i],ncol=1))
mukiTist[i]<-Tist(matrix(muki[ini:end],nrow=ngr[i],ncol=1))
ini<-end+1
end<-ngr[i+1]+end}

#vector diference response and mean.
Ykiminusmuki<-Tist(matrix(,nrow=K,ncol=1))
for (i in 1:K) {Yk1m1nusmuk1[[1]]< (YkiTist[[i]]-mukilist[[i]11)}

#Matrix Dk for each group.
DkiTist<-Tist(matrix(,nrow=K,ncol=1))
o 1for (i in 1:K) Dkilist[[i]]l<-matrix(,nrow=ngr[1l,i],ncol=p+1)
ini<-
end<—ngr[1]
for (3 1n 1:04{
for (n in 1:(p+1)){

Dk111st[[]]][ n]<-Dki[ini:end,n]}

ini<-end+1

end<-ngr[j+1]+end}

#Gradient Individual part.

ElementkGr<-Tist(matrix(,nrow=K,ncol=1))

Grlist<-Tist(matrix(0,nrow=(p+1),ncol=1))

for (i in 1:K) {
ElementKGr[[i]]<-t(Dkilist[[i11)%*%vki[[i]11%*%Ykiminusmuki[[i]]
Grlist[[1]]<-Grlist[[1]]+ETementKGr[[i]]}

Gr<-matrix(,nrow=(p+1),ncol=1)
for (i in 1:(p+1)) {Gr[i,1]l<-Grlist[[1]]1[i]}

##Hessian individual part.

ElementKHs<-Tist(matrix(,nrow=K,ncol=1))

Hslist<-Tlist(matrix(0,nrow=_p+1),ncol=(p+1)))

for (i in 1:K) {
ElementKHs[[i1]]<--1*t(DkiTist[[1]])%*%Vvki[[1]]1%*%Dkilist[[i]]
HsTlist[[1]]<-Hslist[[1]]+ElementkKHs[[i]]}

Hs<-matrix(,nrow=_(p+1),ncol=(p+1))
for (1 in 1:(p+1)){
for (j in 1:(p+1)) {Hs[i,jl<-HsTlist[[1]1]1[i,j1}}

HHARHHRHHRBH AR HHRHHRH AR H AR H AR H AR AR AR RS
#Gradient, Hessian for the aggregated part#.
HUARHHRHHRHH AR HHRH AR HHBH AR H AR H AR AR AR RS

#outcome for the aggregated data model with combined analytical and aggregated models.
Ybar<-matrix(,nrow=1,ncol=K)

#Matrix D for the aggregated part.
Dk<-matrix(,nrow=K,ncol=p+1)

ini<-1
end<-ngr[1]

for (i in 1:k) {ybar[1,i]<-((Dataprove[ini,4]-sum(Yki[ini:end]))/(Dataprove[ini,5]-ngr[il))
for (3 in 1:(p+1)) {Dk[i,j]l<-sum(Dki[ini:end,j])/ngr[il}

185



ini<-end+1
end<-ngr[i+1]+end}

#Sigma square aggregated part.

sigma2pbk<-matrix(,nrow=K,ncol=1)

ini<-1

end<-ngr[1]

for (1 in 1:K) {sigma2pbk[i,]<-max(((vbar[,i]-muk[, 1])A2-(muk[,i]-

phik[i, ])/(Dataprove[1nljsg ngr[1]))/(muk[ 1]A2 ph1k[1 1% (1/(Dataprove[1n1 5]-ngr[i]))),0)

ini<-end+
end<-ngr[i+1]+end}

sigma2pb<-sum(sigma2pbk[1:K]) /K

#variance aggregated part.

Dkt<-t(Dk)

Vkbar<-matrix(,nrow=1,ncol=K)

ElementKarGr<-Tist(matrix(,nrow=K,ncol=1))

Grarlist<-Tist(matrix(0,nrow=(p+1l),ncol=1))

ini<-1

end<-ngr[1]

for (i in 1:K) {vkbar[1l,i]l<-sigma2pb*((muk[i]JA2)-(phik[i,]/(Dataprove[ini,5]-

ngr[il)))+(muk[i]-phik[i,]1)*(1/(Dataprovel[ini,5]-ngr[i]))

ElementKarGr[[i]]<-Dkt[,i1]*(1/Vkbar[i])*(Ybar[i]l-muk[i])
Grarlist[[1]]<-GrarTlist[[1]]+ETementKarGr[[i]]
ini<-end+1
end<-ngr[i+1]+end}

#Gradient aggregated part.
Grar<-matrix(,nrow=_(p+1),ncol=1)
for (i in 1:(p+1)) {Grar[i,l]l<-Grarlist[[1]1][i]}

#Hessian aggregated part.

ElementKarHs<-Tist(matrix(,nrow=K,ncol=1))
Hsarlist<-Tlist(matrix(0, nrow—(p+1) ncol=(p+1)))
for (i in 1:K) {E]ementKarHs[[1]]<——
1*matrix(Dkt[,i],nrow=(p+1),ncol=1)%*%(1/vkbar[i])%*%Dk[i,]
Hsar1ist[[1]]<—Hsar1ist[[1]]+E1ementKarHs[[i]]}

Hsar<-matrix(,nrow=(p+1),ncol=(p+1))
for (i in 1:(p+D){
for (j in 1:(p+1)) {Hsar[i,jl<-Hsarlist[[1]]1[1i,j1}}

HBHHHHHBRHH AR R H AR R H AR RRHHAARRHH AR R H AR R HARR R HTARRHH BB HAAA
#Gradient, Hessian for the individual and aggregated part combination#.
B B R

#Gradient PBEE.
Grpb<-(Gr+Grar)
#Hessian PBEE.

Hspb<- (Hs+Hsar)

#we return the Gradient (Grpb), Hessian(Hspb), sigmaA2 individual.
#part (sigma2re) and sigmaA2 aggregated part (sigma2pb).

Tist(Gradientpb=Grpb,Hessianpb=Hspb,sigma2re=sigma2re,sigma2pb=sigma2pb)}

BARABHBHRHRARHRHRHRHRHRHRHRHRHRHBHBH BB A A AA A A A A
i R R R i g
##PARAMETER ESTIMATES USING THE NEWTON-RAPHSON ALGORITHM FOR THE IRM##.
##(function farem2, ARM (function fagrem2) AND PBEE (function fpbm2)##.
HHHHRRRAA AR R
BARABHRHRHRARHRHRHRHRHRHRHRHRHBHBHBH BRI RH R A

#We suposse the next structure in the dataset:Id (Identification of individual),
#Group (Group number), Y (Individual outcome: 1 death, 0 alive), 0 (Population's.
#observed deaths), n (Population at risk), zl (covariate z1), z2 (covariate z2),.
#...,Zp (covariate zp).

farem2<-function(data,tol,maxiter=100,betainitial){
betanew<-betainitial

betaold<-betanew+1

itercount=0

#solutions for the IRM.
while(max(abs((betaold-betanew) /betaold))>to1){

g<-farem(betanew,data)
betaold<-betanew
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betanew<-betanew-ginv(q$Hessian)%*%q$Gradient
itercount=itercount+l

if(is.na(q$sigma2re)) itercount=100
if(itercount>maxiter) break

if(g$sigma2re>50) itercount=100
if(itercount>maxiter) break

}
Tist(betanew=betanew,sigma2re=q$sigma2re, iterN=itercount)

fagrem2<-function(data,tol,maxiter=100,betainitial){

betanewa<-betainitial
betaold<-betanewa+1
itercount=0

#solutions for the ARM.

while(max(abs((betaold-betanewa)/betaold))>tol1){
d<-fagrem(betanewa, data)
betaold<-betanewa
betanewa<-betanewa-ginv(d$Hessiana)%*%d$Gradienta
itercount=itercount+l
if(is.na(d$sigma2am)) itercount=100
if(itercount>maxiter) break
if(d$sigma2am>50) itercount=100
if(itercount>maxiter) break

Tist(betanewa=betanewa, sigma2am=d$sigma2am, iterN=itercount)

fpbm2<-function(data,tol,maxiter=100,betainitial){

betanewpb<-betainitial
betaold<-betanewpb+1
itercount=0

#solutions for the PBEE.

while(max(abs((betaold-betanewpb)/betaold))>tol){
e<-fpbm(betanewpb,data)
betaold<-betanewpb
betanewpb<-betanewpb-ginv(e$Hessianpb)%*%e$Gradientpb
itercount=itercount+l
if(is. na(max(e$s1gma2re e$sigma2pb))) itercount=100
if(itercount>maxiter) break
if(max(e$sigma2re,e$sigma2pb)>50) itercount=100
1f(1tercount>maxiter) break

Tist(betanewpb=betanewpb, sigma2re=e$sigma2re,sigma2pb=e$sigma2pb, iterN=itercount)

HARHBHRHRARHRHRHRHRHRHRHRHBHRH BRI AR A
HARHBHBHRHRHRHRHRHRHRHRHRHBHRH BRI AR A
##FUNCTION FOR SIMULATE THE DATA (fgenerate2)##.
##IN THE NON CONFOUNDING CASE (NCC) ## .
BARARHRHRARHRHRHRHRHRHRHBHBHBH AR AR AR
BUABH AR AR R AR B HHBH AR R B R B AR HRLHH R R R R R RS

fgenerate2<-function(group,populationsize,samplesize,variance){

#group=number of groups, populationsize= population size.
#samplesize= sample size, variance=within group variance.

K<-group

nk<-populationsize

mk<-samplesize

varwithin<-variance

#Covariate X1lki with ratio (within variance)/(between variance) equal varwithin/1.
Z1lkg<-rnorm(K,0,sqrt(1))
X1ki<-t(matrix(rnorm(nk*K,zlkg,sqrt(varwithin)),nrow=K,ncol=nk))
#Covariate X2ki with ratio (within variance)/(between variance) equal 1/1.
z2kg<-matrix(rnorm(K,0,sqrt(1)),nrow=K,ncol=1)
X2ki<-t(matrix(rnorm(nk*K,z2kg,sqrt(1)),nrow=K,ncol=nk))

#Country specific frailties were generated as independent.

#realized values from a gamma distribution with mean 1.

#and variance sigmaA2. The mean_of a gamma is shape*scale.
#and the variance 1is shape*(scaleA2).
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meanhk<-1

varhk<-0.05

shape<-(meanhkA2) /(varhk)
scale<-(varhk) /(meanhk)

hk<-rgamma (K, shaﬁe shape,scale=scale)[]
hk= t(matr1x(rep( k,nk),nrow=K,ncol=nk))

#The disease events, yki, were generated by determining.
#wether a uniform random variable wass less than.
#hk*exp(gammaO+betal*X1lki+beta2*Xx2ki).

gammaO<--3
betal<-0.2
beta2<-0.2

yki<-matrix(,nrow=nk,ncol=K)
unif<-matrix(runif(nk*K,0,1),nrow=nk,ncol=K)

yki=1ifelse(unif<hk*exp(gammalO+betal*x1ki+beta2*x2ki),1,0)

HRHHHAHBRHHAAHRRHHHHRRHH AR RHHHAARR A
#selection of random sample of size mk#.
#and organize data to apply functions #.
#farem, fagrem and fpbm .
#######################################.

datalist<-Tist(matrix(,nrow=K,ncol=1))
sampledatalist<- 11st(matr1x( nrow=K,ncol=1))
ini<-1

end<-mk

data<-matrix(,nrow=mk*K,ncol=5)

for (i in 1:K){

datalist[[i]]<-
cbind(matrix(c(1l:nk),nrow=nk,ncol=1),matrix(yki[,i],nrow=nk,ncol=1),matrix(x1ki[,i],nrow=nk,n
col=1) ,matrix(X2ki[, 1] nrow= nk ncol= 1) matr1x(c(1) nrow—nk nco]-l))
samp]edata11st[[1]]< data11st[[1]][as matr1x(samp1e(data11st[[1]][,1],mk)),]
data[ini:end,]<-sampledatalist[[i]][]
ini<-end+1
; end<-mk* (i+1)

O<-matrix(apply(yki,2,sum),nrow=K,ncol=1)

ini<-1
end<-mk
datapop<-matrix(,nrow=mk*K,ncol=1)
for (i in 1:K) {datapop[ini:end,1]<-0[i,]
ini<-end+1
end<-mk*(i+1)}

gatagatapop<-cbind(data,datapop,c(nk))

atafin<-
data.frame(id=matrix(datadatapop[,1]),group=matrix(datadatapop[,5]),YIND=matrix(datadatapop[,
2]) ,0=matrix(datadatapop[,6]),n=matrix(datadatapop[,7]),X1lki=matrix(datadatapop[,3]),X2ki=mat
rix(datadatapop[,4]1))}

HARARARAR AR AR AR AR BB
##Simulation results##.
HHHHBRHHA AR

fsimulationA<-function(seed,Niter,sigma2,K,N){
set.seed(seed)

countl=0

resultl=matrix(0,nrow=Niter,ncol=16)

while(countl<Niter){
tempdatal=fgenerate2(K,2000,N,sigma2)
to1<-0.001
gg<—g1m(YIND~X1ki+X2ki,data:tempdatal,fami1y=b1n0m1a1)
etaini<-
as.vector(c(matrix(gg$coefficients[1]),matrix(gg$coefficients[2]),matrix(gg$coefficients[3]))

tempdatalal<-farem2 (tempdatal,tol,maxiter=50,betaini)

tempdatala2<-fagrem2 (tempdatal, tol,maxiter=50,betaini)

tempdatala3<-fpbm2 (tempdatal,tol,maxiter=50,betaini)

countl=countl+1l

resu}tl[c?ungl,1:5]=matrix(c(t(tempdata1a1$betanew),tempdatalal$sigma2re,tempdata1a1$iterN)
,hrow=1,ncol=5

resultl[countl,6:10]=matrix(c(t(tempdatala2$betanewa) ,tempdatala2$sigma2am,tempdatala2$iter
N) ,nrow=1,ncol=5)

resultl[countl,11l:16]=matrix(c(t(tempdatala3$betanewpb),tempdatala3d$sigma2re,tempdatala3d$si
gma2pb,tempdatala3s$iterN),nrow=1,ncol=6

grint(countl)
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;1st(resu1t=resu1t1,sigma2=sigma2,K=K,N=N)

#100 groups-100 sample size in each group.

finalresultA100100A.25=fsimulationA(123,1000,.25,100,100)
save(list=c("finalresultA100100A.25"," .Random.seed"),file="100100A025.RData")
savedseed=.Random. seed

finalresultA100100A.5=fsimulationA(savedseed, 1000, .5,100,100)
save(list=c("finalresultA100100A.5"," .Random.seed"),file="100100A05.RData")
savedseed=.Random. seed

finalresultA100100Al1=fsimulationA(savedseed,1000,1,100,100)
save(list=c("finalresultA100100A1"," .Random.seed"),file="100100A1.RData")
savedseed=.Random. seed

finalresultA100100A2=fsimulationA(savedseed,1000,2,100,100)
save(list=c("finalresultA100100A2"," .Random.seed"),file="100100A2.RData")
savedseed=.Random. seed

finalresultA100100A4=fsimulationA(savedseed,1000,4,100,100)
save(list=c("finalresultA100100A4"," .Random.seed"),file="100100A4.RData")
savedseed=.Random. seed

finalresultA100100A8=fsimulationA(savedseed,1000,8,100,100)
save(list=c("finalresultA100100A8"," .Random.seed"),file="100100A8.RData")
savedseed=.Random. seed

finalresultA100100A16=fsimulationA(savedseed,1000,16,100,100)
save(list=c("finalresultA100100A16"," .Random.seed"),file="100100A16.RData")

#100 groups-50 sample size in each group.

finalresultA10050A.25=fsimulationA(123,1000, .25,100,50)
save(list=c("finalresultA10050A.25"," .Random.seed"),file="10050A025.RData")
savedseed=.Random. seed

finalresultA10050A.5=fsimulationA(savedseed, 1000, .5,100,50)
save(list=c("finalresultA10050A.5"," .Random. seed”) f11e—"10050A05 RData")
savedseed=.Random. seed

finalresultA10050Al1=fsimulationA(savedseed,1000,1,100,50)
save(list=c("finalresultA10050A1"," .Random.seed"),file="10050A1.RData")
savedseed=.Random. seed

finalresultA10050A2=fsimulationA(savedseed,1000,2,100,50)
save(list=c("finalresultA10050A2"," .Random.seed"),file="10050A2.RData")
savedseed=.Random. seed

finalresultAl10050A4=fsimulationA(savedseed,1000,4,100,50)
save(list=c("finalresultA10050A4"," .Random.seed"),file="10050A4.RData")
savedseed=.Random. seed

finalresultA10050A8=fsimulationA(savedseed,1000,8,100,50)
save(list=c("finalresultA10050A8"," .Random.seed"),file="10050A8.RData")
savedseed=.Random. seed

finalresultA10050A16=fsimulationA(savedseed,1000,16,100,50)
save(list=c("finalresultA10050A16"," .Random.seed"),file="10050A16.RData")

#50 groups-100 sample size in each group.

finalresultA50100A.25=fsimulationA(123,1000, .25,50,100)
save(list=c("finalresultA50100A.25"," .Random.seed"),file="50100A025.RData")
savedseed=.Random. seed

finalresultA50100A.5=fsimulationA(savedseed, 1000, .5,50,100)
save(list=c("finalresultA50100A.5"," .Random.seed"),file="50100A05.RData")
savedseed=.Random. seed

finalresultA50100Al1=fsimulationA(savedseed,1000,1,50,100)
save(list=c("finalresultA50100A1"," .Random.seed"),file="50100A1.RData")
savedseed=.Random. seed

finalresultA50100A2=fsimulationA(savedseed,1000,2,50,100)
save(list=c("finalresultA50100A2"," .Random.seed"),file="50100A2.RData")
savedseed=.Random. seed

finalresultA50100A4=fsimulationA(savedseed,1000,4,50,100)

save(list=c("finalresultA50100A4"," .Random.seed"),file="50100A4.RData")
savedseed=.Random. seed
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finalresultA50100A8=fsimulationA(savedseed,1000,8,50,100)
save(list=c("finalresultA50100A8"," .Random.seed"),file="50100A8.RData")
savedseed=.Random. seed

finalresultA50100A16=fsimulationA(savedseed,1000,16,50,100)
save(list=c("finalresultA50100A16"," .Random.seed"),file="50100A16.RData")

#50 groups-50 sample size in each group.

finalresultA5050A.25=fsimulationA(123,1000, .25,50,50)
save(list=c("finalresultA5050A.25"," .Random.seed"),file="5050A025.RData")
savedseed=.Random. seed

finalresultA5050A.5=fsimulationA(savedseed, 1000, .5,50,50)
save(list=c("finalresultA5050A.5"," .Random.seed"),file="5050A05.RData")
savedseed=.Random. seed

finalresultA5050Al1=fsimulationA(savedseed,1000,1,50,50)
save(list=c("finalresultA5050A1"," .Random.seed"),file="5050A1.RData")
savedseed=.Random. seed

finalresultA5050A2=fsimulationA(savedseed,1000,2,50,50)
save(list=c("finalresultA5050A2"," .Random.seed"),file="5050A2.RData")
savedseed=.Random. seed

finalresultA5050A4=fsimulationA(savedseed,1000,4,50,50)
save(list=c("finalresultA5050A4"," .Random.seed"),file="5050A4.RData")
savedseed=.Random. seed

finalresultA5050A8=fsimulationA(savedseed,1000,8,50,50)
save(list=c("finalresultA5050A8"," .Random.seed"),file="5050A8.RData")
savedseed=.Random. seed

finalresultA5050A16=fsimulationA(savedseed,1000,16,50,50)
save(list=c("finalresultA5050A16"," .Random.seed"),file="5050A16.RData")

HEHAHARHRHA AR AR AR
#Import results to a text file#.
HBHHHHHBHHHHHRRHHAARRHHAARR R

#100 groups-100 sample size in each group.

write.table(finalresultA100100A.25%result, "dataAlvarl.txt", row.names=F) #variance 0.25.
write.table(finalresultA100100A.5%result, "dataAlvar2.txt", row.names=F) #variance 0.5.
write.table(finalresultA100100A1%$result, "dataAlvar3.txt", row.names=F) #variance 1.
write.table(finalresultA100100A2%result, "dataAlvar4.txt", row.names=F) #variance 2.
write.table(finalresultA100100A4%result, "dataAlvar5.txt", row.names=F) #variance 4.
write.table(finalresultA100100A8%result,"dataAlvar6.txt", row.names=F) #variance 8.
write.table(finalresultA100100A16%result, "dataAlvar?.txt", row.names=F) #variance 16.
#50 groups-100 sample size in each group.

write.table(finalresultA50100A.25%result, "dataA2varl.txt", row.names=F) #variance 0.25.
write.table(finalresultA50100A.5%result, "dataA2var2.txt", row.names=F) #variance 0.5.
write.table(finalresultA50100A1%result, "dataA2var3.txt", row.names=F) #variance 1.
write.table(finalresultA50100A2%result, "dataA2var4.txt", row.names=F) #variance 2.
write.table(finalresultA50100A4$result, "dataA2var5.txt", row.names=F) #variance 4.
write.table(finalresultA50100A8S%result, "dataA2var6.txt", row.names=F) #variance 8.
write.table(finalresultA50100A16%result,"dataA2var7.txt", row.names=F) #variance 16.
#100 groups-50 sample size in each group.

write.table(finalresultAl0050A.25%result, "dataA3varl.txt", row.names=F) #variance 0.25.
write.table(finalresultA1l0050A.5%result, "dataA3var2.txt", row.names=F) #variance 0.5.
write.table(finalresultA10050A1$result, "dataA3var3.txt", row.names=F) #variance 1.
write.table(finalresultA1l0050A2%result, "dataA3var4.txt", row.names=F) #variance 2.
write.table(finalresultAl10050A4%result, "dataA3var5.txt", row.names=F) #variance 4.
write.table(finalresultA10050A8%result,"dataA3var6.txt", row.names=F) #variance 8.
write.table(finalresultA10050A16%result, "dataA3var7.txt", row.names=F) #variance 16.
#100 groups-100 sample size in each group.

write.table(finalresultA5050A.25%result, "dataAd4varl.txt", row.names=F) #variance 0.25.
write.table(finalresultA5050A.5%result, "dataAdvar2.txt", row.names=F) #variance 0.5.
write.table(finalresultA5050A1%result, "dataAd4var3.txt", row.names=F) #variance 1.
write.table(finalresultA5050A2%result, "dataAd4varsd.txt", row.names=F) #variance 2.
write.table(finalresultA5050A4$result,"dataAdvar5. txt", row.names=F) #variance 4.
write.table(finalresultA5050A8S%result, "dataAd4var6.txt", row.names=F) #variance 8.
write.table(finalresultA5050A16%result, "dataAdvar7.txt", row.names=F) #variance 16.

190



A.3.2 SCC simulation program.

Tibrary(MASS)

R
i g
##FUNCTION INDIVIDUAL RANDOM EFFECTS MODEL (farem)##.
##FOR COMPUTE THE GRADIENT, HESSIAN AND SIGMAA2 ## .
HHAHBRRHA AR R R AR R AR R R AR RHAHHRRHRR
R i g g

farem<-function(betanew,data) {

#we suposse the next structure in the dataset:Id (Identification of individual),.
#Group (Group number), Y (Individual outcome: 1 death, 0 alive), 0 (Population's.
#observed deaths), n (Population at risk), zl (covariate z1), z2 (covariate z2),.
#...,Zp (covariate zp).

Dataprove=data

#K is the number of groups. We suppose that groups are ordered and they have all.
#the correlatives numbers. For example:1l,2,3 and not 1,3 (There are no number 2).
#N is the number of observations and p is the number of covariates.
N<-dim(Dataprove) [1]

K<-Dataprove[N, 2]

p<-dim(Dataprove) [2]-5

ngr<-matrix(,nrow=1,ncol=K)
for (i in 1:K) ngr[l,i]<-dim(subset(Dataprove,bataprove[2]==i))[1]

gammaO<-betanew[1]
beta=betanew[-1]

#Individual outcome.
Yki<-matrix(,nrow=N,ncol=1)
Yki[,1]<-Dataprovel[,3]

#Individual mean.
muki<-matrix(,nrow=N,ncol=1)
muki[,1]<-exp(gammaO+as.vector(as.matrix(Dataprovel,6: (5+p)])%*%beta))

#Matrix D for the IRM.
Dki<-matrix(,nrow=N,ncol=p+1)

Dki[,1]<-muki[,1]

for (3 in 1:p){
?ki[,j+1]<—as.numeric(Dataprove[,5+j])*muki[,1]

#Inverse variance-covariance matrix for the IRM.

##First, we compute sigma square.
muki2<-matrix(,nrow=N,ncol=1)
muki2[,1]<-muki[,1]A2

Yaver<-matrix(,nrow=1,ncol=K)
muk<-matrix(,nrow=1,ncol=K)
phik<-matrix(,nrow=K,ncol=1)
sigma2rek<-matrix(,nrow=K,ncol=1)

ini<-1

end<-ngr[1]

for (i in 1:K) {
Yaver[1l,i]<-sum(Yki[ini:end])/ngr[i]
muk[1,i]<-sum(muki[ini:end])/ngr[i]
phik[i,1]<-sum(muki2[ini:end])/ngr[i]
sigma2rek[i,]<-max((vaver[1l,i]*(vaver[1l,i]l*ngr[i]-2*ngr[i]l*muk[1,i]-

1)+2*((t(muki[1n1;epd,l{3%§%Yki[1n1:end,1])/ngr[i]))/(ngr[i]*(muk[l,i]AZ)—phik[i,1])+1,—1OO)

ini<-end+
end<-ngr[i+1]+end}

sigma2re<-sum(sigma2rek[1:K]) /K

#We compute the expression for one part (transpose(muk)*Inverse(Deltak)*muk).
sumk<-matrix(,nrow=1,ncol=K)
ini<-1
end<-ngr[1]
for (i in 1:K) {sumk[1l,i]<-sum((muki[ini:end]A2)/(muki[ini:end]*(1-
(1+sigma2re)*muki[ini:end]))
ini<-end+1
end<-ngr[i+1]+end}

#Finally, we define the elements of the inverse of V.
Vki<-Tist(matrix(,nrow=K,ncol=1))
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for (3 in 1:kK){
Vki[[j]l<-matrix(0,nrow=ngr[1l,j],ncol=ngr[1l,3j])

for (i in 1:ngr[1,j]) {
yy=1-(1l+sigma2re)*muki[i]
VKi[[311[i,(i:ngr[1,31)]<-(-sigma2re* (1/yy) (1/(1-
(1+s1gma2re) “muki[(i: ngr[l F1NII)* (1/(1+s1gma2re *sumk[1,31))
VKi[[j11[i,i]<- (1/(muk1[1] *yy))-(sigma2re* (1/yy)A2) (1/(Q+sigma2re*sumk[1,3]1))

vkif[j]]:vki[[j]]+t(vk1[[j]])—diag(diag(vki[[j]]))

HHHHBBHHA AR
#Gradient, Hessian for IRM#.
HARABHRARHRHR AR AR HRHRHRHRHAH

#vectors of individual responses for each group. For ngr[4] is NA but we don't use it.
Ykilist<-Tist(matrix(,nrow=K,ncol=1))

#vectors of mean for each group.
mukilist<-Tist(matrix(,nrow=K,ncol=1))

ini<-1

end<-ngr[1]

for (i in 1:kK) {yvkilist[il<-Tlist(matrix(Dataprove[ini:end,3],nrow=ngr[i],ncol=1))
mukilist[i]<-Tist(matrix(muki[ini:end],nrow= ngr[1] ncol=1
ini<-end+1
end<-ngr[i+1]+end}

#vector diference response and mean.
Ykiminusmuki<-Tist(matrix(,nrow=K,ncol=1))
for (i in 1:K) {ykiminusmuki[[i]l<-CykiTist[[i]]-mukilist[[i]11)}

#Matrix Dk for each group.
DkiTist<-Tist(matrix(,nrow=K,ncol=1))
for (i in 1:K) Dk111st[[1]]< matrix(,nrow=ngr[1l,i],ncol=p+1)
ini<-1
end<-ngr[1]
for (3 in 1:K){
for (n in 1:(p+1)){

Dkilist[[j]1][,n]<-Dki[ini:end,n]}

ini<-end+1

end<-ngr[j+1]+end}

#Gradient.

ElementkGr<-Tist(matrix(,nrow=K,ncol=1))

Grlist<-Tist(matrix(0,nrow=(p+1),ncol=1))

for (i in 1:K) {
ETementKGr[[i]]<-t(Dkilist[[1]1)%*%vki[[i]11%*%Ykiminusmuki[[i]]

Grlist[[1]]<-Grlist[[1]]+ETementKGr[[i]]}

Gr<- matr1x( nrow=(p+1),ncol=
for (1 in 1: (p+1)) {Gr[1 1]<-Grlist[[1]][i]}

#Hessian.

ElementKHs<-Tist(matrix(,nrow=K,ncol=1))

HsTist<-Tist(matrix(0,nrow=(p+1l),ncol=(p+1)))

for (i in 1:K) {
ElementKHs[[i1]]<--1*t(DkiTist[[1]])%*%Vvki[[i1]]1%*%Dkilist[[i]]
Hs1ist[[1]]<-HsTlist[[1]]+ElementkHs[[i]1]}

Hs<-matrix(,nrow=_(p+1),ncol=(p+1))
for (i in 1:(p+
for (j in 1:(p+1)) {Hs[i,jl<-HsTist[[1]]1[i,j1}}

#we return the Gradient (Gr), Hessian(Hs) and sigmaA2(sigma2re).
Tist(Gradient=Gr,Hessian=Hs,sigma2re=sigma2re)}

RARHBHRHRHRHRHRHRHRHRHRHRHRHBHBHBH BB RS ARAS
i e e e g
##FUNCTION AGGREGATED RANDOM EFFECTS MODEL (fagrem)##.
##FOR COMPUTE THE GRADIENT, HESSIAN AND SIGMAA2 ##.
i e e e g i
RARHBHBHRHRHRHRHRHRHRHRHRHRHBHRHBH BB RH SRS

fagrem<-function(betanew,data) {
#We suposse the next structure in the dataset:Id (Identification of individual),
#Group (Group number), Y (Individual outcome: 1 death, 0 alive), 0 (Population's.

#observed deaths), n (Population at risk), zl (covariate z1), z2 (covariate z2),.
#...,Zp (covariate zp).
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Dataprove=data

#K is the number of groups. We suppose that groups are ordered and they have all.
#the correlatives numbers. For example:1,2,3 and not 1,3 (There are no number 2).
#N is the number of observations and p is the number of covariates.
N<-dim(Dataprove) [1]

K<-Dataprove[N,2]

p<-dim(Dataprove) [2]-5

ngr<-matrix(,nrow=1,ncol=K)
for (i in 1:K) ngr[l,i]<-dim(subset(Dataprove,Dataprove[2]==1))[1]

gammaO<-betanew[1]
beta<-betanew[-1]

#Individual mean (muki).
muki<-matrix(,nrow=N,ncol=1)
muki[,1]<-exp(gammaO+as.vector(as.matrix(Dataprovel[,6: (5+p)])%*%beta))

#Individual matrix D.
Dki<-matrix(,nrow=N,ncol=p+1)

Dki[,1]<-muki[,1]

for (j in 1:p){
?ki[,j+1]<—as.numeric(Dataprove[,5+j])*muki[,1]

#variance for the ARM.
muki2<-matrix(,nrow=N,ncol=1)
muki2[,1]<- muk1[ 1]A2

#outcome for the ARM as defined in Sheppard and Prentice (Biometrics,1995).
Y<-matrix(,nrow=1,ncol=K)

muk<-matrix(,nrow=1,ncol=K)
phik<-matrix(,nrow=K,ncol=1)
#Matrix D for the ARM.

Dk<-matrix(,nrow=K,ncol=p+1)

#First, we compute sigma square.
sigma2amk<-matrix(,nrow=K,ncol=1)

ini<-1
end<—ngr[1]
for (i in 1:kK) {
Y[1, 1]< ((pataprove[ini,4])/(Dataprovel[ini,5]))
muk[l il<-sum(muki[ini: end])/ngr[1]
ph1k[1 1]<-sum(muki2[ini:end])/ngr[i]
for (j in 1:(p+1)) {Dk[i,j]l<-sum(Dki[ini:end,j])/ngr[il}
sigma2amk[i,]<-max(C(Y[, 1} -muk [, 1])A2—(muk[ }
phik[i,])/(Dataprovel[ini, 5]))/(muk[ 1]A2-phik([i, ] (1/(Dataprove[1n1 51))),-100)
ini<-end+1
end<-ngr[i+1]+end}

sigma2am<-sum(sigma2amk[1:K]) /K

#Finally, we define the variance.
Vk<-matrix(,nrow=1,ncol=K)
ini<-1
end<-ngr[1]
for (i in 1:K) {vk[1,i]<-sigma2am*((muk[i]A2)-(phik[i,]/(Dataprovelini,5])))+(muk[i]-
phik[i,])*(1/(Dataprove[ini, 5%
ini<-1
end<-ngr[1]}

HHHHHRHHA AR AR
#Gradient, Hessian for ARM#.
BARABHBHBHRHRHRHRHRHRHRHRHH

#Gradient.

Dkt<-t(Dk)

ElementKaGr<-list(matrix(,nrow=K,ncol=1))
Gralist<-Tist(matrix(0,nrow=(p+1),ncol=1))

for (i in 1:K) {ElementkaGr[[i]]<-Dkt[,i]*(1/Vk[i])*(Y[i]-muk[i])
Gralist[[1]]<-Gralist[[1]]+ETementKaGr[[i]]}

Gra<-matrix(,nrow=_(p+1),ncol=1)
for (i in 1:(p+1)) {Grali,1]l<-Gralist[[1]][i]}

#Hessian.

ElementKaHs<-Tist(matrix(,nrow=K,ncol=1))

Hsalist<-Tist(matrix(0, nrow—(p+1) ncol=(p+1)))

for (i in 1:K) {E]ementKaHs[[1]]<——1 matrix(Dkt[,i],nrow=(p+1),ncol=1)%*%(1/Vk[i])%*%Dk[1,]
Hsalist[[1]]<-Hsalist[[1]]+ElementkaHs[[i]]}

Hsa<-matrix(,nrow=_(p+1),ncol=(p+1))

for (i in 1:(p+1)){
for (j in 1:(p+1)) {Hsa[i,jl<-Hsalist[[1]1[i,j1}}

193



#we return the Gradient (Gra), Hessian(Hsa) and sigmaA2(sigma2am).

Tist(Gradienta=Gra,Hessiana=Hsa,sigma2am=sigma2am)}

BARHBARARHRHRHRHRHRHRHRHRH BRI R A RAR AR A R A
i e e g g i
##FUNCTION POPULATION-BASED ESTIMATING EQUATION (fpbm)##.
##FOR COMPUTE THE GRADIENT, HESSIAN AND SIGMAS A 2 ##.
i i e g g i
HARABHRARHRHRHRHRHRHRHRHRH R AR AR AR AR AR

fpbm<-function(betanew,data) {

#wWe suposse the next structure in the dataset:Id (Identification of individual),.
#Group (Group number), Y (Individual outcome: 1 death, 0 alive), 0 (Population's.
#observed deaths), n (Population at risk), zl (covariate z1), z2 (covariate z2),.
#...,Zp (covariate zp).

Dataprove=data

#K is the number of groups. We suppose that groups are ordered and they have all.
#the correlatives numbers. For example:1,2,3 and not 1,3 (There are no number 2).
#N is the number of observations and p is the number of covariates.
N<-dim(Dataprove) [1]

K<-Dataprove[N,2

p<-dim(Dataprove) [2]-5

ngr<-matrix(,nrow=1,ncol=K)
for (i in 1:K) ngr[l,i]<-dim(subset(Dataprove,bataprove[2]==i))[1]

gamma0<—betanew[1]
eta<-betanew[-1]

BARHBHRHRHRHRHRHRHRHRHRH R ARAR A
#Gradient, Hessian for the individual part#.
BARHBHRHRHRHRHRHRHRHRHRHBH AR AR AR

#Individual outcome.
Yki<-matrix(,nrow=N,ncol=1)
Yki[,1]<-Dataprovel[,3]

#Individual mean.
muki<-matrix(,nrow=N,ncol=1)
muki[,1]<- exp(gamma0+as vector(as.matrix(Dataprovel,6: (5+p)])%*%beta))

#Individual matrix D.
Dki<-matrix(,nrow=N,ncol=p+1)

Dki[,1]<-muki[,1]

for (3 in 1:p){
?ki[,j+1]<—as.numeric(Dataprove[,5+j])*muki[,1]

#Inverse variance-covariance matrix individual part.
#First, we compute sigma square for the individual part.

muki2<-matrix(,nrow=N,ncol=1)
muki2[,1]<-muki[,1]A2

Yaver<-matrix(,nrow=1,ncol=K)
muk<-matrix(,nrow=1, ncol= =K)
phik<- matr1x( nrow= K ncol=1)
sigmaZrek<—matrix(,nrow=K,nco1=1)

ini<-1
end<-ngr[1]
for (i in 1:K) {
Yaver[1l,i]<-sum(Yki[ini:end])/ngr[i]
muk[1,i]<-sum(muki[ini:end])/ngr[i]
phik[i,1]<-sum(muki2[ini: end])/ngr[1]
s1gma2rek[1 J<-max((vaver[1l,i]*(vaver[1l,i]l*ngr[i]-2*ngr[i]*muk[1,i]-
D+2*((t(muki[ini:end, 1]3A36Yk1[1n1 rend, 1])/ngr[1]))/(ngr[1] (muk[l i]A2)-phik[i, 1])+1 -100)
ini<-end+
end<-ngr[i+1]+end}

sigma2re<-sum(sigma2rek[1:K]) /K

#We compute the expression for one part (transpose(muk)*Inverse(Deltak)*muk).
sumk<-matrix(,nrow=1,ncol=K)
ini<-1
end<-ngr[1]
for (i in 1:K) {sumk[1l,i]<-sum((muki[ini:end]A2)/(muki[ini:end]*(1-
(1+sigma2re)*muki[ini:end])))
ini<-end+1
end<-ngr[i+1]+end}
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#Finally we define the elements of the inverse of V.
Vki<-Tist(matrix(,nrow=K,ncol=1))

for (3 in 1:k){
Vki[[j]ll<-matrix(0,nrow=ngr[1l,j],ncol=ngr[1l,3j])

for (i in l:ngr[1,j1) {
yy=1- (1+s1gma2re) “muki [i]

Vk'l[[J]][1 (i:ngr[1,j1)]1<-(-sigma2re*(1/yy)*(1/(1-
(1+sigma2re)* muk1[(1 ngr(l, J])]))) (1/(1+s1gma2re “sumk[1,31))
Ki[[311[4,1]<-C1/(muki[i]

(sigma2re* (1/yy)A2) (1/(1+s1gma2re *sumk[1, J{%

Vk1'}[[j]]=Vk1' [[311+tCvki[[3]11)-diag(diag(vki[[]11))

#vectors of individual responses for each group. For ngr[4] is NA but we don't use it.
Ykilist<-Tist(matrix(,nrow=K,ncol=1))

#vectors of mean for each group.
mukilist<-Tist(matrix(,nrow=K,ncol=1))

ini<-1

end<-ngr[1]

for (i in 1:kK) {yvkilist[il<-Tlist(matrix(Dataprove[ini:end,3],nrow=ngr[i],ncol=1))
mukilist[i]<-Tist(matrix(muki[ini:end],nrow= ngr[1] ncol=1
ini<-end+1
end<-ngr[i+1]+end}

#vector diference response and mean.
Ykiminusmuki<-Tist(matrix(,nrow=K,ncol=1))
for (i in 1:K) {ykiminusmuki[[i]l<-CykiTist[[i]]-mukilist[[i]11)}

#Matrix Dk for each group.
DkiTist<-Tist(matrix(,nrow=K,ncol=1))
for (i in 1:K) Dk111st[[1]]< matrix(,nrow=ngr[1l,i],ncol=p+1)
ini<-1
end<-ngr[1]
for (3 in 1:K){
for (n in 1:(p+1)){

Dkilist[[j]1][,n]<-Dki[ini:end,n]}

ini<-end+1

end<-ngr[j+1]+end}

#Gradient Individual part.

ElementkGr<-Tist(matrix(,nrow=K,ncol=1))

Grlist<-Tist(matrix(0,nrow=(p+1),ncol=1))

for (i in 1:K) {
ETementKGr[[i]]<-t(Dkilist[[1]1)%*%vki[[i]11%*%Ykiminusmuki[[i]]

Grlist[[1]]<-Grlist[[1]]+ETementKGr[[i]]}

Gr<- matr1x( nrow=(p+1),ncol=
for (1 in 1: (p+1)) {Gr[1 1]<-Grlist[[1]][i]}

##Hessian individual part.

ElementKHs<-Tist(matrix(,nrow=K,ncol=1))

HsTist<-Tist(matrix(0,nrow=(p+1l),ncol=(p+1)))

for (i in 1:K) {
ElementKHs[[i1]]<--1*t(DkiTist[[1]])%*%Vvki[[i1]]1%*%Dkilist[[i]]
Hs1ist[[1]]<-HsTlist[[1]]+ElementkHs[[i]1]}

Hs<-matrix(,nrow=_(p+1),ncol=(p+1))
for (i in 1:(p+
for (j in 1:(p+1)) {Hs[i,jl<-HsTist[[1]]1[i,j1}}

HRRHHHHBRHHAARRHHHAHRRHHAARRHH AR R R HAARRHH
#Gradient, Hessian for the aggregated part#.
HEHAHARHBHA AR AR AR RA AR |

#outcome for the aggregated data model with combined analytical and aggregated models.
Ybar<-matrix(,nrow=1,ncol=K)

#Matrix D for the aggregated part.
Dk<-matrix(,nrow=K,ncol=p+1)

ini<-1
end< ngr[1]
for (i in 1:K) {ybar[1,i]<-((Dataprove[ini,4]-sum(Yki[ini:end]))/(Dataprove[ini,5]-ngr[il))
for (3 in 1:(p+1)) {pk[i, J]< sum(Dki[ini:end,j1)/ngr[il}
ini<-end+1
end<-ngr[i+1]+end}

#Sigma square aggregated part.
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sigma2pbk<-matrix(,nrow=K,ncol=1)
ini<-1
end<-ngr[1]
for (1 in 1:K) {sigma2pbk[i,]<-max(((ybar[,i]-muk[, 1])A2 (muk[,i]-
phik[i, ])/(Dataprpvg[1nljsg ngr[1]))/(muk[ 1]A2 ph1k[1 1* (1/(Dataprove[ini,5]—ngr[i]))),0)
ini<-end+
end<-ngr[i+1]+end}

sigma2pb<-sum(sigma2pbk[1:K]) /K

#variance aggregated part.

Dkt<-t(Dk)

Vkbar<-matrix(,nrow=1,ncol=K)

ElementKarGr<-list(matrix(,nrow=K,ncol=1))

Grarlist<-Tist(matrix(0,nrow=(p+1l),ncol=1))

ini<-1

end< ngr[1]

for (i in 1:K) {vkbar[1l, 1]< sigma2pb*((muk[i]A2)-(phik[i,]/(Dataprove[ini,5]-

ngr[il)))+(muk[i]-phik[i, ]) (1/(Dataprove[1n1 5]-ngr[i ]))

E1ementKarGr[[1]]< Dkt[,i]* (1/kaar[1]) (ybar[i]-muk[i])
Grarlist[[1]]<- Grar11st[[1]]+E1ementKarGr[[1]]
ini<-end+1
end<-ngr[i+1]+end}

#Gradient aggregated part.
Grar<-matrix(,nrow=(p+1),ncol=1)
for (i in 1:(p+1)) {Grar[i,1l]l<-Grarlist[[1]1][i]}

#Hessian aggregated part.

ElementKarHs<-1list(matrix(,nrow=K,ncol=1))
Hsarlist<-Tlist(matrix(0,nrow=(p+1),ncol=(p+1)))
for (i in 1:K) {ElementKarHs[[i]]l<--
1*matrix(Dkt[,i],nrow=_(p+1),ncol=1)%*%(1/Vkbar[i])%*%Dk[1, ]
Hsarlist[[1]]<-Hsarlist[[1]]+ElementkarHs[[i]]}

Hsar<-matrix(,nrow=(p+1),ncol=(p+1))
for (i in 1:(p+l )){
for (j in 1:(p+1)) {Hsar[i,jl<-Hsarlist[[1]1][i,j]1}}

i i
#Gradient, Hessian for the individual and aggregated part combination#.
HRHHHHHBRHHAHRRHHAARRHHHARRRHH AR R H AR R H AR R HAARR AR R H BB

#Gradient PBEE.
Grpb<-(Gr+Grar)
#Hessian PBEE.

Hspb<- (Hs+Hsar)

#we return the Gradient (Grpb), Hessian(Hspb), sigmaA2 -individual.
#part (sigma2re) and sigmaA2 aggregated part (s1gma2pb)

Tist(Gradientpb=Grpb,Hessianpb=Hspb,sigma2re=sigma2re,sigma2pb=sigma2pb)}

BARABHRHRHRHRHRHRHRHRHRHRHRHRHRHBHRH BB AAAAA A A
BARABHBHRARHRHRHRHRHRHRHRHRHRHRHBHBH BRI SAAAAA A A A
##PARAMETER ESTIMATES USING THE NEWTON-RAPHSON ALGORITHM FOR THE IRM##.
##(function farem2, ARM (function fagrem2) AND PBEE (function fpbm2)##.
BARABHBHRHRHRHRHRHRHRHRHRHRHRHBHBHBH BRI A A S A AA A S A A
i R R R R i

#wWe suposse the next structure in the dataset:Id (Identification of individual),.
#Group (Group number), Y (Individual outcome: 1 death, 0 alive), 0 (Population's.
#observed deaths), n (Population at risk), zl (covariate z1), z2 (covariate z2),.
#...,Zp (covariate zp).

farem2<-function(data,tol,maxiter=100,betainitial){

betanew<-betainitial
betaold<-betanew+1
itercount=0
Hdim=length(betanew)A2

#solutions for the IRM.

while(max(abs((betaold-betanew)/betaold))>to1){
g<-farem(betanew,data)
betaold<-betanew
if(sum(is.finite(q$Hessian))<Hdim) 1itercount=999
if(itercount>maxiter) break
betanew<-betanew-ginv(q$Hessian)%*%q$Gradient
itercount=itercount+1
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if(is.na(q$sigma2re)) itercount=100
if(itercount>maxiter) break
if(q$sigma2re>50) itercount=100
if(itercount>maxiter) break

}
Tist(betanew=betanew,sigma2re=q$sigma2re, iterN=itercount)

fagrem2<-function(data, tol,maxiter=100,betainitial){

betanewa<-betainitial
betaold<-betanewa+1
itercount=0
Hdim=length(betanewa)A2

#solutions for the ARM.

while(max(abs((betaold-betanewa)/betaold))>tol1){
d<-fagrem(betanewa, data)
betaold<-betanewa
if(sum(is.finite(d$Hessiana))<Hdim) itercount=999
if(itercount>maxiter) break
betanewa<-betanewa-ginv(d$Hessiana)%*%d$Gradienta
itercount=itercount+1
if(is.na(d$sigma2am)) itercount=100
if(itercount>maxiter) break
if(d$sigma2am>50) itercount=100
if(itercount>maxiter) break

Tist(betanewa=betanewa, sigma2am=d$sigma2am, iterN=itercount)

fpbm2<-function(data,tol,maxiter=100,betainitial){

betanewpb<-betainitial
betaold<-betanewpb+1
itercount=0
Hdim=length(betanewpb)A2

#solutions for the PBEE.

while(max(abs((betaold-betanewpb)/betaold))>tol){
e<-fpbm(betanewpb,data)
betaold<-betanewpb
1f(sum(1s.finite(e$HessianEb))<Hdim) itercount=999
if(itercount>maxiter) brea
betanewpb<-betanewpb-ginv(e$Hessianpb)%*%e$Gradientpb
itercount=itercount+1
if(is.na(max(e$sigma2re,e$sigma2pb))) itercount=100
if(itercount>maxiter) break
if(max(e$sigma2re,e$si maZEb)>50) itercount=100
if(itercount>maxiter) brea

}
11st(bﬁtanepr:betanewpb,sigma2re=e$sigma2re,sigmaZpb=e$sigma2pb, iterN=itercount)

HARHBHBHRARHRHRHRHRHRHRHRHBHRH BRI ARAR A
HARHRHRHRHRHRHRHRHRHRHRHBHBHRH BRI ARAR A
##FUNCTION FOR SIMULATE THE DATA (fgenerate2)##.
##IN THE SIMPLE CONFOUNDING CASE (SCC) ## .
HARHBHBHRHRHRHRHRHRHRHRHRHBHRH BRI R AR A
BUABHHBHHBRHHRHRBH AR HH B AR AR L HR LR R R R A BB

fgenerate2<-function(group,populationsize,samplesize,variance){

#group=number of groups, populationsize= population size.
#samplesize= sample size, variance=within group variance.

K<-group
nk<-populationsize
mk<-samplesize
varwithin<-variance

#Covariate X1lki & X2ki. They are correlated 0.3 at the community.
#and individual levels (see Prentice & Sheppard).

zK=mvrnorm(K,c(0,0),matrix(c(1,.3,.3,1),2,2))

cov=0.3*sqrt(varwithin)*1
covm=matrix(c(varwithin,cov,cov,1),2,2)

X1lki=matrix(0,nk,K)
X2ki=matrix(0,nk,K)

for(i in 1:K){

znk=mvrnorm(nk,zK[i,],covm)
X1ki[,i]=znk[,1]
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}XZki[,i]zznk[,Z]

#Country specific frailties were generated as independent.
#realized values from a gamma distribution with mean 1.
#and variance sigmaA2. The mean of a gamma is shape*scale.
#and the variance 1is shape*(scaleA2).

meanhk<-1

varhk<-0.05

shape<-(meanhkA2) /(varhk)
scale<-(varhk) /(meanhk)

hk<-rgamma (K, shape=shape,scale=scale)[]
hk=t(matrix(rep(hk,nk),nrow=K,ncol=nk))

#The disease events, yki, were generated by determining.
#wether a uniform random variable wass Tless than.
#hk*exp(gammaO+betal*x1ki+beta2*Xx2ki).

gammaO<--3
betal<-0.2
beta2<-0.2

yki<-matrix(,nrow=nk,ncol=K)
unif<-matrix(runif(nk*K,0,1),nrow=nk,ncol=K)

yki=1ifelse(unif<hk*exp(gammalO+betal*x1lki+beta2*x2ki),1,0)

HEHBHARHRHA AR AR AR
#selection of random sample of size mk#.
#and organize data to apply functions #.
#farem, fagrem and fpbm #.
HRHHHHHBRHHAAHRRHHARRRHH AR R R HHAARR A

datalist<-list(matrix(,nrow=K,ncol=1))
sampledatalist<- 11st(matr1x( nrow=K,ncol=1))
ini<-1

end<-mk

data<-matrix(,nrow=mk*K,ncol=5)

for (i in 1:K){

datalist[[i]]<-
cbind(matrix(c(l:nk),nrow=nk,ncol=1),matrix(yki[,i],nrow=nk,ncol= 1) matrix(X1lki[,i],nrow=nk,n
col=1),matrix(X2ki[, 1] nrow-nk ncol= 1) matr1x(c(1) nrow—nk nco1-
samp1edata11st[[1]]< data11st[[1]][as matr1x(samp1e(data11st[[1]][ 11,mk)),]
data[ini:end,]<-sampledatalist[[i]][]
ini<-end+1
; end<-mk* (i+1)

o<-matrix(apply(yki,2,sum),nrow=K,ncol=1)

ini<-1
end<-mk
datapop<-matrix(,nrow=mk*K,ncol=1)
for (i in 1:K) {datapop[1n1 end,1]<-0[1,]
ini<-end+1
end<-mk*(i+1)}

gatagatapop<—cb1nd(data,datapop,c(nk))

atafin<-

data. frame(1d matr1x(datadatapop[ 1]) ,group=matrix(datadatapop[,5]),YIND=matrix(datadatapop[,
2]1) ,0=matrix(datadatapop[,6]),n= matr1x(datadatapop[ 71) ,x1ki= matr1x(datadatapop[ 31),X2ki=mat
r1x(datadatapop[ 4]))?

HARARARAR AR AR AR AR BB
##Simulation results##.
HARARARAR AR AR AR AR BB

fsimulationB<-function(seed,Niter,sigma2,K,N){
set.seed(seed)

countl=0

resultl=matrix(0,nrow=Niter,ncol=16)

while(countl<Niter){
tempdatal=fgenerate2(K,2000,N,sigma2)
to1<-0.001
g9<-gTm(YIND~X1ki+X2ki,data=tempdatal, family=binomial)
betaini<-
§s .vector(c(matrix(gg$coefficients[1]),matrix(gg$coefficients[2]),matrix(gg$coefficients[3]))

tempdatalal<-farem2 (tempdatal,tol,maxiter=50,betaini)
tempdatala2<-fagrem2 (tempdatal, tol,maxiter=50,betaini)
tempdatala3<-fpbm2(tempdatal,tol,maxiter=50,betaini)
countl=countl+1l
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resu1t1[c?un§1,1:5]=matrix(c(t(tempdata1a1$betanew),tempdata1a1$sigma2re,tempdata1a1$iterN)
,hrow=1,ncol=5

resultl[countl,6:10]=matrix(c(t(tempdatala2$betanewa) ,tempdatala2$sigma2am,tempdatala2$iter
N),nrow=1,ncol=5)

resultlcountl,11:16]=matrix(c(t(tempdatala3$betanewpb),tempdatala3$sigma2re,tempdatala3d$si
gma2pb,tempdatala3s$iterN),nrow=1,ncol=6)

grint(countl)

Tist(result=resultl,sigma2=sigma2,K=K,N=N)
}

#100 groups-100 sample size in each group.

finalresultB100100B.25=fsimulationB(123,1000,.25,100,100)
save(list=c("finalresultB100100B.25",".Random.seed"),file="100100B025.RData")
savedseed=.Random. seed

finalresultB100100B.5=fsimulationB(savedseed, 1000, .5,100,100)
save(list=c("finalresultB100100B.5"," .Random.seed"),file="100100B05.RData")
savedseed=.Random. seed

finalresultB100100B1=fsimulationB(savedseed,1000,1,100,100)
save(list=c("finalresultB100100B1"," .Random.seed"),file="100100B1.RData")
savedseed=.Random. seed

finalresultB100100B2=fsimulationB(savedseed,1000,2,100,100)
save(list=c("finalresultB100100B2"," .Random.seed"),file="100100B2.RData")
savedseed=.Random. seed

finalresultB100100B4=fsimulationB(savedseed,1000,4,100,100)
save(list=c("finalresultB100100B4"," .Random.seed"),file="100100B4.RData")
savedseed=.Random. seed

finalresultB100100B8=fsimulationB(savedseed,1000,8,100,100)
save(list=c("finalresultB100100B8"," .Random.seed"),file="100100B8.RData")
savedseed=.Random. seed

finalresultB100100B16=fsimulationB(savedseed,1000,16,100,100)
save(list=c("finalresultB100100816"," .Random.seed"),file="100100B16.RData")

#100 groups-50 sample size in each group.

finalresultB10050B.25=fsimulationB(123,1000,.25,100,50)
save(list=c("finalresultB10050B.25"," .Random.seed"),file="10050B025.RData")
savedseed=.Random. seed

finalresultB10050B.5=fsimulationB(savedseed, 1000, .5,100,50)
save(list=c("finalresultB10050B.5"," .Random.seed"),file="10050B05.RData")
savedseed=.Random. seed

finalresultB10050B1=fsimulationB(savedseed,1000,1,100,50)
save(list=c("finalresultB10050B1"," .Random.seed"),file="10050B1.RData")
savedseed=.Random. seed

finalresultB10050B2=fsimulationB(savedseed,1000,2,100,50)
save(list=c("finalresultB10050B2"," .Random.seed"),file="10050B2.RData")
savedseed=.Random. seed

finalresultB10050B4=fsimulationB(savedseed,1000,4,100,50)
save(list=c("finalresultB10050B4"," .Random.seed"),file="10050B4.RData")
savedseed=.Random. seed

finalresultB10050B8=fsimulationB(savedseed,1000,8,100,50)
save(list=c("finalresultB10050B8"," .Random.seed"),file="10050B8.RData")
savedseed=.Random. seed

finalresultB10050B16=fsimulationB(savedseed,1000,16,100,50)
save(list=c("finalresultB10050816"," .Random.seed"),file="10050B16.RData")

#50 groups-100 sample size in each group.

finalresultB50100B.25=fsimulationB(123,1000,.25,50,100)
save(list=c("finalresultB50100B.25"," .Random.seed"),file="50100B025.RData")
savedseed=.Random. seed

finalresultB50100B.5=fsimulationB(savedseed, 1000, .5,50,100)
save(list=c("finalresultB50100B.5"," .Random.seed"),file="50100B05.RData")
savedseed=.Random. seed

finalresultB50100B1=fsimulationB(savedseed,1000,1,50,100)

save(list=c("finalresultB5010081"," .Random.seed"),file="50100B1.RData")
savedseed=.Random. seed
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finalresultB50100B2=fsimulationB(savedseed,1000,2,50,100)
save(list=c("finalresultB5010082",".Random.seed"),file="50100B2.RData")
savedseed=.Random. seed

finalresultB50100B4=fsimulationB(savedseed,1000,4,50,100)
save(list=c("finalresultB50100B4"," .Random.seed"),file="50100B4.RData")
savedseed=.Random. seed

finalresultB50100B8=fsimulationB(savedseed,1000,8,50,100)
save(list=c("finalresultB50100B8"," .Random.seed"),file="50100B8.RData")
savedseed=.Random. seed

finalresultB50100B16=fsimulationB(savedseed,1000,16,50,100)
save(list=c("finalresultB50100816"," .Random.seed"),file="50100B16.RData")

#50 groups-50 sample size in each group.

finalresultB5050B.25=fsimulationB(123,1000,.25,50,50)
save(list=c("finalresultB5050B.25"," .Random.seed"),file="5050B025.RData")
savedseed=.Random. seed

finalresultB5050B.5=fsimulationB(savedseed, 1000, .5,50,50)
save(list=c("finalresultB5050B.5"," .Random.seed"),file="5050B05.RData")
savedseed=.Random. seed

finalresultB5050B1=fsimulationB(savedseed,1000,1,50,50)
save(list=c("finalresultB5050B1"," .Random.seed"),file="5050B1.RData")
savedseed=.Random. seed

finalresultB5050B2=fsimulationB(savedseed,1000,2,50,50)
save(list=c("finalresultB5050B2"," .Random.seed"),file="5050B2.RData")
savedseed=.Random. seed

finalresultB5050B4=fsimulationB(savedseed,1000,4,50,50)
save(list=c("finalresultB5050B4"," .Random.seed"),file="5050B4.RData")
savedseed=.Random. seed

finalresultB5050B8=fsimulationB(savedseed,1000,8,50,50)
save(list=c("finalresultB5050B8"," .Random.seed"),file="5050B8.RData")
savedseed=.Random. seed

finalresultB5050B16=fsimulationB(savedseed,1000,16,50,50)
save(list=c("finalresultB5050B16",".Random.seed"),file="5050B16.RData")

HUHARHH AR H AR HHBH AR H AR AR AR RS
#Import results to a text file#.
HUHARUH AR HHRHHBH AR H AR AR AR R RS

#100 groups-100 sample size in each group.

write.table(finalresultB100100B.25%result, "dataBlvarl.txt",row.names=F) #variance 0.25.
write.table(finalresultB100100B.5%result, "dataBlvar2.txt", row.names=F) #variance 0.5.
write.table(finalresultB100100B1$result,"dataBlvar3.txt", row.names=F) #variance 1.
write.table(finalresultB100100B2%result,"dataBlvar4.txt",row.names=F) #variance 2.
write.table(finalresultB100100B4$result, "dataBlvar5.txt", row.names=F) #variance 4.
write.table(finalresultB100100B8S%result,"dataBlvar6.txt", row.names=F) #variance 8.
write.table(finalresu1tB100100B16%result,"dataBlvar7.txt", row.names=F) #variance 16.
#50 groups-100 sample size in each group.

write.table(finalresultB50100B.25%result, "dataB2varl.txt",row.names=F) #variance 0.25.
write.table(finalresultB50100B.5%result, "dataB2var2.txt", row.names=F) #variance 0.5.
write.table(finalresultB50100B1$result,"dataB2var3.txt", row.names=F) #variance 1.
write.table(finalresultB50100B2%result, "dataB2var4.txt", row.names=F) #variance 2.
write.table(finalresultB50100B4%result, "dataB2var5.txt", row.names=F) #variance 4.
write.table(finalresultB50100B8%$result,"dataB2var6.txt", row.names=F) #variance 8.
write.table(finalresultB50100B16%result,"dataB2var7.txt",row.names=F) #variance 16.
#100 groups-50 sample size in each group.

write.table(finalresultB10050B.25%result, "dataB3varl.txt", row.names=F) #variance 0.25.
write.table(finalresultB10050B.5%result, "dataB3var2.txt", row.names=F) #variance 0.5.
write.table(finalresultB10050B1%$result,"dataB3var3.txt",row.names=F) #variance 1.
write.table(finalresultB10050B2%$result,"dataB3var4.txt", row.names=F) #variance 2.
write.table(finalresultB10050B4%result, "dataB3var5.txt", row.names=F) #variance 4.
write.table(finalresultB10050B8S%result,"dataB3var6.txt", row.names=F) #variance 8.
write.table(finalresultB10050B16%result,"dataB3var7.txt", row.names=F) #variance 16.
#100 groups-100 sample size in each group.

write.table(finalresultB5050B.25%result, "dataB4varl.txt", row.names=F) #variance 0.25.
write.table(finalresultB5050B.5%result, "dataB4var2.txt",row.names=F) #variance 0.5.
write.table(finalresultB5050B1$result,"dataB4var3.txt", row.names=F) #variance 1.
write.table(finalresultB5050B2%result, "dataB4var4.txt",row.names=F) #variance 2.
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write.table(finalresultB5050B4%result, "dataB4var5.txt", row.names=F) #variance 4.
write.table(finalresultB5050B8%$result,"dataB4var6.txt", row.names=F) #variance 8.
write.table(finalresultB5050B16%result, "dataB4var7.txt", row.names=F) #variance 16.

A.3.3 ECC simulation program.

Tibrary(MASS)

BARHBHRHRHRHRHRHRHRHRHRH AR AR AR AR AR AR
i e i R g
##FUNCTION INDIVIDUAL RANDOM EFFECTS MODEL (farem)##.
##FOR COMPUTE THE GRADIENT, HESSIAN AND SIGMAA2  ##.
i e i g
BARABHARARHRHRHRHRHRHRHRHRH RS R AR S A

farem<-function(betanew,data) {

#wWe suposse the next structure in the dataset:Id (Identification of individual),.
#Group (Group number), Y (Individual outcome: 1 death, 0 alive), 0 (Population's.
#observed deaths), n (Population at risk), zl (covariate z1), z2 (covariate z2),.
#...,Zp (covariate zp).

Dataprove=data

#K is the number of groups. We suppose that groups are ordered and they have all.
#the correlatives numbers. For example:1,2,3 and not 1,3 (There are no number 2).
#N is the number of observations and p is the number of covariates.
N<-dim(Dataprove) [1]

K<-Dataprove[N, 2]

p<-dim(Dataprove) [2]-5

ngr<-matrix(,nrow=1,ncol=K)
for (i in 1: K) ngr[l i]<-dim(subset(Dataprove,Dataprove[2]==1))[1]

gamma0<—betanew[1]
eta=betanew[-1]

#Individual outcome.
Yki<-matrix(,nrow=N,ncol=1)
Yki[,1]<-Dataprovel[, 3]

#Individual mean.
muki<-matrix(,nrow=N,ncol=1)
muki[,1]<-exp(gammaO+as.vector(as.matrix(Dataprovel[,6: (5+p)])%*%beta))

#Matrix D for the IRM.
Dki<-matrix(,nrow=N,ncol=p+1)

Dki[,1]<-muki[,1]

for (j in 1:p){
?ki[,j+1]<—as.numeric(Dataprove[,5+j])*muki[,1]

#Inverse variance-covariance matrix for the IRM.

##First, we compute sigma square.
muki2<-matrix(,nrow=N,ncol=1)
muki2[,1]<-muki[,1]A2

Yaver<-matrix(,nrow=1,ncol=K)
muk<-matrix(,nrow=1, ncol= =K)
phik<- matr1x( nrow= K ncol=1)
sigmaZrek<—matr1x(,nrow=K,nco1=1)

ini<-1
end<-ngr[1]
for (i in 1:K) {
Yaver[1l,i]<-sum(Yki[ini:end])/ngr[i]
muk[1, 1]< sum(muki[ini:end])/ngr[i]
ph1k[1 1]<-sum(muki2[ini: end])/ngr[1]
s1gma2rek[1 J<-max((vaver[1l,i]*(vaver[1l,i]* ngr[1] -2*ngr[il*muk[1,
D+2*((t(muki[ini:end, 1J3Ai/Yk1[1n1 rend, 1])/ngr[1]))/(ngr[1] (muk[1,i]A2)-phik[1, 1])+1 -100)
ini<-end+
end<-ngr[i+1]+end}

sigma2re<-sum(sigma2rek[1:K]) /K

#we compute the expression for one part (transpose(muk)*Inverse(Deltak)*muk).
sumk<-matrix(,nrow=1,ncol=K)
ini<-1
end<—ngr[1]
for (i in 1:K) {sumk[1l,i]<-sum((muki[ini:end]A2)/(muki[ini:end]*(1-
(1+sigma2re)*muki[ini:end])))
ini<-end+1
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end<-ngr[i+1]+end}

#Finally, we define the elements of the inverse of v.
Vki<-Tist(matrix(,nrow=K,ncol=1))

for (j in 1:K){
Vk1%[]]]< matrix(0,nrow=ngr[1,j],ncol=ngr[1,j1)

for (i in 1l:ngr[1,j]) {
yy=1-(1 +s1gma2re *muki[i]
ki[[311[,Ci:ngr[l,j]1)]1<-(-sigma2re*(1/yy)*(1/(1-
(1+s1gma2re) muk1[(1 ngr[1,31)1)))* (1/(1+s1gma2re sumk[l 31))
ki[[j11[1,i]<- (1/(muk1[1] *yy))-(sigma2re* (1/yy)A2) (1/(Q+sigma2re*sumk[1,3]1))

vkif[j]]:vki[[j]]+t(vki[[j]])—diag(diag(vki[[j]]))

HARABHRARARHRARHRHRHRHRH R
#Gradient, Hessian for IRM#.
BHH R

#vectors of individual responses for each group. For ngr[4] is NA but we don't use it.
Ykilist<-Tist(matrix(,nrow=K,ncol=1))

#vectors of mean for each group.
mukilist<-Tist(matrix(,nrow=K,ncol=1))

ini<-1

end<-ngr[1]

for (i in 1:K) {yvkilist[i]<-list(matrix(Dataprove[ini:end,3],nrow=ngr[i],ncol=1))
mukiTist[i]<-Tist(matrix(muki[ini:end],nrow=ngr[i],ncol=1))
ini<-end+1
end<-ngr[i+1]+end}

#vector diference response and mean.
Ykiminusmuki<-Tist(matrix(,nrow=K,ncol=1))
for (i in 1:K) {Yk1m1nusmuk1[[1]]< (YkiTist[[i]]-mukilist[[i]11)}

#Matrix Dk for each group.
DkiTist<-Tist(matrix(,nrow=K,ncol=1))
o 1for (i in 1:K) Dkilist[[i]]l<-matrix(,nrow=ngr[1l,i],ncol=p+1)
ini<-
end<—ngr[1]
for (3 1n 1:04{
for (n in 1:(p+1)){

Dk111st[[]]][ n]<-Dki[ini:end,n]}

ini<-end+1

end<-ngr[j+1]+end}

#Gradient.

ElementkGr<-Tist(matrix(,nrow=K,ncol=1))

Grlist<-Tist(matrix(0,nrow=(p+1),ncol=1))

for (i in 1:K) {
ElementKGr[[i]]<-t(Dkilist[[i11)%*%vki[[i]11%*%Ykiminusmuki[[i]]

Grlist[[1]]<-Grlist[[1]]+ETementKGr[[i]]}

Gr<-matrix(,nrow=(p+1),ncol=1)
for (i in 1:(p+1)) {Gr[i,1]l<-Grlist[[1]]1[i]}

#Hessian.

ElementKHs<-Tist(matrix(,nrow=K,ncol=1))

Hslist<-Tlist(matrix(0,nrow=_p+1),ncol=(p+1)))

for (i in 1:K) {
ElementKHs[[i1]]<--1*t(DkiTist[[1]])%*%Vvki[[1]]1%*%Dkilist[[i]]
HsTlist[[1]]<-Hslist[[1]]+ElementkKHs[[i]]}

Hs<-matrix(,nrow=_(p+1),ncol=(p+1))
for (1 in 1:(p+1)){
for (j in 1:(p+1)) {Hs[i,jl<-HsTlist[[1]1]1[i,j1}}

#we return the Gradient (Gr), Hessian(Hs) and sigmaA2(sigma2re).
Tist(Gradient=Gr,Hessian=Hs,sigma2re=sigma2re)}

i e e e g i
BARHBHBHRHRHRHRHRHRHRHRHRHRHBHRHBH BB RH RS AS
##FUNCTION AGGREGATED RANDOM EFFECTS MODEL (fagrem)##.
##FOR COMPUTE THE GRADIENT, HESSIAN AND SIGMAA2 ##
BARHBHBHRHRHRHRHRHRHRHRHRHBHBHBHBH BB ASAS
BARABHBHRHRHRHRHRHRHRHRHRHRHRHRHBH BB RH AR

fagrem<-function(betanew,data) {

#we suposse the next structure in the dataset:Id (Identification of individual),.

202



#Group (Group number), Y (Individual outcome: 1 death, 0 alive), 0 (Population's.
#observed deaths), n (Population at risk), zl (covariate z1), z2 (covariate z2),
#...,Zp (covariate zp).

Dataprove=data

#K is the number of groups. We suppose that groups are ordered and they have all.
#the correlatives numbers. For example:1,2,3 and not 1,3 (There are no number 2).
#N is the number of observations and p is the number of covariates.
N<-dim(Dataprove) [1]

K<-Dataprove[N,2]

p<-dim(Dataprove) [2]-5

ngr<-matrix(,nrow=1,ncol=K
for (i in 1:K) ngr[1,i]<-dim(subset(Dataprove,Dataprove[2]==1))[1]

gammaO<-betanew[1]
beta<-betanew[-1]

#Individual mean (muki).
muki<-matrix(,nrow=N,ncol=1)
muki[,1]<-exp(gammaO+as.vector(as.matrix(Dataprovel[,6: (5+p)])%*%beta))

#Individual matrix D.
Dki<-matrix(,nrow=N,ncol=p+1)

Dki[,1]<- muk1[ 1]

for (1 in 1: p){

?k1[ ,J+1]<-as.numeric(bataprovel,5+j]1)*muki[,1]

#variance for the ARM.
muki2<-matrix(,nrow=N,ncol=1)
muki2[,1]<-muki[,1]A2

#outcome for the ARM as defined in Sheppard and Prentice (Biometrics,1995).
Y<-matrix(,nrow=1,ncol=K)

muk<-matrix(,nrow=1,ncol=K)
phik<-matrix(,nrow=K,ncol=1)
#Matrix D for the ARM.

Dk<-matrix(,nrow=K,ncol=p+1)

#First, we compute sigma square.
sigma2amk<-matrix(,nrow=K,ncol=1)

ini<-1

end<-ngr[1]

for (i in 1:K)
Y[1,i]<-((pataprove[ini,4])/(pataprove[ini,5]))
muk[1,i]<-sum(muki[ini:end])/ngr[i]
phik[1,1]<-sum(muki2[ini:end])/ngr[i]
for (G in 1:(p+1)) {Dk[i,jl<-sum(Dkil[ini:end,j]1)/ngr[il}

gmal2amk[i,]<-max(CCY[, 1] muk [, 1])A2 (muk[,i]-
phik[i, ])/(Dataprove[1n1 5]))/(muk[ 1]A2-phik[i, ] (1/(Dataprove[1n1 51))),-100)

ini<-end+1
end<-ngr[i+1]+end}

sigma2am<-sum(sigma2amk[1:K]) /K

#Finally, we define the variance.
vk<-matrix(,nrow=1,ncol=K)
ini<-1
end< ngr[1]
for (i in 1:K) {vk[1,i]<-sigma2am*((muk[i]A2)-(phik[i,]/(Dataprovel[ini,5])))+(muk[i]-
phik[i,]1)* (1/(Dataprove[1n1 51))
ini<-1
end<-ngr[1]}

BARABHRHRARHRHRARHRHRHRHRHH
#Gradient, Hessian for ARM#.
HHHHBRHHA AR H AR

#Gradient.

Dkt<-t(Dk)

ElementKaGr<-Tlist(matrix(,nrow=K,ncol=1))
Gralist<-Tist(matrix(0,nrow=(p+1),ncol=1))

for (i in 1:K) {ElementKaGr[[i]]<-Dkt[,i]*(1/Vk[i1)*(CY[i]l-muk[i])
Gralist[[1]]<-Gralist[[1]]+ETementKaGr[[i]]}

Gra<-matrix(,nrow=(p+1),ncol=
for (i in 1: (p+1)) {Gra[1 1]<-Gralist[[1]]1[i]1}

#Hessian.

ElementKaHs<-1ist(matrix(,nrow=K,ncol=1))

Hsalist<-Tist(matrix(0,nrow=(p+1l),ncol=(p+1)))

for (i in 1:kK) {ElementKaHs[[i1]]<--1*matrix(Dkt[,i],nrow=(p+1),ncol=1)%*%(1/Vk[i])%*%Dk[i,]
Hsalist[[1]]<-Hsalist[[1]]+ETementkaHs[[i]]}
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Hsa<-matrix(, nrow—(p+1) ncol=(p+1))
for (i in 1:(p+1
for (j in 1: (p+1)) {Hsa[i,jl<-Hsalist[[1]]1[i,j1}}

#we return the Gradient (Gra), Hessian(Hsa) and sigmaA2(sigma2am).

Tist(Gradienta=Gra,Hessiana=Hsa, sigma2am=sigma2am) }

BHABHHBHHB R AR B R B HHBHHBHHBH AR R AR R AR LR R LR AR S
HARABHRHRHRHRHRHRHRHRHRHRH BRI R A R AR AR A
##FUNCTION POPULATION-BASED ESTIMATING EQUATION (fpbm)##.
##FOR COMPUTE THE GRADIENT, HESSIAN AND SIGMAS A 2 ##
BARHBHRARHRHRHRHRHRHRHRH AR R AR R A R AR AR AR
BARABHRHRHRHRHRHRHRHRHRHBH BRI A R A R AR AR

fpbm<-function(betanew,data) {

#We suposse the next structure in the dataset:Id (Identification of individual),
#Group (Group number), Y (Individual outcome: 1 death, 0 alive), 0 (Population's.
#observed deaths), n (Population at risk), zl (covariate z1), z2 (covariate z2),.
#...,Zp (covariate zp).

Dataprove=data

#K is the number of groups. We suppose that groups are ordered and they have all.
#the correlatives numbers. For example:1,2,3 and not 1,3 (There are no number 2).
#N is the number of observations and p is the number of covariates.
N<-dim(Dataprove) [1]

K<-Dataprove[N,2]

p<-dim(Dataprove) [2]-5

ngr<-matrix(,nrow=1,ncol=K)
for (i in 1:K) ngr[l,i]<-dim(subset(Dataprove,Dataprove[2]==1))[1]

gammaO<-betanew[1]
beta<-betanew[-1]

HHHHBRHAA R
#Gradient, Hessian for the individual part#.
BARHBHRHRHRHRHRHRHRHRHRHBH AR

#Individual outcome.
Yki<-matrix(,nrow=N,ncol=1)
Ykil[,1]<- Dataprove[ 3]

#Individual mean.
muki<-matrix(,nrow=N,ncol=1)
muki[,1]<-exp(gammaO+as.vector(as.matrix(Dataprovel[,6: (5+p)])%*%beta))

#Individual matrix D.
Dki<-matrix(,nrow=N,ncol=p+1)

Dki[,1]<- muk1[ 1]

for (j in 1:p){
?ki[,j+1]<—as.numeric(Dataprove[,5+j])*muki[,1]

#Inverse variance-covariance matrix individual part.
#First, we compute sigma square for the individual part.

muki2<-matrix(,nrow=N,ncol=1)
muki2[,1]<-muki[,1]A2

Yaver<-matrix(,nrow=1,ncol=K)
muk<-matrix(,nrow=1,ncol=K)
phik<-matrix(,nrow=K,ncol=1)
sigma2rek<-matrix(,nrow=K,ncol=1)

ini<-1
end< ngr[1]
for (i in 1:K) {
Yaver[1l,i]<-sum(Yki[ini:end])/ngr[i]
muk[1,1]<—sum(muki[ini:end])/ngr[i]
phik[1,1]<-sum(muki2[ini: end])/ngr[1]
s1gma2rek[1 J<-max((vaver[1l,i]*(vaver[1l,i]* ngr[1] -2*ngr[i]l*muk[1,1
D+2*((t(muki[ini:end, 1]3é£7Yk1[1n1 rend, 1])/ngr[1]))/(ngr[1] (muk[1,i]A2)-phik[1, 1])+1 -100)
ini<-end+
end<-ngr[i+1]+end}

sigma2re<-sum(sigma2rek[1:K]) /K

#we compute the expression for one part (transpose(muk)*Inverse(Deltak)*muk).
sumk<-matrix(,nrow=1,ncol=K)

ini<-1

end<-ngr[1]
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for (i in 1:K) {sumk[1l,i]<-sum((muki[ini:end]A2)/(muki[ini:end]*(1-
(1+sigma2re)*muki[ini:end])))
ini<-end+1
end<-ngr[i+1]+end}

#Finally we define the elements of the inverse of V.
Vki<-Tist(matrix(,nrow=K,ncol=1))

for (J in 1:K
%[J]]< matr1x(0 nrow=ngr[1l,j],ncol=ngr[1,3j])

for (i in 1:ngr[1,j1) {
yy=1- (1+s1gma2re *muki[i]
VKi[[j]11[1, Giingr[1l,j1)]1<-(-sigma2re*(1/yy)*(1/(1-
(1+sigma2re)*muki[(i:ngr[1, J])]))) (1/(1+s1gma2re “sumk[1,3]1))
vki[[j11[i,1]1<-(1/(muki[i]* yy))—
(sigma2re*(1/yy)A2)* (1/(1+s1gma2re sumk[1,3]))

Vk1'}[[j]]=Vk1' [[311+tCvki[[3]11)-diag(diag(vki[[]11))

#vectors of individual responses for each group. For ngr[4] is NA but we don't use it.
Ykilist<-Tist(matrix(,nrow=K,ncol=1))

#vectors of mean for each group.
mukilist<-Tist(matrix(,nrow=K,ncol=1))

ini<-1

end<-ngr[1]

for (i in 1:K) {yvkilist[i]<-list(matrix(Dataprove[ini:end,3],nrow=ngr[i],ncol=1))
mukiTist[i]<-Tist(matrix(muki[ini:end],nrow=ngr[i],ncol=1))
ini<-end+1
end<-ngr[i+1]+end}

#vector diference response and mean.
Ykiminusmuki<-Tist(matrix(,nrow=K,ncol=1))
for (i in 1:K) {Yk1m1nusmuk1[[1]]< (YkiTist[[i]]-mukilist[[i]11)}

#Matrix Dk for each group.
DkiTist<-Tist(matrix(,nrow=K,ncol=1))
o 1for (i in 1:K) Dkilist[[i]]l<-matrix(,nrow=ngr[1l,i],ncol=p+1)
ini<-
end<—ngr[1]
for (3 1n 1:04{
for (n in 1:(p+1)){

Dk111st[[]]][ n]<-Dki[ini:end,n]}

ini<-end+1

end<-ngr[j+1]+end}

#Gradient Individual part.

ElementkGr<-Tist(matrix(,nrow=K,ncol=1))

Grlist<-Tist(matrix(0,nrow=(p+1),ncol=1))

for (i in 1:K) {
ElementKGr[[i]]<-t(Dkilist[[i11)%*%vki[[i]11%*%Ykiminusmuki[[i]]
Grlist[[1]]<-Grlist[[1]]+ETementKGr[[i]]}

Gr<-matrix(,nrow=(p+1),ncol=1)
for (i in 1:(p+1)) {Gr[i,1]l<-Grlist[[1]]1[i]}

##Hessian individual part.

ElementKHs<-Tist(matrix(,nrow=K,ncol=1))

Hslist<-Tlist(matrix(0,nrow=_p+1),ncol=(p+1)))

for (i in 1:K) {
ElementKHs[[i1]]<--1*t(DkiTist[[1]])%*%Vvki[[1]]1%*%Dkilist[[i]]
HsTlist[[1]]<-Hslist[[1]]+ElementkKHs[[i]]}

Hs<-matrix(,nrow=_(p+1),ncol=(p+1))
for (1 in 1:(p+1)){
for (j in 1:(p+1)) {Hs[i,jl<-HsTlist[[1]1]1[i,j1}}

HHARHHRHHRBH AR HHRHHRH AR H AR H AR H AR AR AR RS
#Gradient, Hessian for the aggregated part#.
HUARHHRHHRHH AR HHRH AR HHBH AR H AR H AR AR AR RS

#outcome for the aggregated data model with combined analytical and aggregated models.
Ybar<-matrix(,nrow=1,ncol=K)

#Matrix D for the aggregated part.
Dk<-matrix(,nrow=K,ncol=p+1)

ini<-1
end<-ngr[1]

for (i in 1:k) {ybar[1,i]<-((Dataprove[ini,4]-sum(Yki[ini:end]))/(Dataprove[ini,5]-ngr[il))
for (3 in 1:(p+1)) {Dk[i,j]l<-sum(Dki[ini:end,j])/ngr[il}
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ini<-end+1
end<-ngr[i+1]+end}

#Sigma square aggregated part.

sigma2pbk<-matrix(,nrow=K,ncol=1)

ini<-1

end<-ngr[1]

for (1 in 1:K) {sigma2pbk[i,]<-max(((vbar[,i]-muk[, 1])A2-(muk[,i]-

phik[i, ])/(Dataprove[1nljsg ngr[1]))/(muk[ 1]A2 ph1k[1 1% (1/(Dataprove[1n1 5]-ngr[i]))),0)

ini<-end+
end<-ngr[i+1]+end}

sigma2pb<-sum(sigma2pbk[1:K]) /K

#variance aggregated part.

Dkt<-t(Dk)

Vkbar<-matrix(,nrow=1,ncol=K)

ElementKarGr<-Tist(matrix(,nrow=K,ncol=1))

Grarlist<-Tist(matrix(0,nrow=(p+1l),ncol=1))

ini<-1

end<-ngr[1]

for (i in 1:K) {vkbar[1l,i]l<-sigma2pb*((muk[i]JA2)-(phik[i,]/(Dataprove[ini,5]-

ngr[il)))+(muk[i]-phik[i,]1)*(1/(Dataprovel[ini,5]-ngr[i]))

ElementKarGr[[i]]<-Dkt[,i1]*(1/Vkbar[i])*(Ybar[i]l-muk[i])
Grarlist[[1]]<-GrarTlist[[1]]+ETementKarGr[[i]]
ini<-end+1
end<-ngr[i+1]+end}

#Gradient aggregated part.
Grar<-matrix(,nrow=_(p+1),ncol=1)
for (i in 1:(p+1)) {Grar[i,l]l<-Grarlist[[1]1][i]}

#Hessian aggregated part.

ElementKarHs<-Tist(matrix(,nrow=K,ncol=1))
Hsarlist<-Tlist(matrix(0, nrow—(p+1) ncol=(p+1)))
for (i in 1:K) {E]ementKarHs[[1]]<——
1*matrix(Dkt[,i],nrow=(p+1),ncol=1)%*%(1/vkbar[i])%*%Dk[i,]
Hsar1ist[[1]]<—Hsar1ist[[1]]+E1ementKarHs[[i]]}

Hsar<-matrix(,nrow=(p+1),ncol=(p+1))
for (i in 1:(p+D){
for (j in 1:(p+1)) {Hsar[i,jl<-Hsarlist[[1]]1[1i,j1}}

HBHHHHHBRHH AR R H AR R H AR RRHHAARRHH AR R H AR R HARR R HTARRHH BB HAAA
#Gradient, Hessian for the individual and aggregated part combination#.
B B R

#Gradient PBEE.
Grpb<-(Gr+Grar)
#Hessian PBEE.

Hspb<- (Hs+Hsar)

#we return the Gradient (Grpb), Hessian(Hspb), sigmaA2 individual.
#part (sigma2re) and sigmaA2 aggregated part (sigma2pb).

Tist(Gradientpb=Grpb,Hessianpb=Hspb,sigma2re=sigma2re,sigma2pb=sigma2pb)}

BARABHBHRHRARHRHRHRHRHRHRHRHRHRHBHBH BB A A AA A A A A
i R R R i g
##PARAMETER ESTIMATES USING THE NEWTON-RAPHSON ALGORITHM FOR THE IRM##.
##(function farem2, ARM (function fagrem2) AND PBEE (function fpbm2)##.
HHHHRRRAA AR R
BARABHRHRHRARHRHRHRHRHRHRHRHRHBHBHBH BRI RH R A

#We suposse the next structure in the dataset:Id (Identification of individual),
#Group (Group number), Y (Individual outcome: 1 death, 0 alive), 0 (Population's.
#observed deaths), n (Population at risk), zl (covariate z1), z2 (covariate z2),.
#...,Zp (covariate zp).

farem2<-function(data,tol,maxiter=100,betainitial){
betanew<-betainitial

betaold<-betanew+1

itercount=0

Hdim=1ength(betanew)A2

#solutions for the IRM.
while(max(abs((betaold-betanew) /betaold))>to1){

g<-farem(betanew,data)
betaold<-betanew
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if(sum(is.finite(q$Hessian))<Hdim) 1itercount=999
if(itercount>maxiter) break
betanew<-betanew-ginv(q$Hessian)%*%q$Gradient
itercount=itercount+1

if(is.na(q$sigma2re)) itercount=100
if(itercount>maxiter) break

if(q$sigma2re>50) itercount=100
if(itercount>maxiter) break

Tist(betanew=betanew,sigma2re=q$sigma2re, iterN=itercount)

fagrem2<-function(data, tol,maxiter=100,betainitial){

betanewa<-betainitial
betaold<-betanewa+1
itercount=0
Hdim=1ength(betanewa)A2

#solutions for the ARM.

while(max(abs((betaold-betanewa)/betaold))>tol1){
d<-fagrem(betanewa, data)
betaold<-betanewa
if(sum(is.finite(d$Hessiana))<Hdim) itercount=999
if(itercount>maxiter) break
betanewa<-betanewa-ginv(d$Hessiana)%*%d$Gradienta
itercount=itercount+1
if(is.na(d$sigma2am)) itercount=100
if(itercount>maxiter) break
if(d$sigma2am>50) itercount=100
if(itercount>maxiter) break

}
Tist(betanewa=betanewa, sigma2am=d$sigma2am, 1iterN=itercount)

fpbm2<-function(data,tol,maxiter=100,betainitial){

betanewpb<-betainitial
betaold<-betanewpb+1
itercount=0
Hdim=1ength(betanewpb)A2

#solutions for the PBEE.

while(max(abs((betaold-betanewpb)/betaold))>tol){
e<-fpbm(betanewpb,data)
betaold<-betanewpb
if(sum(is.finite(e$Hessianpb))<Hdim) 1itercount=999
if(itercount>maxiter) break
betanewpb<-betanewpb-ginv(e$Hessianpb)%*%e$Gradientpb
itercount=itercount+1
if(is.na(max(e$sigma2re,e$sigma2pb))) itercount=100
if(itercount>maxiter) break
if(max(e$sigma2re,e$sigma2pb)>50) itercount=100
if(itercount>maxiter) break

Tist(betanewpb=betanewpb,sigma2re=e$sigma2re,sigma2pb=e$sigma2pb, iterN=itercount)

HARHBHBHRHRHRHRHRHRHRHRHRHBHRH BRI R AR A
o e i g
##FUNCTION FOR SIMULATE THE DATA (fgenerate2)##.
##IN THE EXTENDED CONFOUNDING CASE (ECC) #i#.
BUABH AR B AR R AR R HHBHHBHHBH R B HRRLHRLHH LR R R R BB SEH
BARHBHRARHRHRHRHRHRHRHRHRHBHRH AR AR AR

fgenerate2<-function(group,populationsize,samplesize,varl=.85,var2=4){
#group=number of groups, populationsize= population size.

#samplesize= sample size, varl within group-variance X1Ki,.
#var2=within-group variance X2ki.

K<-group

nk<-populationsize

mk<-samplesize

#Covariate X1ki & X2ki. They are correlated 0.3 at the community.
#and individual levels (see Prentice & Sheppard).

cov1l=0.3%3.4%0.25
zK=mvrnorm(K,c(0,0),matrix(c(3.4,covl,covl,0.25),2,2))

cov=0.3*sqrt(varl*var2)
covm=matrix(c(varl,cov,cov,var2),2,2)

X1lki=matrix(0,nk,K)
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X2ki=matrix(0,nk,K)

for(i in 1:K){
znk=mvrnorm(nk,zK[i,],covm)
X1ki[,i]=znk[,1]

}XZki[,1]=znk[,2]

#Country specific frailties were generated as independent.
#realized values from a gamma distribution with mean 1.
#and variance sigmaA2. The mean of a gamma is shape*scale.
#and the variance 1is shape*(scaleA2).

meanhk<-1

varhk<-0.05

shape<-(meanhkA2) /(varhk)
scale<-(varhk) /(meanhk)
hk<—rgamma(K,shaﬁe:shape,sca]e:sca]e)[]
hk=t(matrix(rep(hk,nk),nrow=K,ncol=nk))

#The disease events, yki, were generated by determining.
#wether a wuniform random variable wass Tless than.
#hk*exp(gammaO+betal*X1lki+beta2*Xx2ki).

gammaO<--3
betal<-0.2
beta2<-0.2

yki<-matrix(,nrow=nk,ncol=K)
unif<-matrix(runif(nk*K,0,1),nrow=nk,ncol=K)

yki=1ifelse(unif<hk*exp(gammalO+betal*x1ki+beta2*x2ki),1,0)

HRHHHHHBRHHHAAHRRHHHRRRHH AR RHHHHARR A
#selection of random sample of size mk#.
#and organize data to apply functions #.
#farem, fagrem and fpbm #.
HEHAHARHBHA AR AR

datalist<-Tist(matrix(,nrow=K,ncol=1))
sampledatalist<-Tist(matrix(,nrow=K,ncol=1))
ini<-1

end<-mk

data<-matrix(,nrow=mk*K,ncol=5)

for (i in 1:K){

datalist[[i]]<-
cbind(matrix(c(l:nk),nrow=nk,ncol=1),matrix(yki[,i],nrow=nk,ncol=1),matrix(x1ki[,i],nrow=nk,n
col=1) ,matrix(X2ki[,1],nrow=nk,ncol=1),matrix(c(i),nrow=nk,ncol=1))
sampledatalist[[i]]<-datalist[[i]][as.matrix(sample(datalist[[i]l][,1],mk)),]
data[ini:end,]<-sampledatalist[[i]][]
ini<-end+1
; end<-mk* (i+1)

o<-matrix(apply(yki,2,sum),nrow=K,ncol=1)

ini<-1
end<-mk
datapop<-matrix(,nrow=mk*K,ncol=1)
for (i in 1:K) {datapop[ini:end,1]<-0[i,]
ini<-end+1
end<-mk*(i+1)}

gatagatapop<-cbind(data,datapop,c(nk))

atafin<-
data.frame(id=matrix(datadatapop[,1]),group=matrix(datadatapop[,5]),YIND=matrix(datadatapop[,
2]) ,0=matrix(datadatapop[,6]),n=matrix(datadatapop[,7]),X1lki=matrix(datadatapop[,3]),X2ki=mat
rix(datadatapop[,4]1))}

HARARAR AR AR AR AR AR BB
##Simulation results##.
HHHHRBHHA AR

fsimulationC<-function(seed,Niter,K,N){
set.seed(seed)

countl=0
resultl=matrix(0,nrow=Niter,ncol=16)

while(countl<Niter){
tempdatal=fgenerate2(K,2000,N)
to1<-0.001
gg<—g1m(YIND~X1ki+X2ki,data:tempdatal,fami1y=b1n0m1a1)
etaini<-
gs.vector(c(matrix(gg$coeff1c1ents[l]),matrix(gg$coefficients[Z]),matrix(gg$coeff1cients[3]))
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tempdatalal<-farem2 (tempdatal,tol,maxiter=50,betaini)

tempdatala2<-fagrem2 (tempdatal, tol,maxiter=50,betaini)

tempdatala3<-fpbm2(tempdatal,tol,maxiter=50,betaini)

countl=countl+1l

resu}tl[c?ungl,1:5]=matrix(c(t(tempdatalal$betanew),tempdatalal$sigma2re,tempdata1a1$iterN)
,hrow=1,ncol=5

resultl[countl,6:10]=matrix(c(t(tempdatala2$betanewa) ,tempdatala2$sigma2am,tempdatala2$iter
N) ,nrow=1,ncol=5)

resultl[countl,11l:16]=matrix(c(t(tempdatala3$betanewpb),tempdatala3d$sigma2re,tempdatala3d$si
gma2pb,tempdatala3s$iterN),nrow=1,ncol=6)

grint(countl)

11st(resu1t=resu1t1,K=K,N=N)

#100 groups-100 sample size in each gro
finalresultC100100=fsimulationC(123, 1000 100 100)
save(list=c("finalresultc100100"," -Random. seed’ ), fil1e="100100C.RData")

#100 groups-50 sample size in each group.
finalresultcl10050=fsimulationC(123,1000,100,50)
save(list=c("finalresultcl10050",".Random.seed"),file="10050C.RData")

#50 groups-100 sample size in each group.
finalresultc50100=fsimulationc(123,1000,50,100)
save(list=c("finalresultc100100"," .Random.seed"),file="50100C.RData")

#50 groups-50 sample size in each group.
finalresultc5050=fsimulationCc(123,1000,50,50)
save(list=c("finalresultc100100",".Random.seed"),file="5050C.RData")

A.3.4 NCC coverage program.

Tibrary (MASS)

BARHBHRARHRHRHRHRHRHRHRHRHRHRH AR RARAARA A A A
HHHHRRHAA AR R R
##FUNCTION INDIVIDUAL RANDOM EFFECTS MODEL (faremcoverage)##.
##FOR COMPUTE NAIVE AND SANDWICH ESTIMATOR ###### .
############################################################.
BARHBHRARHRHRHRHRHRHRHRHRHRHBH RS AR A

faremcoverage<-function(betain,data) {

betanew=as.vector(betain[1l,],mode="numeric")
Dataprove=data

#K is the number of groups. We suppose that groups are ordered and they have all.
#the correlatives numbers. For example:1,2,3 and not 1,3 (There are no number 2).
#N is the number of observations and p is the number of covariates.
N<-dim(Dataprove) [1]

K<-Dataprove[N, 2]

p<-dim(Dataprove) [2]-5

ngr<-matrix(,nrow=1,ncol=K)
for (i in 1:K) ngr[l,i]<-dim(subset(Dataprove,bataprove[2]==i))[1]

gammaO<-betanew[1]
beta=betanew[-1]

#Individual outcome.
Yki<-matrix(,nrow=N,ncol=1)
Yki[,1]<-Dataprovel[,3]

#Individual mean.
muki<-matrix(,nrow=N,ncol=1)
muki[,1]<-exp(gammaO+as.vector(as.matrix(Dataprovel,6: (5+p)])%*%beta))

#Matrix D for the IRM.
Dki<-matrix(,nrow=N,ncol=p+1)

Dki[,1]<-muki[,1]

for (3 in 1:p){
?ki[,j+1]<—as.numeric(Dataprove[,5+j])*muki[,1]

#Inverse variance-covariance matrix for the IRM.
##First, we compute sigma square.
muki2<-matrix(,nrow=N,ncol=1)
muki2[,1]<-muki[,1]A2

Yaver<-matrix(,nrow=1,ncol=K)
muk<-matrix(,nrow=1,ncol=K)
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phik<-matrix(,nrow=K,ncol=1)
sigma2rek<-matrix(,nrow=K,ncol=1)

ini<-1
end<-ngr[1]
for (i in 1:K) {
Yaver[1l,i]<-sum(Yki[ini:end])/ngr[i]
muk[1,i]<-sum(muki[ini:end])/ngr[i]
phik[i,1]<-sum(muki2[ini: end])/ngr[1]
s1gma2rek[1 J<-max((vaver[1l,i]*(vaver[1l,i]l*ngr[i]-2*ngr[i]*muk[1,i]-
D+2*((t(muki[ini:end, 1]3A1£Yk1[1n1 rend, 1])/ngr[1]))/(ngr[1] (muk[l i]A2)-phik[i, 1])+1 -100)
ini<-end+
end<-ngr[i+1]+end}

sigma2re<-sum(sigma2rek[1:K]) /K

#We compute the expression for one part (transpose(muk)*Inverse(Deltak)*muk).
sumk<-matrix(,nrow=1,ncol=K)
ini<-1
end<-ngr[1]
for (i in 1:K) {sumk[1l,i]<-sum((muki[ini:end]A2)/(muki[ini:end]*(1-
(1+sigma2re)*muki[ini:end])))
ini<-end+1
end<-ngr[i+1]+end}

#Finally, we define the elements of the inverse of V.
Vki<-Tist(matrix(,nrow=K,ncol=1))

for (3 in 1:k){
Vki[[j]ll<-matrix(0,nrow=ngr[1l,j],ncol=ngr[1,3j])

for (i in 1:ngr[1,j]) {
yy=1-(1l+sigma2re)*muki[i]
VKi[[311[i,(i:ngr[1,31)]<-(-sigma2re* (1/yy) (1/Q-
(1+s1gma2re) “muki[(i: ngr[l F1INII* (1/(1+s1gma2re sumk[1,3]))
VKi[[j11[i,1]<- (1/(muk1[1] *yy))-(sigma2re* (1/yy)A2) (1/(Q+sigma2re*sumk[1,3]1))

Vk1'}[[J']]=Vk1' [0311+tCvki[[j11)-diag(diag(vki[[311))

i i
#NAIVE AND SANDWICH ESTIMATORS for IRM#.
HAHHRRHH AR R AR R AR R R AR RRAA AR

#vectors of individual responses for each group. For ngr[4] is NA but we don't use it.
Ykilist<-Tist(matrix(,nrow=K,ncol=1))

#vectors of mean for each group.
mukilist<-Tist(matrix(,nrow=K,ncol=1))

ini<-1

end<-ngr[1]

for (i in 1:kK) {yvkilist[il<-Tlist(matrix(Dataprove[ini:end,3],nrow=ngr[i],ncol=1))
mukilist[i]<-Tist(matrix(muki[ini:end],nrow= ngr[1] ncol= 1))
ini<-end+1
end<-ngr[i+1]+end}

#vector diference response and mean.
Ykiminusmuki<-Tist(matrix(,nrow=K,ncol=1))
for (i in 1:K) {ykiminusmuki[[i]l<-CykiTist[[i]]-mukilist[[i]11)}

#Matrix Dk for each group.
DkiTist<-Tist(matrix(,nrow=K,ncol=1))
for (i in 1:K) Dk111st[[1]]< matrix(,nrow=ngr[1l,i],ncol=p+1)
ini<-1
end<-ngr[1]
for (3 in 1:K){
for (n in 1:(p+1)){

Dkilist[[j]1][,n]<-Dki[ini:end,n]}

ini<-end+1

end<-ngr[j+1]+end}

ElementkM<-Tist(matrix(,nrow=K,ncol=1))
Mlist<-Tist(matrix(0,nrow=(p+1),ncol=(p+1)))

for (i in 1:K) {
ElementkM[[i]]<
§§Dk111st[[1]])%*7vk1[[1]]6”7Yk1m1nusmuk1[[1]]/ %t (Ykiminusmuki[[i]])%*%Vvki[[i]]%*%Dkilist[[i
Mlist[[1]]<-M1list[[1]]+ETementkM[[i]]}
M<-matrix(,nrow=(p+1),ncol=(p+1))
for (i in 1:(p+1)
for (3 in 1:(p+1)) {M[i,j1<-Mlist[[1]1[i,7]1}}

ElementKHs<-Tist(matrix(,nrow=K,ncol=1))
HsTist<-Tist(matrix(0,nrow=(p+1l),ncol=(p+1)))
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for (i in 1:K) {
ElementkHs[[1]]1<--1*t(DkiTlist[[i]1]1)%*%vki[[i]1]1%*%Dkilist[[i]]
Hs1ist[[1]]<-HsTlist[[1]]+ElementkHs[[i]1]}

Hs<-matrix(,nrow=(p+1),ncol=(p+1))
for (i in 1:(p+D)){
for (j in 1:(p+1)) {Hs[i,jl<-HsTlist[[1]1]1[i,j1}}

naive=ginv(-Hs) .
robust=naive%*%M%*%naive

Tist(naive=naive, robust=robust)

HHARBRRHA AR R R R AR RHA AR R AR RRAHRRRARRR
HH AR RR AR R R AR RAHRRHRR
##FUNCTION AGGREGATED RANDOM EFFECTS MODEL (fagremcoverage)##.
##FOR COMPUTE NAIVE AND SANDWICH ESTIMATOR #####H#H#H#H#H#######H#H .
HHAHBRRHA A AR A AR R R R AR AR R R R R
g G i G g i

fagremcoverage<-function(betain,data) {

betanew=as.vector(betain[1l,],mode="numeric")
Dataprove=data

#K is the number of groups. We suppose that groups are ordered and they have all.
#the correlatives numbers. For example:1,2,3 and not 1,3 (There are no number 2).
#N is the number of observations and p is the number of covariates.
N<-dim(Dataprove) [1]

K<-Dataprove[N,2]

p<-dim(Dataprove) [2]-5

ngr<-matrix(,nrow=1,ncol=K)
for (i in 1:K) ngr[l,i]<-dim(subset(Dataprove,Dataprove[2]==1))[1]

gammaO<-betanew[1]
beta<-betanew[-1]

#Individual mean (muki).
muki<-matrix(,nrow=N,ncol=1)
muki[,1]<-exp(gammaO+as.vector(as.matrix(Dataprovel[,6: (5+p)])%*%beta))

#Individual matrix D.
Dki<-matrix(,nrow=N,ncol=p+1)

Dki[,1]<- muk1[ 1]

for (j in 1:p){
?ki[,j+1]<—as.numeric(Dataprove[,5+j])*muki[,1]

#variance for the ARM.
muki2<-matrix(,nrow=N,ncol=1)
muki2[,1]<-muki[,1]A2

#outcome for the ARM as defined in Sheppard and Prentice (Biometrics,1995).
Y<-matrix(,nrow=1,ncol=K)

muk<-matrix(,nrow=1,ncol=K)
phik<-matrix(,nrow=K,ncol=1)
#Matrix D for the ARM.

Dk<-matrix(,nrow=K,ncol=p+1)

#First, we compute sigma square.
sigma2amk<-matrix(,nrow=K,ncol=1)

ini<-1

end<—ngr[1]

for (i in 1:kK) {
Y[1, 1]< ((pataprove[ini,4])/(Dataprovel[ini,5]))
muk[l il<-sum(muki[ini: end])/ngr[1]
ph1k[1 1]<-sum(muki2[ini:end])/ngr[i]
for (G in 1:(p+1)) {Dk[i,jl<-sum(Dki[ini:end,j]1)/ngr[il}

igma2amk [i,]<-max(C(Y[, 1} -muk [, 1])A -(muk[, }
phik[i, ])/(Dataprove[1n1 5]))/(muk[ 1]A2-phik[i, ] (1/(Dataprove[1n1 51))),-100)

ini<-end+1
end<-ngr[i+1]+end}

sigma2am<-sum(sigma2amk[1:K]) /K

#Finally, we define the variance.
Vk<-matrix(,nrow=1,ncol=K)
ini<-1
end<-ngr[1]
for (i in 1:K) {vk[1,i]<-sigma2am*((muk[i]A2)-(phik[i,]/(Dataprovel[ini,5])))+(muk[i]-
phik[i,])*(1/(Dataprove[ini,5%))
ini<-1
end<-ngr[1]}
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HHARBRAH AR R AR RHAA BB R RS
#NAIVE AND SANDWICH ESTIMATORS for ARM#.
i i g g g

Dkt<-t(Dk)
ElementkKMa<-Tist(matrix(,nrow=K,ncol=1))
Malist<-Tist(matrix(0, nrow—(p+1) ncol=(p+1)))
for (i in 1:K) {E1ementKMa[[1]]
matrix(Dkt[,i], (p+1),D)%*%matrix(Dkt[,i],1, (p+1))*((1/Vk[i1)*CY[i]-muk[i]))A2
Ma11st[[1]]<—Ma1ist[[l]]+E1ementKMa[[1]]}

Ma<-matrix(,nrow=_(p+1),ncol=(p+1))
for (i in 1:(p+D)){
for (j in 1:(p+1)) {mal[i,jl<-malist[[1]1]1[i,j1}}

ElementKaHs<-1ist(matrix(,nrow=K,ncol=1))

Hsalist<-Tist(matrix(0,nrow=(p+1),ncol=(p+1)))

for (i in 1:k) {ElementKaHs[[i1]]<--1*matrix(Dkt[,i],nrow=(p+1),ncol=1)%*%(1/Vk[i])%*%Dk[i,]
Hsalist[[1]]<-Hsalist[[1]]+ETementkaHs[[i]]}

Hsa<-matrix(,nrow=_p+1),ncol=(p+1))
for (i in 1:(p+D)){
for (j in 1:(p+1)) {Hsa[i,jl<-Hsalist[[1]1[i,j1}}

naive=ginv(-Hsa) .
robust=naive%*%Ma%*%naive

Tist(naive=naive, robust=robust)

HARABHRHRHRARHRHRHRHRHRHRHRHRHRHRH AR A A A A A A
BUABH AR AR AR HH R HH R R R R B R R H AR R R E AR AR L AR
##FUNCTION POPULATION-BASED ESTIMATING EQUATION (fpbmcoverage)##.
##FOR COMPUTE NAIVE AND SANDWICH ESTIMATOR ########H#HHHIHHHFHHHHE .
i e i i i i i
BARHBHRHRHRHRHRHRHRHRHRHRHRHBHRH BRI AR A A A A

fpbmcoverage<-function(betain,data) {

betanew=as.vector(betain[1l,],mode="numeric")
Dataprove=data

#K is the number of groups. We suppose that groups are ordered and they have all.
#the correlatives numbers. For example:1l,2,3 and not 1,3 (There are no number 2).
#N is the number of observations and p is the number of covariates.
N<-dim(Dataprove) [1]

K<-Dataprove[N,2]

p<-dim(Dataprove) [2]-5

ngr<-matrix(,nrow=1,ncol=K)
for (i in 1: K) ngr[l i]<-dim(subset(Dataprove,Dataprove[2]==1))[1]

gammaO<-betanew[1]
beta<-betanew[-1]

#Individual outcome.
Yki<-matrix(,nrow=N,ncol=1)
Yki[,1]<-Dataprovel[,3]

#Individual mean.
muki<-matrix(,nrow=N,ncol=1)
muki[,1]<- exp(gamma0+as vector(as.matrix(Dataprovel,6: (5+p)])%*%beta))

#Individual matrix D.
Dki<-matrix(,nrow=N,ncol=p+1)

Dki[,1]<-muki[,1]

for (3 in 1:p){
?ki[,j+1]<—as.numeric(Dataprove[,5+j])*muki[,1]

#Inverse variance-covariance matrix individual part.
#First, we compute sigma square for the individual part.

muki2<-matrix(,nrow=N,ncol=1)
muki2[,1]<-muki[,1]A2

Yaver<-matrix(,nrow=1,ncol=K)
muk<-matrix(,nrow=1, ncol= =K)
phik<- matr1x( nrow= K ncol=1)
sigmaZrek<—matrix(,nrow=K,nco1=1)

ini<-1
end<-ngr[1]
for (i in 1:K) {
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Yaver[1l,i]<-sum(yki[ini:end])/ngr[i]

muk[1,i]<-sum(muki[ini:end])/ngr[i]

phik[i,1]<-sum(muki2[ini: end])/ngr[1]

s1gma2rek[1 J<-max((vaver[1l,i]*(vaver[1l,i]l*ngr[i]-2*ngr[i]*muk[1,i]-
D+2*((t(muki[ini:end, 1]3%{%Yk1[1n1 rend, 1])/ngr[1]))/(ngr[1] (muk[l i]A2)-phik[i, 1])+1 -100)

ini<-end+

end<-ngr[i+1]+end}

sigma2re<-sum(sigma2rek[1:K]) /K

#We compute the expression for one part (transpose(muk)*Inverse(Deltak)*muk).
sumk<-matrix(,nrow=1,ncol=K)
ini<-1
end<-ngr[1]
for (i in 1:K) {sumk[1l,i]<-sum((muki[ini:end]A2)/(muki[ini:end]*(1-
(1+sigma2re)*muki[ini:end])))
ini<-end+1
end<-ngr[i+1]+end}

#Finally we define the elements of the inverse of v.
Vki<-Tist(matrix(,nrow=K,ncol=1))

for (3 in 1:k){
Vki[[j]ll<-matrix(0,nrow=ngr[1l,j],ncol=ngr[1,3j])

for (i in l:ngr[1,j1) {
yy=1- (1+s1gma2re) “muki [i]

Vk'l[[J]][1 (i:ngr[1,j1)]1<-(-sigma2re*(1/yy)*(1/(1-
(1+sigma2re)* muk1[(1 ngr(l, J])]))) (1/(1+s1gma2re *sumk[1,31))
Ki[[311[4,1]<-C1/(muki[i]

(sigma2re* (1/yy)A2) (1/(1+s1gma2re *sumk[1, J{%

Vk1'}[[j]]=Vk1' [[311+tCvki[[3]11)-diag(diag(vki[[]11))

#vectors of individual responses for each group. For ngr[4] is NA but we don't use it.
Ykilist<-Tist(matrix(,nrow=K,ncol=1))

#vectors of mean for each group.
mukilist<-Tist(matrix(,nrow=K,ncol=1))

ini<-1

end<-ngr[1]

for (i in 1:kK) {yvkilist[il<-Tist(matrix(Dataprove[ini:end,3],nrow=ngr[i],ncol=1))
mukilist[i]<-Tist(matrix(muki[ini:end],nrow= ngr[1] ncol= 1))
ini<-end+1
end<-ngr[i+1]+end}

#vector diference response and mean.
Ykiminusmuki<-Tist(matrix(,nrow=K,ncol=1))
for (i in 1:K) {ykiminusmuki[[i]l<-CykiTist[[i]1]-mukilist[[i]11)}

#Matrix Dk for each group.
DkiTist<-Tist(matrix(,nrow=K,ncol=1))
for (i in 1:K) Dk111st[[1]]< matrix(,nrow=ngr[1l,i],ncol=p+1)
ini<-1
end<-ngr[1]
for (3 in 1:K){
for (n in 1:(p+1)){

Dkilist[[j]1][,n]<-Dki[ini:end,n]}

ini<-end+1

end<-ngr[j+1]+end}

#outcome for the aggregated data model with combined analytical and aggregated models.
Ybar<-matrix(,nrow=1,ncol=K)

#Matrix D for the aggregated part.
Dk<-matrix(,nrow=K,ncol=p+1)

ini<-1
end< ngr[1]
for (i in 1:K) {ybar[1,i]<-((Dataprove[ini,4]-sum(yki[ini:end]))/(Dataprove[ini,5]-ngr[i]))
for (3 in 1:(p+1)) {pk[i, J]< sum(Dki[ini:end,j1)/ngr[il}
ini<-end+1
end<-ngr[i+1]+end}

Dkt<-t(Dk)

#Sigma square aggregated part.

sigma2pbk<-matrix(,nrow=K,ncol=1)

ini<-1

end<-ngr[1]

for (i in 1:K) {sigma2pbk[i,]<-max((CYbar[,i]-muk[,i]1)A2-(muk[,i]-

phik[i, ])/(Dataprove[1n1d5] ngr[1]))/(muk[ 1]A2 ph1k[1 1*(1/(pataprovelini,5]-ngr[il))),0)

ini<-end+1
end<-ngr[i+1]+end}
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sigma2pb<-sum(sigma2pbk[1:K])/K

Vkbar<-matrix(,nrow=1,ncol=K)

Mpb=matrix(0,nrow=_(p+1),ncol=(p+1))

ini<-1

end<-ngr[1]

for (i in 1:k) {

Vkbar[1l,i]<-sigma2pb* ((muk[1]A2) (phik[i,]/(pataprove[ini,5]-ngr[i])))+(muk[i]-
phik[i,])*(1/(pataprovel[ini,5]-ngr[ 1?

Junkmat diag(c(rep(0, ngr[1]) 1/kaar[1 il1))

Junkmat[1l:ngr[i],l:ngr[i]1=Vki[[i]]

sub= t(rb1nd(Dk111st[ i]11,Dk[1,1))%*%junkmat%*%rbind (Ykiminusmuki[[i]],Ybar[i]-muk[i])

Mpb=Mpb+sub%*%t (sub)

ini<-end+1

end<-ngr[i+1]+end

ElementKHs<-Tist(matrix(,nrow=K,ncol=1))

Hslist<-Tlist(matrix(0,nrow=_p+1),ncol=Cp+1)))

for (i in 1:K) {
ElementKHs[[i1]]<--1*t(DkiTist[[1]])%*%Vvki[[i1]]1%*%Dkilist[[i]]
HsTlist[[1]]<-Hslist[[1]]+ElementkKHs[[i]]}

Hs<-matrix(,nrow=_(p+1),ncol=(p+1))
for (1 in 1:(p+1)){
for (j in 1:(p+1)) {Hs[i,jl<-HsTlist[[1]1]1[i,j1}}

ElementKarHs<-Tist(matrix(,nrow=K,ncol=1))
Hsarlist<-list(matrix(0, nrow—(p+1) ncol=(p+1)))
for (i in 1:K) {E]ementKarHs[[1]]<——
1*matrix(Dkt[,i],nrow=(p+1),ncol=1)%*%(1/vkbar[i])%*%Dk[i,]
Hsarlist[[1]]<-Hsarlist[[1]]+ElementKarHs[[i]]1}

Hsar<-matrix(,nrow=(p+1),ncol=(p+1))
for (i in 1:(p+
for (j in 1:(p+1)) {Hsar[i,jl<-Hsarlist[[1]1][i,j]1}}

Hspb<- (Hs+Hsar)

naive=ginv(-Hspb)
robust=naiveX%*%Mpb%*%naive

;1st(na1ve=naive, robust=robust)

BARHBHRHRHRHRHRHRHRHRHRHRHRHRH AR AR A A A AR A
BARHRHRARARHRHRHRHRHRHRHRHRHRH R A
##CONFIDENCE INTERVAL NAIVE AND SANDWICH FOR THE IRM########.
##(function farem2coverage, ARM (function fagrem2coverage)##.
##AND PBEE (function fpbm2coverage)#############1H###SREHH#HE .
B g i
BARHBHRARARHRHRHRHRHRHRHRHRHBH AR BRI AA A A A

farem2coverage<-function(data,datavar,betal=.2){

result=rep(NA,21)
result[1l]=datavar[2]

if (datavar[5]<51) {

g<-faremcoverage(datavar[1l:3],data)
naive=g$naive
robust=q$robust

if (naive[2,2]<0){
result[2:3]=rep(-1,2)
result[16]=-1}

if (robust[2,2]<0){
result[4:5]=rep(-1,2
result[17]=-1}

if (naive[2,2]>=0){
11=(datavar[2]-1.96*sqrt(naive[2,2]))
ul=(datavar[2]+1.96*sqrt(naive[2,2]))
result[2:3]=c(11,ul)
result[16]=ifelse(betal>=11 & betal<=ul, 1, 0)}

if (robust[2,2]>=0){
11=(datavar[2]-1.96*sqrt(robust[2,2]))
ul=(datavar[2]+1.96*sqrt(robust[2,2]))
result[4:5]=c(11,ul

result[17]=ifelse(betal>=11 & betal<=ul, 1, 0)}

}
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else {
;esu1t[c(2:5,16:17)]=rep(—1,6)

un]istgresu1t)

fagrem2coverage<-function(data,datavar,betal=.2){

result=rep(NA,21)
result[6]=datavar[7]

if (datavar[10]<51) {

d<-fagremcoverage(datavar[6:8],data)

naive=d$naive
robust=d$robust

if (naive[2,2]<0){
result[7:8]=rep(-1,2)
result[18]=-1}

if (robust[2,2]<0){
result[9:10]=rep(-1,2)
result[19]=-1}

if (naive[2,2]>=0){
11=(datavar[7]-1.96*sqrt(naive[2,2]))
ul=(datavar[7]+1.96*sqrt(naive[2,2]))
result[7:8]=c(11,ul)

result[18]=ifelse(betal>=11 & betal<=ul,

if (robust[2,2]>=0){
11=(datavar[7]-1.96*sqrt(robust[2,2]))
ul=(datavar[7]+1.96*sqrt(robust[2,2]))
result[9:10]=c(11,ul)

result[19]=ifelse(betal>=11 & betal<=ul,

}

else {
;esu1t[c(7:10,18:19)]=rep(—1,6)

unlist(result)

1, 0O}

1, 0O}

fpbm2coverage<-function(data,datavar,betal=.2){

result=rep(NA,21)
result[1l1l]=datavar[12]

if (datavar[16]<51) {

pb<-fpbmcoverage(datavar[11:13],data)

naive=pb$naive
robust=pb$robust

if (naive[2,2]<0){
result[12: 13] rep(-1,2)
result[20]=-1}

if (robust[2,2]<0){
result[14: 15] rep( 1,2)
result[21]=-

if (naive[2,2]>=0){
11=(datavar[12]-1.96*sqrt(naive[2,2]))
ul=(datavar[12]+1.96*sqrt(naive[2,2]))
result[12:13]=c(11,ul)

result[20]=ifelse(betal>=11 & betal<=ul,

if (robust[2,2]>=0){
11=(datavar[12]-1.96*sqrt(robust[2,2]))
ul=(datavar[12]+1.96*sqrt(robust[2,2]))
result[14:15]=c(11,ul)

result[21]=ifelse(betal>=11 & betal<=ul,

}

else {
;esu]t[c(lz:15,20:21)]=rep(—1,6)

1, 0O}

1, 0O}
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un]istgresu1t)

BUABHHBHHBRHHBHHBHHBHHBH R B HRLHRLHH LR AR AR R S
HARHBHRHRHRHRHRHRHRHRHRHRHBH AR AR
##FUNCTION FOR SIMULATE THE DATA (fgenerate2)##.
##IN THE NON CONFOUNDING CASE (NCC) ##
HARHRHRHRARHRHRHRHRHRHRHRHBH AR AR AR
HARHBHRHRHRHRHRHRHRHRHRHRHBH AR AR AR

fgenerate2<-function(group,populationsize,samplesize,variance){

#group=number of groups, populationsize= population size.
#samplesize= sample size, variance=within group variance.

K<-group
nk<-populationsize
mk<-samplesize
varwithin<-variance

#Covariate X1lki with ratio (within variance)/(between variance) equal varwithin/1.
zZ1kg<-rnorm(K,0,sqrt(1))
X1lki<-t(matrix(rnorm(nk*K,zlkg,sqrt(varwithin)),nrow=K,ncol=nk))

#Covariate X2ki with ratio (within variance)/(between variance) equal 1/1.
z2kg<-matrix(rnorm(K,0,sqrt(1)),nrow=K,ncol=1)
X2ki<-t(matrix(rnorm(nk*K,z2kg,sqrt(1)),nrow=K,ncol=nk))

#Country specific frailties were generated as independent.
#realized values from a gamma distribution with mean 1.
#and variance sigmaA2. The mean of a gamma is shape*scale.
#and the variance 1is shape*(scaleA2).

meanhk<-1

varhk<-0.05

shape<-(meanhkA2) /(varhk)
scale<-(varhk)/(meanhk)
hk<-rgamma (K, shape=shape,scale=scale)[]
hk=t(matrix(rep(hk,nk),nrow=K,ncol=nk))

#The disease events, yki, were generated by determining.
#wether a uniform random variable wass Tless than.
#hk*exp(gammaO+betal*x1ki+beta2*x2ki).

gammaO<--3
betal<-0.2
beta2<-0.2

yki<-matrix(,nrow=nk,ncol=K)
unif<-matrix(runif(nk*K,0,1),nrow=nk,ncol=K)

yki=1ifelse(unif<hk*exp(gammalO+betal*x1lki+beta2*x2ki),1,0)

HEHBHARHBHARARRA AR
#selection of random sample of size mk#.
#and organize data to apply functions #.
#farem, fagrem and fpbm #.
HRRHHHAHBRHH AR RRHHAARRHH AR R HHHAARR A

datalist<-list(matrix(,nrow=K,ncol=1))
sampledatalist<- 11st(matr1x( nrow=K,ncol=1))
ini<-1

end<-mk

data<-matrix(,nrow=mk*K,ncol=5)

for (i in 1:K){

datalist[[i]]<-
cbind(matrix(c(l:nk),nrow=nk,ncol=1),matrix(yki[,i],nrow=nk,ncol=1),matrix(x1ki[,i],nrow=nk,n
col=1),matrix(X2ki[, 1] nrow-nk ncol= 1) matr1x(c(1) nrow—nk ncol=1 1)
samp1edata11st[[1]]< data11st[[1]][as matr1x(samp1e(data11st[[1]][ 11,mk)),]
data[ini:end,]<-sampledatalist[[i]][]
ini<-end+1
; end<-mk* (i+1)

o<-matrix(apply(yki,2,sum),nrow=K,ncol=1)

ini<-1

end<-mk

datapop<-matrix(,nrow=mk*K,ncol=1)

for (i in 1:K) {datapop[1n1 end,1]<-0[1,]
ini<-end+1
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end<-mk*(i+1)}

gatagqtapop<—cb1nd(data,datapop,c(nk))

atafin<-
data.frame(id=matrix(datadatapop[,1]),group=matrix(datadatapop[,5]),YIND=matrix(datadatapopl[,
2]) ,0=matrix(datadatapop[,6]),n=matrix(datadatapop[,7]),Xlki=matrix(datadatapopl,3]),x2ki=mat
rix(datadatapop[,4]))§

H#HARHHRHHHR AR AR
##Coverage results##.
H#AR#HAHHHBH AR AR

fsimulationAcoverage<-function(seed,Niter,sigma2,K,N,datavar){
set.seed(seed)

countl=0

resultl=matrix(NA,Niter,21)

while(countl<Niter){
tempdatal=fgenerate2(K,2000,N,sigma2)
countl=countl+1l
al<-farem2coverage(tempdatal,datavar[countl,])
a2<-fagrem2coverage(tempdatal,datavar[countl,])
a3<-fpbm2coverage(tempdatal,datavar[countl,])
resultl[countl,c(1:5,16:17)]=al[c(1:5,16:17)]
resultl[countl,c(6:10,18:19)]=a2[c(6:10,18:19)]
resultl[countl,c(11:15,20:21)]=a3[c(11:15,20:21)]
?rint(countl)

Tist(result=resultl,sigma2=sigma2,K=K,N=N)

HUHARHARHHRHHRRHHRH AR H AR HHBH AR AR AR RS
#100 groups-100 sample size in each group#.
RUARHARHHRHHHBHHRH AR H AR HABH AR AR AR AR

#The next text files are the results files from the simulation runs.
#to obtain_parameter estimates in each variation ratio for the 100-100 case.
#For example, dataAlvarl.txt is from finalresultAl00100A.25%result.

dataAlvarl<-read.table("dataAlvarl.txt",header=T) #variance 0.25

dataAlvar2<-read.table("dataAlvar2.txt",header=T) #variance 0.5.
dataAlvar3<-read.table("dataAlvar3.txt",header=T) #variance 1.
dataAlvard<-read.table("dataAlvar4.txt",header=T) #variance 2.
dataAlvar5<-read.table("dataAlvar5.txt",header=T) #variance 4.
dataAlvar6<-read.table("dataAlvar6.txt",header=T) #variance 8.
dataAlvar7<-read.table("dataAlvar?.txt",header=T) #variance 16.

coveragel00100A.25=fsimulationAcoverage(123,1000,.25,100,100,dataAlvarl)
save(list=c("coveragel00100A.25"," .Random.seed"), file="100100coverageA025.RData")
savedseed=.Random. seed

coveragel00100A.5=fsimulationAcoverage(savedseed, 1000, .5,100,100,dataAlvar2)
save(list=c("coveragel00100A.5"," .Random.seed"),file="100100coverageA05.RData")
savedseed=.Random. seed

coveragel00100Al=FfsimulationAcoverage(savedseed,1000,1,100,100,dataAlvar3)
save(list=c("coveragel00100A1",".Random.seed™),file="100100coverageAl.RData")
savedseed=.Random. seed

coveragel00100A2=fsimulationAcoverage(savedseed, 1000,2,100,100,dataAlvar4)
save(list=c("coveragel00100A2"," .Random.seed™),file="100100coverageA2.RData")
savedseed=.Random. seed

coveragel00100A4=fsimulationAcoverage(savedseed,1000,4,100,100,dataAlvar5)
save(list=c("coveragel00100A4"," .Random.seed"),file="100100coverageA4.RData")
savedseed=.Random. seed

coveragel00100A8=fsimulationAcoverage(savedseed,1000,8,100,100,dataAlvar6)
save(list=c("coveragel00100A8"," .Random.seed™),file="100100coverageA8.RData")
savedseed=.Random. seed

coveragel00100Al6=fsimulationAcoverage(savedseed,1000,16,100,100,dataAlvar7)
save(list=c("coveragel00100A16"," .Random.seed"),file="100100coverageAl6.RData")

HRHHHAHBRHH AR R HAARRHH AR RRHH AR RHH AR
#50 groups-100 sample size in each group #.
HEHAHARHBHA AR AR AR AR

#The next text files are the results files from the simulation runs.
#to obtain parameter estimates in each variation ratio for the 50-100 case.

dataA2varl<-read.table("dataA2varl.txt",header=T) #variance 0.25.

dataA2var2<-read.table("dataA2var2.txt",header=T) #variance 0.5.
dataA2var3<-read.table("dataA2var3.txt",header=T) #variance 1.
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dataA2vard<-read.table("dataA2var4.txt",header=T) #variance 2.
dataA2var5<-read.table("dataA2var5.txt",header=T) #variance 4.
dataA2var6<-read.table("dataA2var6.txt", ,header=T) #variance 8.
dataA2var7<-read.table("dataA2var?7.txt" ,header=T) #variance 16.

coverage50100A.25=fsimulationAcoverage(123,1000, .25,50,100,dataA2varl)
save(list=c("coverage50100A.25"," .Random.seed"),file="50100coverageA025.RData")
savedseed=.Random. seed

coverageSOlOOA.5=fsimu1ationAgoxerage(savedseed,1000,.5,50,100,dataA2var2)

save(list=c("coverage50100A.5"," .Random.seed™),file="50100coverageA05.RData")
savedseed=.Random. seed

coverage50100A1=fsimulationAcoverage(savedseed, 1000,1, 50,100, dataA2var3)
save(list=c("coverage50100A1"," .Random.seed"),file="50100coverageAl.RData")
savedseed=.Random. seed

coverage50100A2=fsimulationAcoverage(savedseed,1000,2,50,100,dataA2var4)
save(list=c("coverage50100A2"," .Random.seed"),file="50100coverageA2.RData")
savedseed=.Random. seed

coverage50100A4=fsimu1ationAgoxerage(savedseed,1000,4,50,100,dataA2var5)

save(list=c("coverage50100A4"," .Random.seed™"),file="50100coverageA4.RData")
savedseed=.Random. seed

coverage50100A8=fsimulationAcoverage(savedseed, 1000, 8,50,100,dataA2var6)
save(list=c("coverage50100A8"," .Random.seed™"),file="50100coverageA8.RData")
savedseed=.Random. seed

coverage50100A16=fsimulationAcoverage(savedseed,1000,16,50,100,dataA2var7)
save(list=c("coverage50100A16"," .Random.seed"),file="50100coverageAl6.RData")

HUARHHRHHRHHHRHHRHHBHHBH AR H AR H AR AR RS
#100 groups-50 sample size in each group#.
HUHARHARHHRHHHRHHRHHBHHBH AR H AR AR AR RS

#The next text files are the results files from the simulation runs.
#to obtain parameter estimates in each variation ratio for the 50-100 case.

dataA3varl<-read.table("dataA3varl.txt",header=T) #variance 0.25.

dataA3var2<-read.table("dataA3var2.txt",header=T) #variance 0.5.
dataA3var3<-read.table("dataA3var3.txt",header=T) #variance 1.
dataA3vard<-read.table("dataA3var4.txt",header=T) #variance 2.
dataA3var5<-read.table("dataA3var5.txt",header=T) #variance 4.
dataA3var6<-read.table("dataA3var6.txt", ,header=T) #variance 8.
dataA3var7<-read.table("dataA3var7.txt",header=T) #variance 16.

coveragel0050A.25=fsimulationAcoverage(123,1000,.25,100,50,dataA3varl)
save(list=c("coveragelO050A.25"," .Random.seed"),file="10050coverageA025.RData")
savedseed=.Random. seed

coveragelOOSOA.5=fsimu1ationAonerage(savedseed,1000,.5,100,50,dataA3var2)

save(list=c("coveragelO050A.5"," .Random.seed™),file="10050coverageA05.RData")
savedseed=.Random. seed

coveragel0050Al=fsimulationAcoverage(savedseed, 1000,1,100,50,dataA3var3)
save(list=c("coveragel0050A1",".Random.seed"),file="10050coverageAl.RData")
savedseed=.Random. seed

coveragel0050A2=fsimulationAcoverage(savedseed,1000,2,100,50,dataA3var4)
save(list=c("coveragel0050A2"," .Random.seed"),file="10050coverageA2.RData")
savedseed=.Random. seed

coverage10050A4=fsimu1ationAﬁoxerage(savedseed,1000,4,100,50,dataA3var5)

save(list=c("coveragel0050A4"," .Random.seed"),file="10050coverageA4.RData")
savedseed=.Random. seed

coveragel0050A8=fsimulationAcoverage(savedseed, 1000, 8,100, 50,dataA3var6)
save(list=c("coveragel0050A8"," .Random.seed"),file="10050coverageA8.RData")
savedseed=.Random. seed

coveragel0050A16=FfsimulationAcoverage(savedseed,1000,16,100,50,dataA3var7)
save(list=c("coveragel0050A16"," .Random.seed™),file="10050coverageAl6.RData")

HEHHHARHRHA R RA AR
#50 groups-50 sample size in each group#.
HBHHHAHBRHHAARRHHAARRHH AR R RHH AR R H AR

#The next text files are the results files from the simulation runs.
#to obtain parameter estimates in each variation ratio for the 50-100 case.

dataAdvarl<-read.table("dataAd4varl.txt",header=T) #variance 0.25.
dataAdvar2<-read.table("dataAdvar2.txt", ,header=T) #variance 0.5.
dataA4var3<-read.table("dataA4var3.txt",header=T) #variance 1.
dataAd4vard<-read.table("dataAdvar4d.txt",header=T) #variance 2.
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dataAdvarS<-read.table("dataAdvar5.txt",header=T) #variance 4.
dataA4var6<-read.table("dataA4var6.txt",header=T) #variance 8.
dataAdvar7<-read.table("dataAdvar?.txt" ,header=T) #variance 16.

coverage5050A.25=fsimulationAcoverage(123,1000,.25,50,50,dataA4varl)

save(list=c("coverage5050A.25"," .Random.seed™),file="5050coverageA025.RData")

savedseed=.Random. seed

coverage5050A.5=fsimulationAcoverage(savedseed, 1000, .5,50,50,dataAdvar2)
save(list=c("coverage5050A.5"," .Random.seed"),file="5050coverageA05.RData")

savedseed=.Random. seed

coverage5050A1=fsimulationAcoverage(savedseed,1000,1,50,50,dataA4var3)
save(list=c("coverage5050A1",".Random.seed"),file="5050coverageAl.RData")

savedseed=.Random. seed

coverage5050A2=fsimulationAcoverage(savedseed,1000,2,50,50,dataA4var4)
save(list=c("coverage5050A2"," .Random.seed"),file="5050coverageA2.RData")

savedseed=.Random. seed

coverage5050A4=fsimulationAcoverage(savedseed,1000,4,50,50,dataAd4var5)
save(list=c("coverage5050A4"," .Random.seed"),file="5050coverageA4.RData")

savedseed=.Random. seed

coverage5050A8=fsimulationAcoverage(savedseed, 1000, 8,50,50,dataA4vare6)
save(list=c("coverage5050A8"," .Random.seed"),file="5050coverageA8.RData")

savedseed=.Random. seed

coverage5050A16=fsimulationAcoverage(savedseed, 1000,16,50,50,dataA4var7)
save(list=c("coverage5050A16"," .Random.seed"),file="5050coverageAl6.RData")

HHARBRAHA AR RR R AR R AR R AR
###COVERAGE INTERVAL OF THE ESTIMATES ##.
g s

covinter<-function(result,Niter){

#result is the file with the estimate parameter bl and the confidence
#interval with the naive estimator and sandwich in the IRM, ARM & PBEE.

matrixone=matrix(1l,nrow=Niter,ncol=1)
resultarem=matrix(result[,16:17],ncol=2)
resultarem2=cbind(resultarem,matrixone)
resultagrem=matrix(result[,18:19],ncol1=2)
resultagrem2=cbind(resultagrem,matrixone)
resultpbm=matrix(result[,20:21],ncol=2)
resultpbm2=cbind(resultpbm,matrixone)

resultaremsubnaive=matrix(subset(resultarem2,resultarem2[,1]>=0),ncol=3)
resultagremsubnaive=matrix(subset(resultagrem2,resultagrem2[,1]>=0),ncol=3)
resultpbmsubnaive=matrix(subset(resultpbm?2,resultpbm2[,1]>=0),ncol=3)

resultaremsubsandwich=matrix(subset(resultarem?2,resultarem2[,2]>=0),ncol=3)
resultagremsubsandwich=matrix(subset(resultagrem?2,resultagrem2[,2]>=0),ncol=3)
resultpbmsubsandwich=matrix(subset(resultpbm2,resultpbm2[,2]>=0),ncol=3)

sumaremnaive=sum(resultaremsubnaive[,1])
naremnaive=sum(resultaremsubnaivel[,3])
sumagremnaive=sum(resultagremsubnaivel[,1])
nagremnaive=sum(resultagremsubnaivel[,3])
sumpbmnaive=sum(resultpbmsubnaive[,1])
npbmnaive=sum(resultpbmsubnaive[,3])

sumaremsandwich=sum(resultaremsubsandwi
naremsandwich=sum(resultaremsubsandwich
sumagremsandwich=sum(resultagremsubsand
nagremsandwich=sum(resultagremsubsandwi
sumpbmsandwich=sum(resultpbmsubsandwich
npbmsandwich=sum(resultpbmsubsandwich[,

wr—N =0

#coverage interval for IRM. .
aremnaive=sumaremnaive/naremnaive ]
aremsandwich=sumaremsandwich/naremsandwich

#coverage interval for ARM. .
agremnaive=sumagremnaive/nagremnaive ]
agremsandwich=sumagremsandwich/nagremsandwich

#coverage interval for PBEE.
pbmnaive=sumpbmnaive/npbmnaive
pbmsandwich=sumpbmsandwich/npbmsandwich

cat("Coverage interval naive

(AREM, AGREM, PBM) ", "\n" ,aremnaive,"\n",agremnaive,"\n",pbmnaive,"\n")
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cat("Coverage interval sandwich
(AREM, AGREM, PBM)","\n" ,aremsandwich,"\n",agremsandwich,"\n",pbmsandwich,"\n")

}
#100 groups-100 sample size in each group.

covinter(coveragel00100A.25%result,1000)
covinter(coveragelO0100A.5%result, 1000)
covinter(coveragel00100A1$result, 1000)
covinter(coveragel00100A2$result,1000)
covinter(coverage100100A4$resu1t,1000)
covinter(coveragel00100A8%result,1000)
covinter(coveragel00100A16$result,1000)

#50 groups-100 sample size in each group.

covinter(coverage50100A.25%result,1000)
covinter(coverage50100A.5%result, 1000)
covinter(coverage50100A1$result, 1000)
covinter(coverage50100A2$resu1t,1000)
covinter(coverage50100A4$result,1000)
covinter(coverage50100A8%result,1000)
covinter(coverage50100A16$result,1000)

#100 groups-50 sample size in each group.

covinter(coveragelO050A.25%result,1000)
covinter(coveragelO050A.5%result,1000)
covinter(coveragel0050A1$result,1000)
covinter(coveragel0050A2$result,1000)
covinter(coveragel0050A4$result,1000)
covinter(coveragel0050A8%result,1000)
covinter(coveragel0050A16$result,1000)

#50 groups-50 sample size in each group.

covinter(coverage5050A.25%result,1000)
covinter(coverage5050A.5%result,1000)
covinter(coverage5050A1$result,1000)
covinter(coverage5050A2%result,1000)
covinter(coverage5050A4$result,1000)
covinter(coverage5050A8%result,1000)
covinter(coverage5050A16$result,1000)

A.3.5 SCC coverage program.

Tibrary (MASS)

i
B G G G g i
##FUNCTION INDIVIDUAL RANDOM EFFECTS MODEL (faremcover‘age)##.
##FOR COMPUTE NAIVE AND SANDWICH ESTIMATOR ###### .
B A A A
B G i g G i i

faremcoverage<-function(betain,data) {

betanew=as.vector(betain[1l,],mode="numeric")
Dataprove=data

#K is the number of groups. We suppose that groups are ordered and they have all.
#the correlatives numbers. For example:1l,2,3 and not 1,3 (There are no number 2).

#N is the number of observations and p is the number of covariates.
N<-dim(Dataprove) [1]

K<-Dataprove[N, 2]

p<-dim(Dataprove)[2]-5

ngr<-matrix(,nrow=1,ncol=K)
for (i in 1:K) ngr[l,i]<-dim(subset(Dataprove,Dataprove[2]==1))[1]

gammaO<-betanew[1]
beta=betanew[-1]

#Individual outcome.
Yki<-matrix(,nrow=N,ncol=1)
Yki[,1]<-Dataprovel[,3]

#Individual mean.
muki<-matrix(,nrow=N,ncol=1)
muki[,1]<- exp(gamma0+as vector(as.matrix(Dataprovel,6: (5+p)])%*%beta))

#Matrix D for the IRM.
Dki<-matrix(,nrow=N,ncol=p+1)
Dki[,1]<-muki[,1]
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for (3 in 1:p){
?ki[,j+1]<—as.numeric(Dataprove[,5+j])*muki[,1]

#Inverse variance-covariance matrix for the IRM.

##First, we compute sigma square.
muki2<-matrix(,nrow=N,ncol=1)
muki2[,1]<-muki[,1]A2

Yaver<-matrix(,nrow=1,ncol=K)
muk<-matrix(,nrow=1,ncol=K)
phik<-matrix(,nrow=K,ncol=1)
sigma2rek<-matrix(,nrow=K,ncol=1)

ini<-1

end<-ngr[1]

for (i in 1:K) {
Yaver[1l,i]<-sum(Yki[ini:end])/ngr[i]
muk[l,i]<-sum(muki[ini:end])/ngr[i]
phik[i,1]<-sum(muki2[ini:end])/ngr[i]
sigma2rek[i,]<-max((vaver[1l,i]*(vaver[1l,i]l*ngr[i]-2*ngr[i]*muk[1,i]-

%385*((t(muki[1n1:end,l])%*%Yki[1n1:end,1])/ngr[i]))/(ngr[i]*(muk[l,i]AZ)—phik[i,1])+1,—

ini<-end+1
end<-ngr[i+1]+end}

sigma2re<-sum(sigma2rek[1:K]) /K

#we compute the expression for one part (transpose(muk)*Inverse(Deltak)*muk).
sumk<-matrix(,nrow=1,ncol=K)
ini<-1
end<-ngr[1]
for (i in 1:K) {sumk[1l,i]<-sum((muki[ini:end]A2)/(muki[ini:end]*(1-
(1+sigma2re)*muki[ini:end])))
ini<-end+1
end<-ngr[i+1]+end}

#Finally, we define the elements of the inverse of V.
Vki<-Tist(matrix(,nrow=K,ncol=1))

for (j in 1:K){
Vk1%[]]]< matrix(0,nrow=ngr[1,j],ncol=ngr[1,j]1)

for (i in 1l:ngr[1,j]) {
yy=1-(1 +s1gma2re *muki[i]
ki[[311[,Ci:ngr[l,j]1)]1<-(-sigma2re*(1/yy)*(1/(1-
(1+s1gma2re) muk1[(1 ngr[1,31)1)))* (1/(1+s1gma2re sumk[l ]))
Ki[[3110,1]<-(1/Cmuki[i1*yy)) - (sigma2re* (1/yy)/\2) (1/(L+sigma2re*sumk[1,3]1))

Vk1'}[[j]]=Vk1' [[311+tCvki[[3]11)-diag(diag(vki[[]11))

HAHRRRHHAHHRRAA AR RHA AR R R RRAA AR
#NAIVE AND SANDWICH ESTIMATORS for IRM#.
i i g g i

#vectors of individual responses for each group. For ngr[4] is NA but we don't use it.
YkiTlist<-Tist(matrix(,nrow=K,ncol=1))

#vectors of mean for each group.
mukilist<-Tist(matrix(,nrow=K,ncol=1))

ini<-1

end<-ngr[1]

for (i in 1:K) {yvkilist[i]<-Tlist(matrix(Dataprove[ini:end,3],nrow=ngr[i],ncol=1))
mukiTist[i]<-Tist(matrix(muki[ini:end],nrow=ngr[i],ncol=1))
ini<-end+1
end<-ngr[i+1]+end}

#vector diference response and mean.
Ykiminusmuki<-Tist(matrix(,nrow=K,ncol=1))
for (i in 1:K) {Yk1m1nusmuk1[[1]]< (YkiTist[[i]]-mukilist[[i]1])}

#Matrix Dk for each group.
DkiTist<-Tist(matrix(,nrow=K,ncol=1))
o 1for (i in 1:K) Dkilist[[i]]l<-matrix(,nrow=ngr[1l,i],ncol=p+1)
ini<-
end<—ngr[1]
for (j 1n 1:0{
for (n in 1:(p+1)){

Dk111st[[]]][ n]<-Dki[ini:end,n]}

ini<-end+1

end<-ngr[j+1]+end}

ElementkM<-Tist(matrix(,nrow=K,ncol=1))
Mlist<-Tist(matrix(0,nrow=_(p+1),ncol=(p+1)))
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for (i in 1:k) {
ElementkKM[[i]]<-
t(Dk111st[[1]])%*7Vk1[[1]]A“VYk1m1nusmuk1[[1]]/ %t (Ykiminusmuki[[i]])%*%Vvki[[i]]1%*%Dkilist[

MTist[[1]]<-Mlist[[1]]+ElementkM[[i]]}

M<-matrix(,nrow=_(p+1),ncol=(p+1))
for (i in 1:(p+
for (3 in 1:(p+1)) {M[i,j1<-Mlist[[1]1[i,j1}}

ElementKHs<-Tist(matrix(,nrow=K,ncol=1))

HsTist<-Tist(matrix(0,nrow=(p+1l),ncol=(p+1)))

for (i in 1:K) {
ElementKHs[[i1]]<--1*t(DkiTist[[1]])%*%Vvki[[i1]]1%*%Dkilist[[i]]
Hs1list[[1]]<-HsTlist[[1]]+ElementkHs[[i]1]}

Hs<-matrix(,nrow=_(p+1),ncol=(p+1))
for (i in 1:(p+
for (j in 1:(p+1)) {Hs[i,jl<-HsTist[[1]1[i,j1}}

naive=ginv(-Hs) )
robust=naive%*%M%*%naive

Tist(naive=naive, robust=robust)

BARHBHBHRHRHRHRHRHRHRHBH AR AR AR AR AR AR AR AR AR AR AR AR AR AR
i R e e
##FUNCTION AGGREGATED RANDOM EFFECTS MODEL (fagremcoverage)##.
##FOR COMPUTE NAIVE AND SANDWICH ESTIMATOR ######A#HBHBHBH#H#H .
HHHHBRHAA AR R
HARHBHRHRHRHRHRHRHRHRHBH R AR AR AR AR AR AR AR AR A AR AR

fagremcoverage<-function(betain,data) {

betanew=as.vector(betain[1l,],mode="numeric")
Dataprove=data

#K is the number of groups. We suppose that groups are ordered and they have all.
#the correlatives numbers. For example:1l,2,3 and not 1,3 (There are no number 2).
#N is the number of observations and p is the number of covariates.
N<-dim(Dataprove) [1]

K<-Dataprove[N, 2]

p<-dim(Dataprove) [2]-5

ngr<-matrix(,nrow=1,ncol=K)
for (i in 1:K) ngr[1,i]<-dim(subset(Dataprove,Dataprove[2]==1))[1]

gammaO<-betanew[1]
beta<-betanew[-1]

#Individual mean (muki).
muki<-matrix(,nrow=N,ncol=1)
muki[,1]<- exp(gamma0+as vector(as.matrix(Dataprovel[,6: (5+p)1)%*%beta))

#Individual matrix D.
Dki<-matrix(,nrow=N,ncol=p+1)

Dki[,1]<-muki[,1]

for ( in 1:p){

?k1[ ]+1]< as.numeric(bataprovel,5+j]1)*muki[,1]

#variance for the ARM.
muki2<-matrix(,nrow=N,ncol=1)
muki2[,1]<-muki[,1]A2

#outcome for the ARM as defined in Sheppard and Prentice (Biometrics,1995).
Y<-matrix(,nrow=1,ncol=K)

muk<-matrix(,nrow=1,ncol=K)
phik<- matr1x( nrow—K ncol=1)
#Matrix D for the ARM.

Dk<-matrix(,nrow=K,ncol=p+1)

#First, we compute sigma square.
sigma2amk<-matrix(,nrow=K,ncol=1)

ini<-1
end<- ngr[l]
for (i in 1:K) {
Y[1, 1]< ((pataprovel[ini,4])/(Dataprovel[ini,5]))
muk[l i]<-sum(muki[ini: end])/ngr[1]
ph1k[1 1]<-sum(muki2[ini:end])/ngr[i]
for (j in 1:(p+1)) {Dk[i,j]l<-sum(Dkil[ini:end, J])/ngr[1]}
sigma2amk[i,]<-max(CCY[, 1]—muk[ i1)A2-(muk[, 1
phik[i,])/(pataprovel[ini, 5]))/(muk[ 1]A2-phik[i, ] (1/(Dataprove[1n1 51))),-100)
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ini<-end+1
end<-ngr[i+1]+end}

sigma2am<-sum(sigma2amk[1:K]) /K

#Finally, we define the variance.
vk<-matrix(,nrow=1,ncol=K)
ini<-1
end< ngr[1]
for (i in 1:K) {vk[1,i]<-sigma2am*((muk[i]A2)-(phik[i,]/(Dataprovel[ini,5])))+(muk[i]-
phik[i,]1)* (1/(Dataprove[1n1 51))
ini<-1
end<-ngr[1]}

HAHRRRHHAH R AR R R AR R R RRAA AR
#NAIVE AND SANDWICH ESTIMATORS for ARM#.
i i g g i

Dkt<-t(Dk)
ElementkKMa<-Tist(matrix(,nrow=K,ncol=1))
Malist<-Tist(matrix(0, nrow—(p+1) ncol=(p+1)))
for (i in 1:K) {E]ementKMa[[1]]
matrix(Dkt[,i], (p+1),1)%*%matrix(Dkt[,i],1, (p+1))*((1/Vk[i1)*CY[i]-muk[i]))A2
Malist[[1]]<-Malist[[1]]+ETementkMal[[i]]}

Ma<-matrix(,nrow=_(p+1),ncol=(p+1))
for (i in 1:(p+
for (j in 1:(p+1)) {mal[i,jl<-malist[[1]1]1[i,j1}}

ElementKaHs<-1ist(matrix(,nrow=K,ncol=1))
Hsalist<-Tist(matrix(0,nrow=(p+1l),ncol=(p+1)))
for (i in 1:k) {ElementKaHs[[i1]]l<--
1*matrix(Dkt[,i],nrow=(p+1) ,ncol=1)%*%(1/Vk[i])%*%Dk[i,]
Hsalist[[1]]<-Hsalist[[1]]+ETementkaHs[[i]]}

Hsa<-matrix(, nrow—(p+1) ncol=(p+1))
for (i in 1:(p+l
for (j in 1:(p+1)) {Hsa[i,jl<-Hsalist[[1]]1[i,j1}}

naive=ginv(-Hsa) )
robust=naive%*%Ma%*%naive

Tist(naive=naive, robust=robust)

i i i i i
BARABHBHRARHRHRHRHRHRHRHRHRHBHRH R A A A AA A A
##FUNCTION POPULATION-BASED ESTIMATING EQUATION (fpbmcoverage)##.
##FOR COMPUTE NAIVE AND SANDWICH ESTIMATOR ########HIH##HHHHRIHH#Y
BARHRHRHRARHRHRHRHRHRHRHRHRHBHRHRH AR A A A A
BARHBHRHRHRHRHRHRHRHRHRHRHRHBHBHRH BRI A A AAAA A

fpbmcoverage<-function(betain,data) {

betanew=as.vector(betain[1l,],mode="numeric")
Dataprove=data

#K is the number of groups. We suppose that groups are ordered and they have all.
#the correlatives numbers. For example:1,2,3 and not 1,3 (There are no number 2).
#N is the number of observations and p is the number of covariates.
N<-dim(Dataprove) [1]

K<-Dataprove[N,2

p<-dim(Dataprove) [2]-5

ngr<-matrix(,nrow=1,ncol=K)
for (i in 1:K) ngr[l,i]<-dim(subset(Dataprove,bDataprove[2]==i))[1]

gamma0<—betanew[1]
eta<-betanew[-1]

#Individual outcome.
Yki<-matrix(,nrow=N,ncol=1)
Yki[,1]<- Dataprove[ 3]

#Individual mean.
muki<-matrix(,nrow=N,ncol=1)
muki[,1]<-exp(gammaO+as.vector(as.matrix(Dataprove[,6: (5+p)])%*%beta))

#Individual matrix D.
Dki<-matrix(,nrow=N,ncol=p+1)

Dki[,1]<- muk1[ 1]

for (j in 1:p){
?ki[,j+1]<—as.numeric(Dataprove[,5+j])*muki[,1]

#Inverse variance-covariance matrix individual part.
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#First, we compute sigma square for the individual part.

muki2<-matrix(,nrow=N,ncol=1)
muki2[,1]<-muki[,1]A2

Yaver<-matrix(,nrow=1,ncol=K)
muk<-matrix(,nrow=1,ncol=K)
phik<- matr1x( nrow= K ncol=1)
sigma2rek<- matr1x( nrow=K,ncol=1)

ini<-1

end<-ngr[1]

for (i in 1:K) {
Yaver[1l,i]<-sum(Yki[ini:end])/ngr[i]
muk[1,1i]<-sum(muki[ini:end])/ngr[i]
phik[1,1]<-sum(muki2[ini:end])/ngr[i]
sigma2rek[i,]<-max((vaver[1l,i]l*(vaver[1l,i]l*ngr[i]l-2*ngr[i]*muk[1,i]-

%%8§*((t(muki[1n1:end,l])%*%Yki[1n1:end,1])/ngr[i]))/(ngr[i]*(muk[l,i]AZ)—phik[i,1])+1,—

ini<-end+1
end<-ngr[i+1]+end}

sigma2re<-sum(sigma2rek[1:K]) /K

#we compute the expression for one part (transpose(muk)*Inverse(Deltak)*muk).
sumk<-matrix(,nrow=1,ncol=K)
ini<-1
end<-ngr[1]
for (i in 1:K) {sumk[1l,i]l<-sum((muki[ini:end]A2)/(mukil[ini:end]*(1-
(1+sigma2re)*muki[ini:end])))
ini<-end+1
end<-ngr[i+1]+end}

#Finally we define the elements of the inverse of V.
Vki<-Tist(matrix(,nrow=K,ncol=1))

for (3 in 1:K){
Vkil[[j]]<-matrix(0,nrow=ngr[1l,j],ncol=ngr[1,j])

for (i in 1:ngr[1,j]) {
yy=1-(1+sigma2re)*muki[i]
Vki[[?(]]h ,(Gingr(l, }])]< (-sigma2re*(1/yy)*(1/(1-
(1+sigma2re)*mu 1[(1 ngr[l FJIDIF (1/(1+s1gma2re “sumk[1,3]1))
[311[3,1]1<-(1/(muki[i]1*yy))-
(sigma2re* (1/yy)A2) (1/(1+s1gma2re *sumk [1,3]1))

Vk1'}[[J']]=Vk1' [0311+tCvki[[j11)-diag(diag(vki[[311))

#vectors of individual responses_for each group. For ngr[4] is NA but we don't use it.
YkiTist<-Tist(matrix(,nrow=K,ncol=1))

#vectors of mean for each group.
mukilist<-Tist(matrix(,nrow=K,ncol=1))

ini<-1

end<-ngr[1]

for (i in 1:K) {yvkilist[il<-Tist(matrix(Dataprove[ini:end,3],nrow=ngr[i],ncol=1))
mukiTlist[i]<-Tist(matrix(muki[ini:end],nrow=ngr[i],ncol=1))
ini<-end+1
end<-ngr[i+1]+end}

#vector diference response and mean.
Ykiminusmuki<-Tist(matrix(,nrow=K,ncol=1))
for (i in 1:K) {Yk1m1nusmuk1[[1]]< (YkiTlist[[i]1]-mukilist[[i]11)}

#Matrix Dk for each group.
DkiTist<-Tist(matrix(,nrow=K,ncol=1))
o 1f0r (i in 1:x) Dkilist[[i]]<-matrix(,nrow=ngr[1l,i],ncol=p+1)
ini<-
end<—ngr[1]
for (3 1n 1:k0{
for (n in 1:(p+1)){

Dk111st[[3]][ n]<-Dki[ini:end,n]}

ini<-end+1

end<-ngr[j+1]+end}

#outcome for the aggregated data model with combined analytical and aggregated models.
Ybar<-matrix(,nrow=1,ncol=K)

#Matrix D for the aggregated part.
Dk<-matrix(,nrow=K,ncol=p+1)

ini<-1
end<-ngr[1]
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for (i in 1:K) {ybar[1,i]<-((Dataprove[ini,4]-sum(yki[ini:end]))/(bataprove[ini,5]-

ngril))
gri for (j in 1:(p+1)) {Dk[i,j]l<-sum(Dki[ini:end,j]l)/ngr[il}
ini<-end+1
end<-ngr[i+1]+end}
Dkt<-t(Dk)

#Sigma square aggregated part.

sigma2pbk<-matrix(,nrow=K,ncol=1)

ini<-1

end<-ngr[1]

for (1 in 1:K) {sigma2pbk[i,]<-max(((ybar[,i]-muk[, 1])A2 (muk[,i]-

phik[i, ])/(Dataprpvg[1nljsg ngr[1]))/(muk[ 1]A2 ph1k[1 1* (1/(Dataprove[ini,5]—ngr[i]))),0)

ini<-end+
end<-ngr[i+1]+end}

sigma2pb<-sum(sigma2pbk[1:K]) /K

Vkbar<-matrix(,nrow=1,ncol=K)

Mpb=matrix(0, nrow—(p+1) ncol=(p+1))

ini<-1

end<-ngr[1]

for (i in 1:K) {

vkbar[1,1i]<-sigma2pb*((muk[i]A2)-(phik[i,]/(Dataprove[ini,5]-ngr[i])))+(muk[i]-
phik[i,]1)*(1/(Dataprovel[ini,5]-ngr[il]))

Junkmat diag(c(rep(0,n r[1]) 1/kaar[1 il))

Junkmat[1l:ngr[i],l:ngr 1]]—Vk1[[ 1]

sub= t(rb1nd(Dk111st[[1]] Dk[i,]1))%*%junkmat%*%rbind(vYkiminusmuki[[i]],Ybar[i]-muk[i])

Mpb=Mpb+sub%*%t (sub)

ini<-end+1

end<-ngr[i+1]+end

ElementKHs<-Tist(matrix(,nrow=K,ncol=1))

Hslist<-list(matrix(0, nrow—(p+1) ncol=(p+1)))

for (i in 1:K) {
ElementkHs[[1]]1<--1*t(DkiTlist[[i]1]1)%*%vki[[i]1]1%*%Dkilist[[i]]
Hs1list[[1]]<-HsTlist[[1]]+ElementkHs[[i]1]}

Hs<-matrix(,nrow=(p+1),ncol=(p+1))
for (1 in 1:(p+1D)){
for (j in 1:(p+1)) {Hs[i,jl<-HsTlist[[1]1]1[i,j1}}

ElementKarHs<-1list(matrix(,nrow=K,ncol=1))
Hsarlist<-Tist(matrix(0,nrow=(p+1),ncol=(p+1)))
for (i in 1:k) {ElementKarHs[[i1]]<--
1*matrix(Dkt[,i],nrow=_(p+1),ncol=1)%*%(1/Vkbar[i])%*%Dk[1, ]
Hsarlist[[1]]<-Hsarlist[[1]]+ElementKarHs[[i]1]1}

Hsar<-matrix(,nrow=(p+1),ncol=(p+1))
for (i in 1:(p+D){
for (j in 1:(p+1)) {Hsar[i,jl<-Hsarlist[[1]1]1[i,j1}}

Hspb<- (Hs+Hsar)

naive=ginv(-Hspb)
robust=naiveX%*%Mpb%*%naive

Tist(naive=naive, robust=robust)

HUARHHRHH AR HHRHHRHRBH AR H AR H AR H AR AR AR AR HARHA AR AR AR
HHHHRRHAA R
##CONFIDENCE INTERVAL NAIVE AND SANDWICH FOR THE IRM######## .
##(function farem2coverage, ARM (function fagrem2coverage)##.
##AND PBEE (function fpbm2coverage) ############HHHHAHHHH#
HUARHHRHHHHHHRHARH AR H AR H AR H AR H AR H AR AR AR AR AR AR AR AR
RUARHHRHHRBH AR HHBH AR H AR H AR H AR AR R R AR AR HARH AR AR H AR AR

farem2coverage<-function(data,datavar,betal=.2){

result=rep(NA,21)
result[1l]=datavar[2]

if (datavar[5]<51) {
g<-faremcoverage(datavar[1l:3],data)
naive=g$naive
robust=q$robust

if (naive[2,2]<0){

result[2:3]=rep(-1,2)

result[16]=-1}

if (robust[2,2]<0){
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result[4:5]=rep(-1,2)
result[17]=-1}

if (naive[2,2]>=0){
11=(datavar[2]-1.96*sqrt(naive[2,2]))
ul=(datavar[2]+1.96*sqrt(naive[2,2]))
result[2:3]=c(11,ul)
result[16]=ifelse(betal>=11 & betal<=ul, 1, 0)}

if (robust[2,2]>=0){
11=(datavar[2]-1.96*sqrt(robust[2,2]))
ul=(datavar[2]+1.96*sqrt(robust[2,2]))
result[4:5]=c(11,u

result[17]=ifelse(betal>=11 & betal<=ul, 1, 0)}

}

else {
;esu1t[c(2:5,16:17)]=rep(—1,6)
un]istgresu1t)

fagrem2coverage<-function(data,datavar,betal=.2){

result=rep(NA,21)
result[6]=datavar[7]

if (datavar[10]<51) {
d<-fagremcoverage(datavar[6:8],data)

naive=d$naive
robust=d$robust

if (naive[2,2]<0){
result[7:8]=rep(-1,2)
result[18]=-1}

if (robust[2,2]<0){
result[9:10]=rep(-1,2)
result[19]=-1}

if (naive[2,2]>=0){
11=(datavar[7]-1.96*sqrt(naive[2,2]))
ul=(datavar[7]+1.96*sqrt(naivel[2,2]))
result[7:8]=c(11,ul

result[18]=ifelse(betal>=11 & betal<=ul, 1, 0)}

if (robust[2,2]>=0){
11=(datavar[7]-1.96*sqrt(robust[2,2]))
ul=(datavar[7]+1.96*sqrt(robust[2,2]))

result[9:10]=c(11,ul)
result[19]=ifelse(betal>=11 & betal<=ul, 1, 0)}

3
els
;esu1t[c(7 10,18:19)]=rep(-1,6)

un]istgresu1t)

fpbm2coverage<-function(data,datavar,betal=.2){

result=rep(NA,21)
result[1ll]=datavar[12]

if (datavar[16]<51) {
pb<-fpbmcoverage(datavar[11:13],data)

naive=pb$naive
robust=pb$robust

if (naive[2,2]<0){
result[12: 13] rep( 1,2)
result[20]=-

if (robust[2,2]<0){
result[14:15]=rep(-1,2)
result[21]=-1}

if (naive[2,2]>=0){
11=(datavar[12]-1.96*sqrt(naive[2,2]))
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ul=(datavar[12]+1.96*sqrt(naive[2,2]))
result[12:13]=c(11,ul)
result[20]=ifelse(betal>=11 & betal<=ul, 1, 0)}

if (robust[2,2]>=0){
11=(datavar[12]-1.96*sqrt(robust[2,2]))
ul=(datavar[12]+1.96*sqrt(robust[2,2]))
result[14:15]=c(11,ul)
result[21]=ifelse(betal>=11 & betal<=ul, 1, 0)}

}

else {
;esu1t[c(12:15,20:21)]=rep(—1,6)

un1ist§resu1t)

HARHRHRARARHRHRHRHRHRHRHRHRH AR RARAR A
HARHRHRHRHRHRHRHRHRHRHRHRHRH AR ARAR A
##FUNCTION FOR SIMULATE THE DATA (fgenerate2)##.
##IN THE SIMPLE CONFOUNDING CASE (SCC) ## .
HARHBHRHRHRHRHRHRHRHRHRHRHRH AR R S R AR A
BUABH AR AR R HHBHHBHHBHH B R B R R HRLHH LR R R R A RS

fgenerate2<-function(group,populationsize,samplesize,variance){

#grouq:ngmber of groups, populationsize= population size.
#samplesize= sample size, variance=within group variance.

K<-group
nk<-populationsize
mk<-samplesize
varwithin<-variance

#Covariate X1lki & X2ki. They are correlated 0.3 at the community.
#and individual levels (see Prentice & Sheppard).

zK=mvrnorm(K,c(0,0),matrix(c(1,.3,.3,1),2,2))

cov=0.3*sqrt(varwithin)*1
covm=matrix(c(varwithin,cov,cov,1),2,2)

X1lki=matrix(0,nk,K)
X2ki=matrix(0,nk,K)

for(i in 1:K){
znk=mvrnorm(nk,zK[i,],covm)
X1ki[,i]=znk[,1]

}kai[,i]:znk[,Z]

#Country specific frailties were generated as independent.
#realized values from a gamma distribution with mean 1.
#and variance sigmaA2. The mean of a gamma is shape*scale.
#and the variance 1is shape*(scaleA2).

meanhk<-1

varhk<-0.05

shape<-(meanhkA2) /(varhk)
scale<-(varhk)/(meanhk)

hk<-rgamma (K, shape=shape,scale=scale)[]
hk=t(matrix(rep(hk,nk),nrow=K,ncol=nk))

#The disease events, yki, were generated by determining.
#wether a uniform random variable wass Tless than.
#hk*exp(gammaO+betal*x1ki+beta2*Xx2ki).

gammaO<--3
betal<-0.2
beta2<-0.2

yki<-matrix(,nrow=nk,ncol=K)
unif<-matrix(runif(nk*K,0,1),nrow=nk,ncol=K)

yki=1ifelse(unif<hk*exp(gammalO+betal*x1lki+beta2*x2ki),1,0)

HEHBFHARHBAARARRARA AR
#selection of random sample of size mk#.
#and organize data to apply functions #.
#farem, fagrem and fpbm #.
HRHHHHAHBRHH AR RRH AR R H AR RHH AR R

datalist<-Tist(matrix(,nrow=K,ncol=1))
sampledatalist<-Tist(matrix(,nrow=K,ncol=1))
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ini<-1

end<-mk
data<-matrix(,nrow=mk*K,nco1=5)
for (i in 1:K){

datalist[[i]]<-
cbind(matrix(c(l:nk),nrow=nk,ncol=1),matrix(yki[,i],nrow=nk,ncol= 1) matrix(X1ki[,i],nrow=nk
,hcol=1), matr1x(x2k1[ il, nrow-nk ncol= =1), matr1x(c(1) nrow-nk ncol=1))
samp1edata11st[[1]]< data11st[[1]][as matr1x(samp1e(data11st[[1]][ 11,mk)),]
data[ini:end,]<-sampledatalist[[i]][]
ini<-end+1
; end<-mk* (i+1)

o<-matrix(apply(yki,2,sum),nrow=K,ncol=1)

ini<-1
end<-mk
datapop<-matrix(,nrow=mk*K,ncol=1)
for (i in 1:K) {datapop[1n1 end,1]<-0[1,]
ini<-end+1
end<-mk*(i+1)}

datadatapop<-cbind(data,datapop,c(nk))

datafin<-
data.frame(id=matrix(datadatapop[,1]),group=matrix(datadatapop[,5]),YIND=matrix(datadatapop
[,2]),0=matrix(datadatapop[,6]),n=matrix(datadatapop[,7]),Xlki=matrix(datadatapop[,3]),X2ki
—matr1x(datadatapop[ 4]?)?

H#ARHHRHHHHH AR AR
##Coverage results##.
H#HARHHRHH AR HHRH AR

fsimulationBcoverage<-function(seed,Niter,sigma2,K,N,datavar){
set.seed(seed)

countl=0

resultl=matrix(NA,Niter,21)

while(countl<Niter){
tempdatal=fgenerate2(K,2000,N,sigma2)
countl=countl+1l
al<-farem2coverage(tempdatal,datavar[countl,])
a2<-fagrem2coverage(tempdatal,datavar[countl,])
a3<-fpbm2coverage(tempdatal,datavar[countl,])
resultl[countl,c(1:5,16:17)]=al[c(1:5,16:17)]
resultl[countl,c(6:10,18:19)]=a2[c(6:10,18:19)]
resultl[countl,c(11:15,20:21)]=a3[c(11:15,20:21)]
?rint(countl)

Tist(result=resultl,sigma2=sigma2,K=K,N=N)

HUARHARHHRHHHRHHRH AR H AR HABH AR AR AR RS A1
#100 groups-100 sample size in each group#.
RUARHARHHRHHHRHHRHHBHHBH AR H AR AR AR RS A1

#The next text files are the results files from the simulation runs.
#to obtain_parameter estimates in each variation ratio for the 100-100 case.
#For example, dataAlvarl.txt is from finalresultAl00100A.25%result.

dataBlvarl<-read.table("dataBlvarl.txt",header=T) #variance 0.25.

dataBlvar2<-read.table("dataBlvar2.txt",header=T) #variance 0.5
dataBlvar3<-read.table("dataBlvar3.txt",header=T) #variance 1.
dataBlvard4<-read.table("dataBlvar4.txt",header=T) #variance 2.
dataBlvar5<-read.table("dataBlvar5.txt",header=T) #variance 4.
dataBlvar6<-read.table("dataBlvar6.txt",header=T) #variance 8.
dataBlvar7<-read.table("dataBlvar7.txt",header=T) #variance 16.

coveragelOOlOOB 25=fsimulationBcoverage(123,1000,.25,100,100,dataBlvarl)
save(list=c("coveragel00100B.25"," .Random. seed' 9, f11e—"100100coverage8025 RData")
savedseed=.Random. seed

coveragel00100B.5=fsimulationBcoverage(savedseed, 1000, .5,100,100,dataBlvar2)
save(list=c("coveragel00100B.5"," .Random.seed"),file="100100coverageB05.RData")
savedseed=.Random. seed

coveragelOOlOOBl fs1mu1at1onBcoverage(savedseed 1000,1,100,100,dataBlvar3)
save(list=c("coveragel00100B1",".Random.seed"), f11e—"100100coverageBl RData")
savedseed=.Random. seed

coveragelOOlOOBZ fs1mu1at1onBcoverage(savedseed 1000,2,100,100,dataBlvar4)

save(list=c("coveragel00100B2"," .Random.seed"), f11e—"100100coverageBZ RData")
savedseed=.Random. seed
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coveragel00100B4=fsimulationBcoverage(savedseed,1000,4,100,100,dataBlvar5)
save(list=c("coveragel00100B4"," .Random.seed"),file="100100coverageB4.RData")
savedseed=.Random. seed

coveragel00100B8=fsimulationBcoverage(savedseed,1000,8,100,100,dataBlvare6)
save(list=c("coveragel00100B8",".Random.seed™),file="100100coverageB8.RData")
savedseed=.Random. seed

coveragel00100B16=fsimulationBcoverage(savedseed,1000,16,100,100,dataBlvar7)
save(list=c("coveragel00100B16",".Random.seed"),file="100100coverageBl6.RData")

HRRHHHHBRHH AR RHHHAHRRHHAARRHH AR R H AR
#50 groups-100 sample size in each group#.
HEHAHARHRHARA AR R

#The next text files are the results files from the simulation runs.
#to obtain parameter estimates in each variation ratio for the 50-100 case.

dataB2varl<-read.table("dataB2varl.txt",header=T) #variance 0.25.

dataB2var2<-read.table("dataB2var2.txt",header=T) #variance 0.5.
dataB2var3<-read.table("dataB2var3.txt",header=T) #variance 1.
dataB2vard4<-read.table("dataB2var4.txt",header=T) #variance 2.
dataB2var5<-read.table("dataB2var5.txt",header=T) #variance 4.
dataB2var6<-read.table("dataB2var6.txt", ,header=T) #variance 8.
dataB2var7<-read.table("dataB2var7.txt" ,header=T) #variance 16.

coverage50100B.25=fsimulationBcoverage(123,1000, .25,50,100,dataB2varl)
save(list=c("coverage50100B.25"," .Random.seed"),file="50100coverageB025.RData")
savedseed=.Random. seed

coverageSOlOOB.5=fsimu1ationtoxerage(savedseed,1000,.5,50,100,dataBZvar2)

save(list=c("coverage50100B.5"," .Random.seed™),file="50100coverageB05.RData")
savedseed=.Random. seed

coverage50100B1=fsimulationBcoverage(savedseed, 1000,1,50,100,dataB2var3)
save(list=c("coverage50100B1"," .Random.seed"),file="50100coverageBl.RData")
savedseed=.Random. seed

coverage50100B2=fsimulationBcoverage(savedseed,1000,2,50,100,dataB2var4)
save(list=c("coverage50100B2"," .Random.seed"),file="50100coverageB2.RData")
savedseed=.Random. seed

coverageSOlOOB4=fsimu1ationtoxerage(savedseed,1000,4,50,100,dataBZvar5)

save(list=c("coverage50100B4"," .Random.seed"),file="50100coverageB4.RData")
savedseed=.Random. seed

coverage50100B8=fsimulationBcoverage(savedseed, 1000, 8,50,100,dataB2var6)
save(list=c("coverage50100B8"," .Random.seed"),file="50100coverageB8.RData")
savedseed=.Random. seed

coverage50100B16=fsimulationBcoverage(savedseed,1000,16,50,100,dataB2var7)
save(list=c("coverage50100816"," .Random.seed"),file="50100coverageBl6.RData")

HUARHHRHH AR HRRHHRHHBH AR H AR H AR AR AR AR
#100 groups-50 sample size in each group#.
HHARHARBHRBHHRHHRHHBH AR H AR H AR AR AR AR

#The next text files are the results files from the simulation runs.
#to obtain parameter estimates in each variation ratio for the 50-100 case.

dataB3varl<-read.table("dataB3varl.txt",header=T) #variance 0.25.

dataB3var2<-read.table("dataB3var2.txt",header=T) #variance 0.5
dataB3var3<-read.table("dataB3var3.txt",header=T) #variance 1.
dataB3var4<-read.table("dataB3var4.txt",header=T) #variance 2.
dataB3var5<-read.table("dataB3var5.txt",header=T) #variance 4.
dataB3var6<-read.table("dataB3var6.txt",header=T) #variance 8.
dataB3var7<-read.table("dataB3var7.txt",header=T) #variance 16.

coveragelOOSOB.25=fsimu1ationBSo¥erage(123,1000,.25,100,50,dataB3var1)

save(list=c("coveragelO050B.25"," .Random.seed"),file="10050coverageB025.RData")
savedseed=.Random. seed

coveragelOOSOB.5=fsimu1ationBﬁoxerage(savedseed,1000,.5,100,50,data83var2)

save(list=c("coveragelO050B.5"," .Random.seed™),file="10050coverageB05.RData")
savedseed=.Random. seed

coveragel0050B1=fsimulationBcoverage(savedseed,1000,1,100,50,dataB3var3)
save(list=c("coveragel0050B1",".Random.seed"),file="10050coverageBl.RData")
savedseed=.Random. seed
coveragel0050B2=fsimulationBcoverage(savedseed,1000,2,100,50,dataB3var4)
save(list=c("coveragel0050B2"," .Random.seed"),file="10050coverageB2.RData")
savedseed=.Random. seed

coveragel0050B4=fsimulationBcoverage(savedseed, 1000,4,100,50,dataB3var5)
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save(list=c("coveragelO050B4",
savedseed=.Random. seed

.Random.seed"),file="10050coverageB4.RData")

coveragel0050B8=fsimulationBcoverage(savedseed, 1000, 8,100, 50,dataB3var6)
save(list=c("coveragel0050B8"," .Random.seed"),file="10050coverageB8.RData")
savedseed=.Random. seed

coveragel0050B16=fsimulationBcoverage(savedseed,1000,16,100,50,dataB3var7)
save(list=c("coveragel0050B16",".Random.seed™),file="10050coverageBl6.RData")

HEHHHARHRHA AR AR
#50 groups-50 sample size in each group#.
HBHHHHHBRHHAARRHH AR RHHHAHRRHHAARRHH AR

#The next text files are the results files from the simulation runs.
#to obtain parameter estimates in each variation ratio for the 50-100 case.

dataB4varl<-read.table("dataB4varl.txt",header=T) #variance 0.25.
dataB4var2<-read.table("dataB4var2.txt",header=T) #variance 0.5.
dataB4var3<-read.table("dataB4var3.txt",header=T) #variance 1.
dataB4vard<-read.table("dataB4var4.txt",header=T) #variance 2.
dataB4var5<-read.table("dataB4var5.txt" ,header=T) #variance 4.
dataB4var6<-read.table("dataB4var6.txt",header=T) #variance 8.
dataB4var7<-read.table("dataB4var7.txt", ,header=T) #variance 16.

coverageSOSOB.25=fsimu1ationBonerage(123,1000,.25,50,50,dataB4var1)

save(list=c("coverage5050B.25"," .Random.seed™), file="5050coverageB025.RData")
savedseed=.Random. seed

coverage5050B.5=fsimulationBcoverage(savedseed, 1000, .5,50,50,dataB4var2)
save(list=c("coverage5050B.5"," .Random.seed"),file="5050coverageB05.RData")
savedseed=.Random. seed

coverage5050B1=fsimulationBcoverage(savedseed,1000,1,50,50,dataB4var3)
save(list=c("coverage5050B1",".Random.seed"),file="5050coverageBl.RData")
savedseed=.Random. seed

coverage5050B2=fsimulationBcoverage(savedseed,1000,2,50,50,dataB4var4)
save(list=c("coverage5050B2"," .Random.seed"),file="5050coverageB2.RData")
savedseed=.Random. seed

coverage5050B4=fsimulationBcoverage(savedseed, 1000, 4,50,50,dataB4var5)
save(list=c("coverage5050B4"," .Random.seed"),file="5050coverageB4.RData")
savedseed=.Random. seed

coverage5050B8=fsimulationBcoverage(savedseed,1000,8,50,50,dataB4vare6)
save(list=c("coverage5050B8",".Random.seed"),file="5050coverageB8.RData")
savedseed=.Random. seed

coverage5050B16=fsimulationBcoverage(savedseed, 1000,16,50,50,dataB4var7)
save(list=c("coverage5050B16"," .Random.seed"),file="5050coverageBl6.RData")

HHARBRRHA AR RR R A AR R R AR R AR RS
###COVERAGE INTERVAL OF THE ESTIMATES ##.
g s

covinter<-function(result,Niter){

#result is the file with the estimate parameter bl and the confidence
#interval with the naive estimator and sandwich in the IRM, ARM & PBEE.

matrixone=matrix(1l,nrow=Niter,ncol=1)
resultarem=matrix(result[,16:17],ncol=2)
resultarem2=cbind(resultarem,matrixone)
resultagrem=matrix(result[,18:19],ncol1=2)
resultagrem2=cbind(resultagrem,matrixone)
resultpbm=matrix(result[,20:21],ncol=2)
resultpbm2=cbind(resultpbm,matrixone)

resultaremsubnaive=matrix(subset(resultarem2,resultarem2[,1]>=0),ncol=3)
resultagremsubnaive=matrix(subset(resultagrem2,resultagrem2[,1]>=0),ncol=3)
resultpbmsubnaive=matrix(subset(resultpbm?2,resultpbm2[,1]>=0),ncol=3)

resultaremsubsandwich=matrix(subset(resultarem2,resultarem2[,2]>=0),ncol=3)
resultagremsubsandwich=matrix(subset(resultagrem?2,resultagrem2[,2]>=0),ncol=3)
resultpbmsubsandwich=matrix(subset(resultpbm2,resultpbm2[,2]>=0),ncol=3)

sumaremnaive=sum(resultaremsubnaive[,1])
naremnaive=sum(resultaremsubnaivel[,3])
sumagremnaive=sum(resultagremsubnaivel[,1])
nagremnaive=sum(resultagremsubnaivel[,3])
sumpbmnaive=sum(resultpbmsubnaive[,1])
npbmnaive=sum(resultpbmsubnaive[,3])
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sumaremsandwich=sum(resultaremsubsandwi
naremsandwich=sum(resultaremsubsandwich
sumagremsandwich=sum(resultagremsubsandwi
nagremsandwich=sum(resultagremsubsandwi
sumpbmsandwich=sum(resultpbmsubsandwich
npbmsandwich=sum(resultpbmsubsandwich[,

=y Er—1(\

#coverage interval for IRM.
aremnaive=sumaremnaive/naremnaive
aremsandwich=sumaremsandwich/naremsandwich

#coverage interval for ARM.
agremnaive=sumagremnaive/nagremnaive )
agremsandwich=sumagremsandwich/nagremsandwich

#coverage interval for PBEE.
pbmnaive=sumpbmnaive/npbmnaive
pbmsandwich=sumpbmsandwich/npbmsandwich

cat("Coverage interval naive

(AREM, AGREM, PBM)","\n" ,aremnaive,"\n",agremnaive,"\n",pbmnaive,"\n")
cat("Coverage interval sandwich

(AREM, AGREM, PBM)","\n" ,aremsandwich,"\n",agremsandwich,"\n",pbmsandwich,"\n")

}
#100 groups-100 sample size in each group.

covinter(coveragel00100B.25%result,1000)
covinter(coveragel00100B.5%result,1000)
covinter(coveragel00100B1$result,1000)
covinter(coveragel00100B2$result,1000)
covinter(coveragel00100B4$result,1000)
covinter(coveragel00100B8%$result,1000)
covinter(coveragel00100B16$result,1000)

#50 groups-100 sample size in each group.

covinter(coverage50100B.25%result,1000)
covinter(coverage50100B.5%result,1000)
covinter(coverage50100B81$result,1000)
covinter(coverage50100B2$result,1000)
covinter(coverage50100B4$result,1000)
covinter(coverage50100B88%result,1000)
cov1nter(coverage50100816$resu1t 1000)

#100 groups-50 sample size in each group.

covinter(coveragel0050B.25%result,1000)
covinter(coveragel0050B.5%result,1000)
covinter(coveragel0050B1$result,1000)
covinter(coveragel0050B2$result,1000)
covinter(coveragel0050B4$result,1000)
covinter(coveragel0050B8%result,1000)
cov1nter(coverage10050816$resu1t 1000)

#50 groups-50 sample size in each group.

covinter(coverage5050B.25%result,1000)
covinter(coverage5050B.5%result,1000)
covinter(coverage5050B1$result,1000)
covinter(coverage5050B82%result,1000)
covinter(coverage5050B4$result,1000)
covinter(coverage5050B8%$result,1000)
cov1nter(coverage5050816$resu1t 1000)

A.3.6 Bias and mean square error program.

HHBHARRHA AR AR
###BIAS AND MEAN SQUARE ERROR OF ESTIMATES ##.
G i

#The function fbiasmse computes the bias and mean square error for the results.
#0f the simulations ( The simulation file has the next structure: first the.
#parameters of the IRM: gammaO, betal, beta2, variance, number of iterations. The.
#next columns are the parameters for the ARM: gammaO, betal, beta2, variance,.
#number of iterations. Finally, the parameters for the PBEE: gammaO,betal,beta2,.
#variance individual,variance aggregated, number of iterations.

fbiasmse<-function(result,g0,bl,b2,aremvar,agremvar,pbavar,pbagvar) {

#result is the file with the runs of the simulation, g0 is the true value of.
#gammaO, bl is the true value of bl, b2 is the true value of b2, aremvar is.
#the true value of the variance of the IRM, agremvar is the true value of the.
#variance of the ARM,pbavar is the true value of the variance of the individual.
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#part of the PBEE, pbagvar is the true value of the variance of the aggregated.
#part of the PBEE.

resultarem<-matrix(result[,1:5],ncol=5)
resultagrem<-matrix(result[,6:10],ncol=5)
resultpbm<-matrix(result[,11:16],nco1=6)

resultaremsub<-matrix(subset(resultarem,resultarem[,5]<51),ncol1=5)
resultagremsub<- matr1x(subset(resu]tagrem resu]tagrem[ 5]<51) ncol=5)
resultpbmsub<-matrix(subset(resultpbm, resu]tpbm[ 6]<51) ncol= 6)

meanarem<—app1¥(resu1taremsub,Z,mean)
meanagrem<-apply(resultagremsub,2,mean)
meanpbm<-apply(resultpbmsub,2,mean)

vararem<-apply(resultaremsub,2,var)
varagrem<-apply(resultagremsub,2,var)
varpbm<-apply(resultpbmsub,2,var)

#bias IRM.

arembiasgammaO:meanarem[l]—gO
arembiasbetal=meanarem[2]-bl
arembiasbeta2=meanarem[3]-b2
arembiasvariance=meanarem[4]-aremvar

#bias ARM.

agrembiasgammaO=meanagrem[1]-g0
agrembiasbetal=meanagrem[2]-b1l
agrembiasbeta2=meanagrem[3]-b2
agrembiasvariance=meanagrem[4]-agremvar
#bias PBEE.

pbmbiasgammaO=meanpbm[1]-g0
pbmbiasbetal=meanpbm[2]-bl
pbmbiasbeta2=meanpbm[3]-b2
pbmbiasvarianceanalytical=meanpbm[4]-pbavar
pbmbiasvarianceaggregated=meanpbm[5]-pbagvar

#MSE IRM.
aremmsegammaO=apply((matrix(resultaremsub[,1])-g0)A2,2,mean)
aremmsebetal=apply((matrix(resultaremsub[,2])-b1)A2,2,mean)
aremmsebeta2=apply((matrix(resultaremsub[,3])-b2)A2,2,mean)
aremmsevariance=apply((matrix(resultaremsub[,4])-aremvar)A2,2,mean)
#MSE ARM.
agremmsegammaO=apply((matrix(resultagremsub[,1])-g0)A2,2,mean)
agremmsebetal=apply((matrix(resultagremsubl[, 2]) bl)AZ 2 mean)
agremmsebeta2= app1y((matr1x(resu1ta?remsub[ ,31)-b2)A2,2,mean)
agremmsevariance=apply((matrix(resultagremsub[,4])- agremvar)AZ,Z,mean)
#MSE PBEE.

bmmsegammao apg]y((matrix(resu]tgbmsub[,1])—90)A2,2,mean)
pbmmsebetal=apply((matrix(resultpbmsub[,2])-b1)A2,2,mean)
pbmmsebeta2=apply((matrix(resultpbmsub[,3])-b2)A2,2,mean)
pbmmsevarianceanalytical=apply((matrix(resultpbmsub[,4])-pbavar)A2,2,mean)
pbmmsevarianceaggregated=apply((matrix(resultpbmsub[,5])-pbagvar)A2,2,mean)

cat("Bias bl

(IRM,ARM,PBEE)","\n", round((arembiasbetal/0.2)*100,digit=2),"\n" round((agremb1asb
eta1/0 2) 100, d1g1t 2) "\n", round((pbmbiasbetal/0. 2) <100, d1g1t 2) "\n")

cat("Mse bl

(IRM,ARM, PBEE)","\n", round(aremmsebetal*1000,digit=2),"\n", round(agremmsebetal*100
0,digit=2),"\n", round(pbmmsebetal*1000,digit=2),"\n")

cat("Bias b2

(IRM, ARM, PBEE)" "\n", round((arembiasbeta2/0.2)*100, d1g1t 2),"\n" round((agremb1asb
etaZ/O 2) <100, d1g1t 2) "\n", round((pbmbiasbeta2/0. 2) 100, d1g1t 2) "\n")

cat("Mse b2

(IRM,ARM, PBEE)","\n", round(aremmsebeta2*1000,digit=2),"\n", round(agremmsebeta2*100
0,digit=2),"\n", round(pbmmsebeta2*1000,digit=2),"\n")

#NON-CONFOUNDING CASE.

#100 groups-100 sample size in each roug

fbiasmse(finalresultA100100A.25%result,-3,0.2,0.2,0.05,0.05,0.05,0.05)
fbiasmse(finalresultA100100A.5%result,-3,0.2,0.2,0.05,0.05,0.05,0.05)
fbiasmse(finalresultA100100A1$result, —3,0.2,0.2,0.05,0.05,0.05,0.05)
fbiasmse(finalresultA100100A2$result,-3,0.2,0.2,0.05,0.05,0.05,0.05)
fbiasmse(finalresultA100100A4$result,-3,0.2,0.2,0.05,0.05,0.05,0.05)
fbiasmse(finalresultA100100A8$result,-3,0.2,0.2,0.05,0.05,0.05,0.05)
fb1asmse(f1na1resu]tA100100A16$resu1t -3,0.2,0.2,0.05,0.05,0.05,0.05)

#100 groups-50 sample size in each group.
fbiasmse(finalresultAl0050A.25%result,-3
fbiasmse(finalresultA10050A.5%result,-3

0. 2,0.2,0.05,0.05,0.05,0.05)
fbiasmse(finalresultAl0050Al$result, —3 2

.2,0.2,0.05,0.05,0.05,0.05)
,0.2,0.05,0.05,0.05,0.05)

o..
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fbiasmse(finalresultAl0050A2%result,-3,
fbiasmse(finalresultA10050A4$result,-3,
fbiasmse(finalresultAl0050A8%result,-3,
fb1asmse(f1na1resu]tA10050A16$resu1t,—3

#50 groups-100 sample size in each group.
fbiasmse(finalresultA50100A.25%result,-3
fbiasmse(finalresultA50100A.5%result, -

fbiasmse(finalresultA50100Al$result, —3
fbiasmse(finalresultA50100A2%result, -3
fbiasmse(finalresultA50100A4$result,-3
fbiasmse(finalresultA50100A8%result, -3
fb1asmse(f1na1resu]tA50100A16$resu1t -

#50 groups-50 sample size in each group.
fbiasmse(finalresultA5050A.25%result,-3,0
fbiasmse(finalresultA5050A.5%result,-3,

fbiasmse(finalresultA5050Al1$result, —3,0 2
fbiasmse(finalresultA5050A2%result,-3,0.2
fbiasmse(finalresultA5050A4$result,-3,0.2
fbiasmse(finalresultA5050A8%result,-3,0.2
fb1asmse(f1na1resu]tA5050A16$resu1t -3,0.

#SIMPLE CONFOUNDING CASE.

#100 groups-100 sample size in each grou
fbiasmse(finalresultB100100B.25%result, -
fbiasmse(finalresultB100100B.5%result, —3
fbiasmse(finalresultB100100B1$result,-3,
fbiasmse(finalresultB100100B2%$result,-3
fbiasmse(finalresultB100100B4$result,-3
fbiasmse(finalresultB100100B8S%result,-3
fb1asmse(f1na1resu1t8100100816$resu1t,—

UJ'U

#100 groups-50 sample size in each grou
fbiasmse(finalresultB10050B. 25$resu1t,—
fbiasmse(finalresultBA10050B. 5$resu1t,—
fbiasmse(finalresultB10050B1$result,-3,
fbiasmse(finalresultB10050B2%$result,-3,
fb1asmse(f1na1resu]tBlOOSOB4$resu1t,—3,
fbiasmse(finalresultB10050B8%$result,-3,
fb1asmse(f1na1resu1t810050816$resu1t,—3

#50 groups-100 sample size in each group.
fbiasmse(finalresultB50100B.25%result,-3
fbiasmse(finalresultB50100B.5%result, —3,
fbiasmse(finalresultB50100B1$result, —3,0
fbiasmse(finalresultB50100B2%$result,-3,0.
fbiasmse(finalresultB50100B4%$result,-3,0.
fbiasmse(finalresultB50100B8$result, —3,0
fb1asmse(f1na1resu1t850100816$resu1t,— s

3
#50 groups-50 sample size in each group.
fbiasmse(finalresultB5050B.25%result,-3,0
fbiasmse(finalresultB5050B.5%result, —3,

fbiasmse(finalresultB5050B1$result, —3,0 2
fbiasmse(finalresultB5050B2%result,-3,0.2
fbiasmse(finalresultB5050B4$result,-3,0.2
fbiasmse(finalresultB5050B8%result,-3,0.2
fb1asmse(f1na1resu1t85050816$resu1t -3,0.

#EXTENDED CONFOUNDING CASE.

#100 groups-100 sample size in each group.
fbiasmse(finalresultc100100$result,-3,0.2,0.2,0.05,0.05,0.05,0.05)
#100 groups-50 sample size in each group.
fbiasmse(finalresultcl10050$result,-3,0.2,0.2,0.05,0.05,0.05,0.05)
#50 groups-100 sample size in each group.
fbiasmse(finalresultc50100$result,-3,0.2,0.2,0.05,0.05,0.05,0.05)
#50 groups-50 sample size in each group.
fbiasmse(finalresultc5050$result,-3,0.2,0.2,0.05,0.05,0.05,0.05)
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A.4 Demonstrations.

A.4.1 Calculation of V.

We know
Var(Y}) = Var(E(Y|h,)) + E(Var(Yh,)) [A4]

First, we compute the quantities E(Y,*h,)and Var(Y,*/h,)

kzkYki kZ]iE(Yki |h,) kzkhkexﬁcx h, kzkeXEiQ
B(YVh,) = B(—T—[h,) =~ &t g

Ilk_mk nk—mk B nk_mk nk_mk
_ ZYki ZVar(Yki | hk) "
Var(Y|h,) = Var(—= h,) == B
l’lk —I’Ilk (nk _mk)
oo - ) 5 e e
== — _i=l
(n, —mk)2 (n, _mk)z

We know that h, is a random effect withE[h,]=1 and Var[h,]=06"and

ny —Mmy T ny —Imye T ny —imy T
hk z exkia E[hk] z exkia z exki(x
i=l1 — _i=l

we =E[Y]=E[———]=
n, —my n, —1my n, —my
so we can compute [A4] as
hk Z exgia Z (hkexgi(x _ hieZX;ga)
Var[Y,*] = Var[—=! ]+ E[—=L - ]
n, —my (n, —m,)

A 2 A )

= Var[hkuﬁ] + E[ hkl"tk _ hkq)k ] — (uﬁx)2 Var[hk] + l"LkE[hk] _ ¢kE[hk]

Wy Ty = my n,—m, n,_-—m,

Be 9 (c7+D)
o —m, 1y —m,

=0’ ((Hﬁ)z -, (n, —m, )"+ (Mﬁ -0,)(n, —m, )"

=(u)'o’ + =(u)’0” +{ug =0, (6" + D}i(n, —m,)”

Iy —my

_ 2x 500 . c 2xjo AA xjo
where ¢, = Z e" /nk —m, . We consider ¢, =g, {e"*"} and {1, =€ {e""}so
i=1

VA =6 (A7) - 6, (n, —m) ™) + (A7 -6, )(n, —m,)"

(1) Y, follow a Bernoulli(p,,) so p, =E(Y, |h,)=E(Y.|h,)
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A.4.2 Estimation forc’in the individual part of the PBEE
approach.

We know

E[(Yy —1)(Y — )] = G2Mkiukj for i# j and k=1,...K

z Z (Yki My )(ij - ““kj) = Z z quki“kj

k=l i#] k=l i#j
my my

K my
z {ZZ(Ykiij My Yy — Yl +Hki“kj)_Z(Ykzi —2U, Yy +Hii )J
k=1 \ i=l j=l i=l
(Gz{zzuki“kj - Zuii D
o1 1

i=1

K
k=

1

M=

(?fmi Tt @ m -5 v 2L, —zu;j

i=1 i=1 i=1

o gyt -S|
i=1

~
1l

1

1]
M=

~
1l

1

my
where (i} = zuki/mk =€, ey,

i=1

Kl — _ : Yk2i 22 Wy Yy zuii
z Y (Y,m, =2(’m, -1)+Y, +(1})° m, - 4=l P
= mk mk mk

1y
2
Zuki
i=l

k=1 m,

K _ — J— — A
z Y, (Y,m, — zuﬁmk -D+Y, + (Mﬁ)zmk - +2¢, .Y, -0,

k=1 m,

= li 02((11?)2% _qA)k)

where ¢, = zuii /m, =€, e

i=l1
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<o A :
z (Yemy =208 m, —D+| Y, —=— +2¢, M Y 3+ (@) m, —0,)

k=1 my

:i GZ((ﬂf)zmk _&)k)

1l
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0> SO

k
Due to the Bernoulli assumption onY,;then | ¢ _ =
k
my

(?k (Y,m, —2(iim, —1)+ 2e, WY, b+ ((A)*m, — &)k ))

M=

~
Il

1

o’ ((ﬁﬁ)z my — qA)k )

M=

~
1l
—_

le,, (Y3, (Yo im, —20m, —1)+2e, {u, Y, }+((@0) m, —,))
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~
I

1

02((11?)2% - qA)k)

M~

~
]

1
then

0* =Y (fe,, (Yu)e, Yijm, —20tm, — D+ 26, Y, J@d) m, -4, )" +1)

k=1

and an unbiassed estimate of ¢”is

K

@ =2 (o, Vi3, 1Yo, 200, ~D+ 2, 0, Y3 @D m, ~5,) +1)

k=1

A.4.3 Estimation of c’in the aggregated part of the PBEE
approach.

We know
E[(Y -40)’1=07 (1)) = ¢, (n, —m) )+ (@ ¢ )(n, —m,)" fork=1,...K

SO

i (YkA — 111?)2 _
k K

{(52 ((111?)2 - &)k(nk - mk)71)+ (lj'lé - &)k knk - mky1 ]
K

~ 1M~

i(_kA -0’ = Z(Gz ((llff - &)k(nk - mk)71)+ ()j—f - &)k knk - mk)il)

((?kA - ﬂﬁ)z - (}11[? - &)k )(nk —my )" ): (522((111?)2 - &)k (n, —m, )_l)

~
I
—_
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i ((YA { A - (ﬂf - &)k )(nk - mky1 X(llﬁf - &)k (n, —m, )71 )_1

k=

—_

and an unbiassed estimate of 67 is

60 = o 07 32 -0k, —m ) J(@d)? =B~y )

k=1
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A.5 Construction of geographics units.

Objective

The goal was to construct well-defined contiguous small-areas or zones, with an
appropriate population size and the maximum level of social homogeneity. This Atlas

has used the results previously obtained in the Atlas of Mortality in Spain'®.
Criteria

Three important features had to be taken into account in order to construct small-
areas: availability of information, population size and social homogeneity of the

areasl41,142‘

1) Availability of information. In Spain, for confidentiality reasons, annual
mortality data at the municipal level are available only for areas of 10,000 people
or greater. However, information was available for smaller areas (i.e., at least
3,500 inhabitants) if the mortality data were aggregated for a period of three or

more years.

2) Population size. Spanish municipalities are heterogeneous in terms of their
socio-economic characteristics and population size. For example, regarding their
population size, more than 80% of the municipalities have fewer than 3,500
inhabitants. Thus, in order to yield reliable estimates of mortality rates, areas had

to have a minimum population size.

3) Social homogeneity. Adjacent areas are often similar in terms of their social
characteristics. It was possible to group municipalities with less than 3,500
inhabitants into bigger homogenous areas based on criteria of contiguity and

socio-economic characteristics.
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Methods

The smallest municipalities of Spain (municipalities fewer than 3,500
inhabitants) were used as the geographical building blocks to construct the zones.
Information of data and demarcation lines of municipalities was provided by the
Spanish Geographic National Institute. An available proxy of income level was

assigned to each zone'®.

The zones were aggregated automatically or by hand
according to specific criteria''> . Thus, areas were aggregated automatically using an
algorithm developed with a Geographic Information System program. The three specific
steps followed were: 1) Small municipalities were selected for each Spanish Autonomous
Community; 2) Estimated income level of all municipalities were classified into four
categories: A = "Low income". Income level less than 700,001 pts, B = "Relatively low
income". Income level from 700,001 to 880,000 pts, C = "Relatively high income".
Income level from 880,001 to 1,100,000 pts, D = “High income". Income level more or
equal than 1,100.001 pts; and 3) contiguous small areas with similar income level

categories were merged automatically by using the GIS system to reach a minimum

population size of 3,500 people.

Remaining areas were aggregated by hand using specific rules modified from the

criteria proposed by Haining'*. The three main criteria followed where:

1) The “Island” criterion: A small municipality of one income category, entirely
surrounded by a different municipality with a different income category, was
absorbed into the surrounding area if that surrounding municipality had less than
10,000 people. If the population size of the surrounding municipality was greater
than 10,000, the smaller area was joined using “Income level and proximity

criteria”.
2) The “Neighborhood” criterion: Small municipalities can be joined with those

larger neighbouring municipalities (except when they are larger than 10,000

people) having similar income levels.
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3) The “Income level and proximity” criteria: Municipalities entirely surrounded
by other municipalities with more than 10,000 people are joined with non-

adjacent areas using the most similar income level and proximity criteria.
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A.6 Life expectancy maps.

Esperanca de vida. Dones, 1993-1998
Esperanza de vida. Mujeres, 1993-1998
Life expectancy in women, 1993-1998

Esperanca de vida. Dones, 1987-1992
Esperanza de vida. Mujeres, 1987-1992
Life expectancy in women, 1987-1992

ANYS - ANOS - YEARS

- YEARS
= 83,35 -~ < B4.88

< 8338

Esperanca de vida. Homes, 1993-1998
Esparanza de vida. Hombres 1993-1998
Life expectancy in men, 1993-1998

Esperanca de vida. Homes, 1987-1992
Esperanza de vida. Hombres 1987-1992
Life expectancy in men, 1987-1992

ANYS - ANOS - YEARS

ANOS - YEARS

76,87 - < 79,16

L7501 - < 78,19
74.49 - < 75,11 > 7
- 6.38
75.96
75,60
7518
74.7¢
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