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Abstract 

In this paper we investigate reporting heterogeneity in the Visual Analogue Scale (VAS) when it 

is used to measure current health status in cardiovascular patients. We provide a new framework 

to identify reporting heterogeneity using quantile regressions. EQ-5D responses are used as a 

proxy to control for objective health. The objectiveness of this generic measure is supported by 

other measures of actual health. The data comes from a Norwegian, health-related quality of life 

study. We find substantial evidence of reporting bias in VAS related to gender and education. For 

some quantiles we observe reporting heterogeneity related to age and weight.   

 

Keywords: Reporting bias, quantile regression, health measurement 
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1. Introduction 

The Visual Analogue Scale (VAS) is a well-known health measure which has a long history in 

psychometrics. In economics, it has been commonly applied to derive preference weights for 

hypothetical health states. However, more recently it has been used in health service research as a 

simple measure of individuals’ self-reported rating of their own health state, or as a single health 

measure in large population or household surveys (Shumeli 2003). VAS is practical and 

straightforward, easy to understand and easy to use, but is nevertheless considered to be highly 

subjective. The respondents indicate, on a scale similar to a thermometer, how they rate their 

overall health. Answers to subjective measures like these may not mirror the individuals’ latent 

health but rather the individuals’ opinion on what ideal health is (Thomas and Frankenberg, 

2000). The answer may also be influenced by the health status of persons with whom the 

individual identifies herself. Age, gender, income, religion and education are variables that are 

likely to influence the notion of ideal health or the health of an individuals’ reference group. 

Systematic differences between an individual’s actual health and their own indication of health in 

a subjective health measure are referred to as reporting bias, or reporting heterogeneity.   

In this paper, we investigate reporting heterogeneity in VAS among different groups of 

cardiovascular patients. For the same level of health, general heterogeneity in responses to health 

measures should not vary by, for example, gender or socioeconomic status. Previous studies 

confirm the existence of reporting bias in subjective measures, primarily in the commonly used 

five-category self-assessed health (SAH) classification (Groot 2000; Humphris and Van 

Doorslaer 2000; Lindeboom and Van Doorslaer 2004). A previous study also indicates that 

diverse health measures have different reporting heterogeneity properties (Shmueli 2003). Even 

though VAS is a common health measure there has not been much emphasis on reporting 

heterogeneity in this measure. It is important to estimate whether there is any potential reporting 

bias, for instance, when VAS is used as an outcome measure in an economic evaluation. We may 

under- or overestimate the true effect of the intervention because individuals with the same level 

of latent health perceive their health differently depending on what kind of person they are, and 

thus report their health differently. For instance, if a young person reports higher VAS scores 

than an older person at any given health state, there are equity and efficiency issues, given that 
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the reported scores are used for resource allocation decisions.  Further, we need to know about 

reporting bias when VAS is used as a health measure for a single population. Suppose we want to 

compare the health of two different populations using VAS. Assume that higher educated 

individuals report higher VAS scores than individuals with less education, even though they have 

the same level of latent health. Without any adjustment for reporting heterogeneity, we can easily 

conclude that the better health level is found among the population with the highest frequency of 

highly educated individuals. Similarly the socioeconomic gradient cannot be entirely related to 

differences in health when reporting heterogeneity is present. Without any adjustment, we may 

over- or underestimate inequity related to socioeconomic status when there is reporting 

heterogeneity.  

Shmueli’s study from 2003 gave evidence that VAS is sensitive to reporting bias related to 

economic status in the Israeli population.  We want to further explore reporting heterogeneity in 

VAS by using a novel Norwegian data set on health-related quality of life in cardiovascular 

patients, and by employing some new techniques to identify reporting heterogeneity using 

quantile regressions. A better understanding of reporting bias will help us to obtain better 

estimates of an individual’s latent health. Two main approaches have been used previously to 

identify reporting heterogeneity in subjective measures of health. One of the approaches uses a 

second measure of health to identify objective health and model reporting behaviour by 

hierarchically ordered probit models with cut-points depending on observed characteristics 

(Kerkhofs and Lindeboom 1995, 2004; Groot 2000; Lindeboom and Van Dorslaer 2004). The 

other approach identifies reporting heterogeneity by analysing variation in evaluation of given 

health states represented by vignettes (Jones at al 2007; King et al 2004; Salomon et al 2004). 

These identification strategies have been applied mainly to categorical health measures. We 

follow the main idea behind identification of reporting heterogeneity in a subjective self–reported 

health measures in Kerkhof and Lindeboom (1995, 2004), where the focus was on differential 

reporting behaviour across different labour market states. However, the VAS is a continuous 

variable and ordered probit models are therefore not a suitable approach in our cases, nor are 

vignettes available. We therefore use a standard ordinary least squares approach and quantile 

regression techniques. A conditional mean regression is a useful tool for summarizing the 

average relationship between a variable of interest and a set of regressors. However, it gives us 
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only a partial view of this relationship. Reporting behaviour might differ with respect to latent 

health; therefore it is essential to investigate different points on the health measure distribution.  

By using quantile regression, we obtain a better picture of the conditional mean regression 

relationship, but at different points in the conditional distribution of interest. We will show that 

with a quantile regression we acquire a better understanding of reporting differences across the 

whole distribution of the VAS, and we demonstrate that this method is suitable for analysing 

reporting heterogeneity in non- categorical subjective measures of health. 

 

Finding a good measure of latent health is non-trivial. As already mentioned, in studies not using 

vignettes to identify latent health, a second measure of health is used, assumed to be an objective 

indicator of true health. For this analysis we use EQ-5D responses as a proxy for objective health, 

and group individuals according to these responses. The objectivity of the second measure used 

in previous studies to identify true health has often been taken for granted, and has not been much 

discussed or questioned (Groot, 2000; Humphris and Van Doorslaer, 2000; Lindeboom and Van 

Doorslaer, 2004; Van Doorslaer and Jones 2003). We stress the importance of having a real 

objective measure of health to identify reporting heterogeneity in VAS. Therefore, several other 

objective measures of health are used to support the objectivity of the EQ-5D responses, and we 

control for specific health indicators to verify that reporting heterogeneity is due to actual 

differences in reporting and not differences in latent health. We do not use the utility score 

derived by EQ-5D as a proxy for objective health, but rather responses to each of the attributes, 

due to potential heterogeneity in the valuation of health states. The EQ-5D score is valued with 

respect to a population tariff2, as a proxy for mean preference at different levels on the different 

dimensions in EQ-5D. This preference element is removed by using responses instead of the 

score, and we obtain information about an individual’s level of objective health.    

Three sources of reporting heterogeneity can be distinguished: differences in socioeconomic 

status, differences in culture and differences related to specific health conditions (Shmueli 2003). 

In this paper, we test whether there is any reporting heterogeneity in VAS mainly related to the 
                                                           
2 An EQ-5D health state may be converted to a single summary index by applying a formula that essentially attaches 
weights to each of the levels in each dimension. This formula is based on the valuation of EQ-5D health states from 
general population samples (www.euroqol.org)  
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first source. The dataset is not suited to measure reporting bias across cultures. Nevertheless, 

there is neither information nor reason to believe that there is much variation in 

culture/religion/immigration status in Norway. Even though we are dealing with a homogenous 

sample of patients we find it hard to identify individuals with different diagnoses with exactly 

equal objective health. Instead of testing whether there are reporting differences in relation to 

diagnoses, we use the main diagnoses of the respondents as health controls. 

 

The paper is organised as follows: Section 2 discusses the data and variables used; section 3 

presents the model and the econometric specification. Section 4 presents the results, while section 

5 provides us with robustness tests, and finally in Section 6 we discuss our results and draw 

conclusions. 

 

2. Data and variables 

We use a novel data set obtained from a Norwegian cardiovascular quality of life survey 

conducted between October 2007 and June 2009 (Lunde and Wisløff 2011). The data set consists 

of three subsamples; i) all types of heart patients, ii) post stroke patients iii) uncomplicated 

hypertension patients. The recruitment of heart and stroke patients was done in co-operation with 

the Heart and Neurology divisions at Haukeland University Hospital, while the hypertension 

patients were recruited via five randomly selected GP centres. All data are based on postal 

questionnaires. A total of 1174 patients participated in the appraisal (47.3% of all invited 

patients). The patients’ health status was measured by VAS, 15D and EQ-5D. The survey also 

contained a questionnaire covering general information about the respondents’ socioeconomic 

status and health background. 

 

The main variable investigated, the VAS score, is a continuous variable varying between 0 and 

1003. Responses to the attributes of EQ-5D are used as a proxy of the individual’s objective 

health. EQ-5D is a generic multi attribute utility instrument that is a widely used (Barton et al. 

2008; Brazier et al. 2004; Holland et al.2004; Lamers et al. 2006; McNamee et al. 2005; Seymour 

                                                           
3 For the analysis we have for simplicity transformed it into a 0-10 scale  
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et al.2009) and may be considered one of the most valid preference based measures used in 

economic evaluations4. The patient population is grouped according to EQ-5D responses. These 

health groups are used as controls for sorting out reporting heterogeneity that can potentially stem 

from real differences in objective health.  

 

EQ-5D consists of five very general questions covering mobility, self-care, pain/discomfort, 

usual activities, and anxiety/depression. The questionnaire is found in the appendix, part A. Each 

of these questions has three different, predefined answers or statements. For example in the 

question about mobility, respondents  are asked to indicate whether they have “no problems 

walking around”, which is considered as a level 1 answer , “some problems in walking about”, 

considered as a level 2 answer,  or are “confined to bed”, which is considered as a level 3 answer. 

We assume the EQ-5D responses to be objective because they consist of very specific and 

predefined statements. Since this health classification system is straightforward, indicators of 

health are easily verified in this system. An examination of the relationship between self-reported 

and physical assessments by Thomas and Frankenberg (2000) suggests that self-reports, and 

particularly those involving general questions, contain a good deal of information about the 

respondents’ actual health. 

 

When we divide individuals into health groups according to EQ-5D responses, the preferred 

approach would be to have a very fine split of individuals into groups that had exactly the same 

response to the same questions. The small sample size limits such a fine split of groups. To make 

reliable econometric analysis we had to go for a rougher definition of groups. We have chosen to 

split the individuals purely after response level, independent of question. Table 1 gives us an 

overview of how the split of individuals was done. Group 1 consists of those who had a level 1 

response to all questions. Group 2 consists of those who have one answer at level 2, and the 

remaining answers are level 1. Group 3 consists of those with two answers at level 2, and three 

answers at level 1. Group 4 and 5 are necessarily more mixed, due to the small number of 

observations. Group 4 consists of those who have answered with a level 2 three, four or five 

times, while group 5 consists of those with one or two level 3 answers. Individuals with three or 
                                                           
4 EQ-5D is for instance recommended for use in cost effectiveness analyses by institutions such as the National 
Institute of Health and Clinical Excellence (NICE) in the UK, and the health care insurance board in the Netherlands. 
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more level 3 answers are omitted (8 individuals), because the variance in objective health for 

these are too large, and there are too few individuals to constitute a group.  

 

[Table 1 about here] 

 

We verify that individuals within the same health group have similar levels of objective health by 

using two other measures of objective health. These two measures are also based on self-report; 

we believe, however, that these measures are more objective than a health measure such as VAS. 

The first measure is concerned with how bothered patients are by chronic diseases. The second 

concerns diseases other than their primary diagnosis and any chronic diseases. In both of the 

measures, the patients are first asked whether they suffer from any chronic disease or non-chronic 

disease other than their main diagnosis. If the patients answered yes to any of these questions, 

they were given four different alternatives to describe how bothered they are in daily activities by 

the chronic disease or the other diseases. We categorised the patients as having a substantial 

chronic disease, or a substantial other disease if they answered that the disease bothered them 

highly or to some extent. 

 

Even though we verify that the individuals in each of the defined health groups have the same 

level of objective health there can still be differences in health that have an impact on the 

reporting behaviour. In our regressions we therefore also control for diagnostic group (stroke, 

heart or hypertension patient) to capture the differences in the experience of these diseases. We 

also include an extensive set of control dummies based on responses to certain attributes in the 

EQ-5D to make sure that we capture differences in reporting and not real differences in health. 

We constructed a dummy variable for those who have reported that they have experienced some 

or major problems related to mobility, performance of usual activities, anxiety/depression and 

pain respectively.  

 

We investigate whether there are any reporting heterogeneity in gender, age, educational level 

and body mass index (BMI). These variables are therefore considered as explanatory variables in 
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our regressions. Individuals aged 67 or above, are denoted old5, and individuals below 67, are 

denoted young. We label those who have a university or college degree as highly or well 

educated, while those without any degree are labeled as poorly or low-educated. Individuals are 

defined to be overweight or obese if they have a Body Mass Index (BMI) of 25 or more.6 A BMI 

between 20 and 25 is defined here as normal.  Note that we have focused on individual 

characteristics that are plausibly exogenous to the specific diagnosis. Gender and age are 

deterministic and educational attainment is completed long before these individuals fall ill. BMI 

is the only variable that might have changed after the illness and we have tested whether 

excluding this variable changes the main results. We will not consider income and marital status, 

as they are potentially endogenous with respect to the diagnoses.  

 

3. Model and econometric specification 
3.1. Underlying model 

We will follow the approach introduced by Lindeboom and Kerkhofs (1995 and 2004).  

The patients’ subjective response to a question regarding their overall health is denoted HS. A 

latent variable of true health generates the response to the subjective measure of health. We 

denote the true health H*.  

);,,( * βεXHgH S =          (1) 

The relationship between Hs and H* may vary across individuals or subgroups of individuals 

according to socioeconomic and demographic variables within a population. There is reporting 

bias if people with the same level of true health (H*) report the subjective measure HS 

systematically differently from each other. In equation 1 the individual characteristics are denoted 

by X. β  captures the effect of X on the subjective health measure. Controlling for true health 

may give us an idea of how much of the variation in subjective health that comes from reporting 

bias. β  is then interpreted as a parameter of pure reporting bias.  

                                                           
5 The dividing age between young and old is set to 67 because this is the compulsory retirement age in Norway. 
6 This classification is in line with the World Health Organization’s classification, where a BMI > 25 is categorised 
as overweight and a BMI >30 is categorised as obesity 
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In reality H* is unobserved and difficult to measure. We therefore proxy true health by the 

responses to the different EQ-5D questions, which we assume represent an objective measure of 

health that captures the underlying true health, Ho.  

 );,,(* αηzHfH o=          (2) 

If the objective health measure fully captures true health Ho, equation 2 will be an identity. 

Normally z will correct for the dissimilarity between H* and Ho.  In z we include diagnoses and 

other health variables and individual characteristics. We will assume that the objective measure 

of health, oH , will capture the true underlying health conditional on the z. We will test this 

assumption later in the paper. 

 

3.2. Empirical implementation 

As a benchmark, we run the conditional mean-regression as  

5,...,1,)(1120 =++=++= kHkHXVAS ii
o

ii εββββ      (3) 

The VAS score is the subjective measure of health. The Xs presents the different background 

characteristics (gender, age, educational attainment and weight).  

The patients are divided into five groups according to the distribution of answers to different 

questions on objective health, oH . We create dummy variables for belonging to each of the 

groups. In the absence of reporting bias, there should not be any systematic differences in 

reporting behaviour related to different socioeconomic groups, age or gender, since all 

respondents have the same level of objective health. In addition we control for diagnoses and 

other objective health measures, Hi. iε is the error term assumed to have zero conditional mean. 

As the main approach, we will use the quantile regression method. The reason for focusing on 

quantile regressions is to capture heterogeneity in responses across the distribution of the VAS. 

An absence of reporting bias in the mean VAS score could stem from reporting bias at one end of 

the distribution and opposite reporting bias at the other end of the distribution, thereby cancelling 
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each other out. We would then need quantile regressions to capture the complete picture of 

reporting bias.  

We follow Koenker and Bassett (1978) and run the quantile regression 

5,...,1,)(1 )()(
3

)(
2

)(
1

)(
0 =++=++= kHkHXVAS p

ii
pop

i
pp

i εββββ     (4) 

Where i denotes individuals, 10 << p  indicates the proportion of the population with VAS 

scores below quantile  p. The pth conditional quantile is then given by 

5,...,1),()(1)( )()(
3

)(
2

)(
1

)(
0

)( =++=++= kQHkHXVASQ p
i

pop
i

ppp εββββ    

where p = 25th, 50th and 75th quantile.   

We assume that 0)()( =εpQ , however we allow )( p
iε  to vary across quantiles. We will focus on 

the 25th, 50th and 75th percentiles. The different betas will then be the estimated difference in 

VAS between the different explanatory variables at quantile p. We will also perform the analysis 

for the 20th, 40th, 60th and 80th quantiles. 

There are relatively small differences between patients within a group; they all have some kind of 

cardiovascular disease. We expect the degree of heterogeneity in the data to be low. This gives us 

an advantage and allows us to keep the econometric framework rather simple. When reporting 

bias has been investigated in earlier studies, cross-section data or large household surveys have 

been used. In such large samples, the respondents may for instance be either perfectly healthy or 

very ill and we therefore expect the degree of heterogeneity in such data to be larger. 

Heterogeneity needs special econometric considerations and such samples need much finer sub- 

samples than we do. We run robustness tests to verify that the sample is indeed homogenous and 

that we can argue that the results represent reporting heterogeneity and not differences in 

objective health. 

The last empirical step we will conduct is to produce a cleansed VAS score. We will compare the 

actual distribution of VAS to the distribution of VAS after subtracting the coefficients for 

differences in reporting behaviour across subgroups. The procedure is as follows: for the mean 

regression we run (3) and store the 2β coefficients which represent the reporting bias for females, 
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older individuals, well-educated and overweight individuals. From the individuals’ VAS scores 

we subtract the set of coefficients pertaining to these individual characteristics. For example for a 

well-educated young woman with normal weight we would subtract the coefficients for female 

and well-educated from the VAS score, however not for old and overweight. There are 

potentially 16 different combinations of the four explanatory dummy variables. We then compare 

the actual distribution of the VAS using density estimation with a standard kernel (epanechnikov) 

and bandwidth to the distribution of the cleansed VAS. It is important for our estimations to use 

the same kernel and bandwidth to make the plots comparable.  

For the quantile regressions we store the estimates for each explanatory variable, for females, 

older individuals, higher educated and overweight for the 25th, 50th and 75th quantile. Then we 

separate the sample in three equally sized groups and subtract the coefficients from the 

individuals’ VAS according to the individual statuses and whether the VAS is in the lower, 

middle or upper part of the distribution. We then compare the density of the actual VAS to the 

quantile cleansed VAS. The idea here is that the betas for each of the explanatory variables may 

differ in different parts of the distribution. Ideally we would have different estimates for each 

centile across the whole distribution. However, our sample limits us to focus on three subgroups 

and three quantiles.7 

 

4. Results 

4.1. Descriptive Statistics 

Table 2 provides some descriptive statistics for our sample. The average age is 63 years; the 

youngest is 19 years old, while the oldest is 97. Nearly half of the sample is 67 or older (44%), 

and thus retired. 66% are men, and 34% have received a university or college degree. 64% are 

considered obese or overweight. 31% of the patients have suffered a stroke, 39%  are diagnosed 

with hypertension and 30% have heart-related diseases.  

 
                                                           
7 An alternative approach would be to compare the predicted distribution of the VAS to the cleansed predicted 
distribution.  



12 

 

[Table 2 about here] 

 

Table 3 shows the composition of individuals in each of the defined health groups.  The lowest 

mean age is found in the best health group, while the highest average age is found in group 4. 

Further, we find the highest proportion of males, those who are well educated, obese or 

overweight, and those with hypertension in health group 1. Health group 1 also has the lowest 

percentage of old individuals, stroke patients, and heart patients.  Health group 5 (the group with 

poorest health) has a low percentage of males, the lowest proportion of well-educated, obese 

individuals and also hypertension patients. The same group has the highest proportion of stroke 

and heart patients.  This gives us evidence that individuals with best health according to EQ-5D 

responses are males, highly educated, and those who are overweight /obese, and finally those 

who are diagnosed with “only” hypertension.  It is not surprising that individuals with higher 

socioeconomic status typically have better health than those at low status. This is in line with the 

estimated relationship between socioeconomic status and health, indicating that lower 

socioeconomic status is associated with poorer health (Humphris and Van Doorslaer, 2000; Kunst 

and Mackenbach, 1994; Lynch et al., 1996; Townsend and Davidson, 1982). Further, it is well-

known that women experience more illness than men, even though they live longer. Women 

respond to illness differently and use more health services than men (Langely, 2003). It is also 

reasonable that the health of hypertension patients is better than the health of those who have 

suffered a stroke or have had a heart attack. 

 

[Table 3 about here] 

 

4.2. The distribution of VAS 

Table 4 gives us an overview of the distribution of VAS scores for the whole sample (the first 

column) and is divided by subgroups. 
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[Table 4 about here] 

 

It is clear that the mean score of the VAS is following the defined health groups. Mean VAS 

score decreases with the health of each group. The difference in mean VAS score between group 

1 and group 2 is much smaller than the differences between group 2 and 3, group 3 and 4 and 

group 4 and 5. The largest differences in mean score are found between group 3 and 4, and 4 and 

5. This indicates that the variance in how the VAS is reported increases with lower levels of 

objective health. The standard error also increases by health groups, giving us the same 

indication.  The mean values of VAS for each subgroup differ slightly within each health group; 

however, the largest variance in mean scores is found in the poorest health groups (group 4 and 

5). For all sub groups, the mean VAS score decreases monotonically going from group 1 to 5.  

Females have a higher mean VAS score than males except for group 5, where males and females 

have the same scores. Well-educated individuals have higher scores than less educated, except for 

group 5. We see the same pattern for those who are overweight. They have the lowest means 

score compared to those who are overweight in all groups, except in the poorest. Older 

individuals have higher mean VAS scores than younger except in group 3 and 5.  Hypertension 

patients always have a higher mean VAS score than the two other patient groups, while there is a 

more mixed picture between heart and stroke patients.  

  

4.3. How objective is the health group definition? 

The main assumption underlying the method by which to identify reporting heterogeneity is that 

the objective health measures indicate true underlying health. Individuals with the same level of 

objective health according to EQ-5D responses should not report their health in VAS 

systematically different from one other if there is no reporting heterogeneity. We use this section 

to verify that this assumption is likely to be corroborated. We first base our assumption on the 

amount of information we have about a person’s underlying health.  The health groups we use as 

controls are defined on the basis of a whole set of objective health questions. In addition, we run 

all the regressions with some extra health control variables. These include diagnoses and 
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dummies indicating major problems with mobility, doing usual activities, anxiety/depression and 

pain. We want to stress that we have a homogenous sample, since all the recruited individuals are 

patients having experienced stroke, hypertension or some kind of heart problems. It is therefore 

more plausible that we can capture objective health using the health information we have in our 

data, than if we had a population data set where health states have much more variance, and it is 

harder to evaluate differences of health for populations with many individuals reporting no 

problems in the areas of mobility, self-care, depression, pain etc.8 

Secondly, we test the objectivity of the health groups by using other indicators of health that can 

be viewed as more direct measures of underlying health than VAS. The questions regarding 

chronic diseases and other diseases are quite specific and are assumed to reflect objective health 

because there is a lower likelihood that the respondents will over- or under-report their own 

health through answers to such questions.  These measures are supposed to record the facts of an 

individual’s current or past medical condition, rather than their perceptions of their physical state. 

Earlier research has indicated reporting errors in self- reports of specific aliments. These, 

however, are related to labour market status; people tend to justify their absences from work 

(Baker et al., 2004). Answers to questions related to specific aliments as general diseases and 

chronic diseases may vary substantially across different subgroups, but we find it unlikely that 

they are affected by socioeconomic status. If the health groups we have defined and the health 

controls capture objective health, they should be able to eliminate these differences between sub-

groups. Table 5 shows the results for chronic diseases. The first column shows the mean 

regressions without including any of the control variables for underlying health. Here we see that 

there are differences in chronic diseases across sub-groups of the population. Women are more 

likely to have chronic diseases than are lower educated and normal weight (compared to 

overweight) individuals. In column two, we control for diagnoses and objective health groups, 

and we see that the earlier correlations are reduced substantially. There are no significant results 

and the magnitudes are significantly lower than column one. Column three adds the additional 

health controls, and we see that the results are almost unchanged compared to column two. 

                                                           
8 There is potentially a lot of variation in underlying health also for individuals without problems with these major 
categories. Since we have individuals who are much more likely to have issues with one or more of these attributes, 
we obtain more information to identify underlying health. 
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[Table 5 & 6 about here] 

 

We do the same exercise in Table 6 using other diseases as an outcome variable. Although not as 

pronounced as chronic diseases, women are also more likely to have other diseases, and the 

pattern for low educated and normal weight individuals is also the same. When adding health 

controls in column two and three, we see that these correlations disappear. There is no longer 

evidence that women, low educated and normal weight individuals have more diseases than the 

main diagnosis.  This exercise indicates that we have a good proxy for objective health. 

 

4.4. Quantile regressions 

In this section we focus on the main results, reporting heterogeneity in VAS. The results from the 

mean regression are first presented in table 7.  The first column displays the mean regression 

without any control variables for underlying health. We see a pattern, although not always 

statistically significant, that women report higher health scores in VAS than men; older patients 

report slightly lower scores than younger individuals; the highly educated report much higher 

VAS scores than lower educated, and the overweight report higher than normal weight 

individuals. These results do not represent reporting bias as they confound potential reporting 

bias with individuals’ actual health. For example it is highly likely that higher educated 

individuals also have better underlying health than lower educated individuals and therefore 

report higher on the VAS. We also saw this from the results on chronic diseases; higher educated 

individuals were less likely to have chronic diseases. However since we saw that our objective 

health control variables were able to eliminate all these differences in health we can be more 

certain that columns two and three of table 7 give us indications of reporting bias. Here we see 

that females are much more likely than males to report higher values on VAS. There are no 

significant effects across age groups, while we still see that higher educated individuals report 

higher VAS than the lower educated. Nevertheless, this effect is more than half of the correlation 

which shows that some of the correlation stemmed from actual health. However, our results 
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indicate that reporting heterogeneity is likely to explain the difference between high and low 

educated. There is no significant effect with respect to BMI although we see that the results from 

the first column are reversed. When controlling for the different aspects of health, we see that 

individuals who are overweight are likely to report lower standards of VAS than those who are 

not overweight.  

[Table 7 & 8 about here] 

 

Mean regression may not provide us with information about heterogeneity in responses across the 

distribution of the VAS. In Table 8, we report results for the quantile regression. We discuss 

column two and three directly as we have already discussed the correlations in detail and seen 

that there are large differences between the correlations and the regressions with objective health 

control variables, and that it is difficult to disentangle variation in real health and variation in 

reporting without controlling for objective health.  From column two and three, we see that 

females report higher VAS than males across all of the quantiles. There do not seem to be any 

reporting differences between males and females within the distribution of VAS. This is also 

confirmed with a Wald test giving an F-statistics of 0.69, so we cannot reject the null hypotheses 

that the coefficients are similar across the quantiles. For age, we remember that the mean 

regression was not able to detect any significant differences in reporting. However, we see that 

for the 75th quantile, older individuals report higher VAS scores than the younger. We can also 

see that there are no differences at all in reporting between older and younger individuals in the 

25th and 50th quantiles.9  Further we find that those with higher education report significantly 

higher VAS scores than lower educated individuals in the 50th and 75th quantiles. Nevertheless, 

we do not find large differences in reporting across the quantiles (F-statistics is only 0.13). When 

we look at weight, we remember that we could not find any significant differences in reporting in 

the mean regression. By using quantile regression we see that there are significant differences in 

the median; in this quantile, the overweight report a lower standard of VAS than those who are of 

normal weight (F-statistics of 1.21). Although the tests cannot detect statistically significant 

                                                           
9 Again a joint Wald test with F-statistics of 1.27 cannot detect statistically significant results, although separate 
comparisons for the 75th quantile compared to the 25th and 50th indicate that the 75th quantile is different. 
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effects across the quantiles, the quantile regression is still extremely useful since it is able to 

detect effects that the mean regressions were not able to pick up. Finally we observe that there are 

not large differences by running the regressions with an extra set of health controls, which 

indicates that the health groups are well defined.10  

 

4.5. Cleansed estimates 

We see from Figure 1 that the actual distribution of the VAS has different peaks which suggest 

that the distribution differs across different subgroups. When we clean the score using the mean 

regression with the approach discussed in 3.2., we see a smoother density with the distribution 

shifted slightly to the left. In figure 2, we see that using the quantile regression does not give very 

different results, which corresponds with the earlier main results indicating that results do not 

vary significantly across quantiles. However, comparing Figure 2 and Figure 1, we see that the 

distribution is shifted even more to the left especially from very high values to middle-to-high 

values of the VAS.11 

[Figure 1 & 2 about here] 

 

5. Robustness tests 

We wanted to study quantiles simultaneously to take into account unobserved heterogeneity 

across the whole distribution of VAS. The most desirable would have been to run the regressions 

per decile; however the sample size restricted our focus to fewer points in the distribution of the 

VAS. Therefore we have chosen to focus on the 25th, 50th and 75th quantiles.  To verify that the 

results are not peculiar to the choice of these points, we additionally perform the analysis using 

the 20th, 40th, 60th and 80th quantiles. However, as we have already seen, there is a lot of 

heterogeneity in responses across the VAS, and we therefore could also expect the effects in 

other quantiles to differ slightly. We expect the 40th and 60th quantiles to be close to the median 
                                                           
10 We have also tried to redefine the health groups, especially the last two groups which lump together more different 
responses to the EQ-5D questions without any significant changes to our results. 
11 Using the alternative approach discussed in 3.2. gives very similar results. 
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score, while the 20th and 80th should be closer to the two ends of the distribution. However, we 

expect to verify the results by finding a similar pattern when we move the quantiles slightly.  

 

[Table 9 about here] 

 

Table 9 shows that the results for the other quantiles are consistent with the earlier pattern and 

that our main conclusion holds. Females and the higher educated always report higher VAS 

across the whole distribution. Older individuals report higher only in the 80th quantile, which is 

consistent with the same effect found for the 75th quantile. We find those who are overweight to 

report lower standards of VAS than normal weighted in the 40th quantile, which is consistent 

with the effect we found at the median. Remember that we could not find any significant 

differences in reporting related to age and weight in the mean regression.   

 

6. Discussion and concluding remarks 

In this paper, we have demonstrated reporting heterogeneity in the mean score of VAS for gender 

and education level. The main contribution has been to analyse reporting behaviour within 

quantiles of the distribution of VAS. This has been an important task because it has shown us that 

there are reporting differences across the distribution of VAS which cannot be detected by using 

mean regression. We were unable to find any significant differences in reporting related to body 

weight and age in the mean regression; nevertheless, we found significant differences in some of 

the quantiles. Earlier studies did not demonstrate that reporting heterogeneity in subjective 

measures of health is dependent on the level of health reported. Nor has it been previously 

demonstrated that quantile regression is a suitable tool for measuring reporting heterogeneity in 

non-categorical subjective health measures.  In general, women tend to report higher standards of 

VAS scores than men, and well educated also generally report higher standards of health than 

less educated individuals. Older individuals report higher standards of VAS in the upper part of 
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the distribution of VAS, while individuals who are overweight report lower standards of health 

than those who are normal weight around the median.  

Our findings are not necessarily valid for the population in general, or for other patient groups. 

We have used a small sample of a very specific type of patient; we therefore must be careful in 

generalising the results. However, we have the advantage of a homogenous sample of patients, 

which is important for the internal validity of the results.  Some of the findings are consistent 

with earlier research on other subjective measures of health. Lindeboom and Kerkhofs (2004) 

found clear evidence that males and females, as well as individuals in different age groups, report 

systematically different standards of health in the self- assessed health question when they have 

the same level of objective health. This study was undertaken in Canada, and objective health 

was measured with the Health Utility Index (HUI). However, they did not find any reporting 

heterogeneity in relation to education level. In a study where chronic conditions and disabilities 

worked as a proxy for true health, Groot (2000) found that women, younger individuals, and 

those with lower education reported systematically lower health standards in SAH for a given 

chronic condition or disability. Nevertheless, we found that women report higher VAS scores 

than men. This illustrates that we can expect different directions of reporting bias related to 

different socioeconomic groups depending on the subjective measure of health being used.  

We found evidence that older patients report higher VAS scores than younger individuals, even 

though they have the same level of objective health.  One possible explanation could be 

differences in the individuals’ reference groups. It is likely that an old person will compare 

herself with persons of similar age, and that older individuals normally experience more health 

problems than younger. With age, one is expected to experience some problems related to 

mobility, and one’s perception of health will then be affected by one’s perception of how 

mobility should be. Younger individuals who suffer strokes and have problems walking are not 

expected to have mobility problems, and they identify themselves with individuals in quite good 

health. The result of this might be that they under-report their actual health in a subjective 

measure.  Note that this paper has focused on the reporting differences across different 

subgroups; we have not attempted to predict the causes of reporting heterogeneity. The 

differences can be due to both unobserved and observed characteristics of the sub-groups. For 

example, there could be many reasons why females tend to report better health than males, even 
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after controlling for objective health. Subjective health measures do not have a natural reference 

point. It is likely that the reference point of well-being is determined by the individual’s specific 

situation and characteristics, rather than latent health.  We believe that individuals with the same 

level of objective health perceive their health to be different from others’, and that the difference 

depends on their reference group. The type of reference group an individual has is unobserved; 

however, we do not find it likely that the types of reference groups are likely to vary 

systematically across different sub-groups. This gives us reason to believe that there are other 

factors within the various subgroups that influence how their subjective health is reported.  

Whatever the story behind reporting heterogeneity, decisions concerning the allocation of 

resources and appropriate policies require unbiased indicators of health across different 

population groups. Much research in social science is based on self-reported surveys. Self-

assessment of health or quality of life is used in many areas, such as in studies on labour supply 

and retirement decisions, studies on the effect of health on wages, and studies of equity in health. 

When using subjective measures of health, we need, therefore, to be aware of reporting bias. We 

have shown that the subjective health measure is sensitive to the patient population and the 

composition of individuals. This limits the ability to generalise results– and to make comparisons 

with other populations. However, we have demonstrated how to identify reporting heterogeneity, 

and how to cleanse the estimates of the subjective measures. The main message is that whenever 

the VAS is used as a measure of health, we need to adjust for the determinants of reporting 

heterogeneity. An adjustment towards the mean may not be sufficient.  
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FIGURES 

 

 

 

 

 

 

 

 

Figure 1: Density of actual VAS compared to cleansed VAS using coefficients  
on female, old, higher educated and overweight from the mean regression. 
 
 

 

 

 

 

 

 
 
 
 
Figure 2:Density of actual VAS compared to cleansed VAS using coefficients 
on each of the quantiles, 25th, 50th and 75th on female, old, higher educated 
and overweight and distributed to three equal groups defined by the 
distribution of the VAS. 
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TABLES 

 
       Respond level of EQ-5D 
EQ-5D LEVEL 1 2 3 
Group 1 5 - - 
Group 2 4 1 - 
Group 3 3 2 - 
Group 4 2 3 - 
 1 4 - 
 - 5 - 
Group 5 4 - 1 
 3 1 1 
 2 2 1 
 1 3 1 
 - 4 1 
 1 2 2 
 2 1 2 
 - 3 2 

 

   

Table 1. Health groups defined after response level in EQ-5D    
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Variable Obs Mean Std. Dev. Min Max 

Age 892 63.17 12.37 19 97 

Male 931 .66 .473 0 1 

Old 931 .44 .497 0 1 

Well educated 931 .34 .472 0 1 

Overweight/Obese 931 .64 .479 0 1 

Stroke 931 .31 .461 0 1 

Hypertension 931 .39 .488 0 1 

Heart 931 .30 .460 0 1 

Table 2. Descriptive statistics 
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Health Group  1  2   3 4 5 

Age 62 63 63 66 64 

Male 73% 68% 63% 57% 59% 

Old 37% 44% 45% 54% 42% 

Well educated 43% 35% 25% 30% 17% 

Overweight/Obese 70% 64% 63% 61% 53% 

Stroke 24% 27% 34% 39% 40% 

Hypertension 53% 44% 32% 23% 21% 

Heart 23% 29% 34% 38% 38% 

Table 3. Group composition 
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Mean VAS Mean 

 

Male Female Old Young Well 

Educ. 

Less 

Educ. 

Overw/ 

Obese 

Normal 

weight 

Hypert. Heart Stroke 

Group 1 

N =312 

8.34 

(1.19) 

8.23 

(1.21) 

 

8.64 

(1.08) 

8.44 

(1.16) 

8.28 

(1.20) 

8.43 

(1.09) 

8.27 

(1.26) 

8.29 

(1.13) 

8.45 

(1.32) 

8.44 

(1.08) 

8.06 

(1.40) 

8.38 

(1.17) 

Group 2 

N= 209  

7.80 

(1.27) 

7.69 

(1.29) 

 

8.06 

(1.18) 

7.88 

(1.29) 

7.75 

(1.25) 

8.01 

(0.99) 

7.69 

(1.39) 

7.70 

(1.26) 

8.00 

(1.27) 

7.98 

(1.14) 

7.69 

(1.35) 

7.65 

(1.33) 

   Group 3 

N=142 

6.94 

(1.45) 

6.77 

 (1.52) 

 

7.23 

(1.28) 

6.80 

(1.53) 

7.03 

(1.39) 

7.17 

(1.52) 

6.86 

(1.42) 

6.90 

(1.21) 

6.99 

(1.79) 

7.03 

(1.52) 

6.82 

(1.27) 

6.99 

(1.57) 

Group 4         

 N=181       

 

5.76 

(1.73)       

5.57 

(1.67) 

6.02 

(1.80) 

5.80 

(1.72) 

5.71 

(1.75) 

6.55 

(1.81) 

5.42 

(1.58) 

5.64 

(1.72) 

5.95 

(1.74) 

6.21 

(1.58) 

5.63 

(1.82) 

5.62 

(1.70) 

Group 5 

N=87 

4.80 

(1.96) 

4.80 

(2.07) 

4.8 

(1.82) 

4.41 

(1.99) 

5.08 

(1.91) 

4.22 

(1.70) 

4.92 

(2.00) 

5.12 

(2.08) 

4.44 

(1.78) 

5.45 

(2.06) 

4.95 

(1.83) 

4.31 

(1.97) 

Table 4. VAS score by health group and sub-group. Standard deviation in brackets
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Dependent variable: 
Chronic diseases 

(1) (2) (3) 

Female .095*** 
(.031) 

.032 
(.029) 

.034 
(.029) 

Old -.011 
(.030) 

-.030 
(.027) 

-.039 
(.027) 

High educated -.087*** 
(.031) 

-.041 
(.029) 

-.042 
(.028) 

Overweight 
 

-.067* 
(.031) 

-.038 
(.028) 

-.044 
(.028) 

Diagnoses  x x 
5 health groups  x x 
Extra health controls   x 
N 931 931 931 
Table 5: Mean regressions, chronic diseases. Standard errors in brackets.  
*10 % significance level, **5 % significance level, ***1% significance level. 
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Dependent variable:  
Diseases 

(1) (2) (3) 

Female .057* 
(.036) 

-.030 
(.031) 

-.029 
(.031) 

Old .036 
(.033) 

.014 
(.029) 

.007 
(.029) 

High educated -.035 
(.034) 

.023 
(.030) 

.023 
(.030) 

Overweight 
 

-.021 
(.033) 

.001 
(.030) 

-.002 
(.030) 

Diagnoses  x x 
5 health groups  x x 
Extra health controls   x 
N 931 931 931 
Table 6: Mean regressions, Diseases. Standard errors in brackets.  
*10 % significance level, **5 % significance level, ***1% significance level. 
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Dependent variable: 
VAS 

(1) (2) (3) 

Female .120 
(.130) 

.331*** 
(.104) 

.340*** 
(.101) 

Old -.071 
(.126) 

.027 
(.098) 

.069 
(.096) 

High educated .725*** 
(.131) 

.359*** 
(.102) 

.362*** 
(.010) 

Overweight 
 

.145 
(.129) 

-.106 
(101) 

-.079 
(.098) 

Diagnoses  x x 
5 health groups  x x 
Extra health controls   x 
N 931 931 931 
Table 7: Mean regression, VAS. Standard errors in brackets.  
*10 % significance level, **5 % significance level, ***1% significance level. 
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Dependent variable: 
VAS 

(1) (2) (3) 

Female 
25th quantile 

0 
(.185) 

.375** 
(.155) 

.300** 
(.149) 

 
50th quantile 

.400* 
(.232) 

.367*** 
(.111) 

.400*** 
(.115) 

 
75th quantile 

.200 
(.180) 

.250** 
(.119) 

.271** 
(.112) 

Old 
25th quantile 

-.100 
(.232) 

0 
(.141) 

0 
(.139) 

 
50th quantile 

0 
(.185) 

-.100 
(.097) 

0 
(.108) 

 
75th quantile 

0 
(.150) 

.175* 
(.100) 

.172* 
(.101) 

High educated 
25th quantile 

1*** 
(.222) 

.250 
(.172) 

.200 
(.165) 

 
50th quantile 

.900*** 
(.226) 

.300** 
(.119) 

.267** 
(.120) 

 
75th quantile 

.500*** 
(.150) 

.250** 
(.107) 

.229** 
(.102) 

Overweight 
25th quantile 

.900*** 
(.319) 

-.125 
(.179) 

-.100 
(.166) 

 
50th quantile 

0 
(.206) 

-.333*** 
(.126) 

-.267** 
(.125) 

 
75th quantile 

-.200 
(.178) 

-.175* 
(.100) 

-.114 
(.104) 

Diagnoses  x x 
5 health groups  x x 
Extra health controls   x 
N 931 931 931 
Table 8: Quantile regressions. Standard errors in brackets.  
*10 % significance level, **5 % significance level, ***1% significance level. 
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Dependent variable: VAS (1) (2) (3) 

Female 
20th quantile 

0 
(.217) 

.400** 
(.170) 

.300* 
(.177) 

 
40th quantile 

.300 
(.214) 

.450*** 
(.136) 

.400*** 
(.141) 

 
60th quantile 

.033 
(.156) 

.440*** 
(.113) 

.389*** 
(.112) 

 
80th quantile 

.300* 
(.159) 

.200* 
(.119) 

.320*** 
(.116) 

Old 
20th quantile 

0 
(.235) 

0 
(.163) 

0 
(.159) 

 
40th quantile 

0 
(.251) 

-.050 
(.107) 

0 
(.107) 

 
60th quantile 

-.033 
(.167) 

.020 
(.103) 

.056 
(.095) 

 
80th quantile 

0 
(.153) 

.200* 
(.116) 

.189* 
(.113) 

High educated 
20th quantile 

1.3*** 
(.317) 

.300 
(.195) 

.300 
(.183) 

 
40th quantile 

.800*** 
(.228) 

.300** 
(.152) 

.300** 
(.130) 

 
60th quantile 

.467*** 
(.171) 

.440*** 
(.131) 

.333*** 
(.117) 

 
80th quantile 

.300* 
(.171) 

.300*** 
(.107) 

.260** 
(.108) 

Overweight 
20th quantile 

.500* 
(.228) 

-.100 
(.184) 

-.200 
(.186) 

 
40th quantile 

0 
(.290) 

-.250* 
(.155) 

-.300* 
(.158) 

 
60th quantile 

-.033 
(.132) 

-.080 
(.129) 

-.111 
(.112) 

 
80th quantile 

-.100 
(.146) 

-.100 
(.107) 

-.080 
(.108) 

Diagnoses  x x 
5 health groups  x x 
Extra health controls   x 
N 931 931 931 
Table 9: Quantile regressions: other quantiles Standard errors in brackets.   
*10 % significance level, **5 % significance level, ***1% significance level. 
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Appendix 

A) EQ-5D, with predefined answers/levels 

 

Mobility 

(1) I have no problems in walking about    

(2) I have some problems in walking about 

(3) I am confined to bed 

 

Self-Care 

(1) I have no problems with self-care 

(2) I have some problems washing or dressing my self 

(3) I am unable to wash or dress my self 

 

Usual activities (e.g. work, study, housework, family or leisure activities) 

(1) I have no problems with performing my usual activities 

(2) I have some problems with performing my usual activities 

(3) I am unable to perform my usual activities 

 

Anxiety/Depression 

(1) I am not anxious or depressed 

(2) I am moderately anxious or depressed 

(3) I am extremely anxious or depressed 
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