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Abstract

BACKGROUND: The need for country-specific preferences for health states, so-called tariffs, 

has been expressed by the Norheim-committee on behalf of the general Norwegian population. 

The Norwegian valuation study aims to measure such preferences with the EQ-5D instrument, 

using the composite time-trade off (cTTO) method. Previous literature has raised concerns that 

observed clustering of cTTO-values at 1, 0.5, 0, -0.5 and –1 may represent a threat to the data 

quality.   

OBJECTIVE: The aim of this thesis is to explore aspects of data quality related to the cTTO 

method. We assess the number of flags indicating quality issues according to the standard 

quality control criteria issued by the EuroQol Group. We also assess supplementary issues of 

data quality, potentially linked to low engagement in the task, like clustering and time spent on 

the cTTO valuation tasks.  

METHODS: The sample data for this thesis is obtained from the ongoing Norwegian valuation 

study and consists of responses from 421 participants. The number of flags in the dataset was 

analysed using descriptive statistics. To investigate clustering effects, we computed a variable 

indicating the number of cluster values per respondent. Using OLS regression analysis, we 

specified a model with this variable as the dependent variable and demographic variables 

including own health and experience with illness as explanatory variables. In addition, five 

different models were performed with the specific clustering values as the dependent variable. 

Using log OLS regression analysis, we specified a model with time as the dependent variable 

and demographics as explanatory variables. We further explored interviewer effects in 

clustering of TTO values and time spent on the 10 tasks.  

RESULTS: There were 11 (2.6%) flags in total, suggesting good data quality in the sample 

according to the EuroQol Group standard. Students had fewer clustering responses, while 

respondents not born in Norway had more. Respondents not born in Norway had more 

clustering responses at 1 and –1, and had a higher probability of reporting 7-10 clustering 

responses. The results show that for an incremental increase in age, the respondent spent more 

time, the same was found for females and respondents not born in Norway. 



VI 

CONCLUSION: Clustering effects seems to be present in the dataset, although to a lesser extent 

than previous EQ-5D-5L valuation studies. The respondent group not born in Norway appeared 

statistically significant in several of the regression results, predicting more clustering responses. 

This group of respondents also appeared to spend more time finishing the tasks. None of the 

groups investigated spent less time and had more clustering. We take this as an indication that 

none of the demographic groups we investigated used cluster values as short-cuts. 
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1 Introduction 

With increasing health care expenditure, there is a growing concern about allocating limited 

resources in line with the unlimited demand for health care services (Ryan et al., 2001; 

Drummond et al., 2015, p. 3). Health economic evaluations are increasingly used as a tool to 

allocate these scarce health care resources efficiently and equitably (Rudmik & Drummond, 

2013). Health economic evaluation, which often takes the form of cost-utility analyses, are 

based on the estimation of incremental costs per quality-adjusted life year (QALY) gained 

(Drummond et al., 2015, p. 8). QALYs incorporates the health-related quality of life (HRQoL) 

over time. Values are typically derived from general population surveys where respondents are 

asked to value – or give their preferences for – hypothetical health states described by an 

instrument. EuroQols five-dimensional questionnaire, EQ-5D, is by far the most widely applied 

instrument to calculate QALYs (Wisløff et al., 2014).  

The Norheim-committee has expressed the need for a Norwegian tariff on the grounds that 

neighboring countries with similar demographics have developed country-specific tariffs 

(Omsorgsdepartementet, 2014, p. 133). An ongoing valuation study in Norway seeks to derive 

preferences for health states from the general population. The EQ-5D-5L – with five levels 

ranging from no problems to severe problems – is increasingly used for health economic 

evaluations, and is the recommended method of choice by the Norwegian Medicines Agency 

(Statens legemiddelverk, 2018, p. 21). The Norwegian valuation study uses the time-trade off 

(TTO) method to elicit preferences, a method in which respondents are asked to trade time in 

full health to avoid presented health states described by the EQ-5D-5L questionnaire. The TTO 

method has been widely discussed as being a complicated task to complete and it is not without 

methodological problems (van Nooten et al., 2009, p. 550). For instance, it requires a certain 

level of engagement from the respondent, such as concentrating throughout several tasks that 

can be experienced as cognitively challenging. One of the most prominent limitation with 

valuation methods is to separate biased values from true preferences. There are no right or 

wrong answers when it comes to preferences. However, preferences elicited from unengaged 

respondents, who have not used the effort to adequately consider the choice, may be a problem 

for data quality and ultimately for tariffs and priority setting based on them.  
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Due to challenges related to the method, concerns have been raised about the data quality from 

valuation studies (Shah et al., 2014; Hernándes-Alava et al., 2018). These concerns have 

resulted in the implementation of standardized procedures for all newly completed and up-

coming valuation studies, that are designed to promote sufficient data quality. This includes 

four quality control criteria developed by the EuroQol Group. With valuation studies 

increasingly emerging worldwide, promoting good quality of the valuation data is important 

for the legitimacy of all the decisions that will be undertaken on the basis of it. Thus, monitoring 

data quality in the Norwegian valuation study would be of interest for the general population in 

Norway as taxpayers and potential users of health care services. 

This thesis explores quality aspects related to the cTTO method using a sample obtained from 

the Norwegian valuation study. The main objective is to investigate the data quality based on 

the four quality control criteria specified by the EuroQol Group. Further, two possible 

indications of low data quality were explored: overuse of the cluster values and time spent on 

the tasks. A relative overuse of cluster values could indicate that respondents do not spend the 

cognitive effort to achieve a precise trade-off. If this is the case, we expect that the same group 

of respondents will spend less time on the total 10 cTTO tasks. By investigating these aspects, 

we aim to get a perception of the data quality in the sample. The data is analysed with the use 

of statistical methods, including descriptive analyses and linear- and logistic regression models. 

Investigating the data quality is important for the legitimacy of the EQ-5D-5L tariff in Norway. 

The results could give an indication of whether version 2.1 of the EQ-PVT (EuroQol Portable 

Valuation Technology) protocol produce good data quality, which could give beneficial 

information for future research including valuation studies. 
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2 Background 

2.1 Health economic evaluation 

The use of economic evaluations in health care has increased considerably over the last twenty 

years (Drummond et al., 2015, p. 11). Two important factors have contributed to this growth. 

First, the increasing pressure on health care budgets has led to a greater focus on not only 

assessing clinical effectiveness, but also cost-effectiveness of health care programmes. 

Secondly, results from economic evaluations have greater influence in decision-making 

including funding- and reimbursement decisions (Drummond et al., 2015, p. 11). Economic 

evaluation has primarily been used in analyses of pharmaceuticals. However, it is increasingly 

applied to evaluate other health technologies such as devices and clinical interventions. These 

refer to different ways in which resources can be used to increase population health and are 

henceforth referred to as “alternatives” and “interventions”. 

The intention of applying economic evaluation in health care is primarily to inform decision-

makers prior to the many unavoidable decisions that need to be made. The main inputs to any 

economic evaluation are evidence for the effects and costs of different alternatives, which are 

often based on results from clinical evaluation (Drummond et al., 2015, p. 1). Due to scarce 

resources – people, facilities, equipment, knowledge, and time – decisions need to be made 

about the best way to use them. Since it is impossible to produce all desired outputs, economic 

evaluation seeks to identify, measure, value, and compare both the costs and consequences of 

alternatives under consideration. This is important for several reasons. First, it can be difficult 

to identify all relevant alternatives without performing a systematic analysis. Therefore, an 

important contribution of economic evaluation is to minimize the chances of important 

alternatives not being considered, and to ensure that a new intervention is being compared to 

alternatives that are cost-effective (Drummond et al., 2015, p. 2). Second, economic evaluation 

allows for different perspectives to be included such as patient perspective, institutional 

perspective, or societal perspective which may give different results. For instance, an 

intervention may look attractive from one perspective and unattractive from another perspective 

(Drummond et al., 2015, p. 2).    

Health economic evaluation is often used under circumstances where decisions are made on 

behalf of others, such as when the health outcome accrue to some, while some or all of the costs 
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are borne by others. Health economic evaluation can be defined as the comparison of 

interventions in terms of both their costs and consequences (Drummond et al., 2015, p. 4).  

2.2 Different types of evaluations 

Health economic evaluation largely takes three forms: cost-benefit analysis (CBA), cost-

effectiveness analysis (CEA) and cost-utility analysis (CUA). The methods differ from each 

other in terms of the information included and the questions they are suitable for answering. 

Therefore, it is often situational what type of analysis methodology is used (Bringedal et al., 

2009, p. 10). 

2.2.1 Cost-benefit analysis (CBA) 

In CBA both costs and effects are valued in monetary terms. The health outcomes, such as life-

years and quality of life gained, are converted into monetary values that enables interpretation 

alongside costs (Drummond et al., 2015, p. 10). CBA results are either reported as a ratio of 

costs to benefit, or as a simple sum that represents the net benefit of one intervention over 

another (Drummond et al., 2015, p. 10). This type of analysis has been widely used in economic 

evaluations outside the health care sector, such as in education and transportation.  

2.2.2 Cost-effectiveness analysis (CEA) 

In CEA costs are related to a single, common effect that may differ between the alternative 

interventions (Drummond et al., 2015, p. 5). The costs are valued in monetary terms, while the 

health outcomes are measured in its natural units such as life-years gained, improved 

functionality, avoided cancer cases, or increased cancer cases detected due to screening 

(Bringedal et al., 2009, p. 14). The differential costs and health outcomes related to an 

intervention may be used to calculate the incremental cost-effectiveness ratio (ICER) 

(Neumann et al., 2017, p. 80). Another method is to state the result in terms of effects per unit 

of costs, for example life-years gained per unit of costs (Drummond et al., 2015, p. 5).  

CEA is designated to offer guidance regarding how to make decisions that maximizes the 

desired outcomes given a financial constraint (Neumann et al., 2017, p. 39). This is often the 

case with decision makers within health care, who operate with a given budget and a limited 

range of alternatives. An important limitation of CEA is that the specific nature of the effects 
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of alternatives being measured can make it difficult to evaluate the opportunity costs, or benefits 

forgone, in other treatments covered by the same budget (Drummond et al., 2015, p. 7). The 

benefits gained from introducing a new treatment have to be compared with the benefits lost 

from any existing treatment that will be displaced, to make an informed decision. To do this, a 

generic measure of benefit that is relevant to all the alternative interventions is required. Hence, 

CEA is better suited to decision making relating to productive rather than allocative efficiency 

(Palmer & Torgerson, 1999, p. 1136). 

2.2.3 Cost-utility analysis (CUA) 

CUA represents the most widely published form of economic evaluation (Drummond et al., 

2015, p. 8). It is often referred to as a variant of cost-effectiveness, where the only difference is 

that CUA uses a generic measure of health outcome. The generic measure is based on health-

indexes most often measured in QALYs, i.e. the unit of measurement (Bringedal et al., 2009, 

p. 11). QALYs are life-years weighted by their quality (Weinstein et al., 2009, p. 5). The term 

“utility” refers to the societies’ or individuals’ preferences for different health states, which is 

valued on a scale from 0 (dead) to 1 (full health). Negative values represent states valued as 

worse than dead. The total utility for a patient can be calculated by counting the QALYs 

accrued, or by counting the expected QALY difference between the interventions.  

The results in a CUA are often reported in terms of the cost per QALY gained, or cost per 

healthy life-year gained, by adopting one intervention over another (Drummond et al., 2015, p. 

8). An advantage with this is that it allows for comparisons of alternatives across different areas 

of health care, and for evaluating the opportunity cost of adopting interventions (Drummond et 

al., 2015, p. 8). Hence, CUA is better suited to decision making relating to allocative efficiency 

rather than CEA (Palmer & Torgerson, 1999, p. 1136). 

2.3 QALYs for use in health economic evaluation 

Health economic evaluation using the QALY as a measure of effect is often referred to as a 

CUA, because QALY is a generic measure of health outcome that can be widely applied across 

health programmes or interventions (Drummond et al., 2015, p. 8). The QALY is the most 

widely used outcome measure in this type of analysis, although other generic measures have 

been suggested (Briggs et al., 2006, p. 4). Based on the assumption that health care interventions 
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impact both length of life and health-related quality of life (HRQoL), the QALYs assess these 

two aspects of outcome as a single generic measure (Briggs et al., 2006, p. 4). By doing so, it 

is possible to compare health gain between, for example, different medical interventions, 

pharmaceuticals, or treatment programmes. The effect would be the difference in QALYs 

between the intervention and some other baseline.  

2.3.1 Patient-reported outcome measures (PROMs) 

The term “quality of life” gives associations to a broad spectrum of dimensions, of which health 

is only one. In situations where the aim is to measure improvements in health, the term can be 

refined to health-related quality of life (HRQoL) (Omsorgsdepartementet, 2014, p. 133). The 

terms health status, HRQoL and PROMs are often used interchangeably by researchers and 

other users when referring to instruments that assess health from the patient or user perspective. 

PROMs is now a widely used term which reflects the main objective of measurement for such 

instruments, that is to assess outcomes. Hundreds of PROMs exist that have been developed to 

measure HRQoL and health outcomes, including both generic and disease-specific PROMs 

(Garratt et al. 2002; Garratt et al. 2014). Generic instruments assess a wide range of quality of 

life dimensions that, in theory, can be influenced by any disease (Drummond et al., 2015, p. 

126). They are designed to be applicable across health problems and conditions and assess 

aspects of health that have general importance (Devlin et al., 2018, p. 8). An important 

advantage is that they make it possible to compare expected health gain with expected health 

loss elsewhere (Drummond et al., 2015, p. 31). The EQ-5D is the most used measure worldwide 

for this purpose, although several others exist including the SF-36, SF-6D, Health Utilities 

Index (HUI) and 15D.  

Specific instruments, on the other hand, measure HRQoL for specific health problems (for 

example, asthma), domains (for example, physical function) or populations (for example, 

children), which are not always mutually exclusive (for example, the Pediatric Asthma Quality 

of Life Questionnaire especially developed for children with asthma). The EORTC-8D 

(Lorgelly et al., 2017) for cancer and the “Asthma Quality of Life Questionnaire” (Puhan et al., 

2008) for asthma are two examples of widely used disease-specific instruments. These are 

convenient if the aim is to measure the efficacy of a treatment for a specific condition or disease 

(Drummond et al., 2015, p. 126). However, such instruments are rarely used in economic 
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evaluations as they do not measure utilities, and therefore comparison across patient groups is 

difficult.  

2.3.2 EuroQol EQ-5D 

EQ-5D is the most used multi-attribute utility (MAU) instrument internationally. It is a 

standardized generic instrument developed by the EuroQol Group to describe and value 

HRQoL. The EuroQol Group formed in 1987 and through local experimentation, shared 

development and discussion, the EQ-5D instrument was devised and generates single utility-

weights for different health states (EuroQol Group, 2020). The group aimed at developing a 

“common core” of basic information that all researchers could collect in a standardized way 

(Devlin & Brooks, 2017, p. 128). A main benefit with such an instrument is to assist decision 

makers in health care in their resource allocation decisions by providing evidence on cost-

effectiveness of alternative interventions. 

EQ-5D is supported by two organizations; the EuroQol Research Foundation and the EuroQol 

Group Association. The latter consist of more than 100 members, based on an international 

network of multidisciplinary researchers worldwide. This is a substantial expansion from the 

original 14 members in 1987 (Devlin & Brooks, 2017, p. 128). The EuroQol Research 

Foundation exists to serve the interests of the public by supporting, implementing, and carrying 

out scientific research. Their main focus has been to develop instruments that describe and value 

health within a not-for-profit model. Monitoring the use of EQ-5D worldwide and promoting 

the interests of the EuroQol Group Association is the main aim of the Foundation (EuroQol 

Group, 2020).  

Today, EQ-5D represents a group of instruments that is used to describe and value health states. 

It is widely used and has been translated into the most major languages. Three versions of the 

instrument are available – EQ-5D-3L, EQ-5D-5L, and EQ-5D-Y – and measure the following 

five dimensions of health; mobility, self-care, usual activities, pain/discomfort and 

anxiety/depression. EQ-5D, with its three versions, is the most widely used MAU instrument 

for measuring HRQoL (Wisløff et al., 2014).  
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2.3.3 EQ-5D-3L 

First introduced in the early 1990s by the EuroQol Group, the 3L version of the EQ-5D 

comprised five dimensions of health with three levels of severity. The EQ-5D-3L questionnaire 

consists of two pages (Figure 1): the EQ-5D descriptive system and the EQ Visual Analogue 

Scale (EQ VAS) (EuroQol Group, 2017, 3L). The three levels of severity for each of the five 

health dimensions are the following: no problems, some problems, and unable/extreme 

problems. The respondent fills out the questionnaire by ticking the severity-levels for each 

dimension that best describes their health today. On completion, this gives the respondent a 

five-digit number that represents their health state. For example, 11111 represents the best 

possible health state and 33333 represents the worst possible health state. Together, these five 

dimensions can describe 243 (35) unique health states. Several population tariffs have been 

generated to attach a value to each of the possible health states that reflects how good or bad 

each health state is according to the general population (Ramos-Goñi, 2018, p. 8). 

The EQ VAS measures the respondent’s self-rated health state on a vertical scale, where the 

endpoints are labelled with “best imaginable health state” = 100 on top and “Worst imaginable 

health state” = 0 on the bottom (EuroQol Group, 2017, 3L). EQ VAS is used to assess the 

respondent’s judgment of own health as a quantitative measure of health outcome (EuroQol 

Group, 2017, 3L). 

Figure 1: EQ-5D-3L (sample of UK version). (EuroQol Group) 
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2.3.4 EQ-5D-5L 

Even though EQ-5D-3L has been widely used over the past two decades, several deficiencies 

have been noted, including ceiling effects due to the simple level structure (Ramos-Goñi, 2018, 

p. 8). In 2009, the EuroQol Group introduced a new version of the instrument – the EQ-5D-5L

– to reduce ceiling effects and improve the sensitivity from the three-level version (EuroQol

Group, 2017, 5L). Similar to the previous version, the EQ-5D-5L questionnaire consists of the

same two pages and the same five dimensions of health (Figure 2) (EuroQol Group, 2017, 5L).

However, the number of severity levels has increased from three to five (no problems, slight

problems, moderate problems, severe problems, and unable/extreme problems). In addition, a

change was made for the most severe level in the mobility dimension, where “confined to bed”

was replaced with “unable to walk around”. This change was made with the aim of increasing

the sensitivity of the mobility dimension and to enhance its applicability (EuroQol Group, 2017,

5L). The EQ-5D-5L descriptive system describes 3125 (55) unique health states (Oppe et al.,

2014), where 11111 represents the best and 55555 represents the worst possible health state.

For the EQ VAS task, the instructions were simplified, by making it easier to complete and 

easier to score (EuroQol Group, 2017, 5L). EQ-5D-5L is available in over 130 languages (Oppe 

et al., 2014). 

Figure 2. EQ-5D-5L (sample of UK version). (EuroQol Group) 
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2.3.5 EQ-5D-Y 

The youth version of EQ-5D was introduced in 2009 as a more child-friendly version of the 

EQ-5D-3L, meant for children aged 8 to 15 years old. It consists of two pages; first the EQ-5D 

descriptive system and then the EQ VAS (Figure 3) (EuroQol Group, 2017, Y). The EQ-5D-Y 

version is child friendly in the way the instrument is formed, and the main difference between 

the EQ-5D-3L and EQ-5D-Y is the wording of the five dimensions. The EQ VAS instructions 

were simplified to enhance completion and scoring. The EQ-5D-Y version is available in more 

than 40 languages (EuroQol Group, 2017, Y).  

Figure 3. EQ-5D-Y (sample of UK version). (EuroQol Group) 

2.3.6 EQ-5D in Norway 

The Norwegian Medicines Agency recommend the use of EQ-5D in Norway to enable 

comparisons of alternative medicines (Statens legemiddelverk, 2018, p. 21). In such 

evaluations, quality of life values should be based on preferences from the general population, 

or what are widely referred to as a tariff, value set or scoring algorithm. Since there is no 

Norwegian tariff, the recommendation in Norway is to use the British tariff in such assessments 

until a more relevant and applicable one exists (Statens legemiddelverk, 2018, p. 22). The 
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Norheim-committee highlighted the need for a Norwegian tariff on the grounds that most of the 

cost-effectiveness studies that are being presented to Norwegian decision-makers are based on 

the EQ-5D instrument (Omsorgsdepartementet, 2014, p. 133). They argue that even if the 

differences between countries with similar cultures are small, tariffs have been developed in 

the neighboring countries Sweden, Finland, and Denmark. It is therefore considered appropriate 

to develop a preference-based tariff for Norway as well, since the general public in Norway are 

taxpayers and potential users of health care services.  

2.3.7 Estimation of QALYs 

The QALY provides a generic measure of the utility of health outcomes, as it is designed to be 

applicable for any health condition (Devlin et al., 2018, p. 8). This type of measurement is 

desirable for several reasons. First, it allows for comparisons of health outcomes from 

alternatives that affect different aspects of health. Secondly, it provides consistency regarding 

how other decisions relevant to other patient groups, are made. Further, it makes it possible to 

compare health gain with health expected to be lost elsewhere (Drummond et al., 2015, p. 78). 

The QALY is defined by the utility instrument and represents preferences for time lived in 

different health states. HRQoL represents one dimension of the utility measure, which is 

HRQoL multiplied with time. This way, the QALY seeks to capture changes in HRQoL over 

time (Whitehead & Ali, 2010, p. 7). The utilities should be based on preferences for different 

health states so that the preferable health states receive higher values and the less preferable 

health states receive lower values (Whitehead & Ali, 2010, p. 6). HRQoL is measured on a 

scale from 0 (dead) to 1 (full health). Negative values are accounted for and represent health 

states valued as worse than dead (WTD). Using the scale, changes in health are of the same 

magnitude irrespective of which part of the scale it is on. For example, a change in health from 

0.2 to 0.4 is equivalent to a change from 0.6 to 0.8. 

QALYs are most commonly based on preferences from the general public, who are asked to 

imagine themselves living in different health states and respond to standardized questions 

designed to reveal their preferences for different health aspects (Devlin et al., 2018, p. 9). This 

approach is recommended by NICE (the National Institute for Health and Care Excellence) in 

England, the Norwegian Medicines Agency in Norway, and similar organisations in other 

countries for the use of EQ-5D-5L data in decision-making (Devlin et al., 2018, p. 9). Whose 
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preferences should be used has been widely discussed but in practice those of the general public 

are by far the most commonly used (Devlin et al., 2018, p. 9). 

2.4 Methods for estimating values for health states 

Before generating new tariffs, the health states of interest need to be defined, differentiated, and 

assigned a value to each of them. There are different methods for assigning values to health 

states, and the primarily distinction is between methods that map preferences onto the utility 

scale indirectly via a questionnaire – such as EQ-5D, SF-6D, HUI and 15D – and those that do 

it directly – such as TTO, VAS, SG and DCE (Arnold et al., 2009, p. 1). Values are elicited for 

a sub-set of health states and modelling techniques are used to produce a tariff.  

2.4.1 Generic instruments 

HRQoL can be assessed using generic instruments, such as the EQ-5D, SF-6D, HUI and 15D. 

These are the most commonly used questionnaires where the responses are converted into 

utilities. The methods differ in terms of which health dimensions are included and the number 

of levels defined for each dimension. EQ-5D, SF-6D, HUI and 15D contain five, six, eight and 

fifteen dimensions, respectively. The corresponding levels of severity, or response levels, are 

three to five for the EQ-5D, four to six for the SF-6D, five to six for the HUI, and five for the 

15D. Health states are defined by selecting one level from each dimension. The EQ-5D 

questionnaire tends to be the most used method in CUA studies and is the recommended method 

of choice by NICE (NICE, 2019). The SF-6D is a six-dimensional health state classification 

derived from the SF-36 questionnaire, the latter being the most widely used measure for general 

health in clinical and health services research. Using this measure, patients can be classified 

according to the SF-6D instrument which describes 18,000 unique health states. The HUI is a 

health-status classification system, with a scoring system for both single- and multi-attribute 

utility (Horsman et al., 2003). HUI is available in three versions where HUI3 is the most recent 

one. From the HUI3 it is possible to describe 972,000 unique health states (Whitehead & Ali, 

2010, p. 12). The 15D is another widely used self-administered questionnaire to measure 

HRQoL. It can describe over 30 billion different health states, generated from a set of 

preference weights (Heiskanen et al., 2016, p. 194).  
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These generic instruments often apply different valuation methods – Time Trade-Off (TTO), 

Visual Analogue Scale (VAS), Standard Gamble (SG) and Discrete Choice Experiment (DCE) 

– and approaches within them, to elicit preferences for health states described by the instrument.

2.4.2 Time Trade-Off (TTO) 

TTO is the most frequently used method for eliciting HRQoL values and is often the preferred 

one due to practical or theoretical considerations (Arnesen & Trommald, 2005, p. 40). It was 

originally developed as a potentially less complex alternative to SG (Boye et al., 2014, p. 437), 

designed to overcome problems with explaining probabilities to respondents (Brazier et al., 

1999, p. 26). TTO assumes that welfare change associated with a change in health can be 

estimated (Dolan et al., 1996, p. 210) by making a trade-off between the length of life and 

quality of life. Trading time according to how severe a health state is, is a distinguishing feature 

with the TTO task. Respondents are asked the amount of lifetime they would be willing to give 

up in order to avoid a certain health problem (Arnesen & Trommald, 2005, p. 40). This is done 

by presenting the respondents with a series of tasks, each including two hypothetical lives. The 

respondent is then asked to choose between the two lives, often presented such that the choice 

is between a longer life in an impaired health state and a shorter life in full health (see Figure 

5). The amount of time in full health is altered depending on which life the respondent chooses, 

until a point of equivalence is reached (i.e., when the respondent is indifferent between the two 

lives) (Oppe et al., 2016, p. 995). The assumption is that the more severe the presented health 

state is, the more time in full health the respondent is willing to sacrifice to avoid that health 

state. The respondents' preference for each health state is derived by identifying their point of 

equivalence between the two lives – i.e., when they consider the two presented lives to be 

“about the same”. For instance, if a respondent finds that ten years in a particular EQ-5D health 

state is equivalent to six years in full health, the value of that health state is 0.6. The TTO 

method gives the number of years in full health considered equal to a longer period of time in 

the health state under consideration. By doing so, the TTO method combines the relationship 

between the health state, its duration, and its value into one measure (Dolan et al., 1996, p. 211). 

This makes TTO a direct application that is suitable for calculating QALYs.  

2.4.3 Standard Gamble (SG) 
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In the SG, respondents are asked to choose between two alternatives, where one of the options 

involves some risk. Respondents can choose to stay in a given health state or to take a gamble 

of either receiving full health or risking death (Whitehead & Ali, 2010, p. 10). The probability 

of death varies until the respondent is indifferent between staying in the given health state and 

taking the gamble. Patients would for example be likely to accept greater probabilities of death 

the more severe health states they are experiencing. This reflects the risk they are willing to 

take to possibly be cured from it. A downside with the SG method is that it requires the 

interviewers to explain the concept of probabilities to respondents, because most respondents 

are not used to dealing with probabilities of dying.  

2.4.4 Visual Analogue Scale 

The VAS is a form of a rating scale ranging from 0 to 100 on a single line, where the scale uses 

endpoints such as the “worst imaginable health” on the bottom and the “best imaginable health” 

on the top. In the VAS task, respondents are asked to rate health states according to their 

preferences for different health problems. The VAS does not include any explicit trade-off and 

a challenge with the rating scale is that it can be interpreted and used differently by respondents, 

as they may have different perceptions of what is the “best” and “worse” imaginable health. 

2.4.5 Discrete Choice Experiment (DCE) 

A method that is being increasingly used to elicit preferences is the DCE. In DCE tasks, 

respondents are presented with two different health states and are asked to choose which of the 

two they think is better. Unlike the TTO task, there is no reference to the duration of time. Due 

to the relative simplicity of the task, DCE is being increasingly used for estimating HRQoL 

values (Devlin et al., 2018, p. 10), and is often combined with other elicitation methods such as 

the TTO. However, the DCE does not contain any trade-off, and the results are based on 

comparisons of different health states. Therefore, the method requires a high amount of 

comparisons to get a ranking of the health states. Since there is no reference point in the DCE 

task, the respondents do not get the opportunity to give their exact preferences on the presented 

health states except from pointing out the preferred one. This makes it difficult to attach their 

rankings to a scale. Both the VAS and DCE lack the stronger theoretical underpinnings of the 

TTO and SG which are generally preferred by economists in studies designed to elicit values 

(Brazier et al., 1999, p. 34). 
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3 Theory 

3.1 Valuation studies 

Valuation studies are conducted in different countries to assess the populations preferences for 

different health states. These preferences can then be used to assign values to a set of specified 

health states and to inform decision makers. Over the years, many countries have developed 

tariffs for the EQ-5D-3L instrument. The release of the EQ-5D-5L version, means that several 

new valuation studies have been conducted internationally, and many are still ongoing. These 

valuation studies give country-specific tariffs for the 5L questionnaire based on preferences 

from the general public. Even though many countries, and especially neighboring countries, 

have similar cultures and demographics, it is considered desirable to derive tariffs for the 

specific population as preferences for different health states may vary between them.  

3.1.1 EuroQol approach for deriving tariffs 

Today, there are many available standard tariffs for the EQ-5D-5L instrument (EuroQol Group, 

2020, 5L) including Canada, England, Ethiopia, Indonesia, The Netherlands, and Spain. These 

have been conducted using a standardized valuation study protocol (EQ-VT) developed by the 

EuroQol Group. The protocol involves a computer assisted time trade-off (TTO) and discrete 

choice experiment (DCE). The Netherlands and Spain were among the first countries to use the 

EQ-VT protocol to derive tariffs for the 5L instrument (Ramos-Goñi et al., 2017, p. 467). The 

use of EQ-VT across all countries enables a unique opportunity to compare health state 

preferences between countries (Oppe et al., 2014, p. 451). The ongoing valuation study in 

Norway is using the same valuation protocol for deriving a tariff based on the preferences of 

the general Norwegian population. 

3.1.2 Challenges with methods for valuing health states 

There are several challenges relating to the implementation of valuation methods. In general, 

such methods are unfamiliar to most respondents. The use of hypothetical questions raises 

issues related to choosing between alternatives that the respondents may never have considered 

before. For example, it can be quite challenging to imagine living with hypothetical health states 

that they have never experienced. Respondents with a long history of living with a chronic 
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condition, for instance, might find it difficult to imagine living with full health. Alternatively, 

healthy members from the general public might find it difficult to imagine poor health states 

(Brazier et al., 2018, p. 882). Since respondents may find it difficult to familiarize themselves 

with the questions, it can be challenging for them to report reliably. Members of the general 

public are often at an emotional distance from the health state descriptions, as they may lack 

personal experience of the disease and consider the presented health states to be unrealistic 

(Arnold et al., 2009, p. 6). Another important challenge is that respondents may not have well-

defined preferences for different health states prior to the interview, only finding their 

preferences during the interview (Brazier et al., 2007, p. 109). Hence, respondents may be 

unprepared for what is a cognitive complex task (Brazier et al., 2007, p. 110). 

For TTO, VAS, SG and DCE the respondents must imagine different health states in order to 

rate them. This can cause biases and problems with validity, as it can be challenging for the 

respondents to imagine unexperienced health states. For instance, the TTO method requires the 

respondent to trade time in full health to avoid a certain health problem. The VAS makes use 

of a ranking scale, the SG involves dealing with probabilities of death and being cured, while 

the DCE simply asks the respondent to choose the best alternative between two presented health 

states. A challenge with SG specifically is to explain the concept of probabilities to respondents 

(Brazier et al., 1999, p. 26), since the values can be affected by the outcomes used in the task 

and by the way the task is presented to the respondent (Brazier et al., 1999, p. 180). All these 

valuation methods require a certain level of cognitive skills and basic understanding of the 

question design from the respondents.  

3.2 Challenges with the TTO method 

Although TTO hypothetically is convenient for deriving health state valuations, it is not without 

methodological problems as several types of biases has been shown to influence the method 

(van Nooten et al., 2009, p. 550; Shah et al., 2014). For instance, the validity and usability of 

TTO scores raise fundamental problems with the method. There is an ongoing debate about 

separating biases from “true preferences” in the use of TTO tasks, as it cannot be verified 

whether the responses reflect true preferences or poor data quality. Respondents are, for 

instance, willing to trade off different amounts of time to avoid certain health states. The 

reported values will to some extent be influenced by the respondent’s willingness to go through 

some discomfort involving deeper concentration, patience, and emotional struggle. In general, 
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most respondents are capable of responding a value, but the uncertainty of whether that value 

is an expression of true preferences or not constitute to a limitation with the method.  

3.2.1 Trading time 

The TTO task makes the respondent rate different health states by trading time in full health, 

with the amount of time traded off reflecting how severe they consider the health state to be. It 

involves consideration of different aspects of health, life, and death at the same time (Devlin et 

al., 2004, p. 1266). The respondents are required to imagine several unfamiliar health states and 

deal with the complex task of deciding on the amount of time in full health that is equal to a 

given amount of time in an impaired health state, i.e. locating the equivalence point. Imagining 

living in a constant health state for a given time and then die is an unrealistic situation (Brazier 

et al., 2018, p. 882), and some respondents might find it so difficult that they make unreliable 

judgements (Hernández-Alava et al., 2018, p. 31). Trading time to avoid health problems is 

challenging and unfamiliar to most respondents. As members of the society, respondents are 

used to trading money or favors to receive something back but trading time in full health in 

exchange for health improvements is unconventional (Ternent & Tsuchiya, 2013, p. 7). 

Respondents value time differently, for instance, some respondents may have preferences for 

health states with low severity such that they only accept a low reduction in life span to avoid 

those health states (Boye et al., 2014, p. 438). Similarly, respondents who are unwilling to trade 

any time in full health to avoid an impaired health state, so-called non-traders, cause challenges 

with the valuation method. Respondents with low willingness to trade, including non-traders, 

contribute to increased ceiling effects, making the TTO method less effective for valuing health 

states in the upper range of the utility scale (Boye et al., 2014, p. 438). Still, their responses 

might reflect true preferences. 

3.2.2 Quantifying how much better or worse than dead health states are 

In addition, the concept of health states valued as better than dead (BTD) or worse than dead 

(WTD) may appear confusing to respondents, especially with the two different approaches used 

to distinguish between them, the standard TTO and lead-time TTO respectively. Quantifying 

how much worse than dead the health states are, is a challenge related to the lead-time approach 

and has been widely criticized in the TTO procedure (Attema et al., 2013, p. 54). For some 

respondents, consideration of WTD states might be more challenging than conceptualizing how 
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much better than dead health states are (Patrick et al., 1994, p. 10). This is related to the variety 

of values attached to death and the aspect of dying, which may be affected by many factors 

such as previous experiences, religious beliefs and prominent emotions. For instance, strong 

religious beliefs may be a restraint for some respondents such that they avoid using the lead-

time approach or deal with the option of instant death (Purba et al., 2017, p. 1201). This also 

applies for health states valued as “equal to dead”, i.e. when health states are considered to be 

no better or no worse than dead. Respondents might draw upon different factors when 

considering this concept. For instance, while some respondents might include the process of 

dying, others might think of it as simply not existing. It is a challenge that respondents 

emphasize on different things when valuing health states as “equal to dead”.  

3.2.3 Clustering effects 

Clustering of responses related to values 1.00, 0.5, 0, -0.5 and –1 is a common problem with 

the TTO method (Shah et al., 2014), where respondents are drawn to end- or reference points. 

The iterative procedure in the TTO task requires different number of steps in order to reach 

specific values. This implies that respondents using short-cuts only attains a limited number of 

values from the TTO task, so-called cluster values (Stolk et al., 2019, p. 24). The cluster values 

1.00, 0.5, 0 and –0.5 requires fewest steps to attain (see Figure 4) and allow the respondent to 

complete the task with few iterations (Stolk et al., 2019, p. 24). Due to the few iterations it takes 

to attain these values, it is also the values that takes the least time to achieve, making the time 

spent on the task shorter. Clustering at –1, on the other hand, requires many iterative steps and 

thus expand the time spent on the task. However, this value may still be a result of a short-cut 

if the respondent, instead of acknowledging the trade-offs, goes directly to the end-point of the 

scale in the lead-time approach.  

There is little doubt that the routing procedure, or the order in which the respondent receives 

different options, has an impact on the elicited values (Augestad et al., 2016, p. 2189). It may 

be easier for respondents to choose these “round” values if they have an indifference range, are 

unsure about their true preferences or if they want to finish the task quickly. Respondents might 

also provide crude responses if their preferences are not well-defined prior to the interview or 

complete the task half-heartedly (Stolk et al., 2019, p. 27). Further, the starting point of the task, 

or whether the first option was at a low or high value on the scale, has shown to influence 

respondents such that they adjust their responses depending on this point. This is referred to as 
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anchoring bias, and is a potential problem with the TTO method (Augestad et al., 2016, p. 

2189). Respondents might develop response strategies during the interview (Oppe et al., 2016, 

p. 1002) and it is challenging to separate true preferences from “fast” preferences, although

there are no right or wrong answers. Occurrences of cluster values may also vary across

interviewers so that the tendency of respondents using shortcuts can also be a result of

interviewer effects (Stolk et al., 2019, p. 24).

Figure 4: Iterative steps to obtain an equivalence point in the TTO task. The left y-axis represents the 

number of years in full health that is compared with the presented health state. The right y-axis represents 

the value of the health state that is obtained when the equivalence point is reached. The negative part of 

the right y-axis reflects WTD values. The arrows indicate how the number of years is raised or lowered 

depending on whether the respondent selects A (red) or B (blue). The green arrow represents the starting 

point (Stolk et al., 2019, p. 24). 

A high proportion of cluster values is undesirable in valuation studies since the responses are 

used to elicit tariffs for health states in a descriptive system (such as EQ-5D-5L) which should 

be based on real preferences including values from the entire scale. A high distribution of 

responses at cluster values leads to fewer observations of values between them, such as 

responses at –0.7 and 0.3. As many previous EQ-VT studies have proven, a high proportion of 

cluster values is a sign of poorer data quality (Stolk et al., 2019). Clustering was found to be a 
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problem in both the EQ-5D-5L valuation studies for the Dutch and English general populations 

(Versteegh et al., 2016; Devlin et al., 2018). Clustering effects at 1, so-called non-trading 

behavior, tends to be a direct result of trading life years in the TTO task, because for some 

respondents the value of life is close to infinity (Attema et al., 2013, p. 60) and hence they are 

not willing to trade-off anything in order to receive improvements in health. Others may value 

the impact of other aspects of life, such as social esteem and having children, more than the 

presented health problem (Arnesen & Norheim, 2003, p. 83). 

3.2.4 Time aspects 

Time spent on the task might depend on the respondent’s engagement, i.e. how much 

discomfort they are willing to go through. For instance, respondents with low engagement 

might not be willing to spend much time in order to find their true preferences, and thus report 

unprecise values. A general assumption in the TTO task is that the time spent on the different 

parts of the interview should not be too short. Due to the complexity of the task, respondents 

are expected to spend a certain amount of time in order to finish it properly. However, 

respondents have different cognitive prerequisites, meaning that the time spent on the task may 

depend on their cognitive capacity (Yan & Tourangeau, 2008, p. 64). This causes a challenge 

related to the time aspect as it requires the respondents to concentrate throughout a certain time 

period. Time use in itself does not necessarily give an indication of whether there is sufficient 

data quality in the sample. For instance, reliable answers that reflect true preferences can be 

reported regardless of the time spent on the task, and vice versa. 

The issues described above, and which many researchers have discussed, reduces the validity 

of TTO values. Although TTO has many weaknesses no other method is more widely accepted 

or has proven better for the purposes of valuation. It has been used to generate tariffs for the 

EQ-5D instrument in many countries (Devlin et al., 2011, p. 348). However, as the EQ-5D-5L 

questionnaire contains 3125 unique health states (Oppe et al., 2014, p. 445), it is not possible 

to value all of them by the TTO method. Therefore, values are elicited only for a subset of the 

total health states with the rest being estimated through the use of statistical modelling (Attema 

et al., 2013, p. 59). 
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3.3 Data quality and quality control criteria for EQ-5D 

Tariffs for the EQ-5D-5L instrument should be based on good data quality for it to be used in 

policy applications (Hernández-Alava et al., 2018, p. 58). The EuroQol Group has developed 

standardized procedures to use in EQ-5D-5L valuation studies, that seek to ensure minimum 

requirements of data quality. These include training of interviewers, a minimum five practice 

interviews, interviewer instructions, the EuroQol Valuation Technology (EQ-VT) software and 

quality control (QC) procedures.  

3.3.1 EQ-5D-5L Valuation Study in England 

An EQ-5D-5L valuation study was conducted in England in 2012-2013, to produce a tariff for 

the 5L instrument that can support decision-making in the National Health Service (NHS) 

(Devlin et al., 2018, p. 9). The study followed an international research protocol and used the 

EQ-VT software. The interviews were conducted using two preference-based methods to elicit 

preferences from the general public; the TTO and the DCE approach. The published results 

reveal evidence on clustering and interviewer effects. The clustering appeared at key values (0, 

0.5 and 1), indicating that the respondents preferred to trade-off “round” amounts of years (0, 

5 and 10). Interviewer effects were present, as the number of WTD values varied between the 

interviewers and depended on which interviewer the respondents were interviewed by (Devlin 

et al., 2018, p. 16).  

The Policy Research Unit in Economic Evaluation of Health & Care Interventions (EEPRU) 

undertook a review of the methods that England used to produce the EQ-5D-5L tariff, which 

revealed several deficiencies in the TTO data (Hernández-Alava et al., 2018, p. 57). They claim, 

for instance, that many logically inconsistent or misleading valuations were accepted and hence 

included in the analysis, and that this raises issues about whether the respondents were able to 

understand and distinguish between the health states they were presented with (Hernández-

Alava et al., 2018, p. 57). Although many of the data issues in the England study can be related 

to the EQ-VT version 1.0, which has been superseded by two versions, many problems are also 

related to the TTO task itself. For instance, respondents found it difficult to distinguish between 

the ten health states they were asked to value, which is a general problem with methods 

involving separate multiple comparisons of health states with full health. Whether these 
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deficiencies are a consequence of using version 1.0 of the EQ-VT protocol or the TTO 

procedure in general, needs further investigation. 

The data collected in the EQ-5D-5L valuation study in England was found to be of such poor 

quality that NICE recommend not using it in decision-making processes (EuroQol Group, 

2019). England was one of the first countries to develop a 5L tariff, and the methodology of the 

study was the best available at that time. However, the protocol has undergone several 

improvements since then that yields better data quality (EuroQol Group, 2019). In response to 

deficiencies found in the existing 5L valuation study, England is now planning to develop a 

new EQ-5D-5L valuation study. The new study will be supported by NICE and funded and 

managed by the EuroQol Group (EuroQol Group, 2019). 

3.3.2 The EuroQol valuation protocols 

The EuroQol Valuation Technology (EQ-VT) software – often referred to as the EQ-VT 

protocol – is specifically developed for EQ-5D valuation studies that uses computer-assisted 

face-to-face interviews. The protocol includes all components for standardized interviews, 

including instructions and procedures that the interviewers should follow (Oppe et al., 2016, p. 

1000). Since the first version (version 1.0) of the EQ-VT protocol became available in 2012 

(Oppe et al., 2016, p. 1000), it has been used in several EQ-5D-5L valuation studies. Those 

studies indicated that the protocol was reliable, feasible and sensitive to variations in health 

states. However, one problem that particularly emerged with the protocol was the presence of 

interviewer effects (Oppe et al., 2016, p. 1000). This issue was addressed in the second version 

(version 1.1) of the protocol, with the introduction of a quality control tool (QC Tool) based on 

four criteria (Hernández-Alava et al., 2018, p. 18). The QC Tool was implemented to review 

protocol compliance and interview performance throughout the entire data collection (Stolk et 

al., 2019, p. 25). This made it possible to observe potential interviewer effects and make 

adjustments including retraining interviewers, during the data collection. The QC report was 

used to evaluate quality requirements, and whether interviewers met the minimum standards 

(Stolk et al., 2019, p. 25). Interviews were flagged as being of poor quality if any of the four 

QC criteria was met:  

1. The interviewer did not explain the worse than dead (WTD) task in the wheelchair

example;

2. The interviewer spent less than three minutes on the wheelchair example;
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3. There was clear inconsistency in the TTO ratings (health state 55555 not the lowest and

at least 0.5 higher than the state with the lowest value);

4. The 10 TTO tasks were completed in less than 5 minutes.

After the wheelchair example, where the respondent is asked to imagine being in a wheelchair, 

three practice tasks were added in version 1.1. In these practice tasks, the respondent is 

presented with three different health states (mild, severe, and moderate but difficult to imagine) 

defined by the EQ-5D-5L questionnaire and is asked to value them. The purpose is to make the 

respondent more familiar with the TTO task and the varying severity of problems (Stolk et al., 

2019, p. 25). Valuation studies conducted using this version of the protocol, reported a 

significant reduction in interviewer effects, inconsistencies, and clustering (Stolk et al., 2019, 

p. 26).

After several suggestions for improving data issues was presented and tested, version 2.0 of the 

EQ-VT protocol was implemented. This version included a feedback module that shows the 

rank ordering of the ten health states that the respondent valued in the TTO task (Stolk et al., 

2019, p. 26). The best health states – where the respondent traded few years – are shown at the 

top, and the worst health states – where the respondent traded many years – are shown at the 

bottom. The color of the box indicates whether the respondent considered the health state to be 

better (light blue) or worse (dark blue) than dead (Stolk et al., 2019, p. 26). The interviewer and 

the respondent go through the ordering together and the respondent gets an opportunity to 

indicate if any of the boxes are in a wrong ordering. The misplaced box(es) can then be selected 

and marked as being in the wrong ordering. It appears from studies using this version of the 

protocol that the inclusion of the feedback module has reduced the number of inconsistent 

ratings (Stolk et al., 2019, p. 26).  

The newest version of the EQ-VT software, version 2.1, was released to further software 

compatibility with the interviewer instructions. In the wheelchair example, the interviewers are 

supposed to show both the BTD and WTD tasks. Since this often was easy to forget and difficult 

to accomplish in practice, the wheelchair example was expanded (Stolk et al., 2019, p. 27). The 

respondent is now also asked to imagine a health state that is much better and one that is much 

worse than sitting in a wheelchair. By adding these, interviewers are further encouraged to 

include all aspects of the TTO before the main valuation or core the interview. The wheelchair 
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example – now including three examples – asks the respondent to value three wheelchair-

related health states not defined by the EQ-5D-5L questionnaire.  

3.3.3 Quality control of data collection  

The QC Tool included in the EQ-VT protocol, is an essential element in EQ-5D-5L valuation 

studies. The purpose is to ensure interviewer compliance and protocol adherence with indicators 

of how well the interviewers explain the aim and the different elements of the interview tasks, 

to reduce potential interviewer effects (Oppe et al., 2016, p. 997). The tool emphasises on the 

behaviour of the interviewers and includes, for instance, how thoroughly they follow the 

protocol and how much time they invest in each task. In addition, an indicator of how engaged 

the respondents are in the TTO tasks – for example inconsistencies and clustering – is evaluated 

in the QC procedure.  

The QC Tool produces standardized reports which includes figures, tables, and explanations of 

its content (Ramos-Goñi et al., 2017, p. 467). The report can be grouped into the following four 

sections: sample demographic characteristics, assessment of protocol compliance, assessment 

of interviewer effect, and assessment of consistencies in the data. The QC report can be run 

throughout the entire data collection, to monitor performance and adherence. It presents the 

total number of interviews conducted and the number of interviews per interviewer, together 

with figures illustrating protocol compliance per interviewer (Ramos-Goñi et al., 2017, p. 467). 

Information about total duration of the interview and time spent on explaining the examples, 

help assess protocol compliance. If an interview has been completed within a short duration of 

time, it may indicate that the interviewer rushed through the introductions or that the TTO tasks 

were rushed.  

The QC report also gives the number of non-traders (i.e., respondents who value all health states 

at 1.00) per interviewer, clustering values (number of ratings at 1.00, 0.5, 0, -0.5, -1.00), the 

number of negative values (WTD values), and the number of inconsistent values (i.e., when 

respondents value the health state 55555 better than at least one other health state (Ramos-Goñi 

et al., 2017, p. 467). All interviewers are presented in individual figures, with the distribution 

of values between -1.00 and 1.00. Interviewers should have figures with similar distributions 

that meet protocol compliance.  
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To distinguish between compliance and non-compliance, four specific quality criteria are 

evaluated in the QC process. As stated in the EQ-VT protocol, an interview is “flagged” if any 

of the four are not complied with. The QC report shows this as a table with the number of 

flagged interviews per interviewer (Ramos-Goñi et al., 2017, p. 467). Since there are no quality 

control procedures for monitoring DCE valuations, all judgements regarding compliance on 

these values are based on suspicious patterns in the responses (i.e., respondent always choose 

the health state on the right side). However, there seems to be fewer quality issues with DCE 

tasks, as the instructions are easier to follow and the completion of the task itself is less difficult 

compared to TTO (Ramos-Goñi et al., 2017, p. 467). 

3.3.4 Data quality in Norway 

The EQ-5D-5L valuation study in Norway follows the EQ-VT protocol to conduct standardized 

interviews and obtain quality control measures during data collection. Researchers use the QC 

Tool to measure the performance of each interviewer and to discover suspicious responses, such 

as inconsistent values and clustering. This is done frequently to ensure that good quality data is 

collected. This way, the project managers are able to intervene and adjust if any patterns or 

problems with an interviewer are found. The EuroQol Group have been satisfied with QC 

reports from the data collected for Norway.     

Along with the researchers and project-coordinator, the principal investigator has been involved 

in all aspects of data collection including interviews, as part of the interviewer team. Hence, 

those ultimately responsible for the study can influence data collection and monitor progress 

closely. Such involvement also facilitates the process of communicating with interviewers and 

implementation of changes that are designed to improve the QC report and hence data quality.  
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4 Method 

4.1 The Norwegian EQ-5D-5L valuation study 

The EQ-5D-5L valuation study in Norway is led by the Norwegian Institute of Public Health 

(NIPH) and funded by the EuroQol Group and the Research Council of Norway. The use of 

EQ-5D in Norway is recommended by the Norwegian Medicines Agency (Statens 

legemiddelverk, 2018, p. 21). The elicitation of a Norwegian EQ-5D-5L tariff has been 

requested by the Norheim-committee (Omsorgsdepartementet, 2014, p. 133) and has been a 

long-term concern of health-related researchers including health economists working in 

Norway. The purpose of the study is to obtain preferences for the EQ-5D-5L instrument from 

a representative sample of the general Norwegian population, as such preferences are currently 

missing in Norway. It is desirable to obtain country-specific preferences as populations have 

proven to have different preferences for health states.  

The project follows methods recommended by the EuroQol Group based on international 

research. The research design in the study is based on a standardized protocol developed by the 

EuroQol Group, and data collection is carried out using the EQ-PVT (EuroQol Portable 

Valuation Technology) software. Data collection commenced on the 30th October 2019 with 

completion planned in June, 2020, but was postponed in March, 2020 because of the Covid-19 

pandemic.  

4.1.1 “Code of conduct” for the Norwegian valuation study 

The project followed a “code of conduct” developed specifically for the Norwegian study team 

by the EuroQol Group (see appendix A.2). The code of conduct is a contract between the 

principal investigator and the EuroQol Research Foundation that provides guidance on how to 

achieve minimum requirements regarding interviewer training, protocol compliance and data 

quality. Guidance on project responsibilities, planning and implementation, and data analysis 

is also included. The aims are to support the local study team in coordinating research activities, 

ensuring compliance with the interviewer script, and preparing reports to the EuroQol Group. 

In addition, the code of conduct aims to ensure that the EQ-VT study protocol is followed by 

the study team, using the proprietary EQ-VT software application. It also provides support on 

how to achieve good data quality throughout the data collection.  
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The code of conduct requires a minimum of 1000 interviews to be completed throughout the 

data collection, where the respondents are recruited according to a recruitment plan approved 

by the EuroQol Group. The interviewer team should consist of 8 to 14 well-performing 

interviewers, who will conduct between 70 and 130 interviews each to attain high data quality 

and minimize interviewer effects. The training process must follow the EQ-VT training material 

and the interviewer instructions. To assess the performance of the software and the interviewing 

skills of all interviewers, all interviewers are required to complete minimum five test interviews 

with people within their social or work networks. The principal investigator should review data 

from the test interviews using the QC Tool to check interviewer compliance to the interviewer 

instructions and discuss performance with each interviewer. All interviewers must meet a 

minimum standard with sufficient data quality before contributing to actual data collection. In 

the initial phase of the data collection, poorly performing interviewers should be identified and 

advised as necessary. In the worst case, they can be removed from data collection. The process 

for doing this is described in the code of conduct (see appendix A.2) and is based on the four 

quality control criteria. 

The interviewer's performance should be evaluated according to the four criteria using the QC 

Tool, with the number of flags indicating how well they perform. After the first ten interviews, 

interviewers who have four or more interviews flagged are required to go through retraining. If 

an interviewer continues to underperform after retraining and ten new interviews, the 

interviewer is excluded from the interviewer team. This process of monitoring the performance 

and compliance of the interviewers should be repeated weekly throughout the data collection 

depending on the number of new interviews undertaken. The data is also assessed for potential 

problems that arose in previous EQ-VT studies including few WTD responses, clustering at 

certain values, inconsistencies, and low values for mild health states. The study team should 

have data quality review meetings with the EQ-VT support team in the Netherlands at several 

pre-specified timepoints during data collection, to discuss data quality and interviewer 

performance and compliance. 
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4.1.2 Data collection 

4.1.3 Interviewers and interviewer training 

The nine interviewers employed solely for the study were either enrolled in Master’s degree 

programs or had obtained their degree prior to the study. The interviewers had their background 

in various disciplines, including Health Economics, Nursing, Political Science, Psychology, 

Social Work and Sociology. 

The interviewer team consisted of 13 interviewers, including the principal investigator (PI), 

three full-time employees and part-time interviewers. All interviewers participated in a two-day 

training program consisting of: first, an introduction of relevant concepts, such as economic 

evaluation, HRQoL, QALYs and the EQ-5D-5L instrument; second, presentation and 

explanation of the EQ-PVT protocol and interviewer instructions; and third, practice interviews 

with fellow interviewers. Each interviewer conducted ten test interviews to familiarize 

themselves with the interviewer instructions and to identify problems and misunderstandings. 

Another aim with conducting test interviews was to seek interviewers’ feedback on the 

interviewer script, participants’ feedback on the interview, and to test for technical issues with 

EQ-PVT. A QC report was run for the ten test interviews per interviewer based on protocol 

compliance indicators, to evaluate whether the interviewers met the minimum quality 

requirements to contribute to the data collection. If an interviewer had four or more out of ten 

test interviews flagged as being poor quality, the interviewer was required to go through the 

training process again and conduct ten new test interviews with fewer than four flags. If the 

interviewer is not able to meet the requirement, he/she can no longer be part of the interviewer 

team or the project. All interviewers completed the training program successfully and retraining 

was not necessary. There were no issues reported with the EQ-PVT software but minor changes 

were made to improve the Norwegian translation of the interviewer instructions. These were 

discussed with and agreed with the EuroQol Group. 

4.1.4 Sampling procedures 

In the absence of EuroQol guidelines for sampling and recruitment each country must ensure 

that it is done in the most appropriate way based on local conditions. First, the importance of 

representability in Norway at the national level led to decision to have large geographical 

coverage. The health regions were chosen to be the units of coverage because they are large 
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and divide the country into four recognised regions. The total quota was distributed based on 

the number of people residing in each region. One hospital was randomly selected in the north, 

middle and west, while three hospitals were selected in the south-east health region. The latter 

accounts for a little over half of the Norwegian population residing in the south-east. For the 

health regions where only one hospital was selected, the quota was automatically distributed to 

the population in which that hospital is responsible for. For the south-east region, the quota was 

distributed proportionally between the three drawn hospitals based on the population size for 

each hospital. This meant that the hospitals selected for each region coincided with a group of 

counties. 

The process involved randomly selecting a number from one to the total number of citizens 

residing in a region, with the opposite of the south-east where three were randomly selected. 

The probability of selecting a hospital is then proportional to the number of citizens within each 

hospital area. To ensure representability in terms of the population for each region, larger 

hospitals have greater probability of being drawn. There are certain precautions to consider 

when recruiting patients to ensure for their privacy in a vulnerable situation, such as: getting an 

approval from the Norwegian Data Protection Authority, contacting the department manager 

and the patients primary nurse, and transmitting sufficient information.  

At the regional level, representative samples based on age, gender and educational level were 

required. Quota sampling was used to ensure representability. Population information from 

microdata.no gave an overview of the population characteristics for each region. The total 

quota, including the population quota of 1000 persons and an additional quota of 300 persons, 

was allocated to the four health regions according to their population size. The population 

statistics were then used to create proportions and divide the 1300 persons into the quotas. The 

drawing of locations was done using a two-step drawing procedure. Locations drawn in step 1 

were: hospitals, county council services, education places, social services offices, companies 

with less than 100 employees, and voluntary service centers. When location in three different 

counties agreed to participate, the drawing of locations in step 2 started. This included 

kindergartens, sports clubs, choirs, healthy life centers, and rehabilitation centers. This two-step 

drawing procedure has been used to reduce geographical spreading and travel distance, and to 

ensure an adequately variation between locations with regard to urbanity and rurality. 

The entity register at Brønnøysund was used to identify all types of locations within each 

hospital area, including nurseries, sports clubs, and public libraries. Locations such as sports 
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clubs, choirs and social services offices were not drawn proportional to the number of citizens. 

Three age groups of young adults, adults and elderly were desired. The locations were also 

selected to reflect different education levels and to reach a variety of respondents. For young 

adults, locations such as universities and sports clubs have been drawn, while for adults the 

most used locations were workplaces, social services offices, sports clubs and parents' school 

committees. To reach elderly respondents, locations such as elderly care homes, voluntary 

service centers, senior choirs and corps were drawn. 

The locations were randomly selected. Locations were contacted and new ones randomly 

replacing those not wishing to participate. They first received a standardized e-mail with an 

invitation to participate, including information about time, place, desired number of participants 

and exclusion criteria (age under 18, cognitively disabled, not Norwegian speaking). The 

locations were asked to contact potential respondents, and the invitation stated what the 

preferred type of respondent was, for example students, patients, or residents at nursery homes. 

A balance relative to age, gender and social status has been requested from the locations. 

Population groups that might be difficult to reach, including those with lower educational 

levels, were participating through social services offices and adult education service centers. 

For the few locations that were not able to recruit respondents themselves, the interviewer team 

recruited in person from information stands at locations days in advance of the planned 

interviews.  

4.1.5 Interviews 

The study used the EQ-PVT software to conduct standardized computer-assisted face-to-face 

interviews. To elicit preferences from the general public, two different methods were used: 

TTO and DCE. Both methods generate preference data that differ and complements each other. 

While TTO elicit values using 1 and 0 as anchor points, DCE generates binary data that can be 

derived on a scale of non-anchored values (Devlin et al., 2018, p. 10).  

Each interview consisted of four parts. First, respondents were given an introduction (including 

a written consent) and asked to complete three sides of paper questionnaire that included 

questions on their own health (EQ-5D-5L, EQ VAS) and background questions used in EQ-5D 

valuation studies (see appendix A.3). The second part followed the EQ-PVT protocol 

comprising the following: introduction to the TTO task including three examples (wheelchair, 

better than wheelchair and worse than wheelchair), three practice health states (mild, moderate 



31 

and severe), valuation of own health state, 10 TTO tasks, and a feedback module. In the third 

part, respondents were asked to value seven health states using the DCE method. In last part of 

the interview, the final side of the paper questionnaire was completed with further background 

questions. The valuation of own health using the TTO is an addition to the protocol which was 

accepted by the EuroQol Group.  

The composite TTO (cTTO) approach was used, starting with a “conventional” TTO for all 

health states and shifting to a “lead time” TTO when respondents consider the health state to 

be worse than dead. In the conventional TTO task – for health states better than dead – the 

respondent is asked to imagine living for 10 years in a given EQ-5D health state, followed by 

death (Life B) (see Figure 5). The respondents’ value for that health state is derived by 

identifying how many years in full health in Life A between 0 and 10 they consider equivalent 

to that, i.e. how many years in full health the respondent is willing to sacrifice to avoid living 

for 10 years in Life B with an impaired health state (Whitehead & Ali, 2010, p. 9). The 

respondent is assumed to be willing to give up more time in Life A the more severe the health 

state in Life B is. For very poor health states, respondents may be willing to trade off all the 

time in Life A, such that the value for that health state is equal to or less than 0. If respondents 

indicate that their preference value for a particular health state is less than 0, the cTTO task 

shifts to the lead time approach which adds additional time in full health to both Life A and 

Life B (Figure 6). The lead time approach enables respondents to trade-off even more time 

according to how much worse than dead they consider the health state to be (Devlin et al., 2018, 

p. 10). The lead time cTTO approach involves a time frame of 20 years; 10 years of full health

followed by 10 years of the described health state in Life B. The minimum possible value is –

1, attained when trading off all the time in Life A.

Each cTTO task ends when the respondent indicates that Life A and Life B are “about the same” 

(Devlin et al., 2018, p. 10). The point of indifference is used to calculate their implied value for 

each health state and is done separately for states considered better than dead (BTD) and states 

considered worse than dead (WTD). For health states BTD, the implied health state value (V) 

is calculated by dividing the total number of years in Life A (t) by the total number of years in 

Life B (10), expressed as V = t/10. For health states WTD, V is calculated by subtracting the 

number of years in lead time (10) in Life B from the total number of years in Life A and dividing 

it by 10 (total number of years in Life B minus the number of years in lead time). This can be 

expressed as V = (t – 10)/10 (Devlin et al., 2018, p. 10). The possible values range from the 
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maximum value of 1 to the minimum value of –1. The maximum value of 1 is achieved when 

the respondent considers ten years with an impaired health state in Life B to be equivalent to 

10 years in full health in Life A. The value of 0 is achieved if the respondent considers the 

health state to be equivalent to no better or worse than dead. The minimum value of –1 is 

achieved if the respondent considers 20 years in Life B (10 years of lead time followed by 10 

years in an impaired health state) to be equivalent to 0 years of living (dying now) (Devlin et 

al., 2018, p. 10). 

Figure 5: Example of cTTO valuation of health states BTD (i.e., values ≥ 0). 

Figure 6: Example of cTTO valuation of health states WTD (i.e., values ≤ 0). 

(Ramos-Goñi, 2018)

(Ramos-Goñi, 2018)
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In the DCE tasks (Figure 7), a pair of health states – A and B – were presented and the 

respondents are asked to indicate which of the two they considered to be “better”. Respondents 

are presented with seven pairs of health states. There was no indifference option included in the 

task.  

Figure 7: Example of DCE task. 

4.1.6 Quality control procedures 

The QC Tool included in the EQ-PVT software, produces standardized reports with summary 

results based on quality control criteria. Results are presented per interviewer, with summary 

results in tables on the number of flags, time spent on wheelchair example, time spent on the 

WTD task in the wheelchair example, time spent on 10 cTTO tasks and total interview duration, 

number of non-traders, equal to dead responses, worse than dead responses, use of feedback 

module. In addition, the report includes several figures showing elicited values per interviewer, 

moves by interviewer, values reported for mild health states, and values reported for the worst 

health state (55555).  

4.1.7 Meetings and feedback 

Throughout the project, the interviewer team has attended regular meetings led by the project 

team who go through a review of all aspects of data collection including recruitment, the 

undertaking of data collection at individual locations and organisational aspects. The overall 

aim of the meetings is to improve data quality where necessary. During the meetings, the 

interviewers are presented with their statistics on the different quality control criteria. 

Interviewers received feedback including if they produced poor data or data that has unusual 

(Ramos-Goñi, 2018)
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trends. This was followed by solutions as to how to make improvements. The project team and 

interviewers were encouraged to share their experiences which creates a culture for openness 

and acceptance of suggestions for improvement.   

4.2 Dataset for this thesis 

The sample data, which this thesis is based on, comes from the Norwegian EQ-5D-5L valuation 

study, and was not solely collected for the purpose of this thesis. The data was collected between 

the 30th of October 2019 and the 7th of February 2020. This includes the majority of respondents 

from two regions. Data collection for one of these regions is still ongoing and hence was not 

included. All interviews began with the participants giving their written consent for their data 

to be used in this master thesis (see appendix A.5). 

Of the 449 respondents who agreed to participate in this master thesis, not all was able to 

complete all parts of the interview for different reasons including lack of cognitive ability, 

language issues, lack of understanding, etc. Respondents excluded from this dataset either did 

not complete the cTTO part of the interview, withdrew their written consent, or cTTO data was 

lost due to technical problems with the software. This resulted in a dataset containing 421 

interviews with completed cTTO tasks. 

The dataset comprises respondent characteristics based on the paper questionnaire together with 

the QC data. The thesis will assess the QC data and make comparisons with variables derived 

from the interviews including respondent characteristics, clustering effects and time aspects.  

4.2.1 Use of quality data 

When referring to data quality throughout the thesis, it includes the aspects of the number of 

flags in the dataset, clustering effects and time spent on the 10 cTTO tasks. The performed 

analyses of data quality are based on these aspects. QC criteria essentially revolve around the 

behaviour and performance of the interviewer, but the association between clustering effects 

and time can be related to respondent engagement. Therefore, this association is explored to 

investigate possible differences between respondent characteristics.  

This thesis will first explore the data quality of the cTTO tasks in the interviews based on the 

four quality control criteria defined by the EuroQol Group and registered by the QC Tool. These 

will be used to investigate the number of flags between different respondent groups in the 
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dataset. The first criteria is whether the worse than dead (WTD) task has been explained during 

the wheelchair example. The QC Tool registers whether the lead time approach has been opened 

during the example tasks by counting the seconds spent on the WTD part. The task has not been 

opened if the QC Tool reports zero seconds, which indicates that the WTD task has not been 

explained to the respondent. In the second criteria, interviews are considered to be of poor 

quality if the interviewers spend less than three minutes (180 seconds) in total on the wheelchair 

example. The QC Tool register the total time spent. Third, clear inconsistencies in the cTTO 

ratings indicate poor data quality. This applies if health state 55555 is not rated as the lowest 

and at least 0.5 higher than the state with the lowest rating. The fourth criteria include 

requirements on the total time spent on the 10 cTTO tasks with less than five minutes (300 

seconds) representing poor data quality. If any of the four criteria are met for an individual 

interview, it is flagged as being of poor quality.  

Through experiences from the data collection period and feedback from the summary meetings 

it is reasonable to assume that the dataset consists of few flagged interviews. To explore data 

quality beyond the four quality control criteria, differences in clustering effects and time spent 

on the 10 cTTO tasks are analysed based on respondent characteristics with the use of statistical 

methods.  

This thesis will analyse whether different respondent characteristics influence the number of 

observed cluster values on the 10 cTTO tasks. There is little research on this topic, however, 

respondent characteristics seem to yield systematic differences in cTTO valuations between 

groups (van Nooten et al., 2009; Devlin et al., 2011; van Nooten et al., 2016; Hernández-Alava 

et al., 2018). Systematic differences in cTTO-values may be partly caused by systematic 

differences in the use of cluster values. As previous research has reported, clustering at key 

values is a quality problem in EQ-VT studies (Oppe et al., 2014; Ramos-Goñi et al., 2017; 

Devlin et al., 2018). Clustering values at 1, 0.5 and 0 requires shorter time to attain, and 

responses at these values may then shorten the time spent on the task such that less time spent 

on the task may result in more clustering. Whether respondent characteristics influence the 

number of observed cluster values, is assessed by statistical testing. If some groups of 

respondents appear to have fewer clustering responses, this might reflect higher data quality 

(Ramos-Goñi et al., 2017, p. 471). On the other hand, if some groups of respondents appear to 

have more clustering responses, but spends equally as much time in total, this might indicate 

that respondents do not have low engagement and want to finish the tasks quickly.  
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Further, the effect of different respondent characteristics on time spent on the 10 cTTO tasks 

will be analysed to assess potential differences. This is based on the fourth QC criteria where 

the respondents independently value ten different health states with the interviewer having a 

more limited role than in the wheelchair example and the practice tasks. Previous research 

suggest that respondents tend to learn during the interview and consequently change their 

responses (Augestad et al., 2012, p. 343; Attema et al., 2013, p. 59). It is likely that most of this 

learning process occurs during the example and practice tasks, so that the respondents are better 

placed to give their preferences in the 10 cTTO tasks. Hence, the 10 cTTO tasks were chosen 

as the basis for the analysis thereby minimizing potential interviewer effects, as this is the part 

of the interview where the respondents are less depending on the interviewer. Time spent on 

for example the wheelchair example or the training exercises will to a greater degree be 

influenced by the time the interviewer spent on explaining it to the respondent, which may vary 

between interviewers. The time spent on the 10 cTTO tasks will moreover be dependent on 

how engaged the respondents are, and the value they reach. For instance, respondents with low 

engagement might be satisfied with unprecise values, and thus spend less time. On the other 

hand, respondents spending less time on the task do not necessarily report unreliable values. 

The shorter time can be a result of high cognitive capacity and the reported values may then 

reflect true preferences.  

4.2.2 Variables included 

Despite the widespread use of the cTTO method for valuing health states, there is little research 

exploring respondent characteristics associated with clustering responses and time. Most of the 

previous research focus on typical demographics like age, gender and education, and the effect 

of these on cTTO valuations (van Nooten et al., 2016, p. 2). However, differences in data quality 

could potentially cause systematic differences in the reported cTTO values between respondent 

groups that influence the mean cTTO values. There is little research on the effect of explanatory 

variables on clustering and time, and therefore theoretical considerations of how respondent 

characteristics influence cTTO valuations constituted the basis for the included variables and 

interpretation of findings. The chosen variables were collected through the EQ-5D-5L paper 

questionnaire, and provides general and descriptive information about characteristics, that also 

have been used in previous research. The independent variables in this analysis are included to 

study the effect of background characteristics of the respondents on clustering responses and 

time spent on the 10 cTTO tasks. 



37 
 

 

Age is included in the analysis as a continuous variable to look for differences in clustering 

responses and time spent on the 10 cTTO tasks between ages. There is plenty of evidence 

suggesting that the respondent age influences cTTO valuations (Dolan et al., 1996; Dolan & 

Roberts, 2002; van Nooten et al., 2018). Dolan et al. (1996, p. 147) suggest that “TTO 

valuations increases slowly from the age of 18 to about 40, then begin to fall slowly from about 

40 to 60 and then fall sharply in later years”, and that this is more apparent for moderate and 

severe health states. This latter phenomenon could hypothetically be linked to an increased use 

of low cluster values, or reduced use of non-trading. Other studies have found that cTTO 

exercises impose a cognitive burden on respondents and that many struggles to fully understand 

it (Devlin et al. 2004, p. 1265; Purba et al. 2017, p. 1201). Valuing health states is a composite 

procedure where the respondent is considering scenarios involving different aspects of health, 

life and death at the same time, something they may never have considered before (Devlin et 

al., 2004, p. 1266). These findings indicate that there are differences related to age in TTO 

contexts. In their study of time used on survey questions, Yan & Tourangeau (2008) found that 

compared to younger adults, older respondents spent more time to complete questions. As 

elders often tire more easily (Kirkevold & Bergland, 2007), they may struggle more with 

maintaining their concentration throughout the interview, and thus spend more time on each 

task than younger adults. It is well documented in the scientific literature that cognitive change 

is a natural process of aging (Harada et al., 2013, p. 738), and it is found that younger adults 

perform better than older adults on tasks where they have to focus on multiple things 

simultaneously, such as in learning and memory tests. This can be due to physical and 

psychological issues occurring during the interview, which has been reported in the Indonesian 

valuation study (Purba et al., 2017, p. 1201). Based on these findings, it is likely that older 

adults spend more time on the cTTO tasks than younger adults.  

 

Gender is included as a dummy variable to look for variations between genders. The variable 

is coded so that 1 represents females and 0 represents males. In previous research, significant 

influences on cTTO responses are not to be found in most evaluation studies. Studies reporting 

significant effects for gender in cTTO responses, report that women tend to value health states 

higher than men and give up less life years in perfect health to avoid ten years in a certain health 

state (Burström et al., 2014, p. 438; van Nooten et al., 2018, p. 1208). This might indicate that 

women's distribution of health state values is more positively skewed, possibly leading to more 
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clustering values at 1 and 0.5. Hernández-Alava et al. (2018) report significant effects of gender, 

with men having less difficulty deciding on their equivalence point. This might reveal some 

differences between men and women's willingness to express their problems (Hernández-Alava 

et al., 2018, p. 30). Based on the results from Hernández-Alava et al. (2018), it is reasonable to 

assume that men will spend less time on the 10 cTTO tasks. Women might have more difficulty 

locating their equivalence point and thus spend more time finishing the tasks.  

 

Experience with serious illness – either personal, family-related or as a caregiver for others – is 

included in the analysis as dummy variables. In the literature, it is argued that individuals who 

have previously experienced serious illness better understand what it is like to live in poorer 

health states (Brazier et al., 2018, p. 881), making it easier for these individuals to familiarize 

themselves with the health state descriptions. Individuals with no experience with serious 

illness might have problems comprehending the presented health states, and therefore focus on 

the transition to the particular state rather than the long-term consequences (Brazier et al., 2018, 

p. 884). This may imply that individuals with experience with serious illness are more engaged 

and thus more precise in their valuations and report fewer clustering responses. Furthermore, 

they might feel a higher degree of responsibility to give reliable answers in order to influence 

resource allocation in the healthcare sector. Therefore, a hypothesis could be that these 

respondents spend more time locating their equivalence point and thus more time completing 

the cTTO tasks.  

 

Education level is included in the analysis as dummy variables. This implies the respondents 

highest completed education level: primary school, high school, technical school, University 

degree less than four years, and University degree four years or more. Previous studies report 

different results regarding the influence on education level on cTTO valuations. Dolan et al. 

(1996, p. 153) and Burström et al. (2014, p. 438) both report non-significant differences for the 

education coefficient in their studies. However, other studies indicate that respondent’s 

education level influences their cTTO valuations. Ayalon & King-Kallimanis (2010, p. 1192) 

report that respondents with more than high school education often choose quality of life over 

length of life such that they are willing to trade-off more years to avoid health problems. 

Further, Arnesen & Trommald (2004) suggest that, in many studies, there are high numbers of 

respondents not willing to trade-off length of life to get a quality of life improvement. 

Accordingly, van Nooten et al. (2009, p. 553) report that among the respondents who were not 



39 
 

willing to trade off anything, a significant share of these were less educated respondents, 

indicating that lower education levels give a higher proportion of non-traders. Differences in 

cTTO valuations based on education level might be due to respondents’ true preferences or 

variation in data quality. If the non-traders in general are not indifferent between the perfect 

health state and the imperfect health state, the cTTO task does not capture their real preferences 

(van Nooten et al., 2009, p. 550). This means that the high number of non-traders among the 

less educated respondents might be an indication of poorer data quality. It might be the case 

that the less educated group of respondents find it more difficult to understand the cTTO task, 

resulting in a higher distribution of clustering values at 1. Purba et al. (2017, p. 1201) report 

that lower-level education respondents required more explanation of the cTTO tasks and thus 

spent more time completing the tasks.  

 

Employment status is included in the analysis through the dummy variables employed, student, 

unemployed, long term sick leave/disabled, and retired. Devlin et al. (2011) report significant 

influences of employment status on cTTO values. They found that higher cTTO values were 

associated with being employed. Further, they argue that this might have an association with 

higher values placed on time, such that workers value their time more and are less willing to 

trade time in exchange for health improvements (Devlin et al., 2011, p. 18). Burström et al. 

(2014, p. 438) report that their coefficients for socioeconomic groups were positive and 

significant. These findings might indicate that respondents in employment value their time so 

highly that their cTTO valuations may reflect their appreciation of time rather than their 

preferences for different health states. Based on their high time appreciation, respondents being 

in work might be more interested in completing the interview faster which may lead to a higher 

proportion of clustering values at 1 and 0.5. On the other hand, respondents who are either 

unemployed, disabled or retired might spend more time as they, in general, have more time 

available. 

 

The variable “born in Norway” is included in the analysis as a dummy variable. The variable is 

coded so that 1 represents respondents not born in Norway, while 0 represents respondents who 

are. Whether the respondent was born in Norway or not may have an effect on the number of 

responses at cluster values with those not born in Norway potentially having language barriers 

affecting their understanding of the task. If respondents experience issues with the language, 

they may find it easier to agree than to disagree with the explanations given by the interviewers 
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(Attema et al., 2013, p. 58). This may lead them to state their equivalence point early in the 

cTTO task and, for instance, trade five years instead of four, resulting in a clustered value 

(Versteegh et al., 2016, p. 351). Another likely scenario is that the time spent on the 10 cTTO 

tasks is affected by the degree of understanding. Regardless of whether the respondent was born 

in Norway or not, the cTTO task is cognitively challenging (Brazier et al., 2018, p. 885) which 

can result in some respondents spending more time than others. However, if the respondent 

experience language issues in addition to not fully understanding the task, it may take even 

longer time to finish the 10 cTTO tasks.  

The respondents self-reported utility is included in the analysis as a continuous variable, with 

values ranging from 0 to 1. The utilities are reported by the respondents based on their given 

health state from the completed EQ-5D-5L paper questionnaire, and scored using English utility 

tariffs. According to van Nooten et al. (2018, p. 1208) respondents own health status may 

influence cTTO scores. However, studies investigating the influence of respondents self-

reported health on cTTO scores, find both significant and insignificant effects (van Nooten et 

al., 2018, p. 1208). A study by Ayalon & King-Kallimanis (2010, p. 1191) report significant 

effects on differences between respondents with better self-rated health and respondents with 

poorer self-rated health on cTTO preferences. As respondents with poorer health states may be 

more adaptive to the health state descriptions, these might report high values for poorer health 

states (Brazier et al., 2018, p. 883).  

4.3 Statistical analyses 

An exploratory analysis of the number of flags in the dataset was performed using descriptive 

statistics. Two-sample t-tests were performed to not miss out on relevant observations. To 

investigate the properties of the data and decide on a statistical method that satisfies the 

theoretical constraints set by its characteristics, exploratory descriptive analyses were 

performed. The assessment was conducted by visual analysis and the Skewness and Kurtosis 

test for normality. Ordinary Least Squares regression analyses (OLS) were undertaken to 

investigate the relationship between the dependent variables and the independent variables. Six 

different models were specified with the number of cluster values as dependent variables, while 

one model was specified with time spent on the 10 cTTO tasks as the dependent variable. 

Respondents background characteristics including education, employment status, gender, age, 
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born in Norway or not, self-reported EQ-5D-5L utility, and experience with serious illness 

constituted the independent variables. Further, sensitivity analyses separately including time 

spent on the 10 cTTO tasks, age groups and cluster values as independent variables were 

conducted. Lastly, robustness analyses using logistic regressions were performed specified with 

the number of cluster values in the upper range as dependent variable. Respondents background 

characteristics and interviewers constituted to the independent variables in separate analyses. 

The results are interpreted using a 5% significance level. 

The OLS is a standard linear regression method for investigating the association between the 

dependent variable and regressors. The coefficients can be interpreted as the mean change in 

the dependent variable given a one-unit shift in the independent variable (Newbold et al., 2013, 

p. 431). For OLS estimates to be statistically useful, three components need to be fulfilled. First,

the error term needs to have a conditional mean of zero. Second, the data needs to be

independently and identically distributed. Third, observations, or outliers, cannot deviate

significantly from the usual range of the data (Hanck et al., 2019, p. 84). To detect possible

violations in the assumptions, diagnostics tests and visual analysis of residuals was performed.

The testing included the Skewness and Kurtosis test for normality, the Breusch-Pagan test for

heteroscedasticity, variance-inflation-factor test (VIF) to detect multicollinearity between the

independent variables, and a link-test for assessing model specification.

4.3.1 Regression models for clustering effects 

The first OLS regression model was undertaken with the purpose of investigating the 

relationship between clustering responses and respondent characteristics, by generating a 

dependent variable that counts the total number of cluster values per respondent (0-10). To 

investigate further, separate analyses using each cluster value (1, 0.5, 0, -0.5 and –1) as a 

dependent variable was conducted. First, a sensitivity analysis including the independent 

variable time spent on the 10 cTTO tasks (“TTO10Time”) was run with the assumption that 

time can be related to the number of cluster values, as it takes shorter time to reach certain 

values (1, 0.5 and 0). Many cluster values can then be an expression of respondents wanting to 

go through the tasks quickly. Even though these values take a shorter amount of time to reach, 

they might still reflect true preferences. For instance, that they had the preference for non-

trading. Second, a sensitivity analysis including age groups (18-35, 36-64, 65+) as independent 
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variables was run to statistically check for differences in the number of clustering values 

between different age groups. As the effect of age may not be linear, the continuous age variable 

included in the main OLS regressions was substituted with age groups in a sensitivity analysis.  

4.3.2 Regression models for time spent on the 10 cTTO tasks 

A second OLS model was fitted to investigate the association between time and respondent 

characteristics. In this model the logarithm of the “TTO10Time” variable was used as the 

dependent variable. The results from this analysis can be helpful to investigate whether there is 

an association between time spent on the 10 cTTO tasks and respondent characteristics. Two 

sensitivity analyses were performed to increase the validity of the results, separately including 

cluster values and age groups as independent variables.  

 

A worry in valuation studies is that many cluster values can be a result of respondents applying 

strategies for short-cuts. It is thus relevant to explore whether the same respondent groups 

appear significant in several regression models with both more cluster values and less time.  

4.3.3 Regression models for interviewer effects 

To statistically check if any interviewer effects could have affected the results in the OLS 

regressions for both clustering and time, two new OLS regression analyses were conducted. 

The number of completed interviews varied between the interviewers, ranging from 4 to 64. 

However, we have tried to minimize the chance of getting unreliable coefficients by excluding 

the three interviewers with 11 or less completed interviews. The first analysis was performed 

to investigate whether the total number of clustering values per respondent (0-10) differed 

between interviewers. The second analysis was performed to statistically check for differences 

in the time the respondents spent on the 10 cTTO tasks between the interviewers. The logarithm 

of the dependent variable (TTO10Time) was applied in this regression.  

4.3.4 Robustness analysis  

A logistic regression was undertaken to perform a robustness analysis on whether any 

respondent characteristics were associated with a higher probability of reporting 7-10 cluster 

values. The dependent variable was generated to distinguish between respondents in the upper 
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and lower range, with clustering responses between 7 and 10 constituting to the upper range. 

The logistic regression model is a non-linear model that assumes a logistic standard distribution. 

It is appropriate to use when the dependent variable takes the value of 0 or 1 (Sperandei, 2014, 

p. 13). The coefficients can be interpreted as log odds of the dependent variable being 1, i.e

with clustering values in the range 7-10. The cut-off at seven was set arbitrarily to characterize

respondents using “many” cluster values. It is explorative because there is no rule saying that

seven or more clustering responses is a sign of poor data quality. However, the number of seven

or more clustering responses can be seen as relatively high. This indicates that two or more of

the cluster values have been reported at least twice, or that a specific cluster value has been

reported three or more times. The robustness analysis was specified with the upper range (7-

10) as a dependent dummy variable, meaning that respondents who value health states at cluster

values (1, 0.5, 0, -0,5 and –1) 7 to 10 times during the 10 cTTO tasks, are coded as 1.

Respondents with less than seven cluster values are coded as 0. Respondents background

characteristics constituted to the independent variables, but the variables “student” and

“unemployed” were not included because they contained less than ten events. The purpose of

this analysis is to investigate whether any respondent characteristics increases the chance of

having 7 to 10 cluster values reported.

A logistic regression specified with the upper range as dependent variable and interviewers as 

independent variables was intended, but the number of events per interviewer was less than 10 

for all interviewers except for Interviewer 1. Therefore, this regression was not performed as it 

potentially would report unreliable results.  

Numerous regression models exist for the purpose of investigating relationships between 

dependent and independent variables. Alternative approaches to the OLS model could have 

been stepwise regression models or generalized linear models (GLM). However, we found OLS 

the most appropriate for the research questions at hand. All statistical analyses were performed 

using Stata 16. Microsoft excel was used to present the results in tables, while SPSS was used 

to make histograms. 
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5 Results 

5.1 Regression model 

The Skewness and Kurtosis test for normality showed a skewness of 0.027, kurtosis of 0.953 

and p-value = 0.087 for the Cluster variable. This, together with visual analysis of residuals 

plot, led to the conclusion of not rejecting the null hypothesis of normality. For the Time 

variable, the result showed a skewness of 0.007, kurtosis of 0.607 and p-value = 0.025. The 

result detected non-normality in the model. We adjusted for this by using the logarithm of the 

variable to make it more symmetric. Heteroscedasticity was confirmed in the Cluster variable 

by the Breusch-Pagan statistic: 8.98 Chi2(1) p-value = 0.00, which have been accounted for by 

using robust standard errors in the model. This means that it will allow heteroscedastic standard 

errors as the variables possibly have different variances over different observation points. It is 

important to account for this using robust standard errors since normal standard errors will not 

account for it. For the Time variable, the test revealed non-heteroscedasticity meaning that the 

residuals have a constant variance. All variables had an estimated VIF below 5 and hence the 

correlation between them is low. The education variables “University less than 4 years” and 

“University 4 years or more” both had a VIF close to 5, which means that there might be a 

moderate correlation between these variables and any other of the independent variables. 

However, corrective measures have not been used as the correlation is not very high. The results 

from the linktest – _hatsq p-value = 0.250 for the Cluster variable and _hatsq p-value = 0.639 

for the Time variable – indicate that the specification of the model is acceptable.  

5.2 Characteristics of the sample 

The 449 interviews were conducted between the 30th of October 2019 and the 7th of February 

2020. No data, however, were obtained from 28 respondents because of different reasons: 

respondents did not complete the cTTO part of the interview, respondents withdrew their 

written consent, or cTTO data was lost due to technical problems with the software. Table 3 

shows that the mean interview time of the total cTTO valuation interview was 1981.81 seconds. 

Table 1 gives an overview of the demographics of the study sample, along with the distribution 

of flags. Mean age of the respondents was 46 years and the majority were aged 36-64 years. 

Females were slightly overrepresented (61%). The respondents were mostly higher educated 
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with either university degree 4 years or more (34%) or university degree under 4 years (27%). 

Most of the respondents were employed (57%) and born in Norway (82%). The majority had 

personal experience with serious illness (67%) or as a caregiver for others (59%). Self-reported 

health using the EQ-5D-5L paper questionnaire showed a mean utility of 0.872305.  

Table 1: Characteristics of the study sample. 

5.3 Observed number of flags 

Table 2 gives an overview of the number of flags in the dataset based on the four QC criteria, 

while Table 1 includes the distribution of flags for respondent characteristics. Statistically 

Variables: n % n %

Age (n=421)
18-35 117 27.79 2 18.18
36-64 241 57.24 8 72.73
65+ 63 14.96 1 9.09

Gender (n=421)
Female 257 61.05 9 81.82
Male 164 38.95 2 18.18

Experience with serious illness
Personal (n=416) 280 67.31 5 45.45
Family-related (n=417) 106 25.42 9 81.82
As a caregiver for others (n=408) 243 59.56 5 45.45

Education (n=418)
Primary school 30 7.18 1 9.09
High school 85 20.33 4 36.36
Technical school 47 11.24 0 0.00
University less than 4 years 114 27.27 2 18.18
University 4 or more years 142 33.97 4 36.36

Employment (n=418)
Employed 240 57.42 6 54.55
Student 59 14.11 2 18.18
Unemployed 6 1.44 0 0.00
Long term sick leave/disabled 55 13.16 2 18.18
Retired 58 13.88 1 9.09

Born in Norway (n=417)
Yes 344 82.49 10 90.91
No 73 17.51 1 9.09

Self-reported EQ-5D-5L utility (n=419) 419 0.872305* - -
*Mean

Sample (n=421) Flags (n=11)
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checking for flags in the dataset revealed eight flags for inconsistent valuations of health state 

55555 and three flags for time spent on the 10 cTTO tasks. As shown in Table 3, the minimum 

time spent on the WTD element in the wheelchair example was 26 seconds which means that 

it has been explained in all interviews. The minimum time spent on the wheelchair example 

was 207 seconds, and thus none of the interviews were flagged due to too short time spent on 

this task (all interviews were above the flag criteria of 180 seconds). Table 3 further shows that 

some interviews spent less than 300 seconds on the 10 TTO tasks and there were three flags for 

this part of the interview. For health state 55555 the mean TTO value was –0.2182143. Given 

that the dataset contained 11 (2.6%) flags in total, statistically testing for differences between 

respondent characteristics would not give any significant results. However, two-sample t-tests 

were performed to avoid missing clearly relevant observations. Age, gender and the born in 

Norway variable was included in the t-tests, as these variables are highly descriptive and contain 

observations for all the respondents. The t-tests did not reveal any significant results, meaning 

that the 11 flags in the dataset did not statistically differ for these characteristics. However, the 

sample is too small to reveal any potential relationship that could be present. Due to few flags, 

the overall data quality in the dataset fulfills the minimum QC criteria specified by the EuroQol 

Group.  

Table 2: Overview of the number of flags in the dataset. 

Table 3: Duration of time spent on the different tasks in the interview. 

1. QC criteria 2. QC criteria 3. QC criteria 4. QC criteria

Time on WTD element 
in WC example 

Time on WC
example

55555
inconsistencies

Time on the 10
TTO tasks 

Total number of 
flags

Number of flags 0 0 8 3 11

Time (sec) Min, Max Flag criteria Mean

Total time 687, 5299 - 1981.98
Time on WTD element in WC example 26, 810 0 213.68
Time on WC example 207, 1985 180 666.96

Time on the 10 TTO tasks 249, 2620 300 819.88
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5.4 Clustering of cTTO valuations 

Figure 8 gives an overview of the observed cTTO value distribution for 421 respondents, thus 

4210 observations (10 health states x 421 respondents). Observed values ranged from –1 to 1, 

with 0.05 intervals. Responses at 0.05 level represents half-year valuations, while responses at 

0.1 level represents full-year valuations. As shown, the majority of the cTTO values are 

positive, whereas 701 (16.65%) of the valuations were reported using the lead-time approach 

and hence were negative. Clustering of certain values is found on the scale, with the highest 

proportion of values at 1 (16.48%), followed by 0.5 (11.19%) and –1 (8.17%) respectively. The 

proportion of health states valued at 0 is 3.02%. The values 1, 0.5 and –1 were used more than 

once by 163, 123 and 66 respondents, respectively. Further, four respondents did not trade any 

time (all responses at 1) and one respondent valued all health states at –1. The mean cTTO 

value is 0.405. In general, each cTTO value has an expected probability of 2.5%, i.e. the 

probability of responding according to each value. 

211 respondents valued health state 55555 as WTD. Of these, 102 respondents valued it at –1 

(24.29%). In total, 43 respondents valued health state 55555 at 0 (10.24%), while 47 

respondents valued it at 0.5 (11.19%).  

Figure 8: Observed cTTO value distribution. 

Table 4 shows the proportion of cTTO valuations occurring at each cluster value for total 

clustering (n = 1707), and for total valuations (n = 4210). The proportion of clustering values 
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in total are 40.55%. Within the number of observations at cluster values, 40.66% of them were 

reported at 1, meaning that most of the respondents reported their equivalence point at full 

health in Life A.  

Table 4: Proportion of responses at clustering values. 

 

Figure 9 illustrates the number of responses at cluster values – 1, 0.5, 0, -0.5, -1 – per respondent 

from the 10 cTTO tasks. On average, respondents had 3.898 cluster responses. Out of the 421 

respondents, the majority including 74 respondents (17.58%) had two cluster responses out of 

the 10 tasks, followed by 70 respondents with three (16.63%) and 60 respondents with four 

(14.25%) cluster responses respectively. The number of respondents having zero cluster 

responses was 26 (6.18%). There were 16 (3.8%) respondents with ten cluster responses and 

four of them were non-traders, not willing to trade off any life-time to avoid mild health 

problems.  

 

Figure 9: Observed number of clustering values per respondent. 

Total valuations (n=4210)

Clustering values: n % %

1 694 40.66 16.48

0.5 471 27.59 11.19

0 127 7.44 3.02

´-0.5 71 4.16 1.69

´-1 344 20.15 8.17

Total clustering (n=1707)
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Regression models for clustering effects on the 10 cTTO tasks are presented in Tables 5-10. 

The R2 of 0.112 in the total cluster effect regression shows that the independent variables do 

not explain much of the variation in the model. 

 

Table 5: OLS regression model for total cluster effects.  

 

Table 5 shows the results from the regression model on total cluster effects. As shown, 

respondents who were students and/or not born in Norway had significant effects on total cluster 

values. The table shows that students, on average, had 1.080 fewer cluster values, while 

respondents not born in Norway had 0.895 more cluster values. That is, almost one more cluster 

value on average.   

  

Coef. Robust Std. Err. p-value VIF

Age 0.017 0.013 0.203 -0.009 0.042 2.80
Gender (ref: Male)

Female 0.218 0.262 0.405 -0.296 0.732 1.08
Experience with serious illness self (ref. no)

Yes 0.197 0.324 0.544 -0.440 0.833 1.46
Experience with serious illness in own family (ref: no)

Yes 0.036 0.315 0.910 -0.584 0.655 1.23
Experience with serious illness as a caregiver (ref: no)

Yes 0.443 0.274 0.107 -0.096 0.982 1.18
Education (ref: Primary School)

High School 0.270 0.560 0.630 -0.830 1.371 3.29
Technical School 0.663 0.623 0.288 -0.562 1.888 2.47
University less than 4 years 0.318 0.546 0.561 -0.755 1.391 4.08
University 4 years or more -0.342 0.547 0.533 -1.418 0.735 4.58
Employment (ref: Employed)

Student -1.080 0.404 0.008* -1.874  -0.285 1.59
Unemployed 1.256 1.520 0.409 -1.731 4.243 1.07
Long term sick leave/disabled 0.067 0.493 0.891 -0.902 1.037 1.69
Retired 0.237 0.550 0.667 -0.845 1.318 2.12
Born in Norway (ref: yes)

No 0.895 0.348 0.010* 0.211 1.580 1.10
Self-reported EQ-5D-5L utility -0.353 0.987 0.721 -2.294 1.588 1.47

Constant 2.857 1.184 0.016 0.530 5.184 -
R-squared = 0.112
* Statistically significant at 0.05 level. 

95% Conf. Interval

Total cluster effect
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Table 6: OLS regression model for cluster effect at value 1. 

The findings in Table 6 indicate that respondents not born in Norway, on average, had 0.560 

more clustering at 1.  

Coef. Robust Std. Err. p-value

Age 0.013 0.007 0.076 -0.001 0.026
Gender (ref: Male)

Female 0.162 0.169 0.337 -0.169 0.494
Experience with serious illness self (ref. no)

Yes 0.164 0.185 0.378 -0.201 0.528
Experience with serious illness in own family (ref: no)

Yes 0.189 0.187 0.314 -0.179 0.556
Experience with serious illness as a caregiver (ref: no)

Yes 0.340 0.194 0.081 -0.042 0.721
Education (ref: Primary School)

High School -0.010 0.411 0.981 -0.818 0.798
Technical School -0.057 0.417 0.892 -0.877 0.764
University less than 4 years -0.235 0.391 0.547 -1.003 0.533
University 4 years or more -0.224 0.384 0.561 -0.980 0.532
Employment (ref: Employed)

Student -0.355 0.235 0.132 -0.818 0.108
Unemployed 0.494 0.536 0.357 -0.560 1.549
Long term sick leave/disabled 0.167 0.308 0.588 -0.439 0.773
Retired -0.270 0.359 0.452 -0.976 0.435
Born in Norway (ref: yes)

No 0.560 0.283 0.048* 0.004 1.116
Self-reported EQ-5D-5L utility 0.012 0.631 0.984 -1.229 1.254

Constant 0.563 0.740 0.447 -0.892 2.018
R-squared = 0.0724
* Statistically significant at 0.05 level.

95% Conf. Interval

Cluster effect at value 1



51 
 

Table 7: OLS regression model for cluster effect at value 0.5. 

 

Table 7 shows the effect of respondent characteristics on the number of cluster values at 0.5. 

On average, respondents with experience with serious illness in own family appeared to have 

0.341 fewer cluster responses at this value. All other respondent characteristics appeared to be 

non-significant.  

 

 

 

 

Coef. Robust Std. Err. p-value

Age 0.001 0.006 0.879 -0.011 0.012
Gender (ref: Male)

Female -0.230 0.134 0.086 -0.493 0.033
Experience with serious illness self (ref. no)

Yes -0.254 0.153 0.098 -0.555 0.047
Experience with serious illness in own family (ref: no)

Yes -0.341 0.170 0.045* -0.674 -0.007
Experience with serious illness as a caregiver (ref: no)

Yes -0.062 0.131 0.637 -0.319 0.196
Education (ref: Primary School)

High School -0.141 0.279 0.613 -0.689 0.407
Technical School 0.084 0.336 0.803 -0.577 0.744
University less than 4 years 0.012 0.285 0.967 -0.548 0.572
University 4 years or more -0.120 0.286 0.676 -0.683 0.443
Employment (ref: Employed)

Student -0.158 0.205 0.440 -0.561 0.245
Unemployed -0.111 0.258 0.667 -0.617 0.396
Long term sick leave/disabled -0.143 0.247 0.563 -0.629 0.343
Retired 0.366 0.270 0.176 -0.165 0.867
Born in Norway (ref: yes)

No -0.257 0.144 0.074 -0.539 0.025
Self-reported EQ-5D-5L utility -0.093 0.424 0.826 -0.926 0.740

Constant 1.745 0.554 0.002 0.655 2.835
R-squared = 0.0664
* Statistically significant at 0.05 level. 

Cluster effect at value 0.5
95% Conf. Interval
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Table 8: OLS regression model for cluster effect at value 0. 

Table 8 revealed no significant effects of respondent characteristics on the number of cluster 

values at 0.  

Coef. Robust Std. Err. p-value

Age -0.001 0.003 0.870 -0.007 0.006
Gender (ref: Male)

Female -0.116 0.080 0.148 -0.274 0.041
Experience with serious illness self (ref. no)

Yes -0.016 0.110 0.883 -0.232 0.199
Experience with serious illness in own family (ref: no)

Yes -0.001 0.100 0.991 -0.198 0.195
Experience with serious illness as a caregiver (ref: no)

Yes 0.054 0.093 0.561 -0.129 0.237
Education (ref: Primary School)

High School -0.142 0.132 0.285 -0.402 0.119
Technical School 0.058 0.184 0.755 -0.304 0.419
University less than 4 years -0.130 0.143 0.362 -0.411 0.151
University 4 years or more -0.155 0.136 0.255 -0.423 0.113
Employment (ref: Employed)

Student -0.179 0.107 0.096 -0.390 0.032
Unemployed 0.334 0.582 0.566 -0.809 1.478
Long term sick leave/disabled -0.187 0.157 0.232 -0.496 0.121
Retired -0.221 0.129 0.087 -0.475 0.032
Born in Norway (ref: yes)

No -0.125 0.082 0.129 -0.286 0.036
Self-reported EQ-5D-5L utility -0.130 0.411 0.752 -0.937 0.677

Constant 0.695 0.433 0.109 -0.156 1.545
R-squared = 0.0329
* Statistically significant at 0.05 level.

Cluster effect at value 0
95% Conf. Interval
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Table 9: OLS regression model for cluster effect at value –0.5. 

 

Table 9 shows the results for the number of cluster values at –0.5. Respondents with experience 

of serious illness as a caregiver for others and respondents who were unemployed, had 

significant effects on clustering at this value. On average, these respondents had 0.154 and 

0.215 fewer cluster responses at –0.5, respectively.   

 

Coef. Robust Std. Err. p-value

Age 0.001 0.003 0.737 -0.004 0.006
Gender (ref: Male)

Female -0.004 0.0517 0.933 -0.106 0.097
Experience with serious illness self (ref. no)

Yes 0.071 0.070 0.314 -0.067 0.208
Experience with serious illness in own family (ref: no)

Yes 0.098 0.062 0.115 -0.024 0.220
Experience with serious illness as a caregiver (ref: no)

Yes -0.154 0.059 0.010* -0.271 -0.037
Education (ref: Primary School)

High School 0.068 0.081 0.402 -0.091 0.226
Technical School 0.075 0.117 0.519 -0.154 0.304
University less than 4 years 0.038 0.079 0.628 -0.116 0.195
University 4 years or more -0.034 0.078 0.659 -0.187 0.118
Employment (ref: Employed)

Student -0.121 0.075 0.108 -0.269 0.027
Unemployed -0.215 0.065 0.001* -0.343 -0.087
Long term sick leave/disabled -0.059 0.088 0.500 -0.231 0.113
Retired 0.050 0.104 0.632 -0.155 0.254
Born in Norway (ref: yes)

No 0.044 0.058 0.446 -0.070 0.159
Self-reported EQ-5D-5L utility 0.160 0.190 0.399 -0.213 0.533

Constant -0.049 0.260 0.851 -0.561 0.463
R-squared = 0.0400
* Statistically significant at 0.05 level. 

Cluster effect at value -0.5
95% Conf. Interval
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Table 10: OLS regression model for cluster effect at value –1.

 

The findings in Table 10 show that females and respondents not born in Norway had on average 

more cluster responses at –1, with 0.407 and 0.672 respectively. Respondents who are not born 

in Norway had more cluster responses at 1 and –1, and thus are more likely to value health 

states at the end-points of the scale. 

The first sensitivity analysis including time as an independent variable in the regressions, 

revealed significant effects of time only on the number of cluster values at 0.5. Respondents 

spending more time appeared to have less cluster responses at 0.5. The second sensitivity 

analysis including age groups as independent variables, revealed significant effects of age group 

36-64 on the number of cluster values in total and at 1. The coefficients were 0.844 and 0.577 

Coef. Robust Std. Err. p-value

Age 0.003 0.010 0.785 -0.017 0.022
Gender (ref: Male)

Female 0.407 0.197 0.039* 0.020 0.793
Experience with serious illness self (ref. no)

Yes 0.233 0.234 0.321 -0.228 0.694
Experience with serious illness in own family (ref: no)

Yes 0.091 0.205 0.658 -0.312 0.494
Experience with serious illness as a caregiver (ref: no)

Yes 0.266 0.200 0.186 -0.129 0.660
Education (ref: Primary School)

High School 0.495 0.343 0.149 -0.179 1.170
Technical School 0.504 0.411 0.221 -0.305 1.312
University less than 4 years 0.633 0.353 0.074 -0.062 1.328
University 4 years or more 0.191 0.315 0.545 -0.429 0.811
Employment (ref: Employed)

Student -0.266 0.270 0.325 -0.797 0.264
Unemployed 0.753 1.038 0.469 -1.289 2.795
Long term sick leave/disabled 0.290 0.391 0.459 -0.479 1.058
Retired 0.313 0.440 0.477 -0.552 1.177
Born in Norway (ref: yes)

No 0.672 0.281 0.017* 0.120 1.224
Self-reported EQ-5D-5L utility -0.302 0.791 0.703 -1.858 1.254

Constant -0.097 0.933 0.917 -1.931 1.738
R-squared = 0.0776
* Statistically significant at 0.05 level. 

Cluster effect at value -1
95% Conf. Interval
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respectively, showing that respondents in this age group had, on average, more cluster responses 

in total and at cluster value 1. For tables, see appendix A.15 and A.16.  

5.5 Time spent on the 10 cTTO tasks 

The mean duration of time spent on the 10 cTTO tasks was 819.88 seconds (13.6 minutes) 

(Table 3). The observed time ranged from 249 to 2620 seconds (4.15 to 43.67 minutes). The R2 

of 0.1317 shows that the independent variables do not explain much of the variation in the 

dependent variable.  

Table 11: OLS regression model using the logarithmic variable of time spent on the 10 cTTO tasks. 

 

Table 11 presents the effects of respondent characteristics on time spent on the 10 cTTO tasks. 

The results indicate that for an incremental increase in age, the respondents spend 0.6% more 

Coef. Std. Err. p-value

Age 0.006 0.002 0.001* 0.003 0.010
Gender (ref: Male)

Female 0.152 0.040 0.000* 0.073 0.231
Experience with serious illness self (ref. no)

Yes 0.098 0.049 0.046* 0.002 0.194
Experience with serious illness in own family (ref: no)

Yes -0.060 0.048 0.210 -0.155 0.034
Experience with serious illness as a caregiver (ref: no)

Yes -0.047 0.042 0.261 -0.130 0.035
Education (ref: Primary School)

High School -0.006 0. 086 0.944 -0.176 0.163
Technical School -0.016 0.096 0.869 -0.205 0.173
University less than 4 years -0.099 0.085 0.244 -0.267 0.068
University 4 years or more -0.121 0.085 0.153 -0.288 0.045
Employment (ref: Employed)

Student 0.072 0.683 0.289 -0.062 0.207
Unemployed -0.317 0.161 0.051 -0.634 0.001
Long term sick leave/disabled -0.024 0.073 0.742 -0.168 0.120
Retired 0.017 0.081 0.836 -0.141 0.175
Born in Norway (ref: yes)

No 0.121 0.052 0.022* 0.018 0.224
Self-reported EQ-5D-5L utility -0.175 0.149 0.241 -0.468 0.118

Constant 6.476 0.182 0.000 6.118 6.834

R-squared = 0.1317

* Statistically significant at 0.05 level. 

Time spent on the 10 TTO tasks
95% Conf. Interval
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time. When keeping all other factors equal, females spend 16% more time on the cTTO tasks 

than males. Respondents with personal experience with serious illness tends to spend 10% more 

time than those with no experience, while respondents not born in Norway tends to spend 13% 

more time than those who are born in Norway. See appendix A.6 for exponential transformation 

formula.  

The first sensitivity analysis including clustering values as independent variables revealed some 

changes in the results compared with the regression where time was the dependent variable. 

Experience with serious illness self is no longer significant, and the variables for clustering on 

1 and 0.5 are statistically significant (p-values = 0.022 and 0.020) with negative coefficients (-

0.035 and 0.041). This means that a higher number of responses reported at these cluster values 

tends to decrease the time spent on the tasks. The second sensitivity analysis including age 

groups as independent variables also revealed some changes from the results in the time 

regression. The same independent variables are statistically significant but unemployed is now 

statistically significant (p-value = 0.039) with a negative coefficient (-0.333), indicating that 

this group tends to use less time on the tasks. Both age groups for 36-64 year olds and 65+ year 

olds have positive coefficients (0.812 and 0.302) and are statistically significant (p-values = 

0.001 and 0.008). Indicating that these age groups tend to spend more time on the tasks. For 

tables, see appendix A.17 and A.18. 

5.6 Interviewer effects  

Table 12: OLS regression model for interviewer effects on total clustering and time spent on the 10 

cTTO tasks (using the logarithmic variable for time).  

 

Time spent on the 10 TTO tasks
Coef. Robust Std. Err. p-value Coef. Std. Err. p-value

Interviewer 1 1.029 0.526 0.051 -0.005 2.063 0.009 0.086 0.918 -0.160 0.178
Interviewer 2 0.263 0.727 0.718 -1.166 1.691 -0.080 0.106 0.449 -0.288 0.128
Interviewer 3 0.290 0.511 0.570 -0.714 1.295 -0.045 0.88 0.612 -0.217 0.128
Interviewer 5 0.773 0.593 0.139 -0.393 1.939 0.167 0.092 0.070 -0.014 0.348
Interviewer 7 0.673 0.553 0.224 -0.414 1.761 0.175 0.089 0.050* 0.000 0.350
Interviewer 8 0.129 0.599 0.830 -1.048 1.305 0.003 0.093 0.975 -0.180 0.186
Interviewer 9 1.154 0.635 0.070 -0.094 2.401 -0.243 0.097 0.013* -0.434 -0.051
Interviewer 10 0.954 0.659 0.149 -3.341 2.249 -0.365 0.099 0.000* -0.559 -0.170
Interviewer 12 1.511 0.760 0.048* 0.017 3.005 -0.251 0.108 0.021* -0.464 -0.038
Interviewer 13 -0.670 0.541 9.216 -1.735 0.394 0.139 0.094 0.142 -0.047 0.325
Constant 3.346 0.420 0.000 2.521 4.171 6.645 0.072 0.000 6.503 6.787
R-squared = 0.0466 R-squared = 0.1620

* Statistically significant at 0.05 level. 

Total cluster effect
95% Conf. Interval 95% Conf. Interval



57 

Table 12 presents the results for interviewer effects on both cluster values and time spent on 

the 10 cTTO tasks. As shown, Interviewer 12 is the only interviewer with significant effects in 

both regressions, with 1.511 more clustering on average and 22.2% less time spent on the task 

when all other factors remain equal. Interviewer 7 appeared to spend 19.1% more time, while 

Interviewer 9 and 10 appeared to spend less time on the tasks with 21.6% and 30.6%, 

respectively.  

The logistic robustness analysis on the total number of cluster values in the upper range (7-10 

clustering responses), revealed significant effects for respondents not born in Norway (see 

appendix A.19). These respondents have a 0.964 (p-value = 0.007) higher probability of having 

7-10 cluster responses during the 10 cTTO tasks.
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6 Discussion 

The objective of this thesis was to investigate quality issues related to the cTTO method used 

in the Norwegian EQ-5D-5L valuation study. The quality of the valuation data is important for 

the legitimacy of all health economic evaluations that will be undertaken on the basis of it. The 

valuation study for England, which used the first version of the EQ-VT protocol, illustrates the 

consequences of not producing sufficient data quality, as it is not recommended for application 

in any decision-making processes. Data from valuation studies can be widely used in decision-

making, and thus the quality of such data should be paramount.  

6.1 Comparison of flags based on the QC criteria   

The number of flagged interviews revealed in this study was 11 (2.6%) in total. The number of 

flags reported in the Spanish and Dutch valuation studies before and after they implemented 

the QC Tool, revealed remarkable differences. In their valuation studies conducted without the 

QC Tool, the reported proportion of flagged interviews were 87% for Spain and 20% for the 

Netherlands. In their follow-up studies, the proportion was 5% and 8% respectively (Ramos-

Goñi et al., 2017, p. 469). These countries were among the first to apply the EQ-VT protocol 

when it became available in 2012, and thus used the first version (version 1.0) in their valuation 

studies. Their follow-up studies used EQ-VT version 2.0. The results from an Indonesian study 

using a sample of 266 interviews from the Indonesian EQ-5D-5L valuation study, shows a 

significantly decrease in the proportion of flagged interviews after the interviewers went 

through a retraining process, with 59.2% flagged interviews pre-retraining and 3.6% post-

retraining (Purba et al., 2017, p. 1204). Retraining was not necessary in the Norwegian 

valuation study since all interviewers completed the ten practice interviews with four or less 

flags. 

The results from our study suggest that protocol compliance was not an issue, with only three 

interviews spending less than five minutes on the 10 cTTO tasks, resulting in 0.71% protocol 

violation. The proportion of interviewers spending less than five minutes in the Spanish and 

Dutch valuation studies was 34% and 3% respectively, and in their follow-up studies 4% and 

2% respectively (Ramos-Goñi et al., 2017, p. 469). In addition, these countries had protocol 

violation due to no explanation of the WTD task, and less than three minutes spent on, the 

wheelchair example. The proportion of flagged interviews due to these violations in their 
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follow-up studies was small, with two flagged interviews for Spain and seven for the 

Netherlands (Ramos-Goñi et al., 2017, p. 469). As EQ-VT version 2.1 was used in the 

Norwegian valuation study, the results could indicate that the expansion of the wheelchair 

example improves the quality of the valuation data. These findings confirm that the Norwegian 

interviewer team complied to the interviewer instructions from the beginning and throughout 

the data collection. 

In our dataset, there were eight (1.9%) flags for clear inconsistencies in the valuations of health 

state 55555; that is eight interviews where the respondent valued health state 55555 not the 

lowest and at least 0.5 higher than the state they valued the lowest. This is very few flags 

compared to other studies. In the Netherlands, 87 (8.89%) respondents valued health state 

55555 clearly inconsistent (Versteegh et al., 2016, p. 347), while in England the number of 

respondents was 61 (6.69%) (Feng et al., 2018, p. 25). However, these valuation studies used 

version 1.0 of the EQ-VT software. The inclusion of the feedback module in version 2.0, where 

flagged responses could be removed, might be one reason why fewer flags for clear 

inconsistencies is being observed in more recent valuation studies. A previous study by Karimi 

et al. (2019) demonstrate that preferences may change after a reflection exercise. In the 

feedback module, respondents are given the opportunity to reflect about their own cTTO 

responses and flag health states that are not located in their preferred order. Thus, flagged 

responses can be removed before analysing the data (Ramos-Goñi, 2018, p. 180). In total, 422 

responses was removed in the feedback module. It is uncertain how many of these were 

removals of inconsistent valuations of health state 55555, however, the few flags in our study 

lends support that the feedback module may have reduced some of the inconsistent valuations. 

Similarly, the Ethiopian valuation study, which also included the feedback module in their 

interview, reported an unproblematic amount of inconsistencies in their data (Welie et al., 2020, 

p. 9).  

It appears that the interviewers complied to the interviewer instructions such that the proportion 

of flags is very small. As the performed t-tests did not reveal any significant results, no further 

analyses of background characteristics on flags were conducted.  
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6.2 Total cluster effect 

The cTTO value distribution in Figure 6 showed clustering effects in the dataset, with clear 

peaks at 1, 0.5 and –1. In the first wave of valuation studies conducted in England, Canada, 

China, Spain and the Netherlands, concerns were raised about the high rates of cluster values 

(Stolk et al., 2019, p. 24). The results from the total clustering OLS regression (Table 5) 

revealed that respondents not born in Norway, on average, had 0.9 more cluster responses, while 

students had 1.1 fewer cluster responses. Both results were significant at a 1% significance 

level. However, the student variable was insignificant across the other regression analyses and 

hence, this finding needs to be confirmed in future research.   

6.3 Comparison of observed cluster effects with previous valuation studies 

By comparing the cluster effects in this study to findings reported in other published valuation 

studies, some differences are observed that may be related to varying demographics between 

countries, as well as the use of different versions of the EQ-VT software. This means that there 

could be several reasons for the observed differences. Interestingly, many published studies 

only briefly mention the issue of clustering effects without any further descriptions or analyses 

aside from presenting the value distributions in histograms. Due to this, some of the 

comparisons are limited to visual exploration.   

6.3.1 Clustering at 1 

The highest proportion of values was observed at 1 with 694 (16.48%) responses in total, 

whereas 40 of them were responses from the four non-traders. Results from the Spanish and 

Dutch follow-up studies revealed 31.6% and 30.5% clustering responses at 1, respectively 

(Ramos-Goñi, 2018, p. 83). In addition, Welie et al. (2020, p. 13) report evidence of clustering 

in the Ethiopian valuation study and suggests that it may be related to respondents not willing 

to trade any time to avoid mild health states. Similarly, Versteegh et al. (2016, p. 374) report a 

strong agreement among respondents on the valuation of mild health states. The high proportion 

of values at 1 means that there are fewer values for the rest of the distribution. However, it looks 

like the amount of clustering at 1 in this study is not remarkable high compared to the Spanish 

and Dutch follow-up studies.  
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6.3.2 Clustering at 0.5 

Previously published studies report high proportion of clustering at 0.5. For instance, 

Pattanaphesaj et al. (2018) reported the highest proportion of values at 0.5 with 11.35%, which 

is similar to the findings in our study with 11.19%. Visual comparison with the cTTO value 

distribution from the English study, revealed highest proportion of values at 0.5 which deviates 

from our study with second most responses at this value. Spain and the Netherlands appeared 

to have less clustering at 0.5 with 8.8% and 9.5%, respectively (Ramos-Goñi, 2018, p. 83).   

6.3.3 Clustering at 0 

The proportion of responses at 0 (3.02%) is low compared to previous studies, and only slightly 

higher than the expected value of 2.5% for any of the choice options. This is lower than the 

reported proportions in the Spanish and Dutch follow-up studies with 8% and 5.2% responses, 

respectively (Ramos-Goñi, 2018, p. 83). The presented value distribution in the English 

valuation study illustrates a high proportion of clustering values at 0 (Devlin et al., 2018, p. 16). 

Interestingly, the Ethiopian valuation study did not report numbers but the histogram presenting 

the distribution of numbers appeared to have less clustering of responses at 0 than the expected 

value (2.5%), and it was also the least preferred indifference point (Welie et al., 2020, p. 11). 

Even though they used the same version of the EQ-PVT protocol – version 2.1 – as the 

Norwegian valuation study, their responses at 0 is remarkably lower. It is uncertain whether the 

few responses at 0 in both the Ethiopian and Norwegian valuation study is a result of using 

version 2.1 or whether it is related to other factors. There were surprisingly few responses at 0, 

particularly in the Ethiopian study, as some respondents are likely to be indifferent between 

living ten years in the presented health state and dying now. Furthermore, respondents may be 

reluctant to respond in a manner that includes the use of the lead-time approach and therefore 

value poorer health states at 0 instead, due to the complexity of WTD tasks.  

6.3.4 Clustering at –0.5 

The lowest proportion of clustering values was observed at –0.5 with 1.69% of the total 

responses. Compared to the rest of the value distribution, there is no evident clustering at this 

value. However, if viewed in context with values distributed at the negative part of the scale, -

0.5 is the value with second most responses, which seems to be the case in other published 

studies as well (Versteegh et al., 2016; Devlin et al., 2018; Pattanaphesaj et al., 2018). The 
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number of responses at -0.7 does not differ much from this peak. The proportion of values at –

0.5 is lower than those reported in Spain and the Netherlands, with 3.1% and 2.5% respectively 

(Ramos-Goñi, 2018, p. 83). Studies report both high and low clustering effects at –0.5. For 

instance, the distribution illustrated by Purba et al. (2017) presents a relatively high number of 

responses at this value, while Welie et al. (2020) report very few.  

6.3.5 Clustering at –1 

In total, 701 (16.6%) of the valuations were reported using the lead-time approach, whereas 344 

(8.17%) were observed at –1. This amount of clustering at –1 is higher compared to other 

published studies. The proportion of values reported at –1 was 6.92% in the Indonesian 

valuation study, 4% in the English valuation study and 8.04% in the Ethiopian valuation study 

(Purba et al., 2017; Devlin et al., 2018; Welie et al., 2020). From these examples, the only study 

using the same EQ-VT version as the Norwegian valuation study was the Ethiopian. The 

reported amount of clustering at –1 in these studies was similar and both higher than those 

reported from the Indonesian and English studies. As the WTD explanation in the wheelchair 

example was implemented in the newest version of the EQ-VT software – version 2.1 – this 

may explain some of the variations. The peak at –1 in this study is not remarkably higher than 

the peaks at 0.70 (334 valuations) and 0.80 (341 valuations). However, the peak at –1 stands 

out from the rest of the valuations on the negative side of the scale with 49.07% of all WTD 

valuations located at –1. However, it must be taken into consideration when looking at the 

histogram and the peak at –1, that health state 55555 is the only health state rated by all 

respondents. This may influence the high number of observations at –1 (the end-point of the 

scale), since it is the worst possible health state obtained from the EQ-5D-5L questionnaire. Of 

all responses at –1, 29.65% were valuations of health state 55555, while the reported numbers 

from Spain and the Netherlands were higher with 38.3% and 47.08%, respectively (Ramos-

Goñi, 2018, p. 83). The valuations of health state 55555 are overrepresented in the sample, 

which should be considered when interpreting the histogram. Overall, this dataset contains 

fewer clustering responses compared to previously completed valuation studies. In addition, the 

pattern of cluster responses seems to be different with fewer responses at 1 and 0, and more at 

0.5 and –1. These observations might be related to a shift in cluster values, such that some of 

the values have taken on a part of the response proportion from other cluster values. This may 

explain the fewer clustering responses at 0 and more at 0.5, and also explain some of the 

differences with previous valuation studies.   
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6.3.6 Half-year valuations  

Half-year valuations were underreported in this dataset (Figure 8). Overall, respondents were 

more likely to respond 0.5 rather than 0.45 or 0.55, which indicates that, in general, respondents 

prefer to report “round” numbers. This might also be a result of respondents struggling to locate 

their equivalence point. Feng et al. (2018, p. 35) reported the same problem in the English 

valuation study, with respondents typically having digit preferences. Similar results were 

reported in Indonesia, the Netherlands, Spain and Thailand (Purba et al., 2017; Versteegh et al., 

2016; Ramos-Goñi et al. 2018; Pattanaphesaj et al., 2018). However, by including trade-offs at 

half-year values, respondents get the chance to report more precise preferences. In the Ethiopian 

valuation study, the half-year valuations seemed to be more frequently used (Welie et al., 2020). 

The relatively few observations at half-year values, raises the question of whether it is necessary 

to include them in the cTTO tasks because few respondents tends to use them. If the respondents 

true preference is located within a certain range, the precise level might be too high for the 

respondent to choose half-year values. The findings might suggest that half-year values are not 

worth including in upcoming valuation studies, as the response level is low and it makes the 

task more complicated. The trade-off between providing more response options and lowering 

the complexity of the task needs to be considered for future valuation studies.  

6.4 Clustering explained by respondent characteristics 

The results from the specific cluster value analyses suggest that respondents not born in Norway 

had significantly more clustering responses at 1 on average (Table 6), while respondents with 

experience with serious illness inn own family had fewer clustering responses at 0.5 (Table 7). 

The results from Table 9 reveals that both respondents with experience with serious illness as 

a caregiver for others and unemployed respondents had fewer clustering responses at –0.5, both 

significant at a 1% significance level. The findings in Table 10 indicate that females and 

respondents not born in Norway had, on average, more clustering responses at –1. The result 

for females needs to be confirmed in future research as it differs from previous findings, 

reporting that females tends to value health states higher than males (Burström et al., 2014, p. 

438; van Nooten et al., 2018, p. 1208). When performing several cluster-specific analyses, some 

of the findings that were statistically significant at a 5% level in only one of them, might have 

a greater chance of representing statistical coincidences.  
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Even though some characteristics appear significant, too strong conclusions about these 

respondent groups should not be drawn. The findings might be a result of small sample size, 

regression limitations and different distributions within the respondent characteristics and the 

number of observations at each cluster value. However, the background characteristic of not 

being born in Norway was significant in several analyses and indicate a more robust result. 

These respondents appeared to have more clustering in general in addition to spending more 

time on the tasks. When comparing each clustering value, these respondents also had more 

clustering responses at 1 and –1, indicating that they tend to rate more of the health states at the 

end-points of the scale. This finding can be seen in context with several factors such as language 

barriers and religious beliefs. 

6.4.1 Clustering at respondent level  

The observed number of clustering responses per respondent was 3.9 on average. The presented 

distribution in Figure 9 reveals that most respondents reported 2-4 clustering responses from 

the 10 cTTO tasks. Since there are five values described as cluster values, 2-4 clustering 

responses may not be unexpected, as respondents can have preferences at these values. The 

histogram does not differ between respondents who for example have four responses at the 

same cluster value, and respondents with four responses at different cluster values.  

With a chance of cluster values reflecting poor data quality, a logistic regression was performed 

to investigate whether any respondent characteristics predicted a higher probability of reporting 

many cluster values, i.e. being in the upper-range. The amount of 7-10 clustering responses can 

be seen as relatively high, as the respondent either reported the same cluster value multiple 

times, or had at least two valuations per cluster value (for those with ten cluster responses). This 

high number of reported cluster values per 10 cTTO tasks could reflect true preferences, but, 

on a theoretical level, such respondents are more likely to apply strategies to short-cut the tasks, 

and thus be an indication of poor data quality. The logistic regression results showed that not 

being born in Norway was the only respondent characteristic that predicted a higher probability 

of being in the upper range. 

6.4.2 Routing procedure and anchoring bias 

The observed cluster effects may be related to both the routing procedure and anchoring bias. 

In the routing procedure used in the Norwegian valuation study, respondents traded life in full 
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health back and forth between low and high values to determine their equivalence point. As 

they were first offered a choice between ten years in full health and ten years in an impaired 

health state – and then five years in full health if choosing Life A – it is possible that this order 

influenced their responses. This may especially play a role for respondents with an indifference 

range, making it more difficult to respond precisely if their preference lay somewhere between, 

for instance, 0.4 and 0.6 (Feng et al., 2018, p. 35). However, it is challenging to distinguish 

between these and respondents with low engagement in the task, i.e. respondents who might 

have stated indifference early in the task to finish quickly (Augestad et al., 2016, p. 2183). It is 

possible that both types of respondents would have valued the presented health states differently 

with another routing procedure. Furthermore, the starting point of the task may have an impact 

on the respondents valuations, as they might adjust their responses depending on this, resulting 

in so-called anchoring bias. In addition, respondents were presented with different blocks of 

health states so that their valuations may have been adjusted depending on whether the first 

presented health state was mild or severe.  

6.5 Time spent on the 10 cTTO tasks explained by respondent 
characteristics 

One of the strongest critics towards cTTO is that respondents tend to rush through the tasks. 

This challenge is strongly related to the iterative procedure, which can be difficult for 

respondents to understand and thus lead them to develop response strategies (Oppe et al., 2016, 

p. 1001). The observed time in this study ranged from 4.15 to 43.67 minutes on the 10 tasks, 

and provides evidence on differences between respondents regarding time. However, with only 

three interviews spending less than five minutes valuing the ten presented health states, 

differences in time among respondents cannot be linked to the quality of the responses 

according to the QC criteria developed by EuroQol. The five-minute cut-off in the QC criteria 

has, however, been discussed as it gives an indication of what an appropriate time frame is in 

order to finish the task properly. As the phenomenon of different cut-offs has not been 

investigated in published studies, the cut-off at five minutes might be on a level that is either 

too low or too high depending on the individual respondent.  

The results from Table 11 indicates that respondents who were either females, had personal 

experience with serious illness or were not born in Norway on average spent significantly more 

time on the ten cTTO tasks. In addition, the result indicates that respondents spent more time 
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the older they were. The sensitivity analysis confirmed this finding, but revealed that 

respondents aged 36-64 years spent a little longer time on average than respondents aged 65 or 

older. These results are substantiated by highly significant p-values in addition to similar 

findings from published studies (Yan & Tourangeau, 2008, p. 62). Respondents with personal 

experience with serious illness appeared to spend significantly more time, however, with a p-

value of 0.046 this finding needs to be confirmed in future research as it might be a result of 

statistical coincidences. In themselves, the results do not capture any quality aspects regarding 

time spent on the 10 cTTO tasks, because with the exception of three, all interviews were 

completed within sufficient time. However, information about certain respondent groups 

spending more time could be beneficial knowledge to other researchers. Setting aside more time 

for these respondents could benefit both the interviewer and the respondent, such that the 

interviews are not rushed. 

There are many aspects not related to respondents background characteristics that can influence 

the amount of time spent on the tasks both positively and negatively. First, due to the complexity 

of the task, respondents spent different amounts of time trying to fully understand it. The ability 

to concentrate throughout the interview varied among the respondents such that some found the 

tasks more difficult than others. Second, time may be related to respondent engagement, such 

that some spend more time considering their options because the task is complicated. This may 

have been influenced by the interview setting as well including whether the interview was 

conducted in a private room or in a room with several interviews conducted simultaneously. 

Third, some respondents needed to take a break during the interview while others did not, 

making the time spent on the tasks longer for those who did. Some respondents had only set 

aside a certain amount of time prior to the interview, such that their valuations may have been 

rushed. Fourth, respondents regularly felt the need to share stories with the interviewer, 

especially when the presented health states brought up memories, which also made the time 

spent on the tasks longer.  

6.6 Relationship between cluster effects and time 

In general, it is difficult to separate short-cut or low engagement cluster values from true 

preferences cluster values. However, a hypothesis is that respondent with low engagement 

cluster values will spend shorter time on the cTTO tasks in total because their use of cluster 

values might be a strategy for finishing the task quickly. In contrast, respondents who spend 
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more time might be more engaged in the task and spend more time understanding and reporting 

their true preference. It would have been of concern if one group of respondents both spent 

significantly less time and reported more cluster responses, as an interpretation of this could be 

that they applied cluster values because they wanted to finish the task quickly. In this study, 

there were few respondent characteristics that predicted more clustering. The not born in 

Norway respondent group that consistently predicted more cluster responses used more rather 

than less time. The respondent group of students predicted fewer cluster responses but spent 

neither more nor less time on the tasks. Based on the respondent characteristics in our study, 

the hypothesis that some groups have low engagement, and therefore apply strategies where 

they spend less time on the cTTO tasks by providing many cluster values, was not supported.       

The two sensitivity analyses suggest that more time spent on the task predicts fewer cluster 

responses at 0.5, and that more clustering at 1 and 0.5 predicts less time spent on the task. This 

follows previous findings, which describes the number of steps and the shorter amount of time 

it takes to reach these specific values (Stolk et al., 2019, p. 24). This can be explained by the 

routing procedure in the task, which is arranged so that it takes less time to reach the cluster 

values. However, even if it takes less time to reach these values, responses at them might as 

well reflect true preferences. For technical reasons, a relationship between time and cluster 

values can be expected. This could have been explored further if time had been investigated for 

each of the cTTO tasks separately. 

6.7 Revealed interviewer effects 

The findings in Table 12 indicate that four interviewers spent significantly less time on the 

tasks. One of them, interviewer 12, also had respondents with more clustering responses. The 

results reveal differences between the interviewers and thus possible interviewer effects, which 

must be considered when interpreting the results in this study. It is challenging to avoid 

interviewer effects as the engagement and ability to support respondents in performing the task 

well may vary between the interviewers (Versteegh et al., 2016, p. 351). The result is perhaps 

what could be expected given the number of interviewers, and the fact that respondents were 

not randomly allocated to the interviewers.  
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6.8 Limitations 

Some of the assumptions that needed to be fulfilled for the OLS model to be optimized, were 

unmet. Diagnostic tests confirmed that some of the model distributions were not normally 

distributed, which was expected due to the high precision level for cTTO tasks (see appendix 

A.8-A.14). However, there were little or no difference in the variables after applying statistical 

methods for correction. The models should be considered biased due to the violation of 

assumptions which reduces the validity of the models. A cautious approach to the interpretation 

of the regression estimates is therefore needed. The chosen significance level of 5% is 

questionable, as some of the significant effects are likely to be statistical coincidences given the 

number of variables and regression analyses. The interpretations of this is previously discussed.  

Our findings are not representative for the general population in Norway, as the dataset is a 

sample from the ongoing Norwegian valuation study. As the findings only apply for the 

respondent groups included in the analysis, there could be other respondent groups with low 

engagement, more clustering, and less time that are not included.  

6.8.1 The respondent group not born in Norway  

The respondent group not born in Norway appeared statistically significant in several of the 

regression results, with both more cluster values and more time. Although it is uncertain why 

this respondent group appear to have more clustering, it might be a result of several factors, 

such as true preferences, language barriers, or short-cut strategies. It seems that the respondent 

group does not apply short-cut strategies to finish quickly, since they spend more time on the 

tasks. However, this cannot be ruled out as language barriers might cause them to spend more 

time in general and thus mask the effect of potential short-cut strategies.  

These respondents might have language barriers that, on top of the fact that cTTO is cognitively 

challenging, can result in a cognitively overload. The respondents have to imagine being in 

different health states, trade time and deal with language issues including hearing the 

explanation in a different language than their mother tongue. These restrictions may have 

caused problems with understanding the task, making the respondents spend more time on 

understanding and solving them. Most of the respondents who were not born in Norway 

participated through adult education service centres, meaning that they were engaged in a 

process of learning to speak and understand the Norwegian language. However, some of these 
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respondents did not have problems understanding the language and could speak it perfectly 

well. Therefore, the language barrier can be seen as a confounding effect in this case, as it might 

have an impact on both the dependent and independent variables. The respondent group not 

born in Norway might not in itself explain the regression results as it is likely that other 

impacting factors are present. In the English study, a question including the “main language 

spoken” was included in the EQ-5D-5L paper questionnaire, meaning that the confounder effect 

of language was adjusted for (Devlin et al., 2018, p. 14). This could have been an alternative or 

additional approach to the “born in Norway” variable in this study. Due to the confounder effect 

of language, there is a chance that the regression results overestimate the effect of not being 

born in Norway or mask the effect of language barrier in itself. 

6.8.2 Possible unobserved interviewer effects  

Interviewer effects has been reported in previous studies and limit the validity of the results 

(Versteegh et al., 2016; Hernández-Alava et al., 2018; Ramos-Goñi, 2018). This is also a 

limitation in this study since the regressions do not account for possible interviewer effects. 

Another limitation is that the regressions were performed based on the aspects of the 10 cTTO 

tasks only, while other parts of the interview such as the example- and practice tasks were 

excluded from the analysis due to the limited scope of this thesis. These parts of the interview 

would have been interesting to investigate, as it could be findings there that contributes to the 

results of this thesis. For instance, the respondents preferences might have been influenced by 

the interviewer early in the interview, which is not registered in the regression model. This way, 

potential interviewer effects might be present without the regression results revealing it. 

A limitation with the interviewer regressions is that the proportion of completed interviews 

varied between the interviewers. For instance, interviewer 12 completed fewest interviews 

which limits the validity of the results. Nor where the allocation of respondents randomly 

assigned to the interviewers, resulting in different proportions of respondent groups within the 

interviewer team. For instance, some interviewers completed most of the interviews at elderly 

care homes, universities or adult education service centers, which may have biased the results 

from the regressions. 
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6.8.3 Alternative cut-off for the upper-range 

The cut-off at seven clustering responses for the variable used in the logistic regression model 

is arbitrary, as for some respondents with seven clustering responses, these reflect true 

preferences. The range between 7 and 10 clustering responses might be too wide to argue that 

seven clustering responses is high enough to indicate poor data quality. An alternative approach 

could have been to set the cut-off at eight or higher to modify the definition of the upper-range. 

However, this would have decreased the number of events substantially from 74 to 48 in total, 

resulting in too few observations per respondent characteristic which would have weakened the 

validity of the regression results. 

6.8.4 Limitations related to the scope of the thesis 

The analyses related to data quality in this thesis is limited to the aspects specified above. Other 

aspects of data quality would have been interesting to investigate, such as differences between 

time spent on each step in the cTTO task or differences in inconsistencies between respondent 

characteristics and/or interviewers. However, due to the scope of this thesis, these aspects have 

not been investigated. The analyses are limited to general demographic variables and the 

information collected through the EQ-5D-5L paper questionnaire. Other aspects, such as 

income level or religious beliefs, might influence the cTTO valuations and clustering as well. 

All aspects of data quality, including those considered in this thesis, are topics that needs to be 

further explored in future research.  
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7 Conclusion 

This thesis has investigated quality issues related to the cTTO method used in the Norwegian 

EQ-5D-5L valuation study. The results revealed few flags in total, resulting in an overall 

perception of good data quality in the dataset. There were fewer flags compared to other 

published studies, indicating that the standardized EQ-PVT protocol was followed and 

produced good data quality. However, clustering effects are present in the dataset, although to 

a lesser extent than previous EQ-5D-5L valuation studies. Not being born in Norway was the 

only respondent characteristic that consistently predicted more clustering and appeared 

statistically significant in several of the regression results, which strengthens the validity of the 

finding for its impact on clustering. Interestingly, this group did not spend less time on the task. 

As expected, increasing age was associated with spending more time, and so was being female. 

We did not find that any respondent characteristic predicted more clustering and spending less 

time. We take this as an indication that the cluster pattern is not an indication of respondents 

wanting to finish the task off quickly, supporting data quality, even in the presence of clustering 

effects.  

The findings give potentially relevant information about data quality for researchers planning 

to use version 2.1 of the EQ-PVT protocol in up-coming valuation studies. Information about 

certain respondent groups spending more time could also be beneficial knowledge to other 

researchers. Too strong conclusions should, however, not be drawn from the results of one study 

and the findings needs to be confirmed in further research. 

An EQ-5D-5L tariff for the Norwegian population is highly anticipated and will enhance the 

validity of many future economic evaluations. Therefore, it is relevant to investigate and 

monitor the quality of the valuation data. In general, data from valuation studies are meant to 

enhance and customize decision-making related to scarce healthcare resources, which are made 

on behalf of the general population in each country. More research on this field, including 

different aspects of data quality, is both needed and highly encouraged.   
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Appendix 
A.1  Written explanation of how the work has been divided

Both of us has been part of the interviewer team at the Norwegian Institute of Public Health, 

and have both been equally involved in the data collection.  

We have both been involved in all parts of the thesis throughout the research project. The plan 

from the beginning was for both of us to take part in all aspects of the thesis because we both 

have ownership of it and wanted to pursue the same learning outcomes. At the start of the 

project we agreed on the aims and objectives of the thesis and started the writing process 

together. Though the plan for the project was to physically write the entire thesis together, this 

was not practically possible due to the lock-down caused by the Covid-19 pandemic. We made 

the best out of the situation and continued the work using Word Online in combination with 

FaceTime meetings. When the restrictions lessened, we applied for access to the school building 

and started to physically write together again.    

The parts of the work involving literature reviews was done separately to cover as wide range 

of the literature as possible. This also provided a basis for further cooperation with writing the 

text. In certain chapters (background, theory and method), some of the paragraphs were divided 

between us, and later reviewed together. The statistical analyses were all undertaken jointly in 

cooperation. Results, discussion and conclusion were written together.  

Both of us were present at all of the meetings with the supervisors. 
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CODE OF CONDUCT EQ-5D-5L VALUE SET STUDY IN NORWAY 

The aims of this code of conduct are to: 

• Specify the way the local value set study team and the EQ-VT Support Team, 
which was commissioned on behalf of the EuroQol Group Valuation Working
Group (VWG) to support the local value set study team, to co-ordinate their
research activities, check adherence to the interviewing instructions
(compliance) and prepare reports to the Executive Committee of the EuroQol 
Group; 

• Ensure that the local value set study team will fellow the EQ-VT Study Protocol;
• Provide support to the local va lue set study team how the data col/ection should

be performed to achieve high data quality according to the standards of the 
EuroQol Group. The data analysis and the publication of the value set is the 
responsibility of the local value set study team. However, the EQ-VT Support
Team is willing to assist in this process. 

EQ-5D-5L value set study characteristics 
The EQ-5D-SL value set study has the following characteristics that need to be taken 
into account by the local value set study team: 

EQ-VT Study Protoco/ 
• The EQ-VT Study Protocol entails that the EQ-5D-SL value set study will be 

conducted using aur proprietary EQ-VT software application, as described in the 
EQ-VT document suite. The EuroQol Research Foundation has the copyright to 
the EQ-VT software application and the EQ-VT document suite. The copyright
also covers all translations of this material. The location of the EQ-VT server is 
in Germany.

lnterviews and training 
• A sample will be collected of 1000 completed interviews, at a minimum. 

Respondents will be recruited according to the recruitment plan in the EQ-5D-SL 
value set study proposal that was approved by the Executive Committee of the 
EuroQol Group. 

• A team of local interviewers is available to perform the interviews. They are 
trained according to the EQ-VT training material and the interviewer instructions
document. To achieve high data quality, each interviewer should conduct
between 70 and 130 interviews. This implies that teams should aim at having 
between 8 and 14 well-performing interviewers. They should take their time for
the proper training of interviewers and for recruitment. lf a study team plans to 
use less than 8, or more than 14 interviewers they should seek approval by the 

A.2    Code of conduct
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EQ-VT Support Team. The reason is that when fewer interviewers are used, the 
risk of biased data due to an interviewer effect will be higher. When more than 
14 interviewers are used, quality may be more easily compromised since 
interviewers learn on the job. Mareover, the high recruitment speed will might 
make it more difficult to keep track of interviewer performance. It will make it 
difficult to intervene in time, for retraining or removal of underperforming 
interviewers. 

• One or more local super-users are available as a first point of contact for the
interviewers in case of software or hardware issues. The super-user isa member
of the local va lue set study team and is the first point of contact to the interviewers
when they experience issues with the EQ-VT application. He/she either resolves
an issue locally, or escalates the issue to the EQ-VT support team. The EQ-VT
Support Team will provide specific training for the super-user(s).

• As part of training and testing, at least ane pilot test is to be conducted prior to
the actual data collection. Aim of this pilot should not be limited to testing the
setup and performance of the hardware and software. It also serves to assess
the interviewing skills of all interviewers. This is done by having all interviewers
conduct the whole routine and do minimally 5 test interviews on family,
colleagues or friends, according to the agreed procedure, as described in the
EQ-VT training materials and interviewer instructions. The manager of the local
value set study team (also referred to as principal investigator) should review the
data by using the Quality Control (QC) Tool to check for possible non-compliance
to the interviewer instructions and discuss the interviewer performance with each
individual interviewer. The EQ-VT Support Team will provide training on using
the QC Tool and will assist in reviewing the data. lnterviewers should not start
with the real data collection until their interviewer performance of the test
interviews has been evaluated and considered to be of sufficient quality.

lnterviewer quality and data features 
• lnterviewers are expected to follow the interviewer instructions document. In EQ-

VT all keystrokes and mouse clicks are stored and timed. This allows not only
the monitoring of the face validity of the data, but also the monitoring of
interviewer behaviour and compliance.

• The characteristics of the data collected by the interviewers must be monitored
regularly by using the QC Tool, to ensure interviewer compliance with the
interviewer instructions document. The data will also be evaluated to check the
characteristics of the collected data against known issues with EQ-VT studies,
including:

o Few WTD responses

o Clustering of responses at certain values (spikes)
o lnconsistencies involving states 55555

o Low va lues for mild states
• The principle investigator is ultimately responsible for the quality of the data. With

the QC Tool the local value set study team should produce reports on interviewer
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compliance at least on a weekly basis. However, it is advised to increase the 
frequency of the data quality checks, especially at the beginning of the data 
collection when the interviewers are still relatively inexperienced. The EQ-VT 
support team will assist in the monitoring process. These weekly compliance 
reports should be shared with the EQ-VT Support Team. 

• It is crucial that in the initial phase of data collection, poorly performing
interviewers are identified. A procedure has been developed for this purpose. By 
looking at four criteria it is possible to determine whether an individual interview
is of good or of poor quality. lf any of the four following criteria is met for an 
individual interview, it is flagged as being of poor quality:

o No explanation of the worse than dead task (lead time) on the wheelchair
example.

o Toa short a time period spent on the wheelchair example (less than 3
minutes).

o Clear inconsistency in the TTO ratings (55555 is not the lowest and at least
0.5 higher than the state with the lowest value).

o Toa short a time period for the TTO task (total time for the 10 TTO tasks
less than 5 minutes).

• Based on the num ber of flags per interviewer, the interviewer's performance and 
compliance with the interviewer instructions are evaluated. Those who continue
to underperform will have to be excluded from the interview team. The procedure
is as follows:

o When an interviewer has conducted 10 interviews, performance and 
compliance should be evaluated by using the QC Tool. 

o lf 4 or more out of the 1 O interviews are flagged as being of poor quality, all 
interviews thus far conducted by that interviewer will be removed and 
retraining of that interviewer is required.

o After a further 10 interviews, performance and compliance are re-
evaluated. lf again 4 or more interviews are flagged, these interviews will
also be removed and the interviewer is removed from the interview team. 

o During the entire study, the local study team should continue to monitor
performance and compliance, by running and evaluating the weekly
compliance reports with the QC Tool. They should intervene when the
performance of an interviewer shows worsening.

• The logistics of the data collection process should allow for sufficient time to 
intervene if data quality problems occur. Data collection should pause at several
pre-specified moments, for instances when the data set contains around 250, 
500 and 750 completed interviews. During the pause the local value set study
team should plan to have data quality review meetings with the EQ-VT support
team to discuss the data quality and interviewer performance and compliance.

• lf needed, after consent has been obtained from interviewers and respondents,
interviewers can be observed during the interview, e.g. by using screen recording
software, the laptop microphone ora camera. 
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Proiect management responsibilities 
• The EQ-VT Support Team, which reports to the EuroQol Group Valuation

Working Group (VWG) is responsible for supporting the EQ-VT project. The aim 
of the EQ-VT project is to deploy a consistent set of EQ-5D-5L value set studies,
of which this study is one example. The VWG consists of Elly Stolk and Richard
Norman (co-chairs), Ben van Hout, Rosalie Viney, Michal Jakubczyk, Yaling
Yang and Ning Yan Gu. The EQ-VT Support Team consists of Elly Stolk,
Aureliano Finch, Bram Roudijk, Fatima Al Sayah, Fredrick Purba, Arnd Jan 
Prause, Bernhard Slaap and Gerben Bakker.

• The manager of the local value set study team/principle investigator is 
responsible for the local implementation of the EQ-VT study protocol in the
country. He or she is the primary contact with the EQ-VT Support Team. The
principle investigator is responsible for the quality of the study. As such, the
principle investigator should discuss the quality control procedure with
interviewers or the responsible agency. It is advised to have it in the contract that
payment will only be provided for interviewers who do their job well. The
members of the local value set study team are listed in Annex 1 [To be provided
by the study manager/ principle investigatoij.

Planning and implementation 
• The EQ-VT Support Team and the local value set study team will work together

on a detailed planning for the implementation of the EQ-VT and data collection
and discuss these in an EQ-5D-5L value set study kick-off meeting. The planning
contains all activities, such as the creation of translations, software development
and pilot testing, with their interdependencies that need to be performed by the
involved parties. The recruitment strategy and the quality and compliance control
strategy should be discussed at this meeting as well.

Collection o f  additional data 
• The EQ-VT project aims at getting a consistent set of EQ-5D-5L valuation

studies. However, it is possible that a methodological sub-study is added to an 
EQ-VT study investigate to investigate specific methodological aspects of
valuation. Furthermore, the local value set study team can request some country
specific questions to be added. The EQ-VT Support Team will decide whether
proposed country specific questions can be added to the EQ-VT software.

• The local value set study team may decide to collect additional data for other
objectives, using their own data collection system. This will be the responsibility
of the local value set study team solely. Such activities should not compromise
the quality of the EQ-5D-5L value set study (e.g. by adding unreasonably to
respondent burden).
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Data analysis 
• Data analysis scripts, syntax files and results will be shared between the local 

value set study team and the EQ-VT support team. 
• The EQ-VT Support Team is willing to assist the local value set study team in 

the data analysis (without implying a co-authorship in the publication) but the 
local value set study team is ultimately responsible for the final model selection 
and the production of the publication. 

Publication plan 
• The results of the EQ-5D-5L value set study will be described in a high quality 

international scientific publication. This publication should reflect that the study 
was based on the EQ-VT Study Protocol of the EuroQol Group. Moreover, the 
local value set study team should be transparent regarding the (raw) data quality 
as good reporting practice. 

• The local value set study team will not produce or publish an EQ-5D-5L value 
set using method(s) other than those in the EQ-VT Study Protocol (without 
permission of the EQ-VT Support Team). 

To formally confirm the principles underlying the collaboration between the local value 
set study team and the EuroQol Research Foundation, the code of conduct will be 
signed by the local study manager/principle investigator and by the Executive Director 
of the EuroQol Research Foundation. The local study manager/principle investigator 
accepts responsibility that all the members in the local value set study team will respect 
this Code of Conduct. The Executive Director acts on behalf of the EuroQol Research 
Foundation and implements the decisions of the Executive Committee, makes 
available the EQ-5D-5L for the purposes of this study and provides the financial 
resources and EQ-VT software to facilitate the activities of the participants. 

Signature:~-\ ~ 

Date: 11.08.2019 

Name: 
Andrew Garratt 

Manager of local value set study 
team/principle investigator 

Signature: 

Date: 

Name: 

Sto I k@e U roq O I Org Digitaal ondertekend door stolk@euroqol.org 
• Datum: 2019.07.08 14:47:09 +02'00' 

B.R. Slaap 

Executive Director of the EuroQol Research 
Foundation 
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Spørreskjema om helse
Norsk versjon, for Norge

Under hver overskrift ber vi deg krysse av den ENE boksen som best beskriver 
helsen din I DAG.

GANGE
Jeg har ingen problemer med å gå omkring
Jeg har litt problemer med å gå omkring
Jeg har middels store problemer med å gå omkring
Jeg har store problemer med å gå omkring 
Jeg er ute av stand til å gå omkring

PERSONLIG STELL
Jeg har ingen problemer med å vaske meg eller kle meg
Jeg har litt problemer med å vaske meg eller kle meg
Jeg har middels store problemer med å vaske meg eller kle meg
Jeg har store problemer med å vaske meg eller kle meg
Jeg er ute av stand til å vaske meg eller kle meg

VANLIGE GJØREMÅL (f.eks. arbeid, studier, husarbeid, familie- eller fritidsaktiviteter)

Jeg har ingen problemer med å utføre mine vanlige gjøremål
Jeg har litt problemer med å utføre mine vanlige gjøremål
Jeg har middels store problemer med å utføre mine vanlige gjøremål
Jeg har store problemer med å utføre mine vanlige gjøremål
Jeg er ute av stand til å utføre mine vanlige gjøremål

ANGST/DEPRESJON
Jeg er verken engstelig eller deprimert
Jeg er litt engstelig eller deprimert
Jeg er middels engstelig eller deprimert
Jeg er svært engstelig eller deprimert 
Jeg er ekstremt engstelig eller deprimert

SMERTER/UBEHAG
Jeg har verken smerter eller ubehag
Jeg har litt smerter eller ubehag
Jeg har middels sterke smerter eller ubehag
Jeg har sterke smerter eller ubehag
Jeg har svært sterke smerter eller ubehag

AA.3A.3  EQ-5D-5L Paper questionaire
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HELSEN DIN I DAG =

Vi vil gjerne vite hvor god eller dårlig helsen din er I DAG.

Denne skalaen er nummerert fra 0 til 100. 

100 betyr den beste helsen du kan tenke deg. 
     0 betyr den dårligste helsen du kan tenke deg. 

Sett en X på skalaen for å angi hvordan helsen din er I DAG. 

Skriv deretter tallet du merket av på skalaen 
inn i boksen nedenfor.merket av på skalaen inn i boksen nedenfor.  
100 betyr den beste helsen du kan tenke deg. 0 betyr den dårligste 
helsen du kan tenke deg.
 Sett en X på skalaen for å angi hvordan helsen din er I DAG.
 Skriv deretter tallet du merket av på skalaen inn i boksen neden-
for.

Den beste helsen 
du kan tenke deg

Den dårligste 
helsen du kan 

tenke deg
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Hva er din alder?

År

Er du mann eller kvinne?

Mann .........

Kvinne ........

Har du erfaring med alvorlig sykdom?

Hos deg selv:  Ja  Nei

I din familie:  Ja  Nei

Som omsorgsperson for andre:  Ja  Nei

Første del av intervjuet er nå gjennomført.
Vennligst gå videre til oppgaver på PC for del 2 og 3

Bakgrunnsinformasjon:
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Del 4:

Hva er din sivilstand?

Enslig ...................

Gift ......................

Samboer ..............

Skilt/separert .......

Enke/enkemann ...

Har du ansvar for barn under 18 år?

Antall barn

Er du født i Norge?

Ja ...........

Nei ......... 

Er dine foreldre født i Norge?

Begge født i Norge ..............

En født i Norge ....................

Begge født utenfor Norge ...

Hvilken utdanning er den høyeste du har fullført?
Med grunnskole menes barne- og ungdomsskole, framhaldsskole, folkehøyskole.
Med 1-2 årig videregående menes realskole, middelskole, yrkesskole

Grunnskole ............................................

Videregående skole ...............................

Fagbrev eller svennebrev .......................

Høyskole/universitet, mindre enn 4 år ...

Høyskole/universitet, 4 år eller mer ........

Er du i dag i arbeid (heltid eller deltid)?

I arbeid ............................

Student ............................

Arbeidsledig .....................

Langtidssykemeldt/ufør ...

Pensjonist .........................
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 ID number (filled in by interviewer): ………………. 

Written consent  

for use of data in research 

By giving your written consent you contribute so that data collected through the Norwegian 

valuation study can be used by two students from the master program in Health Economics, 

Policy and Management at the University of Oslo to write their master thesis about data 

quality.  

The master thesis will address the research question of whether the respondent’s 

characteristics and completion of the interview will influence the data quality. Characteristics 

refer to the respondents age, gender and educational level. Variables such as interviewer 

effects, recruitment strategy and location will also be studied. Ensuring good data quality is 

important for the collected data to be used as a basis for priority settings in health care 

services.  

The information registered for each respondent will solely be used for the purpose of this 

master thesis and will be disidentified and deleted when the project is completed.  

Participation is voluntary and you can resign from the study at any time without any given 

reasons. You may also claim your personal information to be deleted. You can do this by 

sending an e-mail to: helseverdistudien@fhi.no 

I GIVE MY WRITTEN CONSENT FOR MY PERSONAL INFORMATION AND DATA 

FROM THE INTERVIEW TO BE USED AS DESCRIBED.  

Place …………….…………………. Date …………………………... 

Signature …………………………….……………………………………. 

A.4    Written consent for acceptance (English version)
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Løpenummer (fylles ut av intervjuer): ………………. 

Samtykke  

til bruk av data i forskning 

Ved å gi ditt samtykke bidrar du til at dataene som samles inn gjennom Helseverdistudien kan 

brukes av to masterstudenter fra programmet Health Economics, Policy and Management til å 

skrive masteroppgave om datakvalitet.  

Masteroppgaven vil svare på problemstilling om hvordan respondentenes karakteristikker og 

gjennomførelse av intervju påvirker datakvaliteten. Med karakteristikker menes 

respondentens alder, kjønn og utdanningsnivå. I tillegg vil variabler som intervjueffekter, type 

rekruttering og sted for datainnsamling bli studert. Å sikre å god datakvalitet er viktig for at 

dataene som samles inn kan brukes som grunnlag for prioriteringer av helsetjenester.  

Informasjonen som registreres om den enkelte vil kun bli brukt til masteroppgavens formål, 

og vil bli avidentifisert og slettet ved prosjektslutt.  

Det er frivillig å delta, og du kan når som helst trekke deg fra studien uten å oppgi grunn. Du 

kan også kreve å få slettet innsamlede opplysninger om deg selv. Dette kan du gjøre ved å 

sende en e-post til: helseverdistudien@fhi.no   

JEG SAMTYKKER TIL AT MINE PERSONOPPLYSNINGER OG DATA FRA 

UNDERSØKELSEN BRUKES SLIK DET ER BESKREVET 

Sted …………….…………………. Dato …………………………... 

Signatur …………………………….……………………………………. 

A.5    Written consent of acceptance (Norwegian version)
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A.6 Exponential transformation formula

(Exp(coefficient)-1)*100% 

A.7 - A.19  Stata outputs

A.7 T-tests

 Pr(T < t) = 0.0765  Pr(|T| > |t|) = 0.1530  Pr(T > t) = 0.9235
   Ha: diff < 0      Ha: diff != 0      Ha: diff > 0

Ho: diff = 0    degrees of freedom =      419
   diff = mean(0) - mean(1)    t =  -1.4317

 diff  -.2133038  .1489819  -.5061488  .0795412

combined  421  .6104513  .0237948  .4882281  .5636796  .657223

 1  11  .8181818  .1219673  .4045199  .5464216  1.089942
 0  410  .604878  .0241734  .4894742  .5573584  .6523977

 Group  Obs  Mean  Std. Err.  Std. Dev.  [95% Conf. Interval]

Two-sample t test with equal variances

. ttest Gender, by(flag)

 Pr(T < t) = 0.8696  Pr(|T| > |t|) = 0.2609  Pr(T > t) = 0.1304
   Ha: diff < 0      Ha: diff != 0      Ha: diff > 0

Ho: diff = 0    degrees of freedom =      419
   diff = mean(0) - mean(1)    t =   1.1258

 diff  5.698226  5.061299 -4.250475  15.64693

combined  421  46.45843  .8076188  16.57095  44.87095  48.04591

 1  11  40.90909  4.76818  15.81426  30.28492  51.53326
 0  410  46.60732  .8190068  16.58362  44.99733  48.21731

 Group  Obs  Mean  Std. Err.  Std. Dev.  [95% Conf. Interval]

Two-sample t test with equal variances

. ttest Age, by(flag)
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A.8 Tests for total cluster values 

Tests for normality, specification and heteroscedasticity.  

 

 

 

 Pr(T < t) = 0.7711         Pr(|T| > |t|) = 0.4579          Pr(T > t) = 0.2289
    Ha: diff < 0                 Ha: diff != 0                 Ha: diff > 0

Ho: diff = 0                                     degrees of freedom =      415
    diff = mean(0) - mean(1)                                      t =   0.7430
                                                                              
    diff              .0864308    .1163238               -.1422265    .3150881
                                                                              
combined       417      .17506    .0186319    .3804749    .1384355    .2116844
                                                                              
       1        11    .0909091    .0909091    .3015113    -.111649    .2934672
       0       406    .1773399    .0189796    .3824274    .1400292    .2146506
                                                                              
   Group       Obs        Mean    Std. Err.   Std. Dev.   [95% Conf. Interval]
                                                                              
Two-sample t test with equal variances

. ttest BornInNorway, by(flag)

       resid          401     0.0273        0.9529        4.89         0.0869
                                                                             
    Variable          Obs  Pr(Skewness)  Pr(Kurtosis) adj chi2(2)   Prob>chi2
                                                                 joint       
                    Skewness/Kurtosis tests for Normality

. sktest resid

     Cluster          421    3.897862    2.570255          0         10
   Clust_tot          401     3.86783    .8440976   1.531606   6.179693
                                                                       
    Variable          Obs        Mean    Std. Dev.       Min        Max

. summarize Clust_tot Cluster

         Prob > chi2  =   0.0027
         chi2(1)      =     8.98

         Variables: fitted values of Cluster
         Ho: Constant variance
Breusch-Pagan / Cook-Weisberg test for heteroskedasticity 

. estat hettest

                                                                              
       _cons     1.867493   1.714332     1.09   0.277    -1.502785    5.237772
      _hatsq     .1396791   .1212483     1.15   0.250     -.098688    .3780462
        _hat    -.0487487    .921202    -0.05   0.958    -1.859779    1.762281
                                                                              
     Cluster        Coef.   Std. Err.      t    P>|t|     [95% Conf. Interval]
                                                                              

       Total    2543.99501       400  6.35998753   Root MSE        =    2.3784
                                                   Adj R-squared   =    0.1105
    Residual    2251.48715       398  5.65700288   R-squared       =    0.1150
       Model    292.507867         2  146.253933   Prob > F        =    0.0000
                                                   F(2, 398)       =     25.85
      Source         SS           df       MS      Number of obs   =       401

. linktest
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A.9 Tests for cluster value 1:

Tests for normality, specification and heteroscedasticity. 

A.10 Tests for cluster value 0.5:

Tests for normality, specification and heteroscedasticity. 

resid_Clust1  401  0.1864  0.0890  4.65  0.0979

 Variable  Obs  Pr(Skewness)  Pr(Kurtosis) adj chi2(2)  Prob>chi2
 joint 

 Skewness/Kurtosis tests for Normality

. sktest resid_Clust1

 Cluster  421  3.897862  2.570255  0  10
 Clust1_tot  401  1.471322  .444079  .4470365  2.606

   Variable          Obs    Mean  Std. Dev.  Min  Max

. summarize Clust1_tot Cluster

 Prob > chi2  =   0.0000
 chi2(1)      =    38.41

 Variables: fitted values of Clust1
 Ho: Constant variance

Breusch-Pagan / Cook-Weisberg test for heteroskedasticity 

. estat hettest 

 _cons  .2194161  .6556526  0.33  0.738 -1.069559  1.508391
 _hatsq  .1177228  .3191585  0.37  0.712 -.5097244  .74517
 _hat  .6619238  .9339553  0.71  0.479 -1.174178  2.498026

 Clust1  Coef.   Std. Err.  t  P>|t|  [95% Conf. Interval]

 Total  1089.9202  400   2.7248005   Root MSE  =  1.5936
 Adj R-squared   =  0.0680

 Residual  1010.69225  398  2.53942778   R-squared  =  0.0727
 Model  79.2279446  2  39.6139723   Prob > F  =  0.0000

 F(2, 398)  =  15.60
 Source  SS  df       MS      Number of obs   =  401

. linktest

resid_Clu~05          401     0.0005        0.3489       11.70         0.0029

   Variable          Obs  Pr(Skewness)  Pr(Kurtosis) adj chi2(2)   Prob>chi2
 joint 

 Skewness/Kurtosis tests for Normality

. sktest resid_Clust05
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A.11 Tests for cluster value 0:

Tests for normality, specification and heteroscedasticity. 

 Prob > chi2  =   0.0000
 chi2(1)      =    17.80

 Variables: fitted values of Clust05
 Ho: Constant variance

Breusch-Pagan / Cook-Weisberg test for heteroskedasticity 

. estat hettest 

 _cons  .5535908  .5731878  0.97  0.335 -.5732634  1.680445
 _hatsq   .4309985    .413099  1.04  0.297 -.3811303  1.243127
 _hat  -.0170939   .9927581 -0.02   0.986 -1.968799  1.934611

 Clust05  Coef.   Std. Err.  t  P>|t|  [95% Conf. Interval]

 Total  621.17207  400  1.55293017   Root MSE  =  1.2055
 Adj R-squared   =  0.0643

 Residual  578.342372  398  1.45312154   R-squared  =  0.0689
 Model  42.8296975  2  21.4148487   Prob > F  =  0.0000

 F(2, 398)  =  14.74
 Source  SS  df       MS      Number of obs   =  401

. linktest

 Cluster  421  3.897862  2.570255  0  10
 Clust05_tot  401  1.109726  .3211227  .3045299  2.18342

 Variable          Obs  Mean  Std. Dev.  Min  Max

. summarize Clust05_tot Cluster

.

resid_Clust0  401     0.0128        0.6219        6.35         0.0417

 Variable          Obs  Pr(Skewness)  Pr(Kurtosis) adj chi2(2)   Prob>chi2
   joint   

 Skewness/Kurtosis tests for Normality

. sktest resid_Clust0

 Prob > chi2  =   0.0000
 chi2(1)      =    65.45

 Variables: fitted values of Clust0
 Ho: Constant variance

Breusch-Pagan / Cook-Weisberg test for heteroskedasticity 

. estat hettest 

 _cons  .040552  .1388112  0.29  0.770 -.2323428  .3134467
 _hatsq  .5198652  1.377069  0.38  0.706 -2.187373  3.227104
 _hat  .674403  .9042479  0.75  0.456 -1.103296  2.452102

 Clust0  Coef.  Std. Err.  t  P>|t|  [95% Conf. Interval]

 Total  238.862843  400  .597157107  Root MSE  =  .76171
 Adj R-squared  =  0.0284

 Residual  230.918926  398  .580198308 R-squared  =  0.0333
 Model  7.94391647  2  3.97195824  Prob > F  =  0.0012

 F(2, 398)  =  6.85
 Source  SS  df  MS  Number of obs  =  401

. linktest

 Cluster  421  3.897862  2.570255  0  10
 Clust0_tot  401  .2917706  .1401894  -.0968431  .7294003

 Variable  Obs  Mean  Std. Dev.  Min  Max

. summarize Clust0_tot Cluster
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A.12 Tests for cluster value -0.5:

Tests for normality, specification and heteroscedasticity. 

A.13 Tests for cluster value -1:

Tests for normality, specification and heteroscedasticity. 

resid_Cl~_05  401  0.2058  0.5884  1.90  0.3865

 Variable  Obs  Pr(Skewness)  Pr(Kurtosis) adj chi2(2)  Prob>chi2
 joint 

 Skewness/Kurtosis tests for Normality

. sktest resid_Clust_05

 Prob > chi2  =   0.0000
 chi2(1)      =   128.20

 Variables: fitted values of Clust_05
 Ho: Constant variance

Breusch-Pagan / Cook-Weisberg test for heteroskedasticity 

. estat hettest 

 _cons  .0486431  .054856  0.89  0.376 -.0592006  .1564868
 _hatsq  3.339393  1.695799  1.97  0.050 .0055499  6.673237
 _hat  -.0780136  .5994964 -0.13   0.897 -1.256589  1.100562

 Clust_05  Coef.  Std. Err.  t  P>|t|  [95% Conf. Interval]

 Total  114.468828  400  .28617207  Root MSE  =  .52292
 Adj R-squared  =  0.0445

 Residual  108.829226  398  .273440266 R-squared  =  0.0493
 Model  5.63960196  2  2.81980098  Prob > F  =  0.0000

 F(2, 398)  =  10.31
 Source  SS  df  MS  Number of obs  =  401

. linktest

 Cluster  421  3.897862  2.570255  0  10
Clust_05_tot  401  .1695761  .1069959  -.1280765  .4485602

 Variable          Obs  Mean  Std. Dev.  Min  Max

. summarize Clust_05_tot Cluster

resid_Clu~_1          401     0.0007        0.9035       10.50         0.0052

   Variable          Obs  Pr(Skewness)  Pr(Kurtosis) adj chi2(2)   Prob>chi2
 joint 

 Skewness/Kurtosis tests for Normality

. sktest resid_Clust_1
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A.14 Tests for TTO10Time:

Tests for normality, specification and heteroscedasticity. 

 Prob > chi2  =   0.0000
 chi2(1)      =    69.27

 Variables: fitted values of Clust_1
 Ho: Constant variance

Breusch-Pagan / Cook-Weisberg test for heteroskedasticity 

. estat hettest 

 _cons  .5838749  .2220435  2.63  0.009 .1473502  1.0204
 _hatsq  .9709742  .2482805  3.91  0.000 .4828691  1.459079
 _hat  -.8125293  .4935128 -1.65   0.100 -1.782747  .1576885

 Clust_1  Coef.  Std. Err.  t  P>|t|  [95% Conf. Interval]

 Total  1333.78055  400  3.33445137  Root MSE  =  1.7253
 Adj R-squared  =  0.1073

 Residual  1184.72467  398  2.97669514 R-squared  =  0.1118
 Model  149.055882  2  74.5279412  Prob > F  =  0.0000

 F(2, 398)  =  25.04
 Source  SS  df  MS  Number of obs  =  401

. linktest

 Cluster  421  3.897862  2.570255  0  10
 Clust_1_tot  401  .8254364  .5087468  -.3499973  2.583222

 Variable          Obs  Mean  Std. Dev.  Min  Max

. summarize Clust_1_tot Cluster

  resid_time    401     0.0065        0.6069        7.36         0.0252

 Variable  Obs  Pr(Skewness)  Pr(Kurtosis) adj chi2(2)   Prob>chi2
   joint   

 Skewness/Kurtosis tests for Normality

. sktest resid_time

 resid_time  401     0.0065        0.6069        7.36         0.0252

 Variable  Obs  Pr(Skewness)  Pr(Kurtosis) adj chi2(2)   Prob>chi2
   joint   

 Skewness/Kurtosis tests for Normality

. sktest resid_time

 _cons  628.1606  544.0385  1.15  0.249 -441.3877  1697.709
 _hatsq  .0009135  .0007751  1.18  0.239 -.0006103  .0024373
 _hat  -.5315576  1.306204 -0.41   0.684 -3.099479  2.036364

 TTO10Time  Coef.  Std. Err.  t  P>|t|  [95% Conf. Interval]

 Total  46796596.9  400  116991.492  Root MSE  =  320.04
 Adj R-squared  =  0.1245

 Residual  40765932.9  398  102426.967 R-squared  =  0.1289
 Model  6030664.04  2  3015332.02  Prob > F  =  0.0000

 F(2, 398)  =  29.44
 Source  SS  df  MS  Number of obs  =  401

. linktest 
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A.15 Sensitivity analyses for total clustering and cluster value 1, 0.5, 0., -0.5, and 1:

with time:

Total clustering: 

 _cons  2.81462  1.178928  2.39  0.017  .4966577  5.132583
 TTO10Time  .0000616  .0003853  0.16  0.873  -.0006959  .0008191

 EQ5D5L_utility  -.3449118  .9865268 -0.35   0.727 -2.284582  1.594759
 BornInNorway  .8896299  .3501648  2.54  0.011  .2011497  1.57811

   Retired  .2346995  .5513115  0.43  0.671 -.8492677  1.318667
Long term sick leave/disabled  .068286  .4935846  0.14  0.890 -.9021808  1.038753

   Unemployed  1.269765  1.522103  0.83  0.405 -1.722934  4.262465
   Student -1.083387   .4045543 -2.68   0.008 -1.878806   -.2879681
 Employment 

   University 4 or more years  -.3346946  .5382139 -0.62   0.534 -1.39291  .7235207
 University less than 4 years  .3240573  .5384729  0.60  0.548  -.7346672  1.382782

   Technical school  .6656152  .6201017  1.07  0.284  -.5536045  1.884835
   High school  .2721456  .5565841  0.49  0.625  -.8221884  1.366479

 Education 

 Illness_caregiver  .445058  .2745239  1.62  0.106  -.0947001  .9848161
   Illness_fam  .0386261  .3181821  0.12  0.903  -.5869711  .6642234
   Illness_self  .1914297  .323984  0.59  0.555  -.4455749  .8284343

   Gender  .2106787  .2666394  0.79  0.430  -.3135773  .7349348
   Age  .0162046  .0132233  1.23  0.221  -.0097944  .0422036

 Cluster  Coef.  Std. Err.  t  P>|t|  [95% Conf. Interval]
 Robust

Root MSE  =  2.4254
R-squared  =  0.1121
 Prob > F  =  0.0000
 F(16, 384)  =  3.50

Linear regression  Number of obs  =  401

> y EQ5D5L_utility TTO10Time, vce(robust)
. regress Cluster Age Gender Illness_self Illness_fam Illness_caregive i.Education i.Employment  BornInNorwa
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Clustering values at 1: 

Clustering values at 0.5: 

 _cons  .7979915  .7297735  1.09  0.275 -.6368607  2.232844
 TTO10Time  -.0003401  .0002934 -1.16   0.247 -.000917  .0002368

 EQ5D5L_utility  -.0317948  .6254833 -0.05   0.959 -1.261596  1.198006
 BornInNorway  .5914014  .2852204  2.07  0.039  .0306121  1.152191

   Retired  -.2590027  .3575084 -0.72   0.469  -.9619217  .4439163
Long term sick leave/disabled  .162071  .3054709  0.53  0.596  -.4385339  .7626759

   Unemployed  .4163488  .539033  0.77  0.440  -.6434768  1.476174
   Student  -.3346441  .2349471 -1.42   0.155  -.796588  .1272997
 Employment 

   University 4 or more years  -.2620312  .3866398 -0.68   0.498 -1.022227  .4981648
 University less than 4 years  -.2693193  .3914654 -0.69   0.492 -1.039003  .5003647

   Technical school  -.069771  .420424 -0.17   0.868  -.8963923  .7568502
   High school  -.0210283  .4120836 -0.05   0.959  -.8312511  .7891944

 Education 

 Illness_caregiver  .3294606  .1927457  1.71  0.088  -.0495085  .7084296
 Illness_fam  .1713828  .1867056  0.92  0.359  -.1957104  .5384761
 Illness_self  .1933263  .1855589  1.04  0.298  -.1715123  .558165

 Gender  .2039669  .1771624  1.15  0.250  -.1443629  .5522966
 Age  .014349  .0073197  1.96  0.051  -.0000428  .0287408

 Clust1  Coef.  Std. Err.  t  P>|t|  [95% Conf. Interval]
 Robust

Root MSE  =  1.6188
R-squared  =  0.0767
 Prob > F  =  0.0005
 F(16, 384)  =  2.68

Linear regression  Number of obs  =  401

> EQ5D5L_utility TTO10Time, vce(robust)
. regress Clust1 Age Gender Illness_self Illness_fam Illness_caregive i.Education i.Employment  BornInNorway

 _cons  2.015402  .5700827  3.54  0.000  .8945275  3.136276
 TTO10Time  -.0003917  .0001774 -2.21   0.028  -.0007405  -.0000429

 EQ5D5L_utility  -.1440851  .4247613 -0.34   0.735  -.9792341  .6910639
 BornInNorway  -.2215466  .1432884 -1.55   0.123  -.5032745  .0601814

   Retired  .3788329  .2732257  1.39  0.166  -.1583728  .9160386
Long term sick leave/disabled  -.1488795  .246737 -0.60   0.547  -.6340041  .336245

   Unemployed  -.2007665  .2834948 -0.71   0.479  -.7581628  .3566299
   Student  -.1345646  .2031145 -0.66   0.508  -.5339205  .2647912
 Employment 

   University 4 or more years  -.1637647  .2843819 -0.58   0.565  -.7229052  .3953758
 University less than 4 years  -.027493  .2827586 -0.10   0.923  -.5834419  .528456

   Technical school  .068748  .3327817  0.21  0.836  -.5855543  .7230503
   High school  -.1538231  .2781879 -0.55   0.581  -.7007853  .3931392

 Education 

 Illness_caregiver  -.0732223  .1301568 -0.56   0.574  -.3291316  .1826869
 Illness_fam  -.3603807  .1700561 -2.12   0.035  -.6947384  -.026023
 Illness_self  -.219685  .1539651 -1.43   0.154  -.5224051  .0830351

 Gender  -.1823523  .1342582 -1.36   0.175  -.4463255  .081621
 Age  .0029365  .0058809  0.50  0.618  -.0086263  .0144993

 Clust05  Coef.  Std. Err.  t  P>|t|  [95% Conf. Interval]
 Robust

Root MSE  =  1.2222
R-squared  =  0.0765
 Prob > F  =  0.0154
 F(16, 384)  =  1.95

Linear regression  Number of obs  =  401

> y EQ5D5L_utility TTO10Time, vce(robust)
. regress Clust05 Age Gender Illness_self Illness_fam Illness_caregive i.Education i.Employment  BornInNorwa
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Clustering values at 0: 

Clustering values at -0.5: 

 _cons  .5877215  .4475459  1.31  0.190  -.2922257  1.467669
 TTO10Time  .0001551  .0001615  0.96  0.338  -.0001625  .0004727

 EQ5D5L_utility  -.1098413  .4048 -0.27   0.786  -.9057432  .6860605
 BornInNorway  -.1386907  .0825313 -1.68   0.094  -.3009606  .0235791

   Retired  -.2265688  .1287035 -1.76   0.079  -.4796206  .0264831
Long term sick leave/disabled  -.1851561  .1560381 -1.19   0.236  -.4919521  .12164

   Unemployed  .3700412  .5789416  0.64  0.523  -.7682512  1.508334
   Student  -.1886039  .1067888 -1.77   0.078  -.3985679  .0213602
 Employment 

   University 4 or more years  -.1376954  .1358254 -1.01   0.311  -.4047501  .1293593
 University less than 4 years  -.114747  .1440171 -0.80   0.426  -.3979078  .1684139

   Technical school  .0634027  .1841647  0.34  0.731  -.2986946  .4255001
   High school  -.1367151  .1330302 -1.03   0.305  -.3982738  .1248436

 Education 

 Illness_caregiver  .0586234  .0909502  0.64  0.520  -.1201993  .237446
 Illness_fam  .0067326  .1034344  0.07  0.948  -.196636  .2101013
 Illness_self  -.0297877  .1096376 -0.27   0.786  -.2453529  .1857775

 Gender  -.1352058  .0849289 -1.59   0.112  -.3021896  .031778
 Age  -.0013797  .0033433 -0.41   0.680  -.0079531  .0051937

 Clust0  Coef.  Std. Err.  t  P>|t|  [95% Conf. Interval]
 Robust

Root MSE  =  .77395
R-squared  =  0.0370
 Prob > F  =  0.2369
 F(16, 384)  =  1.24

Linear regression  Number of obs  =  401

> EQ5D5L_utility TTO10Time, vce(robust)
. regress Clust0 Age Gender Illness_self Illness_fam Illness_caregive i.Education i.Employment  BornInNorway

 _cons  -.1608587  .3155394 -0.51   0.610  -.7812598  .4595425
 TTO10Time  .0001623  .000149  1.09  0.277  -.0001306  .0004552

 EQ5D5L_utility  .1810392  .1976598  0.92  0.360  -.2075917  .5696701
 BornInNorway  .0297086  .0606844  0.49  0.625  -.0896068  .1490239

   Retired  .044485  .1032638  0.43  0.667  -.1585483  .2475183
Long term sick leave/disabled  -.0566711  .0866929 -0.65   0.514  -.2271233  .1137811

   Unemployed  -.178066  .0777339 -2.29   0.023  -.3309033  -.0252288
   Student  -.1307591  .0724932 -1.80   0.072  -.2732925  .0117742
 Employment 

   University 4 or more years  -.0160254  .0804963 -0.20   0.842  -.1742941  .1422433
 University less than 4 years  .0547571  .0859863  0.64  0.525  -.1143058  .2238199

   Technical school  .081408  .1170254  0.70  0.487  -.1486828  .3114989
   High school  .0729428  .0831877  0.88  0.381  -.0906177  .2365033

 Education 

 Illness_caregiver  -.1491953  .0570138 -2.62   0.009  -.2612936  -.037097
 Illness_fam  .1060098  .063505  1.67  0.096  -.0188511  .2308708
 Illness_self  .0563136  .0655016  0.86  0.390  -.072473  .1851002

 Gender  -.024216  .0599042 -0.40   0.686  -.1419973  .0935653
 Age  .0000582  .0024703  0.02  0.981  -.0047988  .0049152

 Clust_05  Coef.  Std. Err.  t  P>|t|  [95% Conf. Interval]
 Robust

Root MSE  =  .53232
R-squared  =  0.0494
 Prob > F  =  0.1039
 F(16, 384)  =  1.48

Linear regression  Number of obs  =  401

> ay EQ5D5L_utility TTO10Time, vce(robust)
. regress Clust_05 Age Gender Illness_self Illness_fam Illness_caregive i.Education i.Employment  BornInNorw



102 

Clustering values at -1: 

A.16 Sensitivity analyses for total clustering and cluster value 1, 0.5, 0., -0.5, and 1:

with age groups:

Total clustering: 

 _cons  -.425636  .8923455 -0.48   0.634 -2.180131  1.328859
 TTO10Time  .000476  .0002966  1.60  0.109  -.0001072  .0010593

 EQ5D5L_utility  -.2402297  .7790126 -0.31   0.758 -1.771894  1.291434
 BornInNorway  .6287572  .2732534  2.30  0.022  .0914971  1.166017

   Retired  .2969531  .4421802  0.67  0.502  -.5724443  1.16635
Long term sick leave/disabled  .2969217  .3860006  0.77  0.442  -.4620175  1.055861

   Unemployed  .8622077  1.058865  0.81  0.416 -1.219692  2.944108
   Student  -.2948151  .2753697 -1.07   0.285  -.8362363  .2466061
 Employment 

   University 4 or more years  .2448222  .3101728  0.79  0.430  -.3650275  .8546719
 University less than 4 years  .6808594  .3482245  1.96  0.051  -.003806  1.365525

   Technical school  .5218275  .4069909  1.28  0.201  -.2783821  1.322037
   High school  .5107693  .3373112  1.51  0.131  -.1524388  1.173977

 Education 

 Illness_caregiver  .2793918  .2009968  1.39  0.165  -.1158004  .6745839
   Illness_fam  .1148815  .2032861  0.57  0.572  -.2848118  .5145748
   Illness_self  .1912624  .2337549  0.82  0.414  -.2683374  .6508622

   Gender  .3484859  .2040857  1.71  0.089  -.0527794  .7497513
   Age  .0002407  .0103867  0.02  0.982  -.0201813  .0206627

 Clust_1  Coef.  Std. Err.  t  P>|t|  [95% Conf. Interval]
 Robust

Root MSE  =  1.7832
R-squared  =  0.0846
 Prob > F  =  0.0379
 F(16, 384)  =  1.74

Linear regression  Number of obs  =  401

> y EQ5D5L_utility TTO10Time, vce(robust)
. regress Clust_1 Age Gender Illness_self Illness_fam Illness_caregive i.Education i.Employment  BornInNorwa
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Clustering at 1: 

 _cons  3.104505  1.108979  2.80  0.005 .9240736  5.284936

 65+  .0114472  .8815079  0.01  0.990 -1.721739  1.744634
36-64  .8436982  .3521532  2.40  0.017  .1513084  1.536088

 AgeGroups 

 EQ5D5L_utility  -.4543552   .9781437 -0.46   0.643 -2.377543  1.468833
 BornInNorway  .8929457  .3403114  2.62  0.009  .2238388  1.562053

   Retired  1.247148  .8709375  1.43  0.153 -.4652555  2.959551
Long term sick leave/disabled  .1162193  .4755382  0.24  0.807 -.8187654  1.051204

   Unemployed  1.23239  1.451154  0.85  0.396 -1.620811  4.085592
   Student  -.812142   .4067053 -2.00   0.047 -1.61179  -.012494
 Employment 

   University 4 or more years  -.3626286   .5403164 -0.67   0.503 -1.424978  .6997204
 University less than 4 years  .27766  .5386027  0.52  0.606  -.7813196  1.33664

   Technical school  .6573423  .614578  1.07  0.285  -.551017  1.865702
   High school  .2136854  .5466383  0.39  0.696  -.8610934  1.288464

 Education 

 Illness_caregiver  .4503172  .2672187  1.69  0.093  -.0750778  .9757123
 Illness_fam  .0288288  .3118419  0.09  0.926  -.5843027  .6419602
 Illness_self  .2148734  .324668  0.66  0.508  -.4234761  .8532229

 Gender  .1639844  .2596008  0.63  0.528  -.3464325  .6744014

 Cluster  Coef.   Std. Err.  t  P>|t|  [95% Conf. Interval]
 Robust

Root MSE  =  2.4084
R-squared  =  0.1244
 Prob > F  =  0.0000
 F(16, 384)  =  3.89

Linear regression  Number of obs  =  401

> 5D5L_utility i.AgeGroups, vce(robust)
. regress Cluster Gender Illness_self Illness_fam Illness_caregive i.Education i.Employment  BornInNorway EQ

 _cons  .7638975  .7152467  1.07  0.286  -.6423927  2.170188

 65+  -.3840617   .4021509 -0.96   0.340 -1.174755  .4066316
36-64  .5766594  .1858728  3.10  0.002  .2112035  .9421153

 AgeGroups 

 EQ5D5L_utility  -.0318118   .6383165 -0.05   0.960 -1.286845  1.223221
 BornInNorway  .5582494  .2821621  1.98  0.049  .0034734  1.113025

   Retired  .8013508  .4390035  1.83  0.069  -.0618007  1.664502
Long term sick leave/disabled  .2334738  .305499  0.76  0.445  -.3671865  .834134

   Unemployed  .4747932  .5222082  0.91  0.364  -.5519521  1.501539
   Student  -.1942233   .2185686 -0.89   0.375  -.6239644  .2355178
 Employment 

   University 4 or more years  -.2110371   .3776849 -0.56   0.577 -.9536265  .5315523
 University less than 4 years  -.2585404   .3841259 -0.67   0.501 -1.013794  .496713

   Technical school  -.0445568   .4111128 -0.11   0.914  -.8528707  .7637571
   High school  -.0488125   .4038932 -0.12   0.904  -.8429315  .7453065

 Education 

 Illness_caregiver  .3601359  .1908294  1.89  0.060  -.0150654  .7353371
 Illness_fam  .1810414  .1824687  0.99  0.322  -.1777214  .5398042
 Illness_self  .1856229  .1855513  1.00  0.318  -.1792008  .5504466

 Gender  .1106165  .1702366  0.65  0.516  -.2240962  .4453291

 Clust1  Coef.   Std. Err.  t  P>|t|  [95% Conf. Interval]
 Robust

Root MSE  =  1.6055
R-squared  =  0.0918
 Prob > F  =  0.0000
 F(16, 384)  =  3.13

Linear regression  Number of obs  =  401

> D5L_utility i.AgeGroups, vce(robust)
. regress Clust1 Gender Illness_self Illness_fam Illness_caregive i.Education i.Employment  BornInNorway EQ5
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Clustering at 0.5: 

Clustering at 0: 

 _cons  1.710985  .5194032  3.29  0.001  .6897547  2.732215

 65+  -.0835974   .3288351 -0.25   0.799  -.7301401  .5629453
36-64  .1510793  .1507754  1.00  0.317  -.1453694  .4475281

 AgeGroups 

 EQ5D5L_utility  -.1195387   .4285181 -0.28   0.780  -.9620742  .7229968
 BornInNorway  -.2572316   .1435074 -1.79   0.074  -.5393903  .0249271

   Retired  .5637738  .3368216  1.67  0.095  -.0984717  1.226019
Long term sick leave/disabled  -.1411698   .2502989 -0.56   0.573  -.6332977  .3509582

   Unemployed  -.1064678    .243805 -0.44   0.663  -.5858277  .3728921
   Student  -.0740771   .2024246 -0.37   0.715  -.4720764  .3239221
 Employment 

   University 4 or more years  -.1270676   .2887771 -0.44   0.660  -.6948497  .4407146
 University less than 4 years  -.003056   .2862096 -0.01   0.991  -.5657901  .5596781

   Technical school  .0775093  .3355264  0.23  0.817  -.5821896  .7372083
   High school  -.1534357   .2799009 -0.55   0.584  -.7037658  .3968945

 Education 

 Illness_caregiver  -.0666989   .1274513 -0.52   0.601  -.3172888  .1838909
 Illness_fam  -.3409804   .1698417 -2.01   0.045  -.6749166  -.0070442
 Illness_self  -.2515409   .1523122 -1.65   0.099  -.5510111  .0479293

 Gender  -.2367672   .1335455 -1.77   0.077  -.4993392  .0258048

 Clust05  Coef.   Std. Err.  t  P>|t|  [95% Conf. Interval]
 Robust

Root MSE  =  1.2271
R-squared  =  0.0692
 Prob > F  =  0.0275
 F(16, 384)  =  1.82

Linear regression  Number of obs  =  401

> 5D5L_utility i.AgeGroups, vce(robust)
. regress Clust05 Gender Illness_self Illness_fam Illness_caregive i.Education i.Employment  BornInNorway EQ

 _cons  .6305188  .4163215  1.51  0.131  -.1880364  1.449074

 65+  -.0199527   .1587208 -0.13   0.900  -.3320234  .292118
36-64  .103071  .1037482  0.99  0.321  -.1009147  .3070567

 AgeGroups 

 EQ5D5L_utility  -.1566343   .4140971 -0.38   0.705  -.9708158  .6575472
 BornInNorway  -.1242659   .0818293 -1.52   0.130  -.2851556  .0366237

   Retired  -.1520687   .1436651 -1.06   0.290  -.4345374  .1304
Long term sick leave/disabled  -.1956476   .1568702 -1.25   0.213  -.5040797  .1127845

   Unemployed  .3419556  .5706839  0.60  0.549  -.7801008  1.464012
   Student  -.1014708   .0982101 -1.03   0.302  -.2945676  .091626
 Employment 

   University 4 or more years  -.166976   .1411128 -1.18   0.237  -.4444264  .1104744
 University less than 4 years  -.1446144   .1443344 -1.00   0.317  -.428399  .1391702

   Technical school  .0478998  .1841005  0.26  0.795  -.3140715  .4098711
   High school  -.1511743   .1318504 -1.15   0.252  -.4104135  .1080648

 Education 

 Illness_caregiver  .0449477  .0919556  0.49  0.625  -.1358518  .2257472
 Illness_fam  -.0004676   .0999945 -0.00   0.996  -.1970728  .1961376
 Illness_self  -.0167163   .1095844 -0.15   0.879  -.2321769  .1987444

 Gender  -.1163164    .081309 -1.43   0.153  -.276183  .0435501

 Clust0  Coef.   Std. Err.  t  P>|t|  [95% Conf. Interval]
 Robust

Root MSE  =  .77447
R-squared  =  0.0357
 Prob > F  =  0.4191
 F(16, 384)  =  1.03

Linear regression  Number of obs  =  401

> D5L_utility i.AgeGroups, vce(robust)
. regress Clust0 Gender Illness_self Illness_fam Illness_caregive i.Education i.Employment  BornInNorway EQ5
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Clustering at -0.5: 

Clustering at -1: 

 _cons  -.0122058  .221321 -0.06   0.956  -.4473586  .422947

 65+  .080547  .1237362  0.65  0.515  -.1627383  .3238324
36-64  -.0018259  .083463 -0.02   0.983  -.1659275  .1622758

 AgeGroups 

 EQ5D5L_utility  .162041  .1870906  0.87  0.387  -.2058092  .5298913
 BornInNorway  .0443435  .0586791  0.76  0.450  -.0710291  .1597161

   Retired  .0032994  .1054293  0.03  0.975  -.2039916  .2105905
Long term sick leave/disabled  -.0587491   .0855171 -0.69   0.493  -.2268895  .1093913

   Unemployed  -.2192924   .0635468 -3.45   0.001  -.3442355  -.0943492
   Student  -.1380498   .0805944 -1.71   0.088  -.2965113  .0204117
 Employment 

   University 4 or more years  -.0349261   .0790209 -0.44   0.659  -.190294  .1204417
 University less than 4 years  .0420919  .0799103  0.53  0.599  -.1150247  .1992085

   Technical school  .0763214  .1165273  0.65  0.513  -.1527901  .3054329
   High school  .0689656  .0797161  0.87  0.388  -.087769  .2257002

 Education 

 Illness_caregiver  -.1522782   .0566726 -2.69   0.008  -.2637058  -.0408507
 Illness_fam  .0976926  .0618978  1.58  0.115  -.0240084  .2193935
 Illness_self  .0699694  .0708186  0.99  0.324  -.0692714  .2092101

 Gender  -.0045326   .0528904 -0.09   0.932  -.1085237  .0994585

 Clust_05  Coef.   Std. Err.  t  P>|t|  [95% Conf. Interval]
 Robust

Root MSE  =  .5348
R-squared  =  0.0405
 Prob > F  =  0.0817
 F(16, 384)  =  1.54

Linear regression  Number of obs  =  401

> Q5D5L_utility i.AgeGroups, vce(robust)
. regress Clust_05 Gender Illness_self Illness_fam Illness_caregive i.Education i.Employment  BornInNorway E

 _cons  .0113096  .8321467  0.01  0.989 -1.624825  1.647444

 65+  .418512  .5192449  0.81  0.421  -.602407  1.439431
36-64  .0147144  .2542062  0.06  0.954  -.485096  .5145247

 AgeGroups 

 EQ5D5L_utility  -.3084114   .7951842 -0.39   0.698 -1.871872  1.255049
 BornInNorway  .6718503  .2818352  2.38  0.018  .1177169  1.225984

   Retired  .0307924  .4878107  0.06  0.950  -.928322  .9899068
Long term sick leave/disabled  .278312  .3757735  0.74  0.459  -.4605192  1.017143

   Unemployed  .7414016  1.045672  0.71  0.479 -1.314558  2.797361
   Student  -.304321   .2608332 -1.17   0.244  -.817161  .208519
 Employment 

   University 4 or more years  .1773782  .3178178  0.56  0.577  -.4475028  .8022591
 University less than 4 years  .6417789  .3584602  1.79  0.074  -.0630115  1.346569

   Technical school  .5001686  .4153068  1.20  0.229  -.3163915  1.316729
   High school  .4981423  .3430394  1.45  0.147  -.1763283  1.172613

 Education 

 Illness_caregiver  .2642109  .1956624  1.35  0.178  -.1204929  .6489147
 Illness_fam  .0915428  .2045579  0.45  0.655  -.3106509  .4937365
 Illness_self  .2275383  .2339994  0.97  0.331  -.2325423  .6876188

 Gender  .4109841  .187838  2.19  0.029  .0416645  .7803038

 Clust_1  Coef.   Std. Err.  t  P>|t|  [95% Conf. Interval]
 Robust

Root MSE  =  1.7885
R-squared  =  0.0791
 Prob > F  =  0.0841
 F(16, 384)  =  1.54

Linear regression  Number of obs  =  401

> 5D5L_utility i.AgeGroups, vce(robust)
. regress Clust_1 Gender Illness_self Illness_fam Illness_caregive i.Education i.Employment  BornInNorway EQ



106 
 

A.17 Sensitivity analysis for time: with clustering values 

 

A.18 Sensitivity analysis for time: with age groups 

 

                                                                                                
                         _cons     6.530664   .1838003    35.53   0.000     6.169271    6.892057
                       Clust_1            0  (omitted)
                      Clust_05     .0282897   .0376437     0.75   0.453    -.0457264    .1023058
                        Clust0     .0032483   .0266319     0.12   0.903    -.0491161    .0556126
                       Clust05    -.0407555   .0174087    -2.34   0.020    -.0749851    -.006526
                        Clust1    -.0350845   .0152267    -2.30   0.022    -.0650236   -.0051453
                       Cluster     .0123698   .0111098     1.11   0.266    -.0094746    .0342142
                EQ5D5L_utility     -.177916   .1479835    -1.20   0.230     -.468885    .1130531
                  BornInNorway     .1183477   .0532464     2.22   0.027     .0136532    .2230423
                                
                      Retired      .0184856   .0805547     0.23   0.819    -.1399031    .1768743
Long term sick leave/disabled     -.0226139   .0727918    -0.31   0.756     -.165739    .1205112
                   Unemployed       -.31424   .1610123    -1.95   0.052    -.6308268    .0023467
                      Student      .0709902   .0683837     1.04   0.300    -.0634676     .205448
                    Employment  
                                
   University 4 or more years     -.1284925   .0844169    -1.52   0.129    -.2944753    .0374903
 University less than 4 years     -.1119047   .0850133    -1.32   0.189      -.27906    .0552506
             Technical school     -.0249654   .0955341    -0.26   0.794     -.212807    .1628762
                  High school     -.0169991   .0858203    -0.20   0.843    -.1857413     .151743
                     Education  
                                
             Illness_caregiver     -.039064    .042281    -0.92   0.356     -.122198      .04407
                   Illness_fam    -.0707393   .0481112    -1.47   0.142    -.1653369    .0238583
                  Illness_self     .0890117   .0489558     1.82   0.070    -.0072464    .1852698
                        Gender     .1461593   .0404296     3.62   0.000     .0666656    .2256531
                           Age     .0065355   .0019139     3.41   0.001     .0027723    .0102988
                                                                                                
                   lnTTO10Time        Coef.   Std. Err.      t    P>|t|     [95% Conf. Interval]
                                                                                                

       Total    63.5483167       400  .158870792   Root MSE        =    .37565
                                                   Adj R-squared   =    0.1118
    Residual    53.6225683       380  .141112022   R-squared       =    0.1562
       Model    9.92574842        20  .496287421   Prob > F        =    0.0000
                                                   F(20, 380)      =      3.52
      Source         SS           df       MS      Number of obs   =       401

note: Clust_1 omitted because of collinearity
> orway EQ5D5L_utility Cluster Clust1 Clust05 Clust0 Clust_05 Clust_1
. regress lnTTO10Time Age Gender Illness_self Illness_fam Illness_caregive i.Education i.Employment  BornInN

                                                                                                
                         _cons     6.638918   .1693043    39.21   0.000     6.306038    6.971797
                                
                          65+      .3024633   .1139764     2.65   0.008     .0783673    .5265592
                        36-64       .182266   .0544457     3.35   0.001     .0752171    .2893149
                     AgeGroups  
                                
                EQ5D5L_utility     -.194254   .1490882    -1.30   0.193    -.4873854    .0988774
                  BornInNorway     .1202157   .0524075     2.29   0.022     .0171741    .2232574
                                
                      Retired      .0472592   .1084739     0.44   0.663     -.166018    .2605364
Long term sick leave/disabled     -.0166072   .0726647    -0.23   0.819    -.1594777    .1262633
                   Unemployed     -.3333667    .161043    -2.07   0.039    -.6500032   -.0167302
                      Student      .0827999    .069377     1.19   0.233    -.0536064    .2192063
                    Employment  
                                
   University 4 or more years     -.1318147   .0850319    -1.55   0.122    -.2990011    .0353717
 University less than 4 years     -.0980379   .0851264    -1.15   0.250    -.2654101    .0693344
             Technical school     -.0160704   .0958463    -0.17   0.867    -.2045197    .1723788
                  High school     -.0146224   .0861733    -0.17   0.865     -.184053    .1548083
                     Education  
                                
             Illness_caregiver    -.0427025   .0415407    -1.03   0.305    -.1243783    .0389732
                   Illness_fam    -.0616936   .0479411    -1.29   0.199    -.1559535    .0325664
                  Illness_self     .0989514   .0489654     2.02   0.044     .0026775    .1952253
                        Gender     .1413635   .0399939     3.53   0.000      .062729    .2199979
                                                                                                
                   lnTTO10Time        Coef.   Std. Err.      t    P>|t|     [95% Conf. Interval]
                                                                                                

       Total    63.5483167       400  .158870792   Root MSE        =    .37799
                                                   Adj R-squared   =    0.1007
    Residual    54.8635238       384   .14287376   R-squared       =    0.1367
       Model    8.68479299        16  .542799562   Prob > F        =    0.0000
                                                   F(16, 384)      =      3.80
      Source         SS           df       MS      Number of obs   =       401

> y EQ5D5L_utility i.AgeGroups
. regress lnTTO10Time Gender Illness_self Illness_fam Illness_caregive i.Education i.Employment  BornInNorwa
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A.19 Logistic regression for the upper tale 

 

 

 

 

 

 

 

 

 

 

                                                                                               
                        _cons     -3.78372   1.264883    -2.99   0.003    -6.262844   -1.304595
               EQ5D5L_utility    -.2818217   .9910592    -0.28   0.776    -2.224262    1.660619
                 BornInNorway     .9639508   .3600487     2.68   0.007     .2582684    1.669633
                      Retired     1.188015    .875502     1.36   0.175    -.5279373    2.903968
           SickLeave_Disabled     .9358978   .7325714     1.28   0.201    -.4999157    2.371711
                     Employed     .8383298   .6198503     1.35   0.176    -.3765545    2.053214
                               
  University 4 or more years      .0154355   .7137218     0.02   0.983    -1.383434    1.414304
University less than 4 years      .6402619   .7001952     0.91   0.361    -.7320955    2.012619
            Technical school      .9383062   .7430484     1.26   0.207     -.518042    2.394654
                 High school      .7963657   .7077618     1.13   0.261     -.590822    2.183553
                    Education  
                               
            Illness_caregiver     .3233866    .309122     1.05   0.295    -.2824814    .9292546
                  Illness_fam    -.1078483   .3797463    -0.28   0.776    -.8521374    .6364408
                 Illness_self     .6452355   .3436505     1.88   0.060    -.0283071    1.318778
                       Gender     .0479322   .2980103     0.16   0.872    -.5361572    .6320217
                          Age     .0118117   .0141761     0.83   0.405     -.015973    .0395964
                                                                                               
               Cluster_upper7        Coef.   Std. Err.      z    P>|z|     [95% Conf. Interval]
                                                                                               

Log likelihood = -163.18987                     Pseudo R2         =     0.0891
                                                Prob > chi2       =     0.0041
                                                LR chi2(14)       =      31.92
Logistic regression                             Number of obs     =        400

Iteration 4:   log likelihood = -163.18987  
Iteration 3:   log likelihood = -163.18987  
Iteration 2:   log likelihood =  -163.1952  
Iteration 1:   log likelihood = -164.28564  
Iteration 0:   log likelihood = -179.14751  

> Disabled  Retired BornInNorway EQ5D5L_utility 
. logit Cluster_upper7 Age Gender Illness_self Illness_fam Illness_caregiver i.Education Employed SickLeave_
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A.20 Do-file

***************** Number of flags using the QC criteria *********************** 

* Flag if less than three minutes (180 sec) spent on the WC example:

gen WCtime = time 
replace WCtime = 0 if position_of_item >3 
by internal_id, sort: egen flagWCsec = sum(WCtime) 
gen flagWCtime = 0 
replace flagWCtime =1 if flagWCsec<180 
tabulate flagWCtime 

* Flag if no time spent on the WTD task in the WC example:

gen WCtimeBTD = time 
replace WCtimeBTD = 0 if position_of_item >6 
gen WCtimeWTD = time 
replace WCtimeWTD = . if position_of_item != 3 
histogram WCtimeWTD 
drop WCtimeBTD 
tabulate WCtimeWTD 

* Flag if less than five minutes (300 sec) spent on the 10 TTO tasks:

gen totaltime = time 
replace totaltime = 0 if position_of_item <8 
by internal_id, sort: egen TTOtime = sum(totaltime) 
gen flagTTOtime =0 

** set threshold for TTO time at 30 sec per state as a minimum 

replace flagTTOtime = 1 if TTOtime < 300 
drop TTOtime totaltime 
tabulate flagTTOtime  

gen noLT  = 0 
destring TTOvalue, replace 
replace noLT = 1 if (position_of_item ==3 & TTOvalue >0 & composite_switches==0) 
replace noLT = 1 if (position_of_item ==2 & TTOvalue >0 & composite_switches==0) 
replace noLT = 1 if (position_of_item ==1 & TTOvalue >0 & composite_switches==0) 
by internal_id, sort: egen flagWTD = sum(noLT) 
gen flagWTD2=0 
replace flagWTD2=1 if flagWTD==3 
drop noLT flagWTD 
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rename flagWTD2 flagWTD 
tabulate flagWTD 

* Flag inconsistent valuations 55555:

drop if position_of_item <8 
destring item-ad, replace 
by internal_id, sort: egen lowest = min(TTOvalue) 
gen state = 10000*mo+1000*sc+100*ua+10*pd+ad 
gen value55555 = . 
replace value55555 = TTOvalue if state==55555 
by internal_id, sort: egen p = max(value55555) 
gen Incons = p – lowest 
gen FlagIncons= 0 
replace FlagIncons =1 if Incons >=0.5 
tabulate FlagIncons 

* Descriptive statistics on flags:

tabulate flag 
tabulate flag Gender 
tabulate flag AgeGroups 
tabulate flag Illness_self  
tabulate flag Illness_fam 
tabulate flag Illness_caregiver 
tabulate flag Education 
tabulate flag Employment 
tabulate flag BornInNorway 

* T-tests:

ttest Gender, by(flag) 
ttest Age, by(flag) 
ttest BornInNorway, by(flag) 

*********************** Clustering descriptives ******************************* 

tabulate TTOvalues 
tabulate TotClust 

histogram Cluster 
summarize Cluster, detail 

tabulate Clust1 
tabulate Clust05 
tabulate Clust_1 
tabulate Clust0 
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tabulate Clust_05 
tabulate NonTrader 
tabulate TTO55555value 

*Make categories for Age:

generate AgeGroups = 1 
replace AgeGroups = 2 if inrange(Age, 36, 64) 
replace AgeGroups = 3 if inrange(Age, 65, 100) 

*Define labels for AgeGroups:

label define LabelAgeGroups 1 "18-35" 2 "36-64" 3 "65+" 
label values AgeGroups LabelAgeGroups 
tabulate AgeGroups 

*Define labels for Education:

label define LabelEducation 1 "Primary school" 2 "High school" 3 "Technical school" 4 
"University less than 4 years" 5 "University 4 or more years" 
label values Education LabelEducation 

*Define labels for Employment:

label define LabelEmployment 1 "Employed" 2 "Student" 3 "Unemployed" 4 "Long term sick 
leave/disabled" 5 "Retired" 
label values Employment LabelEmployment 

*Make dummy variables for Experience with serious illness:

gen Illness_self=. 
replace Illness_self = 1 if Exp_illness_self==0 
replace Illness_self = 0 if Exp_illness_self==1 

gen Illness_fam=. 
replace Illness_fam = 1 if Exp_illness_fam==0 
replace Illness_fam = 0 if Exp_illness_fam==1 

gen Illness_caregiver=. 
replace Illness_caregiver = 1 if Exp_illness_caregiver==0 
replace Illness_caregiver = 0 if Exp_illness_caregiver==1 

drop Exp_illness_self Exp_illness_fam Exp_illness_caregiver 

tabulate Illness_self 
tabulate Illness_fam 
tabulate Illness_caregiver 

************************ OLS regressions and tests **************************** 
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**** OLS with total cluster values and demographic variables:  

regress Cluster Age Gender Illness_self Illness_fam Illness_caregiver i.Education 
i.Employment  BornInNorway EQ5D5L_utility , vce(robust)
predict Clust_tot, xb
summarize Clust_tot Cluster

*Test for normality:
predict resid_Cluster
sktest resid_Cluster
histogram resid_Cluster, kdensity normal

*Test for heteroscedasticity:
estat hettest

*Test for multicollinearity:
vif

*Specification:
linktest

**** OLS with cluster value 1 and demographic variables: 

regress Clust1 Age Gender Illness_self Illness_fam Illness_caregiver i.Education 
i.Employment  BornInNorway EQ5D5L_utility , vce(robust)
predict Clust1_tot, xb
summarize Clust1_tot Cluster

*Test for normality:
predict resid_Clust1
sktest resid_Clust1
histogram resid_Clust1, kdensity normal

*Test for heteroscedasticity:
estat hettest

*Specification:
linktest

**** OLS with cluster value 0.5 and demographic variables: 

regress Clust05 Age Gender Illness_self Illness_fam Illness_caregiver i.Education 
i.Employment  BornInNorway EQ5D5L_utility , vce(robust)
predict Clust05_tot, xb
summarize Clust05_tot Cluster

*Test for normality:
predict resid_Clust05
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sktest resid_Clust05 
histogram resid_Clust05, kdensity normal 

*Test for heteroscedasticity:
estat hettest

*Specification:
linktest

**** OLS with cluster value 0 and demographic variables: 

regress Clust0 Age Gender Illness_self Illness_fam Illness_caregiver i.Education 
i.Employment  BornInNorway EQ5D5L_utility , vce(robust)
predict Clust0_tot, xb
summarize Clust0_tot Cluster

*Test for normality:
predict resid_Clust0
sktest resid_Clust0
histogram resid_Clust0, kdensity normal

*Test for heteroscedasticity:
estat hettest

*Specification:
linktest

**** OLS with cluster value -0.5 and demographic variables: 

regress Clust_05 Age Gender Illness_self Illness_fam Illness_caregiver i.Education 
i.Employment  BornInNorway EQ5D5L_utility , vce(robust)
predict Clust_05_tot, xb
summarize Clust_05_tot Cluster

*Test for normality:
predict resid_Clust_05
sktest resid_Clust_05
histogram resid_Clust_05, kdensity normal

*Test for heteroscedasticity:
estat hettest

*Specification:
linktest

**** OLS with cluster value -1 and demographic variables: 
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regress Clust_1 Age Gender Illness_self Illness_fam Illness_caregiver i.Education 
i.Employment BornInNorway EQ5D5L_utility , vce(robust)
predict Clust_1_tot, xb
summarize Clust_1_tot Cluster

*Test for normality:
predict resid_Clust_1
sktest resid_Clust_1
histogram resid_Clust_1, kdensity normal

*Test for heteroscedasticity:
estat hettest

*Specification:
linktest

********************* Sensitivity analysis with time ************************** 

*OLS with total cluster values and demographic variables and time:

regress Cluster Age Gender Illness_self Illness_fam Illness_caregiver i.Education 
i.Employment  BornInNorway EQ5D5L_utility TTO10Time, vce(robust)

*OLS with cluster value 1 and demographic variables and time:

regress Clust1 Age Gender Illness_self Illness_fam Illness_caregiver i.Education 
i.Employment  BornInNorway EQ5D5L_utility TTO10Time, vce(robust)

*OLS with cluster value 0.5 and demographic variables and time:

regress Clust05 Age Gender Illness_self Illness_fam Illness_caregiver i.Education 
i.Employment  BornInNorway EQ5D5L_utility TTO10Time, vce(robust)

*OLS with cluster value 0 and demographic variables and time:

regress Clust0 Age Gender Illness_self Illness_fam Illness_caregiver i.Education 
i.Employment  BornInNorway EQ5D5L_utility TTO10Time, vce(robust)

*OLS with cluster value -0.5 and demographic variables and time:

regress Clust_05 Age Gender Illness_self Illness_fam Illness_caregiver i.Education 
i.Employment  BornInNorway EQ5D5L_utility TTO10Time, vce(robust)

*OLS with cluster value -1 and demographic variables and time:

regress Clust_1 Age Gender Illness_self Illness_fam Illness_caregiver i.Education 
i.Employment  BornInNorway EQ5D5L_utility TTO10Time, vce(robust)

*********************Sensitivity analyses with AgeGroups*********************** 
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*OLS with total cluster values and demographic variables and AgeGroups:

regress Cluster Gender Illness_self Illness_fam Illness_caregiver i.Education i.Employment  
BornInNorway EQ5D5L_utility i.AgeGroups, vce(robust) 

*OLS with cluster value 1 and demographic variables and AgeGroups:

regress Clust1 Gender Illness_self Illness_fam Illness_caregiver i.Education i.Employment 
BornInNorway EQ5D5L_utility i.AgeGroups, vce(robust) 

*OLS with cluster value 0.5 and demographic variables and AgeGroups:

regress Clust05 Gender Illness_self Illness_fam Illness_caregiver i.Education i.Employment  
BornInNorway EQ5D5L_utility i.AgeGroups, vce(robust) 

*OLS with cluster value 0 and demographic variables and AgeGroups:

regress Clust0 Gender Illness_self Illness_fam Illness_caregiver i.Education i.Employment 
BornInNorway EQ5D5L_utility i.AgeGroups, vce(robust) 

*OLS with cluster value -0.5 and demographic variables and AgeGroups:

regress Clust_05 Gender Illness_self Illness_fam Illness_caregiver i.Education i.Employment 
BornInNorway EQ5D5L_utility i.AgeGroups, vce(robust) 

*OLS with cluster value -1 and demographic variables and AgeGroups:

regress Clust_1 Gender Illness_self Illness_fam Illness_caregiver i.Education i.Employment 
BornInNorway EQ5D5L_utility i.AgeGroups, vce(robust) 

******************* OLS with time and demographic variables: ****************** 

regress TTO10Time Age Gender Illness_self Illness_fam Illness_caregive i.Education 
i.Employment  BornInNorway EQ5D5L_utility
predict TTO10Time_tot, xb
summarize TTO10Time_tot TTO10Time

*Test for normality:

predict resid_time 
sktest resid_time 
histogram resid_time, kdensity normal 

*Test for heteroscedasticity:
estat hettest

*Test for multicollinearity:
vif
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*Specification:  
linktest   

********************* Log-linear regressions and tests ************************ 

****Log TTO10Time: 

generate lnTTO10Time = ln(TTO10Time) 

****Log-linear with time and demographic variables: 

regress lnTTO10Time Age Gender Illness_self Illness_fam Illness_caregiver i.Education 
i.Employment  BornInNorway EQ5D5L_utility 

predict lnTTO10Time_tot, xb 

summarize lnTTO10Time_tot lnTTO10Time 

 

*Test for normality: 
predict resid 
sktest resid 

*Specification: 
linktest 

*Test for heteroscedasticity: 
estat hettest  

********* Sensitivity analysis with clustering values and age groups ********** 

****Log-linear with time and demographic variables and cluster values:  

regress lnTTO10Time Age Gender Illness_self Illness_fam Illness_caregiver i.Education 
i.Employment  BornInNorway EQ5D5L_utility Cluster Clust1 Clust05 Clust0 Clust_05 
Clust_1 

****Log-linear with time and demographic varables and AgeGroups: 

regress lnTTO10Time Gender Illness_self Illness_fam Illness_caregiver i.Education 
i.Employment BornInNorway EQ5D5L_utility i.AgeGroups 

**************** Checking for interviewer effects ***************************** 

****OLS with total cluster values and interviewers:  

regress Cluster Intervjuer1 Intervjuer2 Intervjuer3 Intervjuer5 Intervjuer7 Intervjuer8 
Intervjuer9 Intervjuer10 Intervjuer12 Intervjuer13, vce(robust) 

****Log-linear with time and interviewers: 
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regress lnTTO10Time Intervjuer1 Intervjuer2 Intervjuer3 Intervjuer5 Intervjuer7 Intervjuer8 
Intervjuer9 Intervjuer10 Intervjuer12 Intervjuer13 

****************** Logistic regression (robustness analysis) ****************** 

*Generate a new variable counting the number of cluster values in the upper range:  

generate Cluster_upper7=0 
replace Cluster_upper7=1 if inrange(Cluster, 7, 10) 
tabulate Cluster_upper7  

****Logit with the upper range and demographic variables:  

logit Cluster_upper7 Age Gender Illness_self Illness_fam Illness_caregiver i.Education 
Employed SickLeave_Disabled Retired BornInNorway EQ5D5L_utility 
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