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Abstract

Background: Health-related quality of life (HRQoL) is an important oatae parameter in clinical trial
and epidemiological research to support policy decisiokingaor to monitor population health. With
scarce resources for the provision of health care, choiaes to be made about how those resources
are allocated. The impact on the HRQoL of the population khbe an important consideration when
these choices are made. The aim of this study was to iderdigikdround characteristics of children,
adults and elderly that are important in determining the [IRQf these 3 age groups; to model HRQoL
as a function of these covariates and to investigate if HR@ahore alike in members from the same
household.

Methodology: Statistical models were applied on two datasets: one saofjpheividuals belonging to
one of three age groups (children, adults or elderly), arasample of households, with information
of all members of each household. HRQoL was measured in tiereit ways, resulting in a VAS
and EQ-5D score for each individual. Regression tree, nanfiwest, lasso and elastic net were used
to identify possibly important background charactersstithereafter, the relationships between the two
HRQoL responses and these factors were modeled using lggess®n, one-inflated beta regression
and beta GLMM, for separated and joint responses.

Results and ConclusionsAge was significantly associated with both responses irgaligroups. Girls
and children who had experienced serious disease had sagrilfi lower EQ5D scores. The effect of
the number of persons in the household on the probabilite o perfect health is different for girls than
for boys. If not in perfect health, adults who had experielgerious disease and adult who had primary
and vocational level of education had significantly lowerdBscores. Having one or more domestic
animal, VAS score increases more in adults. For elderly wawbtistory of smoking (quit smoking) and
for those not smoking, EQ5D score is higher than for actigetypking elderly. Elderly who had experi-
enced serious disease, and elderly with primary and votatlevel of education are estimated to have
significantly lower VAS scores. It was found that individsilom the same household had EQ5D health
scores more similar to each other than to any person fromdorarmousehold. Significant association
between the health scores of EQ5D and VAS was present.

Keywords: Beta regression, Generalized linear mixed model, Headthted quality of life, One-inflated
beta regression.
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Chapter 1

Introduction
1.1 Background

Health-related quality of life (HRQoL) is an important oatse parameter in clinical trial and epidemi-
ological research to support policy decision making or tonitww population health (Hunger et al.,
2012). With scarce resources for the provision of healtk,aaroices have to be made about how those
resources are allocated. The impact on the HRQoL of the p@ipalshould be an important consider-
ation when these choices are made (Dolan, 1997). HRQoL mesakave been widely used in health
research in recent years and have been the endpoint in maigatktudies. The widespread use of
HRQoL measures reflects the recognition that many treasrfenthronic diseases fail in providing a
cure, and therefore, the benefits of therapy may be limiteadsome circumstances, the clinical thera-
peutic benefits may be outweighed by HRQoL consideratioasté®a and Feeny, 2008).

HRQoL is a multidimensional concept referring to how peopéceive aspects of their lives that
relate to their health (Alsén, 2009), whereas Quality okL(QoL) has a broader concept and is re-
lated to individuals’ perceptions of their position in aléas of life. Therefore, HRQoL rests on both the
concept of health and the concept of QoL (WHOQOL, 1998). &hemno single and accepted defini-
tion of HRQoL, but a consensus that assessments shouldlapkrceptions of general health, physical
functioning, physical symptoms, emotional functioninggnoitive functioning, role functioning, social
well-being and functioning, sexual functioning and exisig issues (Alsén, 2009; Guyatt, 1993; Guyatt
et al. 1993).

As Dominick et al., 2002 and DeSalvo et al., 2006 said, "HR@akstions about perceived physical
and mental health and function have become an important aoemp of health surveillance and are
generally considered valid indicators of service needsiatgtvention outcomes. Self-assessed health
status also proved to be more powerful predictor of mowtaitd morbidity than many objective mea-
sures of health”. HRQoL measures make it possible to demadascientifically the impact of health
on quality of life, going well beyond the old paradigm thatsalamited to what can be seen under a
microscope.
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1.2 Types of HRQoL measures

There are a large number of measures that differ in the rahigeatth dimensions that they cover.
Preference-based measuregive scores on scale from 0.00 (dead) to 1.00 (perfect Hemtith, unlike
generic profiles, are able to integrate morbidity and mibytalhere are two types of preference-based
measures: direct and multi-attribute.

Direct preference-based measureassess the preference for a health state. Direct assessanent
typically designed for specific purposes and thereforenatle researcher/individual/analyst to incor-
porate items that are more relevant for the particular gt being studied. An advantage of using
the direct preference-based approach is that the patiantbe asked to provide global assessments of
the net effect of treatment on their HRQoL. Therefore, HRQetponses by the patients capture their
assessments of positive treatment effects and the negateveffects. The Visual Analogue Scale (VAS)
is a method used for measuring preferences for health o@somDeath may be the worst health state
(equals to zero) and placed at the bottom of the scale ani@cpdiealth (equals to 100) may be placed
at the top of the scale (Santana and Feeny, 2008).

Multi-attribute preference instruments describe the health status of a subject using a multi-ati&ib
health status classification system and using a scoringmytstvalue health status. The EuroQol EQ-5D
(Kind, 1996; Dolan, 1997; Robin and de Charro, 2001) costhue attributes (mobility, self-care, usual
activities, pain or discomfort, and anxiety or depressiwiih three levels per attribute. Two hundred
forty-three possible health states are generated by thBEQystem. The instrument can be translated
to a quality-adjusted life year (QALY) score, which enabtesnparisons between different diagnoses
and with the general population. Single index values foheafcthese health states can be obtained
using scoring functions estimated with time trade off ssorBetails of the algorithm to generate the
index are described in detail elsewhere (Dolan, 1997; Cbesn2010). Applicable to a wide range
of health conditions and treatments, the QALY score pravi@simple descriptive profile and a single
index value for health status that can be used in the climicdleconomic evaluation of health care as
well as in population health surveys (Cheung et al., 2009).

1.3 Objectives

v To determine which socio-demographic characteristicsagsociated with HRQoL in the general
population (measured with VAS and EQ-5D), for children, le&sl@and elderly respectively and to
develop a statistical model describing the relationshigvben these characteristics and their HRQoL
experience;

v’ To investigate whether HRQoL is more alike within housebdlthn between households.



Chapter 2

Data Description
2.1 Study design and Sample

A survey on HRQoL was conducted in the general populatiodanders (Belgium) using the standard
EuroQol questionnaire with a Visual Analogue Scale. Theeyuwas conducted in a random sample of
3118 individuals of all ages (886 children [0-12 years], 88&@ults [13-60 years] and 363 elderly [60+

years]). The sample was divided into two subsamples: 177%)%participants belonged to a unique
household ('sample of individuals’) and for 1345 (43%) paptants, the information was collected from

all members of the household ('sample of households’). $ammglection was based on random digit
dialing (including mobile phones), with quota for age, gendnd province. For province as such, the
geographical distribution of respondents was represeatitr Flanders. For individuals from the same
household, additional quota were set.

2.2 Description of variables

Using a diary, all participants were asked about their HRQWAS and EQ-5D), general socio-
demographic factors such as: age, gender, if they had exped serious disease themselves or a mem-
ber of their family, province, number of domestic animalgmioer of parents in the family, number of
persons in the household and if they filled in the diary on anabday. Additional questions were asked
to each of the three subgroups: (1) for children: mothenscaton; (2) for adults: smoking behaviour,
profession, education level, whether the adults workethitharked for a health care facility and (3) for
elderly: frequency of alcohol consumption, frequenciesathych children and grandchildren visited
them, work status, whether the person had worked for a heaithfacility, profession, education level,
smoking behaviour and experience with serious diseaselygt@are of someone. The height and
weight was only recorded for the 1200 respondents of allaedents grouped in households. A list of
all variables (short name + explanation) can be found in thpehdix (Table A.1).
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Methodology

3.1 Data management

Removing observations and correcting misspecified values

One respondent with a negative value of HRQoL EQ5D was rethénaen the dataset. Although a
negative value of EQ5D is possible, it was chosen not to denst for this analysis, as it occurs
rarely, especially when measuring HRQoL in the general [atjmn. Moreover, participants from three
provinces from Wallonia ("Waals-Brabant’, 'Luik’ and 'L@mburg’) were removed, as the study fo-
cused on the Flanders provinces and the Brussels capital &igteen participants with age ranging
from 13 to 16 years were wrongly classified as children; omégigant aged 21 years and four partic-
ipants aged 60 years were wrongly classified as elderly;nspagticipants with age ranging from 61
to 74 years were wrongly considered as adults. All thosegpaaints were included in the correct age
category.

Body mass index (BMI) was calculated based on the reportgghhand weight. BMI value was
considered missing if height and/or weight fell far outsiie normal range for a certain age group.
The average BMI value by age and gender can be found else(Wédsen, 2013; CDC). Specifically,
for 22 children with age ranging from 3 to 6 years the BMI valuees considered missing, because the
heights of those children were all higher than what is cargid normal. Also, one participant aged
one year reported a height of 0.20 meters, which was lower Wieat is considered normal, and two
participants with ages 38 and 40 reported a weight of 7 kg akgir2spectively.

Collapsing and scaling variables:

Based on exploratory analysis, variables with many categavere regrouped into fewer meaningful
categories. The variables frequencies with which childred grandchildren visited the elderly were
collapsed from 8 to 4 levels; the variable frequency of atd@onsumption was collapsed from 5 to 4
levels; the variables mother’s education and educatioe w@ftapsed from 9 to 5 levels; and the variable
profession was collapsed from 15 to 4 levels. The BMI vagalés scaled, i.e. was subtracted from
the average BMI value for a specific age and gender. As a remgative values represent persons who
weigh less than average, and positive values represemtrzangeighing more than average.

5
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3.2 Variable Selection

In machine learning and statistics, variable selectiorhés grocess of selecting a subset of relevant
features for use in model construction. The central assompthen using a variable selection technique
is that the data contain many redundant or irrelevant veasal@suyon and Elisseeff, 2003).

3.2.1 Regression Tree

Morgan and Sonquist (1963) proposed a simple method fardittees to predict a quantitative variable.
They called the method Automatic Interaction Detectione algorithm performs stepwise splitting. It
begins with a single cluster of cases and searches a caadielaaf predictor variables for a way to split
this cluster into two clusters. Each predictor is testedsfaitting as follows: sort all the n cases on
the predictor and examine all— 1 ways to split the cluster in two. For each possible split, pata
the within-cluster sum of squares about the mean of theeslst the dependent variable. Choose the
best of then — 1 splits to represent the predictor’s contribution. Thisqass is repeated for every other
predictor. For the actual split, choose the predictor as@ut point, which yields the smallest overall
within-cluster sum of squares (Wilkinson, 1992; Hastie let 2001). Categorical predictors require
a different approach. Since categories are unorderedoafliple splits between categories must be
considered. For deciding on one split of k categories into gnoups, this means that — 1 possible
split must be considered. Once a split is found, its suitglhig measured on the same within-cluster
sum of squares as for a quantitative predictor (Wilkins@®2 Ritschard, 2010).

3.2.2 Random Forest

Random forest (RF) for regression is widely used in manyares$efields for prediction and interpreta-
tion purposes. Their popularity is rooted in several apgpgalharacteristics, such as their ability to deal
with high dimensional data, complex interactions and dati@ns between variables. Another important
feature is that RF provides variable importance measuegs#n be used to identify the most important
predictor variables (Hapfelmeier, et al. 2013).

The main idea of the RF is to grow many regression trees tarohtéorest of trees. The goal is to
reduce the correlation between the individual trees bygubwotstrapping and a randomized variable
selection method, which results in reduced variance whetrées are aggregated (Melnychuk, 2013).
RF returns several measures of variable importance. Thenelable measure of variable importance
is based on the decrease of classification accuracy whepsvalua variable in a node of a tree are
permuted randomly (Breiman, 2001; Bureau et al., 2003; Reyat, 2004). This measure is some-
times reported as such, and sometimes it is reported afiéngat, or dividing by a quantity somewhat
analogous to its standard error.
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3.2.3 Lasso Regression

The lasso is a shrinkage and selection method for regressantels, originally applied to OLS re-
gression. The lasso is best described as a constraint outhefthe absolute values of the model
parameters, where this sum has a specified constant as anhaquuel. Compared to OLS parameter
estimates, the estimates obtained using the lasso areafjgmeore accurate and some parameters will
be shrunk towards zero, allowing for better interpretatbmthe model and identification of those co-
variates most strongly associated with the outcome (Tibahi1996).

The lasso is defined by

n

Blassozargminﬁ{z:(yi —.TZT6)2+)\Z‘BJ|} (3.1)
j=1

i=1

Here\ is a complexity parameter that controls the amount of skgek It is chosen such that the mean
squared prediction error is minimum. The lasso solutiong hlae property that tends to produce some
coefficients to be exactly zero. The tuning parameter mayebected by the user or calculated via
numerous methods including cross-validation. Therefasso is in between subset selection and ridge
regression (Tibshirani, 1996; Wu and Lange, 2008).

3.2.4 Elastic net
The elastic net method overcomes the limitations of theolamssethod which uses a penalty function

p
based on|g||; = Z |8;| (Tibshirani, 1996). Use of this penalty function has selvénaitations.
7j=1
Consider the following three scenarios.

(a) Inthep > n case, the lasso selects at mosfariables before it saturates. This seems to be a limiting
feature for a variable selection method. Moreover, theol@ésgsot well defined unless the bound on the
L1-norm of the coefficients is smaller than a certain value.

(b) If there is a group of variables among which the pairwisgalations are very high, then the lasso
tends to select only one variable from the group and doesaretwhich one is selected.

(c) For usuah > p situations, if there are high correlations between preds;it has been empirically
observed that the prediction performance of the lasso isirthied by ridge regression (Tibshirani,
1996).

Scenarios (a) and (b) make the lasso an inappropriate \@sakection method in some situations. To
overcome these limitations, the elastic net adds a quadhatt to the penaltyi|3||*), which when used
alone is ridge regression. The estimates from the elastimathod are defined by

BV = argming{|ly = XBII* + I8 + Ml 811+ } (32)

p

p
where|||[2 =Y " 82, 118l = Y _15l.
j=1

j=1
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As a result, the elastic net method includes the lasso amy nidgression: in other words, each of
them is a special case whexe= A\, A =00r\; =0, Ay = \.

Similar to the lasso, the elastic net simultaneously do¢gnaatic variable selection and continuous
shrinkage, and it can select groups of correlated variafles elastic net significantly improves on the
lasso in terms of prediction accuracy (Efron et al., 2004).

These models were estimated in R software (version 3.0.iRgupart, randomForest LARS and
elasticnefpackages.

3.3 Betaregression

The beta distribution is a continuous probability disttibn defined over the unit interval with density
function

1. 0) = o Oy i1 = )0 33

0 < y < 1, wherel'(.) is the gamma function (Ferrari and Cribari-Neto, 2004). paemeter. denotes

the expected value aof, i.e. E(y) = pu. The parametey fulfills the definition of a precision parameter
because for fixeg the greater the value @f, the smaller the variance of the dependent variable. More
specifically,

Vart) = Y0

whereV (1) = (1 — p) denotes the "variance function".

In classical beta regression model, as in generalizedrimeael framework, only the mean parameter
1 of the beta distribution is expressed as a function of catesi whereas the precision parametés
treated as nuisance.

The extended beta regression model relates both paranmeteosariates through distinct linear pre-
dictor (Simas et al., 2010; Smithson and Verkuilen, 2006)isTnodel is also referred to as "double
index regression model" because it contains two regregsids: one for the mean and one for the pre-
cision. Given observations anindependent beta-distributed random variable§ = 1,--- ,n), the
corresponding parametersandg; are linked to linear predictorg and(; as follows

gi(ps) = mi = xz'Tﬂ
go(di) = G = 2

wherez; andz; are p- and g-dimensional vectors of covariates observewyaldth y; (i = 1,--- ,n),
andpB = (81, ,B,)", v = (1, ,7,)7" are the vectors of coefficients associated with means and
precision respectively. The function(.) andg»(.) are monotonic link functions, preferably with the
property of mapping the range pf (0, 1) and¢; (0, co), respectively to the real line. Suitable candidates
for ¢, (.) are the logit, probit, complementary log-log, log-log aral«€hy, and fog,(.) the log function
(Cribari-Neto and Zeileis, 2010; Grun et al., 2012).
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The logit link

91(/%) = 1091 s = szBJ (3.4)
— M

has the advantage that it provides a straightforward inééapon and is commonly used as the link of
choice, which restridh < . < 1. The log linkg,(¢;) = 2 itis used to ensure thatis always positive
(Zimprich, 2010; Hunger et al., 2012; Smithson and Verkui2006).

Typically, the coefficientgl and~ are estimated by maximum likelihood (ML) and inference isdzh
on the usual central limit theorem with its associated aggtigtests (Grun et al., 2012). With the pre-
cision parametey being an inverse measure of dispersion, it reflects the ltwahes is of interest on
its own and that in many situations covariates have an effiethe variation of the dependent variable,
thus involving heteroscedasticity (Smithson and Verkyi2006).

The beta distribution is defined on the open unit intervalyol ones and zeros are observed, these
values need to be transformed in order to fall into the opeéninterval (0, 1). This can be achieved by
either minimally compressing the entire range of obsenades, or by only transforming the boundary
points to slightly smaller or greater values, respectiy8ynithson and Verkuilen, 2006). Alternatively,

it has been suggested to add a small ametmthe lower bound, and to subtract the same amount from
the upper bound (Smithson and Verkuilen, 2006; Verkuilesh@mithson, 2012).

Both methods are likely to bias the estimates towards natefferkuilen and Smithson (2012) advised
the use of sensitivity analysis to ensure that the estinzatdsnference are not affected by the choice of
e. The latter technique was used in this analysis and as siadicbrrection and bootstrap techniques
were implemented to investigate bias in the outcome.

3.4 One inflated beta regression

Many studies in areas involve data in the form of fractioases or proportions that are measured con-
tinuously in the open interval (0, 1). However, frequentig tlata contain observations at the extremes
(either zero or one). Our focus is on the case where only orteeoéxtreme appears in the data (i.e.
many ones). Having this problem, Ospina and Ferrari (20dd)gsed a class of model using a mixture
of two distributions: a beta distribution and a degenergildution in a known value ¢, where ¢ equals
one. Under this approach, the probability density functibthe response variable y with respect to the
measure generated by the mixture is given by

a, if y=C

flysa,p, ¢) = .
(1—a)f(y;p,¢), ifye(0,1)

(3.5)

where f(y; 1, ¢) is the beta density described in 3.3. Note thais the probability mass at and
represents the probability of observing diae= 1). If ¢ = 1, the density is called a one-inflated beta
distribution (Ospina and Ferrari, 2010).
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The mean of the response and its variance can be written as
E(y) = ac+ (1 —a)u

p(l—p) 2
Var(y) = (1 - a)ﬁ +a(l —a)(c—p)

Note thatFE(y) is the weighted average of the mean of the degenerate distribatc and the mean
of the beta distributioriu, ¢) with weightsa and1 — «. Also, E(y|ly € (0,1)) = pandVar(yly €
(0,1)) = (1 — ) /(1 + 9).

A general class of one-inflated beta regression model carefieed as follows. Let,,--- .y, be
independent random variables such that eacfor¢ = 1, - - - |, n, has probability density function given
in 3.5 with parametera = oy, u = 14, and¢ = ¢;. We assume that;, v; and¢; are defined as

hi(ow) = me = fi(ve, p)

h2(,ut) =Tt = f2(33t>5)
h3(¢t) =nN3t = f3(2t7'7)

wherep = (py, -+ ,pp)", 8= (b1, -+, Br)F andy = (71, -+ ,vm)" are vectors of unknown regression
parameters(p +k +m < n), m = (1, M)’ M2 = (a1, -+ 72a) " @NAN3 = (131, ,730) "
are predictors vectors; and(.,.), f2(.,.) and f3(.,.) are linear or nonlinear twice continuously dif-
ferentiable functions. According to Ospina and Ferraril@0 the link functionsh; : (0,1) — R,

hy : (0,1) — R andhs : (0,00) — R can be assumed. Farand« one may choose logit, probit,
complementary log-log link functions, and foris h3(¢) = log¢ (log link).

Beta regression and one-inflated beta regression wereatetinn R 3.0.2 usingpetaregand gamlss
packages.

3.5 Model selection

Linear predictors for both HRQoL outcomes were implementgidg an extension to polynomials in
order to allow for more functional forms of the response&eliise, using fractional polynomials were
preferable under a certain set of the powetss: {—2, —1,-0.5,0,0.5,1, 2,3}, because they provide
flexible curvilinear shapes. For comparative measures afainiit under each response we based on
Akaike Information Criteria (AIC) and the likelihood rattest (Agresti, 2002) for comparing nested
models for the need for interactions and as well as inclusfaovariates in the dispersion sub models.
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3.6 Models for a Single Beta GLMM Response

In longitudinal analyses or in the case that subjects agenied within sampling units or geographical
entities, measurement within the same person or unit areaiyp correlated, violating the assumption
of independent observations in regression models (Molghiseand Verbeke, 2005; Fitzmaurice et al.,
2009). One possibility to account for these dependenciesddd random cluster or subject effects into
the linear predictor.

Without loss of generalizability, consider the case of iumjnal designs wherg = 1,--- ,n;
observations are nested within= 1,--- , N subjects. Leb; denote a vector of subject-specific ran-
dom effects for individual. Adding random effects to the beta regression model desttiib 3.4 yields
the beta GLMM (Zimprich, 2010; Verkuilen and Smithson, 2@12l Hunger et al., 2012) given by

gi(pi) = logit- = x50 4 whib;

92(0:) = =z, (3.6)

with b; ~ N(0,G). In this casewy; is a vector of covariates, and denotes the positive definite
covariance matrix of the random effects. Note that althahgrassumption of normality for the random
effects is common and statistically convenient, othemridhigstion assumptions are possible in principle
(Hunger et al., 2012). In a longitudinal designtypically is a scalar (for random intercept only models)
or a bivariate vector (for models with random intercept aamadom slope). In the first case;; = 1,
while in the second case;}} = (1,t;;), wheret,; is the time of measuremetitfor subject;. Models
with random slopes allow the linear effect of time to varyoss subjects.

Model parameters are estimated by maximizing the margikalihood, which is obtained by
integrating out the unobserved random effdgtérom the likelihood function (Verkuilen and Smith-
son, 2012). In the beta GLMM, the regression parameterstavg a subject-specific interpretation and
no longer describe the effect of the respective variableherpppulation in general (Molenberghs and
Verbeke, 2005; Fitzmaurice et al., 2009).

3.7 Models for Joint Beta GLMM Responses

Difficulties in analyzing clustered or repeated measurese drecause of correlations usually present
between observations on the same subject or within the shusieic In the case of multiple outcomes
two types of correlations must be taken into account: cati@ts between measurements on differ-
ent variables and correlations between measurements osathe variable within cluster or subject
(Gueorguieva, 2001).

In a joint-modeling approach using mixed models, randofeet$ are assumed for each response pro-
cess and by imposing a joint multivariate distribution or thndom effects, the different processes
are associated (Fieuws and Verbeke, 2004). The approamisatb joint models for responses of the
same response type as well as models for responses of diffgpes. The approach has been used in a

11
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non-longitudinal setting to validate surrogate endpdimtaeta-analyses (Buyse et al., 2000) or to model
multivariate clustered data (Thum, 1997). Also, joint misd@e popular owing to the fact that they en-
sure unbiased statistical inferences in a variety of sgt{iddi and Molenberghs, 2012).

In the context of jointly modeling, let us consider a bivégiaesponse. Denote the response vector
for the ith subject byy; = (v}, y5)", whereyi, = (yi1, - - 7yz‘1n“)T andy;s = (yio1,- - ,yizniQ)T

are the repeated measurements on the first and second gaVdelassume that;, j = 1, -, n;,

are conditionally independent givéry, with densityf;(.) in the exponential family. Analogously,,;,

j = 1,---,n;, are conditionally independent givén, with density f>(.) in the exponential family.
Also y;; andy,, are conditionally independent givén = (b}, b%)” and the responses on different
subjects are independent. Lgt.) and g»(.) be appropriate link functions fof; and f,. Denote the
conditional means of;;; andy»; by j;1; andy,»;, respectively.

Let jui; = (man1, -+ o fitn,,)" @Nd g = (pio1, - - -, fri2,,,) - At stage one of the linear mixed model

specifications we assume
X181 + Wby

)
wiz) = Xofa + Wb
din) =zl
)

_ T
= %57

(3.7)

wheref; andp, are(p; x 1)- and(p, x 1)-dimensional unknown parameters vectds, andX,, are
(ni X p1)- and(n x po)-dimensional design matrices for the fixed effedd;,; andW,, aren;; x ¢;

andn;; x go design matrices for the random effects gnéndg, are applied componentwise g, 12,

¢;1 andg,,. At stage two

whereX, ¥1; andXy, are in general unknown positive-definite matrices.

WhenX;, = 0 then the above model is equivalent to two separate beta GlsMidd'the two response
variables. Advantages of joint over separate fitting inelbétter control over the type | error rates in
multiple tests, possible gains in efficiency in the paramestimates (Gueorguieva, 2001; Fieuws and
Verbeke, 2004).

0

i2 0 Y2 oo

b; = (b“> ~i.i.d MVN(0,%) = MVN( [

[EH Sia

All mixed beta regression models were estimated using® 9.3 procedure NLMIXED (SAS Institute,
2012) by maximum likelihood estimation. A particularly tideaesource on how NLMIXED is used in
fitting non-linear models is Molenberghs and Verbeke (2005)

12



Chapter 4

Results

This section presents the descriptive analyses and thecafph of the models discussed in section 3
for the analysis of health related quality of life in respents from the sample of individuals and the
sample of households. Explanations for each covariate edoumd in Appendix (Table A.1).

4.1 Descriptive statistics

In both samples of HRQoL, 63 observations in EQ5D respondeldB observations in VAS response
were deleted due to missing values in the response varidbiis. reduced the final sample size from
3117 to 3054 in EQ5D and 2994 in VAS responses. The averageas82.8 years (SD = 22.5), 52.2%
of the participants were female. 28.42% of the participavese children, 59.93% adults and 11.65%
elderly. 22% of the participants were from East Flandersz#¥ from Antwerp. Only 5% of the par-
ticipants were from Brussels capital area. 63.3% had oneooe islomestic animals in their family, and
73% of the participants filled in the diary on a normal day. #ud 36% of the participants had four
members in the household and two participants had repored 91 members in the household respec-
tively. The majority of the participants (82%), are livingtivthe husband and wife in a family. Around
13% of the participants had experienced serious diseasestiees, whereas 43.7% had experienced
serious disease with a member in the family.

For the sample of individuals, three groups of categoriesevi@med (child, adults and elderly). In
the child category the mean age was 5.2 years (SD=3.5), &bbf participants were female. Around
64% of the mothers who participated in the study had highet-mniversity/postgraduate level, and
less than 2% with none or primary level of education. In thaladnd elderly category the mean
age was 38.4 years (SD=12.3) and 74.1 years (SD=9.9), with &7d 53% of the participants were
female respectively. More than 60% of the participants aséhgroups reported they have never smoked,
have never worked in a health care facility and have not eéepeed serious disease by taking care of
someone. Moreover, 50% of the participants had a whitexcgb. The distribution over the different
education levels was similar as for the child group. Theso@mographic characteristics of the sample
of individuals are summarized in Table A.1 (see appendiy.A.1
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Relationships between the HRQoL outcomes and these chastics are shown in Appendix A.2
(boxplots). Differences between boys and girls and thoddreim having experienced serious disease
in family were observed in VAS outcome. The EQ5D and VAS omteanay be different for children
having experienced severe disease, and children beingsitke day the diary were filled in. Similar
results were observed for the adults and the elderly (Appeh@).

For the sample of households, the mean age was 23.6 yeard §)=with a median of 18 years,
and 52.2% of the participants were female. From the 120@resgmts of whom the height and weight
were recorded, the average BMI was 20.8 kg/m2 (SD= 5.6).rAdtecaling the BMI and taking into ac-
count the age and gender, 37.1% had a BMI below the averageatiddships between the HRQoL
outcomes and the background characteristics in sample udeholds are shown in Appendix A.2
(boxplots). Only variable 'normal day’ seems to have a (@leapact on EQ5D and VAS.

The distributions of EQ5D and VAS are negatively skewed: ihpasticipants reported a very high
HRQoL score (Figure 4.1). From Figure 4.1 is it also cleat tiza only the mean of the HRQoL index
scores but also the shape of its distribution changes aagesgroups. As age increases, the distribution
gets broader and the skewness reduces.

(a) Child group (b) Adult group (c) Elderly group (d) Sample of household
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Figure 4.1:The distributions of the EQ5D and VAS index scores for tHerdifit age categories, and for
the sample of households (which includes all ages).
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4.2 Results for the sample of individuals
4.2.1 Variable selection

The data applied in this section come from the sample of iddals of HRQoL. The predictors were
based on each age category group as described in sectioR@geession tree, RF, the lasso and the
elastic net were all applied to these data and the correspgidaphs are displayed in appendix B.1.
Table 4.1 below gives the general overview of the most ingrdrtvariables selected based on each
method.

Table 4.1:Variables selected based on regression tree, random fdessto regression and elastic net

Group category | Outcome | Method Variables selected
Regression tree age, illnessy, province, and mumEducation
EQ5D RF age, illnessy, province, mumEducation and peopigho
lasso age, ilinessy, province, normalday, illnessf and Bducation
Child elastic net age, illnessy, province, normaldaygeiisf and mumEducation
Regression tree illnessy, normalday, province and peopksh
VAS RF age, ilinessy, normalday, province and peoplehouse
lasso age, illnessy, normalday, peoplehouse mumEducatitparent
elastic net age, ilinessy, normalday, mumEducation anglpbouse
Regression tree age, ilinessy, profession and normalday
EQ5D RF age, illnessy, province, education and profession
lasso age, illnessy, normalday, illnessf, professioncation, animal, province and peoplehouse
Adult elastic net age, illnessy, normalday, illnessf, etien, profession, peoplehouse, smokestatus and animal
Regression tree age, ilinessy, profession, normalday dncbéon
VAS RF age, ilinessy, profession, normalday, educatioovipce and peoplehouse
lasso illnessy, normalday, illnessf and animal
elastic net illnessy, normalday, illnessf and animal
Regression tree age, illnessy, education, professiomnl faed freq3
EQ5D RF age, illnessy, education, profession, parent,ipceyfreql, freq2 and freq3
lasso age, illnessy, education, profession, smokesiltiessc, province, workedinHCare, freql, freq2 and freq3
Elderly elastic net age, illnessy, education, professamkestatus, freql and freq3
Regression tree age, ilinessy, education, professiowime, smokestatus, province, freql, freq2 and freq3
VAS RF age, education, profession, province, freq2 andfreq
lasso age, ilinessy, education, profession, illnessfkadinHCare, smokestatus, freql and freq3
elastic net age, illnessy, education, profession, illhessrkedinHCare, freql and freq3

For children, all four methods show that age, illnessy, pro& and mother education are important for
determining EQ5D. Random forest additionally selectedpfemuse. Lasso and elastic net selected
additionally normalday and illnessf. Similar variablesrevéound to be important to determine VAS,
where the lasso selected additionally number of parentdamdy. For adults, more or less the same
set of variables as in the child group was selected for botB[E@nd VAS, with additional inclusion
of profession in all methods. Lasso and elastic net alsa®gleanimal as important in this age group.
For elderly, all methods show that age, illnessy, educatmafession, freql and freq3 were impor-
tant for determining both EQ5D and VAS. In all age groups,hgables age, illnessy and education
were important based on the four different methods appéied,we also observed that normalday is an
important variable for the children and adults group.

The variables that will be included initially as covariatésen building the statistical models for EQ5D

and VAS (see further) are presented in Table 4.2, and aredmasé¢he results of the initial selection
methods (Table 4.1).
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Table 4.2:Variables selected based on combining the results of fotiabk-selection methods.

Group category | Outcome | Variables selected
Child EQ5D age, illnessy, nornalday, illnessf, provinoegplehouse and mumEducation
VAS age, ilinessy, normalday, peoplehouse and mumEdutcatio
Adult EQ5D age, ilinessy, normalday, profession, educatmimal, illnessf and peoplehouse
VAS age, ilinessy, normalday, illnessf, profession anareahi
Elderly EQ5D age, illnessy, freql, freq3, freq2, educatjpofession, smokestatus
VAS age, ilinessy, freql, freg3, education, professiomleestatus and workedinhCare

Additionally, it was decided to include gender as a covari@ender was not considered as an important
covariate by none of techniques applied for variable selectBisegger et al. (2005), studied gender
and age differences in different aspects of HRQoL of chiidaad adolescents, where they applied a
newly developed HRQoL questionnaire, the "Kidscreen 52ewen European countries. They found
that children have higher HRQoL than adolescents in mangasp With increasing age, HRQoL is
frequently worse for females than for males. Thus, basede@nature it was decided to use gender as a
covariate in this analysis.

4.2.2 Statistical analysis

1. Child group

The analysis in health related quality of life was applieddifferent modeling techniques described in
section 3.3 and 3.4. As has been mentioned in section 4ughitsspection of the distributions of EQ5D
and VAS scores in child category suggest that one inflateal distribution may be a suitable model to
be applied for this age group in both responses.

Modeling One inflated beta regression in EQ5D

We considered one-inflated beta regression and fitted diffggossible models based on the extended
polynomials and fractional polynomials. The results fagitlcomparisons in terms of AIC and likeli-
hood ratio tests are presented in Tables C.1 and C.2 (seadipf@21). Tests for interactions indicated
the need for interactions and/or dispersion sub-model wgasfisant in all models. The smaller the
AIC value, the better the model. Therefore, the third orddympomial model was selected and based
on the likelihood ratio the inclusion of the variable disgien model and interactions in covariates were
supported. Predictions based on best models under eacfuhinkon are shown in Figure C.1, with
non-linear regression that could be considered using cafdines, which resulted to a good fit to the
data.

Only the clog-log link function in polynomial model was natifig well the data, even though polyno-
mial models were the best in terms of AIC. The third order polyial model with logit link function
was taken as a final model for ease of interpretation. Thesigmficant parameters were systemati-
cally eliminated from the model by backward selection. Taemeter estimates with the corresponding
standard errors and significance tests for the final modedwarenarized in Table 4.3.
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Table 4.3:Parameter estimates and standard error for the mean andedsspn sub-model parameters
based on third order logit polynomial.

Parameter Estimates Std. error p-value: Estimates Std. erro  p-value

. location sub-model dispersion sub-model
Intercept 0.6651 0.1790 0.0042 1.5469 0.4852 0.0016
age 0.0489 0.0224 0.029|9 0.2866 0.0750 0.0002
Female -0.0948 0.0139 <0.0001, 0.4584 0.4696 0.3299

No because other reason 0.9514 0.2068<0.0001: -2.0714 1.1760 0.0794
llinessy: Yes -0.1759 0.0533 0.0021  -0.9128 0.7979 0.2537
age*No because sick 0.1886 0.0224 <0.0001: 4.3069 0.2776 <0.0001
age*No because other reason -0.0993 0.0240<0.0001" 0.6391 0.1491 <0.0001

|
|
I
No because sick : -0.9769 0.1877 <0.0001' -12.6673 1.4693 <0.0001
|
|
|
|

The location sub-model models the average EQ5D score fddrehi not in perfect health. It is
noteworthy that all the main effects in the location sub-elagere significant. If not in perfect health
(EQ5D score lower than 1), girls and children who had expegéd serious disease had significantly
lower EQ5D scores.

The presence of a significant interaction indicates thagtieet of one predictor variable on the response
variable is different at different values of the other potali variables, i.e. the effect of age on health
scores is different for values of 'normalday’. For childneot having a normal day because of being
sick, EQ5D score increases by age than for children havirgraa day (Table 4.3).

normalday in location sub—model illnessy in location sub—model 95% Cl in location sub—model
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Figure 4.2:EQ5D predictions by normalday, illnessy and 95% predictionfidence interval in location
sub-model.

Figure 4.2 above shows the fitted location sub-model. A aifiee in health score by age is noted for
different values of 'normal day’. Children who reported r@ohormal day because of other reasons,
have high scores at an earlier age. For children who referoediormal because of being sick, health
scores increased strongly from zero years up to seven yelits,for those who reported not a normal
day because of other reasons there is a decrease in healgje &sceeases. For those children who
experienced serious disease their health scores remaghea the average fitted, for all ages. The con-
fidence intervals are wider for children below 3 years andaveer in older ages.

The alpha sub-model (Table 4.4) models the probability¢hddren are in perfect health (EQ5D=1).
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Table 4.4:Parameter estimates and standard error for the alpha sullehbased on third order logit
polynomial.

Parameter Estimates Std. error p-value
modelling the probability at one

Intercept 1.2165 0.3052 0.0001
age 0.0421 0.0514 0.4126
No because of sick -0.0226 1.5244 0.9882
No because other reason 2.4797 0.9979 0.0136
age*No because sick -0.3197 0.3770 0.3972
age*No because other reason -0.3066 0.1277 0.0171

Figure 4.3 below shows the fitted alpha sub-model. The age efect was not significant, but the
interactions indicate that the effect of age on the proligiid be in perfect health is different for chil-
dren for whom it was not a normal day because of being sick ocaulme of another reason. In both
categories, there is a decrease in the probability to berifiegehealth with a steep decrease for those
who reported not normal because of sick. The confidencevedteare wider at earlier age and older
ages.

normalday in alpha sub—model 95% Cl in alpha sub—model
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Figure 4.3:EQ5D predictions by normalday, ilinessy and 95% predictonfidence interval in alpha
sub-model.

Modeling One inflated beta regression in VAS

We considered one-inflated beta regression and fitted diffggossible models based on the extended
polynomials and fractional polynomials. The results fagitlcomparisons in terms of AIC and likeli-
hood ratio test are presented in Tables C.3 and C.4 (see@igper2). Tests for interactions indicated
the need for interactions and/or dispersion sub-model vggsfisant in all polynomials models. Tests
for fractional polynomials degree two had non-significavigfues indicating that interactions may not
be useful (p-values=0.1930). Therefore, second ordemnpaotyal model was selected and based on the
likelihood ratio the inclusion of variable dispersion mbded interactions in covariates were supported.
Predictions based on best models under each link functierslaown in Figure C.2, with non-linear
regression that could be considered using cubic splinesjwasulted to a good fit to the data.
However, polynomial models were the best in terms of AIC. $eeond order polynomial model with
logit link function was taken as a final model for ease of iptetation. The non-significant parameters
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were systematically eliminated from the model by backwaaleétion. The parameter estimates with
the corresponding standard errors and significance testisddinal model are summarized in Table 4.5.

Table 4.5:Parameter estimates and standard error for the mean andedsspn sub-model parameters
based on third order logit polynomial.

Parameter Estimates Std. error p—value: Estimates Std. erro  p-value
location sub-model dispersion sub-model

Intercept 1.6897 0.2091 <0.0001, 2.1110 0.3938 <0.0001

age 0.0165 0.0151 0.2774 0.0695 0.0315 0.0284

age2 0.0010 0.0001 <0.0001, - - -

No because sick -1.5405 0.2099 <0.0001: -0.1927 0.5025 0.7017
No because other reason 0.0377 0.1151 0.7435 0.2359 0.2387 .32410
llinessy: Yes -0.6574 0.3024 0.03C|)6 -21.1749 1.5260<0.0001
llinessy: Yes*No because sick 0.7410 0.3680 0.0451 8.8435 9235  <0.0001
llinessy: Yes*No because other reason ~ -0.8202 0.7290 6.261-2.7937 1.1129 0.0127

|
|
|
:
peoplehouse : 0.0903 0.0470 0.0567 0.0778 0.0845 0.3582
|
|
|
|
|
|

The location sub-model models the average VAS score fod@nl not in perfect health. It is evi-
dent that age was not significant on the effect of health scdmat the higher order of age was highly
significant with positive effect. For participants not inrfget health (VAS score lower than 1), the VAS
score was estimated to increase (borderline not signifiganith the number of persons in the house-
hold. The effect of children who had experienced seriousadie on health scores is different for values
of 'normalday’. For children not having a normal day becaatkbeing sick, VAS score increases by
age than for children not having experienced serious diskefore (Table 4.5 and Figure 4.4). Narrow
confidence intervals were observed in all ages.

normalday in location sub—model illnessy in location sub—model 95% Cl in location sub—model
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Figure 4.4:VAS predictions by normalday, illnessy and 95% confidertegval in location sub-model.

The alpha sub-model (Table 4.6) models the probability¢hdtlren are in perfect health (VAS=1). The
age was not significant, even with inclusion of higher oréemt The effect of the number of persons
in the household on the probability to be in perfect healttifferent for girls with an increase in the

probability to be in perfect health.
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Table 4.6:Parameter estimates and standard error for the alpha sulblghbased on logit polynomial
order two.

Parameter Estimates Std. error p-value
modelling the probability at one

Intercept -0.6964 0.7861 0.3765
age 0.0744 0.0407 0.0684
peoplehouse -0.2085 0.1889 0.2706
Female -2.6687 1.2558 0.0345
peoplehouse*Female 0.6151 0.2911 0.0355

2. Adult group

From section 4.1, visual inspection of the distributionEQ5D scores in adult category, the plot clearly
suggest that one inflated beta distribution may be a suitabliel to be applied for this age group.

Modeling One inflated beta regression in EQ5D

One-inflated beta regression was considered and fittedelif@ossible models based on the extended
polynomials and fractional polynomials. The results fagitlcomparisons in terms of AIC and likeli-
hood ratio test are presented in Tables C.5 and C.6 (see@iges3). Tests for interactions indicated
the need for interactions and/or dispersion sub-model vgasfisant in all models. Therefore, third
order polynomial model was selected and based on the ld@tilnatio the inclusion of the variable dis-
persion model and interactions in covariates were supgofeedictions based on best models under
each link function are shown in Figure C.3, with non-lineggnression that could be considered using
cubic splines, which resulted to equally a good fit to the data

Therefore, polynomials model were the best in terms of Al@e Third order polynomial model with
logit link function was taken as a final model for ease of iptetation. The non-significant parameters
were systematically eliminated from the model by backwaslgtion. The parameter estimates with
the corresponding standard errors and significance tadtsdfdinal model are summarized in Table 4.7.

Table 4.7: Parameter estimates and standard error for the mean andedsspn sub-model based on
third order logit polynomial.

Parameter Estimates Std. error p-value: Estimates Std. erro  p-value

. location sub-model dispersion sub-model
Intercept | 1.0581 0.1088 <0.0001, 3.6991 0.4206 <0.0001
age , -0.0017 0.0026 0.5071 0.0013 0.0094 0.8865
llinessy: Yes I -0.4444 0.0931 <0.0001: -1.3921 0.2040 <0.0001

education: highertechnical/seconda{ry -0.0727 0.0615 32 -0.3905 0.2072 0.0598
education: Lower technical/secondary  -0.1575 0.0956 QBOIQ -0.6802 0.2986 0.0230
education: None/Primary : -0.4810 0.2141 0.0249 -1.9440 6023 <0.0001
education: Vocational ! -0.2772 0.1164 0.0175  -1.3545 ®257 <0.0001

The location sub-model models the average EQ5D score fdt mduin perfect health. The age was
not significant on the effect of EQ5D score. If not in perfeealth (EQ5D score lower than 1), adults
who had experienced serious disease and adults who hadypama vocational level of education had
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significantly lower EQ5D scores (Table 4.7).

Figure 4.5 shows the fitted location sub-model. For adults @stperienced serious disease their health
scores remain below the average fitted in all ages. For adtlitvigh education the EQ5D scores
remained high in all ages, while for those with primary ediacalevel, their health scores were below
the average in all ages. The confidence intervals are widgrunger age and in older ages.
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Figure 4.5:EQ5D predictions by illnessy, education and 95% confidenisgval in location sub-model.

The alpha sub-model (Table 4.8) models the probability #ddait are in perfect health (EQ5D=1). It
is noteworthy that all the main effects in the alpha sub-rhadge significant. For an additional year
in age and for adults who had experienced serious diseasesdies or with a member in family, the
probability to be in perfect health was significantly lower.

Table 4.8:Parameter estimates and standard error for the alpha suldehbased on third order logit
polynomial.

Parameter Estimates Std. error p-value
modelling the probability at one

Intercept 2.4458 0.2755 <0.0001
age -0.0296 0.0066 <0.0001
llinessy: Yes -1.1501 0.2193 <0.0001
llinessf: Yes -0.4965 0.1600 0.0020

Figure 4.6 below show the fitted alpha sub-model. Differandeealth scores is noted between adults
who experienced serious disease and those who experieegedssdisease with a member in family.
In both categories, there is a decrease in the probabilibeto perfect health with a steep decrease for
those who experienced with serious disease themselvesortidence interval is narrow at earlier age
and wider in older ages.
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Figure 4.6:EQ5D predictions by ilinessy, illnessf and 95% confidenteryal in alpha sub-model.

Modeling beta regression in VAS

We considered beta regression and fitted different possiblgels based on the extended polynomials
and fractional polynomials. The results for their compamisin terms of AIC and likelihood ratio test
are presented in Tables C.7 and C.8 (see appendix C.4). fbestseractions indicated the need for
interactions and/or dispersion sub-model was significaatlimodels. Only test for constant dispersion
without any interaction in covariates was not significandlinoolynomials and fractional polynomials.
Therefore, first order polynomial model was selected an@dbas the likelihood ratio the inclusion
of variable dispersion model and interactions in covasiatere supported. Predictions based on best
models under each link function are shown in Figure C.4, wih-linear regression that could be con-
sidered using cubic splines, which resulted to a good fiteaidia.

Polynomials model was the best in terms of AIC. The first onoieliynomial model with logit link
function was taken as a final model for ease of interpretatibhe non-significant parameters were
systematically eliminated from the model by backward d&dac The parameter estimates with the cor-
responding standard errors and significance tests for therfiadel are summarized in Table 4.9.

Table 4.9:Parameter estimates and standard error for the mean ancedsspn sub-model based on first
order logit polynomial.

Parameter " Estimates Std. error  p-value’ Estimates Std. ermo  p-value

. location sub-model dispersion sub-model
Intercept 1.8890 0.1002 <0.0001, 1.9474 0.0664 <0.0001
age -0.0061 0.0024 0.0109 - - -

normalday: No because sick -0.8998 0.1549<0.0001' 0.0164 0.2732 0.9521
normalday: No because otherreason  -0.0173 0.0835 0.8359.316D 0.1129 0.0050
animal: Yes ' 0.1488 0.0679 0.0283 0.0192 0.0979 0.8443

|
|
|
llinessy: Yes 1 -0.6631 0.0918 <0.0001: -0.1498 0.1371 0.2744
|
|

The location sub-model models the average VAS scores fdt aduin perfect health. It is notewor-
thy that all the main effects in the location sub-model wagmificant. If not in perfect health, with
additional years of age and adults who had experiencedusedisease and not having a normal day
because of being sick had significantly lower VAS scores. détuits having a one or more domestic
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animals, VAS score increases (Table 4.9).
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Figure 4.7:VAS predictions by illnessy, normalday and 95% confidertegval in location sub-model.

Figure 4.7 shows the fitted location sub-model. A differemchealth scores is noted between adults
who reported experience of serious disease and those wbdedmot normal day because of being sick
with the corresponding categories for each level, wherg trealth scores remain below the average
fitted with a slight decrease. Narrow confidence intervalsevadserved in all ages.

To investigate whether the results may have been affectesvgre bias in the ML estimator, the re-
sulting coefficients estimates and standard errors ofdwascted and bootstrap method based on 2000
samples were performed as shown in Table C.9 (see apperiXI@e obtained estimates were similar
to the proposed estimates in the model, meaning that, thefisseall values ot to move observations
away from the boundary points did not appreciable affechipater estimates.

3. Elderly group
From section 4.1, visual inspection of the distributiond=6)5D scores in elderly category, the plot
clearly suggest that one inflated beta distribution may beitalse model to be applied for this age

group.

Modeling one inflated beta regression in EQ5D

We considered one-inflated beta regression and fitted diftggossible models based on the extended
polynomials and fractional polynomials. The results fagitlcomparisons in terms of AIC and likeli-
hood ratio test are presented in Tables C.10 and C.11 (seedipC.5). Tests for interactions indicated
the need for interactions and/or dispersion sub-model vgasfisant in all models. Therefore, the first
order polynomial model was selected and based on the ld@dilratio the inclusion of the variable
dispersion model and interactions in covariates were stggoPredictions based on best models under
each link function are shown in Figure C.5, with non-lineegnession that could be considered using
cubic splines, which resulted to a good fit to the data.
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However, polynomials model was the best in terms of AIC. Trst Grder polynomial model with logit
link function was taken as a final model for ease of interpi@ta The non-significant parameters were
systematically eliminated from the model by backward delec The parameter estimates with the
corresponding standard errors and significance testsddirtal model are summarized in Table 4.10.

Table 4.10:Parameter estimates and standard error for the mean andedsspn sub-model based on
first order logit polynomial.
Parameter Estimates Std. error p-value: Estimates Std. erro  p-value

. location sub-model dispersion sub-model
Intercept : 2.8949 0.4374 <0.0001, 8.7438 1.0057 <0.0001
age , -0.0362 0.0060 <0.0001' -0.1074 0.0144 <0.0001

llinessy: Yes: -0.2535 0.0905 0.00%5 -0.4528 0.2219 0.0424
Ex-smoker |,  0.3976 0.2003 0.0483 1.8655 0.3544<0.0001
Non-smoker'  0.6185 0.1975 0.0020 2.3029 0.3712<0.0001

The location sub-model models the average EQ5D scores @@rlglnot in perfect health. It is
remarkable that all the main effects in the location sub-eh@gere significant. If not in perfect health,
with additional years of age and elderly who had experierssztbus disease had significantly lower
EQ5SD scores. For elderly who had a history of smoking (they ¢pait smoking) and for those not
smoking, EQ5D is higher than for actively smoking elderlglfle 4.10).

Figure 4.8 below shows the fitted location sub-model. Fos¢tedderly who experienced serious disease
their health scores remain below the average fitted in all.ag&der confidence intervals were observed
from the age of 85 onwards.
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Figure 4.8:EQ5D predictions by illnessy, smoke status and 95% prexfictonfidence interval in loca-
tion sub-model.

The alpha sub-model (Table 4.11) models the probabilityelterly are in perfect health. Age, illnessy
and education level were all significant. The probabilityotin perfect health decreases significantly
with age. For those who had experienced serious diseasedmaficantly lower probability to have an
EQS5SD score of 1. The level of education had an impact on thiegindity to have an EQ5D score of 1.
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Table 4.11:Parameter estimates and standard error for the alpha sublehbased on first order logit
polynomial.

Parameter Estimates Std. error p-value
modelling the probability at one

Intercept 6.7817 1.4068 <0.0001
age -0.0836 0.0195 <0.0001
llinessy: Yes -0.8100 0.3117 0.0099
education: higher technical/secondary -0.9266 0.3889 1800
education: Lower technical/secondary -1.2209 0.4322 5100
education: None/Primary -1.4716 0.4549 0.0014
education: Vocational -1.3578 0.5876 0.0217

Figure 4.9 below show the fitted alpha sub-model. Differandeealth scores is noted between elderly
who experienced serious disease. There is a decrease irottabpity to be in perfect health and from
age 90 onwards, no difference was observed. For those whaighdr (not) university or postgrad-
uate level of education, remain above the average fitted avgleneral the decrease on probability to
be in perfect health. Wider confidence intervals were oleskemr ages below 90 with slightly narrow
confidence intervals from age of 90 onwards.
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Figure 4.9:EQ5D predictions by illnessy, education and 95% predictonfidence interval in alpha
sub-model.

Modeling beta regression in VAS

We considered beta regression and fitted different possiblgels based on the extended polynomials
and fractional polynomials. The results for their compamisin terms of AIC and likelihood ratio test
are presented in Tables C.12 and C.13 (see appendix C.&%.fdemteractions indicated the need for
interactions and/or dispersion sub-model was significgaatlimodels. Only test for constant dispersion
without any interaction in covariates was not significanalinpolynomials and fractional polynomials
degree one and two. Therefore, second order polynomial a@deselected and based on the likelihood
ratio the inclusion of variable dispersion model and int&oas in covariates were supported. Predic-
tions based on best models under each link function are sholkigure C.6, with non-linear regression
that could be considered using cubic splines. Fractionghpmial model was the best in terms of AIC,
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but for the ease interpretation, the second order polynamoael with logit link function was taken as

a final model. The non-significant parameters were systeaiptieliminated from the model by back-
ward selection. The parameter estimates with the correbpgrstandard errors and significance tests
for the final model are summarized in Table 4.12.

Table 4.12:Parameter estimates and standard error for the mean andedsspn sub-model based on
second order logit polynomial.

Parameter " Estimates Std. error  p-value’ Estimates Std. ermo p-value

. location sub-model dispersion sub-model
Intercept : 3.4891 0.4667 <0.0001, 2.4302 0.8181 0.0030
age . -0.0265 0.0064 <0.0001' -0.0127 0.0115 0.2683
llinessy: Yes : -0.3950 0.1227 0.00]'r3 0.3450 0.2357 0.1433

education: higher technical/secondary  -0.2503 0.1714 4431 1.0068 0.2875 0.0005
education: Lowertechnical/seconda:ry -0.2103 0.2364 3737 -0.1451 0.3159 0.6459

education: None/Primary | -0.6172 0.2162 0.0d43 0.2893 am33 0.3947
education: Vocational ' -0.6916 0.2207 0.0017 0.9803 0.44180.0265

The location sub-model (Table 4.12) models the average \@®esfor elderly not in perfect health.
The age was significant on the effect of VAS score. If not infearhealth (VAS score lower than
1), the effect of age had significantly lower VAS scores foergvadditional year. For elderly who had
experienced serious disease, and elderly with primary aodtional level of education had significantly
lower VAS scores.

Figure 4.10 shows the fitted location sub-model. A diffeeent health scores is noted between el-
derly who reported experience of serious disease beforee VRS scores remain below and it is
decreasing in both levels. For those who reported primangatibn level, the VAS scores remain below
the

average fitted model when compared with other levels. Théidmmce intervals are wider from 70
years onwards.
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Figure 4.10:VAS predictions by illnessy, education and 95% confiderteevial in location sub-model.
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To investigate whether the results may have been affectesbgre bias in the ML estimator, the re-
sulting coefficients estimates and standard errors ofdnascted and bootstrap method based on 2000
samples were performed as reported in Table C.14 (see apper). The obtained estimates were
similar to the proposed estimates in the model, meaninghleaise of small values efto move obser-
vations away from the boundary points did not appreciabdecaparameter estimates.

4.3 Results for the sample of households

The data applied in this section come from the sample of Hmlde of HRQoL. To figure out the most
important covariates, variable selection based on RF) laisd elastic net were applied to select a subset
of relevant covariates in model construction. Therefoge, 8MI rescaled, gender, normalday, province
and profession were selected as the most important vafiabbeth EQ5D and VAS outcomes (output
not shown).

4.3.1 Beta GLMM

To allow for subject-specific inference a random effects etaehs considered and the results for the
EQS5D and VAS scores are shown in Table 4.13 below. The ageigmaicant on the effect of EQ5D
and VAS score respectively. If not in perfect health, the@fbf age had significantly lower EQ5D and
VAS scores for every additional year. The random intercephiintercept for each household. Thus, the
variance of the random intercept is a measure of how muchdhbsdiolds vary in their health scores.
Therefore, the variance estimate of random intercept waoapnately zero in EQ5D, meaning that no
variability was observed in EQ5D response. For the VAS rasppthe variability of random intercept
is significant.

Table 4.13 Parameter estimates of beta GLMM in the sample of housefm&Q5D and VAS outcome.

Parameter | Beta GLMM - EQ5D Beta GLMM - VAS
| Estimates  Std. error  p-value  Estimates Std. error  p-value

location sub-model | |

Intercept ' 2.8486 0.0840 <0.0001' 2.4517 0.0658 <0.0001
Age : -0.0090 0.0026 0.0005 -0.0137 0.0016 <0.0001
Female [ 0.0721 0.0885 0.4160 -0.0454 0.0514 0.3773
dispersion sub-modell :

Yo | 1.8292 0.0919 <0.0001: 2.2390 0.0926 <0.0001

Y1 : -0.0067 0.0029 0.0217 0.0089 0.0028 0.0014
Y2 | 0.0786 0.1019 0.4409 -0.2018 0.0893 0.0245
0% ' 0.000000027 0.0000087 0.9975 0.3142 0.0424<0.0001
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4.3.2 Joint Beta GLMM

The results from the joint models of the two response vagmbising the NLMIXED procedure were
estimated and summarized in Table 4.14. Significant diffleze were observed for the age of the
participants in the households (p-vatu@0001) but not for the gender of the participant. The random
effects for the two outcomes were also significantly posliiassociated. The estimate of the correlation
between the random effects is far from one (0.79), with a kiyielation between the health scores of
both outcomes. Estimates were found to be very close to fhasesingle analysis per outcome but the
joint model yields with precision and allows for quantifgithe association between outcomes.

Table 4.14:Parameter estimates of multivariate beta GLMM in the sampleouseholds.

Parameter Description Estimates Std. error  p-value
location sub-model in EQ5D

510 Intercept 2.8609 0.0841 <0.0001
B11 Age -0.0092 0.0026 0.0004
B2 Female 0.0643 0.0881 0.4656
dispersion sub-model in EQ5D

Y10 Intercept 1.8367 0.0917 <0.0001
Y11 Age -0.0064 0.0029 0.0277
Y12 Female 0.0770 0.1016 0.4488
location sub-model in VAS

B20 Intercept 2.4507 0.0658 <0.0001
B21 Age -0.0136 0.0016 <0.0001
B0 Female -0.0488 0.0513 0.3418
dispersion sub-model in VAS

Y20 Intercept 2.2350 0.0923 <0.0001
Vo1 Age 0.0092 0.0028 0.0010
Y22 Female -0.2004 0.0891 0.0252
o? Random intercept (EQ5D) 0.0036 0.1865 0.9847
o3 Random intercept (VAS) 0.1124 0.0315 0.0004
P Correlation between random effects 0.7947 0.0412<0.0001
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Chapter 5

Discussion

Health related quality of life still remains a public heattbncern in the population and resources for the
provision of health care are scarce. So, choices have to de afzout how they are allocated. In this
study, the interest was to determine and explain the quafiilije in the general population in Flanders.
Statistical models were applied on two datasets, motivatguhrt by the design of the study. In this
analysis more than one outcome was of interest resultiogaistimple of individuals with categories of
all age (child, adult and elderly) groups and sample of hioolsis. Specifically EQSD and VAS scores
were considered in both datasets. Therefore, this sectasepts the discussion of the results divided
according to the datasets used in the analysis.

For sample of individuals, the objective of this study wastalyze with different approaches to see
which covariates would be considered more important wigipeet to either of both HRQoL outcome
in different groups of categories and to model those coiesito describe the relationship with the
outcome of interest.

The regression tree is conditional on the first split, andag bertain problem of being unstable. If
we have to observe another sample in a population, it coud halifferent split. That is why the RF
was used to provide the important variables. First, in th&texd of RFs, we fitted an unpruned tree.
Recall that pruning is the important aspect of the regressiee methodology. The second notable
difference is that for each node only a subset of the varsadnie considered as potential predictors, that
is, instead of determining the best split among all potéptiadictors, a random sample of these vari-
ables are considered as potential splitting variables. ilvgmy advantage of drawing a random subset
of potential predictor variables at each node is that itrefie natural approach to handling collinearity
in the data. The results from lasso are generally more atcarad some parameters will be shrunk
towards zero, allowing for better interpretation of the mlo@hd identification of those covariates most
strongly associated with the outcome. But lasso has prabieith correlated data. So, the elastic net
extends the lasso and uses the second penalty. If they asdated, both covariates are going to the
same point. Based on selection method one of the variableseotaselected as important variable using
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the four methods, but based on the literature it was deciol@tttude it in the model and was found to
be important in some groups.

The distribution of health indices is commonly non-normeXhibiting skewness to the left and a
boundary at one. This study examined the applicability ¢flbegression and one-inflated beta regres-
sion to address the relationship between significant ctexiatics and both responses. Results showed
that the best parametric model, according to AIC, was a mwtyal model with the inclusion of inter-
actions and dispersion. Also, by modeling dispersion imgeof covariates, beta regression provided
information about the shape of the distribution, somethial is not available in other methods. The
logit was the selected link function, and according to Hosamel Lemeshow (2000), is usually the pa-
rameter of interest due to its ease of interpretation.

In the child group, the covariates: age, whether a child hadranal day or not and whether a child
had experienced serious disease before were related thahgein HRQoL for EQ5D and VAS. Also,

in this group, age and whether a child had experienced sedisease before were related to the change
in dispersion: The results suggest that age is associatb@wincreased variation of the HRQoL index
scores. Girls’ HRQoL scores are declining more than theesctor boys. A similar result was given
by Michel et al. (2009), who reported that girls showed a munafound decrease in HRQoL with
increasing age. And from age 12, female adolescents are iorsevposition than male adolescents
regarding subjective health and HRQoL.

For the adult group, the covariates: age, for those who haé 0o primary education and vocational
education level, and whether the person had experiencénlisatisease before were related to the
change in HRQoL for EQ5D and VAS. Having one or more domestimal was mostly related with
the change in VAS score. Levine et al. (2013) studied the meiecship and systemic hypertension,
and found the association between pet ownership and lowedlgressure, and they studied also pet
ownership and physical activity, where they found that inpets, dogs are more likely to positively
influence the level of human physical activity.

In the elderly group, the covariates: age, smoke behavimurthose who had none or primary
education and vocational education level, and whether kpdreenced serious disease before were
related to the change in HRQoL for EQ5D and VAS. Also, age, @hdther the person had experi-
enced serious disease before were related to the changspersion: The results suggest that age and
whether the person had experienced serious disease befagsdciated with an increased variation of
the HRQoL index scores. Lima et al. (2009) studied the heealdted quality of life among the elderly
from the age of 60 years or more, where HRQoL was found to besv@mong women, in individuals
at advanced ages, those who practiced evangelical retigiod those with lower levels of income and
schooling.

30



CHAPTER 5. DISCUSSION

At the sample of households, the main research questiorsiarialysis was to investigate if the HRQoL
measures are clustered in households. In this report, weiiegd the potential of beta regression
methods in the analysis of clustered HRQoL data. Beta GLMMlie separated response and joint
beta GLMM for both responses simultaneously, were fittedguadaptive Gaussian quadrature for nu-
merical approximations in order to draw inference at thgestitspecific level. With a subject-specific
approach, the responses were modeled as a function of ate@and parameters for the mean sub-
model and precision sub-model, specific to a subject, pnogithterpretation of fixed-effect parameters
conditional on a constant level of random-effects paramdtiee use of the adaptive Gaussian quadra-
ture points assisted in ensuring more stable results inA%NE_MIXED procedure. This model is very
simple in some sense and more things can be done (e.g. addidgm-effects for the dispersion), but
of course there is a computational issue on it, and inteapogt will then become more difficult.

It was observed in both methods that the health scores dmciggnificantly with increasing age.
Individuals from the same household had EQ5D health scomrs similar to each other than to any
other person from a random household. There was an associatween the linear predictors of the
EQ5D and VAS index responses.
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Chapter 6

Conclusion

In this study, different approaches were applied to as$eshealth related quality of life in Flanders
and possible factors influencing it. These methods showedhle covariates age, gender, experience
with serious disease before, if they filled in the diary on amal day and number of persons in the
household in child group; age, experience with seriousadisédefore, experience with serious disease
in family, education level, if they filled in the diary on a meal day and if the family has one or more
domestic animals in adult group; age, experience with geritisease before, smoke behaviour and
education level in elderly group were considered the masdiptive among those considered in study
and were thus worthy of further investigation. Statistianhlysis showed that age, experience with
serious disease before, experience with serious disedamily, if they filled in the diary on a normal
day, education level, if the family one or more domestic algnsmoke behaviour and gender were
statistically significant characteristics of the partaips related to their HRQoL experience. It was
found that individuals from the same household had EQ5Dtiheabres more similar to each other than
to any person from a random household. This was not the caeefyAS index. Significant association
between the health scores of EQ5D and VAS was present.

Limitations and recommendations

The findings of this report are constrained by some limitegiconcerning the definition of the variables
used. It was not possible to specify the type of domestic ahdaring the data collection. This could
help understanding if different types of domestic animaisld influence HRQoL of the individuals
studied.

Finally, it should be mentioned that this report did not exdtad the statistical methods for the analysis
of health related quality of life in Flanders, and other noelh could be also considered as well. For
instance, it was observed in this dataset that there is sgstemsatic frequency of digits in both re-
sponses. Therefore, digit preference approach could lbsipla to apply to this dataset. Furthermore,
methods allowing for negative EQ-5D values could be usethatthe whole range of possible EQ-5D
values can be considered.
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Appendix A

Descriptive statistics

A.1 Socio-demographic characteristics of the sample of indidu-

als

Table A.1:Socio-demographic characteristics of the sample of inldials in HRQoOL.

Population level Variables (Child, Adult and Elderly shared variables) : n=3117

Variable " Levels % Type Remark
Gender . Female . 52.2D categorigal Gender of respondent
' Male ! 47.80! !
. Child [0-12] . 28.42, . Age category of a person, of diaries
Agecat /Age' Adult [13-60] I 59.93 categorical also distirghés the 3 types
| Elderly [61 and older] | 11.65 :
Age : Observed : 100.00|) continuogs Age in years
. Missing | - |
BMI :Observed : 0.28: continuouls Body Mass Index
. Missing | 0.72, |
: Antwerpen : 27.11 :
i Oost-Vlaanderen | 21.69 |
: West-Vlaanderen : l7.6'|5 :
Province . Vlaams-Brabant | 14.31 categorigal Provinces
' Limburg I 13.73! !
: Brussels Hoofdstedelijk Gewes{; 4.91 :
' Missing ' 0.61 !
. Yes . 63.23, . Has the family one
Animal : No : 36.12: categorica:l or more domestic animals
. Missing . 0.64, |
' Yes I 73.02! !
Normalday : No because other reason : 23L97 Catego'rical Nalayal
I No because sick ! 2.18 !
: Missing : 0.83: :
12 I 81.55! !
Parents : 1 : 15.72 categoric'al Number of parents in a family
! Missing I 273 !
. No . 81.91, . Experience with serious disease
illnessy : Yes : 12.93I categorica?l with yourself
. Missing . 5.17, |
' No I 48.48! I Experience with serious disease
illnessf : Yes : 43.79: categorica'll with member of your family
! Missing 773! !

39
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Table A.2:Socio-demographic characteristics of the sample of inldials in HRQoL (cont.).
Population level Variables (Child, Adult and Elderly shared variables): n=3117

Variable _Levels L Type Remark
. No 48.48, . Experience with serious disease

illnessf Yes 43.79 categorical with member of your family

Missing 7.73: :

0 0.19! !

1 3.14, :

2 10.841 !

3 17.71, :

4 |

15.17 Categorical Number of persons
4.20, (ordinal) | inthe household
0.67 :

|
0.10| I
0.03! |
|
|

P O 00N

0.03,
11.84

Child level additionél variables: n=886
higher (not-)university/postgraduaje  64.45

1

|
|
|
|
|
|
|
|
|
1 36.061
|
|
|
|
|
|
:
|
I Missing !

|
|
|
|
|
|
|
|
|
I
Peoplehouseholqj 5
|
|
|
|
|
|
|
|

| |
I higher technical/secondary I 19.64 !
mumEducation : Vocational : 9.0,13 categoriq'al Education level
: lower technical/secondary : 4.18 : for a childs mother
. None/Primary | 1.471 |
I Missing 1 1.24 !
Adults and elderly shared variables: n=2231
. higher (not-)university/postgraduaje  43.12 |
I higher technical/secondary I 25.28 !
Education : lower technical/secondary : 10.:71 categorical uchktion level
I Vocational I 9.95 !
| None/Primary | 9.14 :
I Missing 11791 |
. Non-smoker | 61.50 :
Smokestatus 1 Ex-smoker I 20.80 categorical Smoke behaviour
| Smoker | 16.27, :
i Missing 1 1.43) |
' No | 76.47 :
WorkedinHCare 1 Yes 1 21.69 categorical work(ed) in healtle cactor?
| Missing | 1.84! !
i No 1 66.92, i Experience with serious disease
illnessc : Yes : 8.47: categoricalil because you cared for someone
i Missing | 24.61, |
| White collar job | 49.89 :
i Other 1 22.81, |
Profession : Blue collar job : 14.97 categoridlal Respondantgpsion
. Self-employed | 9.32 |
! Missing I 3.00! !
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Table A.3:Socio-demographic characteristics of the sample in HRQ@olot)).
Elderly level additional variables: n=363

Variable Levels A Type Remark
. No , 90.63, |
Working ' Yes I 5.23! categorical Elderly work status
: Missing : 4.13: :
I acouple of times a week!  52.07 '
Freql : a couple of timesamonfh 24.79 categorﬂcal Frequesecglsildren
: a couple of times a year : 6.8:9 :
, once ayear or less | 2.20 |
! Missing ' 14.05 !
. acouple oftimes aweek, 33.06 |
Freq2 : a couple of timesamomlh 25.€|52 categorilcal Frequeregmandchildren
, acouple oftimesayear, 16.80 |
: once a year or less : 3.8:6 :
. Missing , 20.66, |
' rarely or never I 36.09 !
Freq3 : weekly : 22.3]+I categoricél Frequency drinking alcohol
I daily 1 20.94! !
' monthly ' 15.70, :
I Missing I 4.96! !
Response variables
VAS . Observed . 0.9 continuous Outcome measures by VAS
! Missing ' 0.04' !
EQ5D |, Observed . 0.98 continuoys Outcome measures by CledrqQiD
I Missing ' 0.02! !

A.2 Boxplot at individual and household sample
1. Child category
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Figure A.1:Boxplots for HRQoL by gender and illnesst.
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Figure A.2:Boxplots for HRQoL by illnessy and normal day categories.
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Figure A.3:Boxplots for HRQoL by illnessy and normal day categories.
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Figure A.4:Boxplots for HRQoL by animal and profession categories.
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Figure A.5:Boxplots for HRQoL by illnessy and normal day categories.
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Figure A.6:Boxplots for HRQoL by animal and smoke status categories.

4. Household sample
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Figure A.7:Boxplots for HRQoL by illnessy categories.
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A.2. BOXPLOT AT INDIVIDUAL AND HOUSEHOLD SAMPLE

APPENDIX A. DESCRIPTIVE STATISTICS

normal day

Other reason -

No because sick

Yes —foomoo

0®O ®O @O

04 08

EQ5D

Other reason —@ o |>-

No because sick

Yes

normal day
1.0
:I:h 0.8
a
: 8 06
Qo
|> i|:|{ 0.4
00 O@Oof - 4

T T rr I
02 06 1.0

VAS

domestic animal

i ) o

[ o

8 8

o o

° 8

o o
e
8

o o

- e °

o

o

8 °
o

) o

T T

Yes No

domestic animal

104 — —
' '
n 0.6 e -
<>( o o
o
04 - 8
o
o
0.2 A
o
g °
T T
Yes No

Figure A.8:Boxplots for HRQoL by normal day and animal categories.
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Figure A.9:Boxplots for HRQoL by profession and smoke status categjorie
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Figure A.10:Boxplots for HRQoL by BMI and province categories.
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Appendix B

Variable selection

B.1 Variable selection plots for individual sample

Regression Tree plot for EQ5D in child group Random Forest plot for EQ5D in child group
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Figure B.1:Regression tree (left) and Random forest (right) for the B@bchild group.
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Figure B.2:Regression tree (left) and Random forest (right) for the WA&ild group.
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B.1. VARIABLE SELECTION PLOTS FOR INDIVIDUAL SAMPLE APPENIX B. VARIABLE SELECTION
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Figure B.3:Lasso estimates (left) and elastic net estimates (righthi® EQ5D in child group.
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Figure B.4:Lasso estimates (left) and elastic net estimates (righthi® VAS in child group.
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APPENDIX B. VARIABLE SELECTION B.1. VARIABLE SELECTION PLOS FOR INDIVIDUAL SAMPLE

Random Forest plot for EQ5D in adult group
Regression Tree plot for EQ5D in adult group
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Figure B.5:Regression tree (left) and Random forest (right) for the B@badult group.
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Figure B.6:Regression tree (left) and Random forest (right) for the WA&iult group.

47



B.1. VARIABLE SELECTION PLOTS FOR INDIVIDUAL SAMPLE

APPENIX B

. VARIABLE SELECTION
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Figure B.7:Lasso estimates (left) and elastic net estimates (righthi® EQ5D in adult group.
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Figure B.8:Lasso estimates (left) and elastic net estimates (riginthi® VAS in adult group.
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APPENDIX B. VARIABLE SELECTION B.1. VARIABLE SELECTION PLOS FOR INDIVIDUAL SAMPLE

Random Forest plot for EQ5D in elderly group

Regression Tree plot for EQ5D in elderly group
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Figure B.9:Regression tree (left) and Random forest (right) for the BQbelderly group.

Regression Tree plot for VAS in elderly group Random Forest plot for VAS in elderly group
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Figure B.10:Regression tree (left) and Random forest (right) for the WA&derly group.
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B.1. VARIABLE SELECTION PLOTS FOR INDIVIDUAL SAMPLE

APPENIX B. VARIABLE SELECTION
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Figure B.11:Lasso estimates (left) and elastic net estimates (rightthi® EQ5D in elderly group.
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Figure B.12:Lasso estimates (left) and elastic net estimates (righthi® VAS in elderly group.
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Appendix C

Statistical analysis
C.1 One inflated beta regression in EQ5D-child group

Table C.1:Model comparison based on AIC and Likelihood Ratio Test&@BD polynomial models.

Polynomial Model Modelwith  Model with AIC Comparison LRT )
Order interactions  Dispersion logit probit  cloglog onlogtlink (p-value)
1 Yes Variable -204.353 -216.776 -209.312 lvs.2 <0.0001
1 2 Yes Fixed 279.555 280.044 281.544 1vs.3 <0.0001
3 No Variable 124532 122.968 115.484 3vs. 4 <0.0001
4 No Fixed 224.022  224.237 225.329 2vs. 4 0.0004
5 Yes Variable -253.301 -259.903 -257.392 5vs. 6 <0.0001
2 6 Yes Fixed 241.347 241.745 242.869 5vs. 7 <0.0001
7 No Variable 112.582 112.250 111.746 7vs. 8 <0.0001
8 No Fixed 222.196  222.234 222.893 6vs. 8 0.0001
9 Yes Variable -305.180 -305.014 -305.935 9vs. 10 <0.0001
3 10 Yes Fixed 249.508 249.800 230.425 9vs. 11 <0.0001
11 No Variable 96.313 95.992 95.008 11vs. 12 <0.0001
12 No Fixed 224507 224633 225.670 10vs. 12 <0.0001

Table C.2:Model comparison based on AIC and Likelihood Ratio TestE€Q%D fractional polynomial

models.
Fractional Power Modelwith  Model with AIC Comparison LRT )
polyn. degree (u,¢,«) interactions Dispersion logit probit cloglog onlogitlink (p-value)
-0.5; Yes Variable -204.184 -209.005 -206.852 lvs.2 <0.0001
1 0.5; Yes Fixed 256.751 257.256 258.836 lvs. 3 <0.0001
0 No Variable 117.300 116.860 116.206 3vs. 4 <0.0001
No Fixed 222.845 222.722 222.889 2vs. 4 0.0001
1,2; Yes Variable -269.775 -269.240 -259.485 5vs. 6 <0.0001
2 -2,-1; Yes Fixed 245,727 245.857 246.371 5vs. 7 <0.0001
-2,-2 No Variable 94.323 93.759 92.818 7vs. 8 <0.0001
No Fixed 221.317 221.233 221.706 6vs. 8 0.0004
-2,-2,2; Yes Variable -301.092 -309.822 -281.606 9vs. 10 <0.0001
3 3,3,3; Yes Fixed 229.404 230.019 231.345 9vs. 11 <0.0001
-2,-2,-2 No Variable 53.251 53.607 54.475 11vs. 12 <0.0001
No Fixed 226.334 226.158 226.196 10vs. 12 0.0001
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C.2. ONE INFLATED BETA REGRESSION IN VAS -CHILD GROUP

APPENBC. STATISTICAL ANALYSIS

(a) Polynomials

(b) Fractional polynomials

(c) Cubic splines
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Figure C.1:Representation of the best fits for the polynomial, fra@ligolynomial and cubic splines
under different link functions in EQ5D child response.

C.2 One inflated beta regression in VAS -child group

Table C.3:Model comparison based on AIC and Likelihood Ratio Test¥A8 polynomial models.

Polynomial Model Modelwith  Model with AlC Comparison LRT )
Order interactions  Dispersion logit probit  cloglog onlogtlink (p-value)
1 Yes Variable -551.067 -558.935 -555.378 lvs.2 <0.0001
1 2 Yes Fixed -182.991 -182.711 -179.914 lvs.3 <0.0001
3 No Variable -297.192 -297.606 -297.961 3vs.4 <0.0001
4 No Fixed -226.236 -226.339 -226.271 2vs. 4 0.0423
5 Yes Variable -656.367 -653.013 -666.119 5vs. 6 <0.0001
2 6 Yes Fixed -159.008 -158.531 -156.135 5vs. 7 <0.0001
7 No Variable -292.286 -292.812 -292.937 7vs.8 <0.0001
8 No Fixed -219.400 -219.585 -219.300 6vs.8 0.0055
9 Yes Variable -614.791 -616.701 -656.193 9vs. 10 <0.0001
3 10 Yes Fixed -152.317 -151.565 -151.230 9vs. 11 <0.0001
11 No Variable -281.614 -282.925 -283.367 11vs. 12 <0.0001
12 No Fixed -211.831 -211.946 -211.739 10vs. 12 0.0014

Table C.4:Model comparison based on AIC and Likelihood Ratio Test¥Af8 fractional polynomial

models.
Fractional Power Model with  Model with AIC Comparison LRT )
polyn. degree (u,®,«) interactions Dispersion logit probit cloglog onlogitlink (p-value)
1 3; Yes Variable -496.414 -485.227 -484.965 lvs.2 <0.0001
1, Yes Fixed -181.406 -181.043 -177.712 1vs.3 <0.0001
2 No Variable -297.253 -297.681 -298.069 3vs. 4 <0.0001
No Fixed -226.168 -226.287 -226.247 2vs. 4 0.0534
2 -2,-2; Yes Variable -472.686 -454.751 -442.101 5vs. 6 <0.0001
-2,-0.5; Yes Fixed -183.097 -182.232 -179.242 5vs. 7 <0.0001
-2,-2 No Variable -295.894 -296.290 -296.776 7vs.8 <0.0001
No Fixed -228.311 -228.363 -228.365 6vs. 8 0.1930
3 -1,-1,-1; Yes Variable -396.462 -426.178 -401.852 9vs. 10 <0.0001
-2,0.5,3; Yes Fixed -202.855 -201.740 -198.878 9vs. 11 <0.0001
-2,-2,3 No Variable -290.278 -290.640 -291.108 11vs. 12 <0.0001
No Fixed -224.559 -224.580 -224.572 10vs. 12 0.0075
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APPENDIX C. STATISTICAL ANALYSIS

C.3. ONE INFLATED BETA RERESSION IN EQ5D-ADULT GROUP

(a) Polynomials

(b) Fractional Polynomials

(c) Cubic splines
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Figure C.2:Representation of the best fits for the polynomial, fracligolynomial and cubic splines
under different link functions in VAS child response.

C.3 One inflated beta regression in EQ5D-adult group

Table C.5:Model comparison based on AIC and Likelihood Ratio Test&@BD polynomial models.

Polynomial Model Model with  Model with AlC Comparison LRT )
Order interactions  Dispersion logit probit  cloglog onlogtlink (p-value)

1 Yes Variable 101.606 102.636 103.632 lvs.2 <0.0001

1 2 Yes Fixed 750.398 752.429 759.981 lvs.3 <0.0001
3 No Variable 561.241 561.525 563.174 3vs.4 <0.0001
4 No Fixed 667.580 667.889 669.690 2vs. 4 0.0206
5 Yes Variable -114.436 -103.295 -96.961 5vs. 6 <0.0001

2 6 Yes Fixed 756.480 759.276 770.118 5vs. 7 <0.0001
7 No Variable 548.966 549.431 553.110 7vs.8 <0.0001
8 No Fixed 660.829 661.309 665.088 6vs.8 0.0071
9 Yes Variable -309.756 -293.786 -292.178 9vs. 10 <0.0001

3 10 Yes Fixed 765.365 767.771 779.110 9vs. 11 <0.0001
11 No Variable 548.024 548.420 552.306 11vs. 12 <0.0001
12 No Fixed 660.334 660.807 664.947 10vs. 12 0.0015

Table C.6:Model comparison based on AIC and Likelihood Ratio TestE€%D fractional polynomial

models.
Fractional Power Model with  Model with AIC Comparison LRT )
polyn. degree (u,¢,«) interactions Dispersion logit probit  cloglog onlogitlink (p-value)
-2; Yes Variable 93.541 94.657 96.020 lvs.2 <0.0001
1 -1; Yes Fixed 733.338 735.060 742.197 1vs.3 <0.0001
-2 No Variable 545.047 545.224 548.416 3vs. 4 <0.0001
No Fixed 654.022 654.195 657.442 2vs. 4 0.0127
0.5,0.5; Yes Variable -92.022 -89.126 -99.322 5vs. 6 <0.0001
2 3,3; Yes Fixed 731.248 733.185 742.026 5vs. 7 <0.0001
-2,-2 No Variable 542.267 542.489 545.834 7vs.8 <0.0001
No Fixed 656.071 656.330 659.832 6vs. 8 0.0003
-2,-2,-2; Yes Variable 143.606 144.796 150.503 9vs. 10 <0.0001
3 -2,-2,-2; Yes Fixed 729.876 732.250 741.135 9vs. 11 <0.0001
-2,-2,-2 No Variable 525.884 526.157 529.438 11vs. 12 <0.0001
No Fixed 658.498 658.744 662.070 10vs. 12 0.0084
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C.4. BETA REGRESSION IN VAS-ADULT GROUP
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(a) Polynomials

(b) Fractional Polynomials

(c) Cubic splines
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Figure C.3:Representation of the best fits for the polynomial, fra@ligolynomial and cubic splines
under different link functions in EQ5D adult response.

C.4 Betaregression in VAS-adult group

Table C.7:Model comparison based on AIC and Likelihood Ratio Test¥A8 polynomial models.

Polynomial Model Model with  Model with AlC Comparison LRT )
Order interactions  Dispersion logit probit cloglog onlogilink (p-value)
1 Yes Variable -1568.875 -1568.843 -1568.817 lvs.2 <0.0001
1 2 Yes Fixed -1509.919 -1509.608 -1509.243 lvs.3 <0.0001
3 No Variable -1557.017 -1557.044 -1557.060 3vs.4 <0.0001
4 No Fixed -1523.665 -1524.109 -1524.683 2vs. 4 0.1576
5 Yes Variable -1562.164 -1561.602 -1560.899 5vs. 6 <0.0001
2 6 Yes Fixed -1510.131 -1509.228 -1508.052 5vs. 7 <0.0001
7 No Variable -1557.184 -1557.153 -1557.093 7vs.8 <0.0001
8 No Fixed -1526.965 -1527.388 -1527.892 6vs.8 0.1081
9 Yes Variable -1557.240 -1556.787 -1556.261 9vs. 10 <0.0001
3 10 Yes Fixed -1507.962 -1506.980 -1505.614 9vs. 11 <0.0001
11 No Variable -1561.688 -1561.654 -1561.589 11vs. 12 <0.0001
12 No Fixed -1532.428 -1532.614 -1532.785 10vs. 12 0.1689

Table C.8:Model comparison based on AIC and Likelihood Ratio Test¥Af8 fractional polynomial

models.
Fractional Power Model with  Model with AIC Comparison LRT )
polyn. degree (u,®,«) interactions Dispersion logit probit cloglog onlogitlink (p-value)
2; Yes Variable -1570.802 -1570.683 -1570.548 lvs.2 <0.0001
1 -1 Yes Fixed -1509.270 -1508.869 -1508.370 lvs.3 <0.0001
No Variable -1563.454 -1563.432 -1563.383 3vs.4 <0.0001
No Fixed -1522.325 -1522.720 -1523.234 2vs. 4 0.1368
-2,-2; Yes Variable -1569.608 -1569.648 -1569.888 5vs. 6 <0.0001
2 -2,-2 Yes Fixed -1511.948 -1511.373 -1510.534 5vs. 7 <0.0001
No Variable -1561.051 -1561.057 -1561.034 7vs.8 <0.0001
No Fixed -1532.694 -1532.979 -1533.270 6vs. 8 0.2189
3,3,3; Yes Variable -1566.794 -1566.320 -1565.739 9vs. 10 <0.0001
3 3,3,3 Yes Fixed -1512.056 -1510.882 -1509.247 9vs. 11 <0.0001
No Variable -1565.789 -1565.712 -1565.592 11vs. 12 <0.0001
No Fixed -1533.234 -1533.403 -1533.548 10vs. 12 0.0958
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Figure C.4:Representation of the best fits for the polynomial, fracligolynomial and cubic splines
under different link functions in VAS adult response.

Table C.9:Comparison of parameter estimates and standard error (ireptoeses) for the ML, BC and
Bootstrap for the mean and dispersion sub-model.

Parameter ML BC Bootstrap
location sub-model

Intercept 1.8890(0.1002) 1.8876(0.1005) 1.8898(0.1488)
age -0.0061(0.0024) -0.0061(0.0024) -0.0061(0.0033)
llinessy: Yes -0.6631(0.0918) -0.6640(0.0926) -0.6589400)
normalday: No because sick -0.8998(0.1549) -0.9035()1600.8926(0.1580)
normalday: No because otherreason -0.0173(0.0835) -D(013B39) -0.0099(0.0871)
animal: Yes 0.1488(0.0679) 0.1481(0.0682) 0.1432(0.p667
dispersion sub-model

Intercept 1.9474(0.0664) 1.9414(0.0663) 1.9593(0.1497)
age - - -
illnessyYes -0.1498(0.1371) -0.1654(0.1369) -0.1037(R9)
normalday: No because sick 0.0164(0.2732) -0.0612(0)R721.1091(0.3760)
normalday: No because otherreason -0.3167(0.1129) -P(B2329) -0.3028(0.1901)
animal: Yes 0.0192(0.0979) 0.0164(0.0978) 0.0208(0.1722

C.5 Oneinflated beta regression in EQ5D-elderly group

Table C.10:Model comparison based on AIC and Likelihood Ratio Test&@5D polynomial models.

Polynomial Model Modelwith  Model with AIC Comparison LRT )
Order interactions  Dispersion logit probit cloglog onlogtlink (p-value)
1 Yes Variable -1307.559 -1279.689 -1219.025 lvs.2 <0.0001

1 2 Yes Fixed 317.147 319.019 347.389 1vs.3 <0.0001

3 No Variable 158.899 159.394 200.249 3vs. 4 <0.0001

4 No Fixed 277.446 278.437 287.442 2vs. 4 <0.0001

5 Yes Variable -1130.107 -1125.714 -1088.820 5vs. 6 <0.0001

2 6 Yes Fixed 258.953 263.947 284.545 5vs. 7 <0.0001

7 No Variable 100.983 134.755 136.715 7vs.8 <0.0001

8 No Fixed 253.676 253.839 258.272 6vs.8 <0.0001

9 Yes Variable -1113.729 -1135.950 -1164.404 9vs. 10 <0.0001

3 10 Yes Fixed 248.946 254.645 280.151 9vs. 11 <0.0001

11 No Variable 102.855 136.697 138.369 11vs. 12 <0.0001

12 No Fixed 255.305 255.457 259.033 10vs. 12 <0.0001
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Table C.11:Model comparison based on AIC and Likelihood Ratio Test&f5D fractional polyno-
mial models.

Fractional Power Model with  Model with AIC Comparison LRT )
polyn. degree (u,®,«) interactions Dispersion logit probit cloglog onlogitlink (p-value)
3; Yes Variable -1324.183 -1333.472 -1207.094 lvs.2 <0.0001
1 3; Yes Fixed 302.771 305.773 336.669 lvs.3 <0.0001
3 No Variable 142.025 143.043 185.201 3vs.4 <0.0001
No Fixed 263.320 263.597 271.314 2vs.4 <0.0001
1,3; Yes Variable -1005.826 -1053.163 -902.204 5vs. 6 <0.0001
2 0.5,3; Yes Fixed 253.342 257.119 294.496 5vs. 7 <0.0001
3,3 No Variable 134.136 134.619 136.522 7vs. 8 <0.0001
No Fixed 253.112 253.271 257.229 6vs.8 <0.0001
-2,3,3; Yes Variable -1118.572 -1093.178 -1060.770 9vs. 10 <0.0001
3 -2,3,3; Yes Fixed 273.855 277.898 310.089 9vs. 11 <0.0001
-2,3,3 No Variable 107.521 138.732 140.155 11vs. 12 <0.0001
No Fixed 257.208 257.380 260.901 10vs. 12 <0.0001
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Figure C.5:Representation of the best fits for the polynomial, fra@ligolynomial and cubic splines
under different link functions in EQ5D response in eldermyugp.

C.6 Betaregressionin VAS-elderly group

Table C.12:Model comparison based on AIC and Likelihood Ratio Test¥#f polynomial models.

Polynomial Model Modelwith  Model with AIC Comparison LRT )
Order interactions  Dispersion logit probit cloglog onlogtlink (p-value)
1 Yes Variable -248.701 -251.196 -248.822 lvs.2 <0.0001
1 2 Yes Fixed -185.987 -188.476 -193.369 1vs.3 <0.0001
3 No Variable -223.859 -224.120 -224.518 3vs. 4 0.0006
4 No Fixed -214.964 -217.607 -221.994 2vs. 4 0.3685
5 Yes Variable -243.945 -265.463 -273.260 5vs. 6 <0.0001
2 6 Yes Fixed -193.672 -196.314 -201.342 5vs. 7 <0.0001
7 No Variable -221.668 -221.841 -222.071 7vs. 8 0.0007
8 No Fixed -213.615 -216.520 -222.030 6vs. 8 0.0761
9 Yes Variable -242.527 -264.429 -271.611 9vs. 10 <0.0001
3 10 Yes Fixed -192.004 -194.678 -199.693 9vs. 11 <0.0001
11 No Variable -220.628 -220.756 -220.743 11vs. 12 0.0007
12 No Fixed -212.806 -215.381 -220.150 10vs. 12 0.0894
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C.6. BETA REGRESSION IN VA-ELDERLY GROUP

Table C.13:Model comparison based on AIC and Likelihood Ratio Test¥#$ fractional polynomial

models.
Fractional Power Modelwith  Model with AIC Comparison LRT )
polyn. degree (u,®,«) interactions Dispersion logit probit  cloglog onlogitlink (p-value)
3; Yes Variable -221.533 -222.818 -296.292 lvs.2 <0.0001
1 -2 Yes Fixed -202.841 -204.998 -209.412 lvs. 3 0.0044
No Variable -224.116 -224.513 -225.301 3vs. 4 0.0006
No Fixed -215.504 -218.328 -223.268 2vs. 4 0.1780
3,3; Yes Variable -374.723 -368.902 -346.357 5vs. 6 <0.0001
2 3,3 Yes Fixed -177.955 -181.836 -187.385 5vs. 7 <0.0001
No Variable -222.208 -222.260 -222.124 7vs. 8 0.0005
No Fixed -213.514 -216.393 -221.912 6vs. 8 0.0719
3,3,3; Yes Variable -320.766 -290.399 -281.196 9vs. 10 <0.0001
3 -2,-2,-2 Yes Fixed -195.626 -199.093 -204.156 9vs. 11 <0.0001
No Variable -224.561 -224.352 -223.351 11vs. 12 0.0002
No Fixed -213.331 -215.871 -220.437 10vs. 12 0.0303
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Figure C.6:Representation of the best fits for the polynomial, fracligolynomial and cubic splines
under different link functions in VAS response in eldertyugr.

Table C.14:Comparison of parameters estimates and standard errorffeML, BC and Bootstrap for

the mean and dispersion sub-model.

Parameter ML BC Bootstrap

location sub-model Estimates Std. error Estimates Stdr erEstimates  Std. error
Intercept 3.4891 0.4667 3.4891 0.4667 3.5019 0.8996
age -0.0265 0.0064 -0.0265 0.0064 -0.0266 0.0789
llinessy: Yes -0.3950 0.1227 -0.3950 0.1227 -0.3968 0.1294
education: higher technical/secondary  -0.2503 0.1714 25dB 0.1714 -0.2552 0.2957
education: Lower technical/secondary  -0.2103 0.2364 1@B2 0.2364 -0.2063 0.2367
education: None/Primary -0.6172 0.2162 -0.6172 0.2162 6242 1.4623
education: Vocational -0.6916 0.2207 -0.6916 0.2207 /P69 0.2296
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