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Non-technical summary 

A great deal of influential health research has been based on surveys asking respondents 

whether they are troubled by any long-standing illness, disability or infirmity. Such questions are 

also often used as a filter preceding a further question asking about difficulties with specific 

activities of daily life. Responses to this second question are widely used to construct measures 

of the extent or severity of disability, based on the number and types of difficulties a person 

reports.  

Responses to the long-standing health question in panel surveys are very volatile: a large 

proportion of respondents reporting a problem in one interview no longer reported it in the 

following interview, and vice versa.  

We report the results of an experiment carried in waves 6 and 7 of the Understanding Society 

Innovation Panel. The experiment was designed to identify reasons for the high rates of change 

in long-term illness/disability and to investigate whether using this question as a filter to 

determine who gets asked about difficulties with daily life impacts on estimates of the severity of 

disability.  

Results suggest that the concept of a long-term health problem is not well defined. The question 

seems to measure better whether respondents have limitations caused by a health condition, 

than whether they have a condition at all: most respondents who stop reporting a long-term 

problem still have the condition, but it has improved, treatment or medication is more effective, 

or their activities have changed to make it less of a problem; among respondents who start 

reporting a problem, most claim that they had the condition at the previous interview. The results 

suggest at least 10 to 20% of reported health changes may contain errors. We examine the 

potential effects of such errors using both simulation methods and “correcting” errors by using 

the explanations given by respondents for apparent changes. Both methods show that the extent 

of errors observed can severely bias statistical analysis of the factors driving health changes.  

The experiment also shows that if all respondents are asked about difficulties with daily life, 

more disability is reported than when the question is restricted to respondents who give an 

affirmative answer to a “filter” question asking about the existence of a long-term health 

condition. The latter is sometimes assumed to filter out respondents with only trivial disabilities, 

but we do not find this to be true. Instead, the filtered question design significantly reduces 

measures of onset and worsening of disability, and also leads to significant differences in 

estimates from multivariate models of disability. 

Overall, our findings show that the design of survey questions can have a very important bearing 

on the evidence base that public policy on health and disability relies on. They also suggest that 

there may be a case for redesigning some of the questions used by many important surveys 

(including Understanding Society).  
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1 Introduction

A great deal of influential health research has been based on surveys asking respondents

whether they are troubled by any long-standing illness, disability or infirmity. Most major

general population surveys carry such questions; the particular example we are concerned

with here is carried in the UK Understanding Society panel survey and worded as follows:

Do you have any long-standing physical or mental impairment, illness or disability? By

‘long-standing’ we mean anything that has troubled you over a period of at least 12 months

or that is likely to trouble you over a period of at least 12 months. The resulting data are

important as a focus of study in epidemiology (see, for example, Schroll et al. (1991); Idler

and Benyamini (1997); van Doorslaer et al. (1997); Manor et al. (2001)). They are also

widely used as explanatory variables in other fields, including labour economics (Disney

et al. (2006), Garcia-Gomez et al. (2010)), social security and poverty analysis (Hancock and

Pudney, 2013) and research on wellbeing (Dolan et al., 2008).

The detailed wording of self-report health questions varies from survey to survey – see

Sturgis et al. (2001) for a review of UK data sources. There is UK evidence that cross-

section analysis based on these questions are robust across surveys using different sample

and question designs (Hancock et al., 2015). Self-reported health has also been shown to

be predictive of future morbidity and mortality, even after conditioning on objective health

measures (Idler and Benyamini (1997); Manor et al. (2001)). However, the picture is less

reassuring if we look at repeated self-reported health measures longitudinally. As we show

in section 2, there is a surprisingly high rate of transition in reported “long standing” health

states, which suggests that there might be a degree of spurious churning in the data.

Questions about the existence of a substantial health condition are of interest in them-

selves, but they are also often used as a prefilter to a further question about difficulties with

activities of daily life (ADLs).1 Responses to the second stage ADL question are widely

used to construct empirical measures of the extent or severity of disability, based on the

number and types of difficulties that a person reports (see, for example, Zaidi and Burchardt

(2005) and Morciano et al. (2014)). Influential policy-related examples include the Wanless

(2006) Review and the Department of Health (2009) Green Paper on social care, both of

1UK examples include the Understanding Society panel and the Family Resources Survey (FRS).
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which reached conclusions about the targeting of support for disabled people based on these

measures.

There is reason to suspect that the use of filter questions may result in the total burden

of disability being mis-measured. If the filter question is answered unreliably, measures of

disability constructed from the reported difficulties with ADLs may be systematically biased.

That bias could be positive if acquiescent behaviour causes respondents to favour the “yes”

response to the filter question; or the bias may be negative, even with purely random response

errors, because of the asymmetric question structure. A random false negative response bars

entry to the ADL question and prevents recording any ADL difficulties, while a false positive

does not necessarily lead to an offsetting over-estimate of ADL difficulties. Note that bias is

not solely an issue of macro measurement: if response bias is related to the characteristics and

circumstances of respondents, the inappropriate use of a prefilter to ADL questions could also

generate incorrect distributional inferences: for example, on the targeting of public support

for disabled people.

There is evidence in the generic survey methods literature that filtering has an impact

on the eventual response, although most attention has been paid to the different setting of

multiple filtered questions (Kreuter et al., 2011), where there is a possibility of respondents

giving spurious “no” responses to avoid the burden of subsequent questions. The findings of

Eckman et al. (2014) suggest that avoidance behaviour is more prevalent than acquiescence,

indicating a tendency toward under-reporting. In the specific context of disability, Sweeney

and Furphy (2008, pp. 228-229) also found some evidence from a Northern Ireland disability

survey consistent with that view.

Any analysis of survey response behaviour is difficult in the absence of objective external

validation data. While various biomarkers and formal diagnoses are available in some surveys,

such measures have only an indirect connection with the main focus of interest, disability,

and therefore cannot act as true validation data. An alternative approach to validation is

to develop a better understanding of the way that respondents’ behaviour may interact with

survey design to generate inaccurate responses. In this study, we use randomised controlled

experiments, implemented in waves 6 and 7 of the Understanding Society Innovation Panel

(IP) to investigate the interaction of reporting behaviour and survey design, in relation to

the reporting of change in health and disability.
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We designed the experiment to do two things. First, reactive dependent interviewing

(RDI) is used to give additional ex post information on the circumstances underlying any

reported entry to or exit from a long-standing condition. Second, we use randomised dif-

ferences in the administration of the filter question to identify the impact of filtering on

measures of disability constructed from the ADL questions.

The paper is structured as follows. In section 2 we motivate the experiment by demon-

strating the high empirical transition rates in health states in two major UK surveys, sug-

gesting the strong possibility of measurement error in the form of spurious churning. We

also use Monte Carlo simulation (in section 2.2) to demonstrate the magnitude of bias this

could cause in estimation of typical statistical models. Section 3 describes our experimental

design. Section 4 exploits randomised experimental treatments to provide empirical evidence

on the nature and consequences of response error in a longitudinal context. We use RDI

information about the circumstances relating to reported changes in health status to con-

struct ‘corrected’ measures of alternative concepts of health and disability, demonstrating

that summary measures of health dynamics and also the results from complex multivariate

modelling can be sensitive to even low rates of reporting error. Section 5 presents experi-

mental results on the use of a filter question controlling access to the ADL question from

which our disability measures are derived, demonstrating the important impact of question

design. Finally, section 6 suggests options for improving question design to produce more

stable health measures.

2 Self-reported health and ‘churning’

Our aim here is to document the surprisingly high rates of transition between health states

which gave the original impetus for our experimental research. We look at the two longitudi-

nal UK surveys that are most closely related to the Innovation Panel: the British Household

Panel Survey (BHPS) and the main Understanding Society panel.

2.1 Health transitions in the BHPS and Understanding Society

The BHPS ran from 1991-2008 before being absorbed into Understanding Society from 2010

onwards. It used a number of health questions thet are rather different from those in Under-
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standing Society ; the closest parallel is the following question, carried in every wave except

1999 and 2004:

LIMITING: Does your health in any way limit your daily activities compared to most people

of your age? [yes/no]

A further question, carried in all waves over 2002-18 uses a more subjective notion of dis-

ability:

DISABLED: Can I check, do you consider yourself to be a disabled person? [yes/no]

Another factual question was used from 1991 to 2000:

REGISTERED: Can I check, are you registered as a disabled person, either with Social

Services or with a green card? [yes/no]

Let Yt be the binary response to any of these question for respondents interviewed in year

t. Table 1 summarises the prevalence, entry and exit rates for the three measures. Entry

rates are estimates of Pr(Yt+1 = 1∣Yt = 0), and exit rates are estimates of Pr(Yt+1 = 0∣Yt = 1).
We use survey weights to address nonresponse and other sources of bias and show separate

estimates for working-age and older people respectively, where working age is defined as

being over state pension age: 60 for women and 65 for men. Table 1 also gives the steady-

state mean duration that would be implied by the empirical entry and exit rates in a simple

Markov Chain equilibrium.2

For working-age people, the exit rate for the LIMITING indicator is slightly higher and

the entry rate much lower than for older people, reflecting much greater prevalence in the

older population but only moderately higher duration.

2If x is the exit rate, the equilibrium mean duration of completed poor health episodes is (1 − x)/x.
This is intended only as a rough summary, representing the mean durations characterising an infinite-length
realisation with constant transition rates and no absorbing state – assumptions which clearly do not apply
to individual lives.
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Table 1 Prevalence and transition rates: BHPS 1991-2008

Working age Above working age
LIMIT- DIS- REGIST- LIMIT- DIS- REGIST-

ING ABLED ERED ING ABLED ERED

Prevalence 0.14 0.07 0.04 0.33 0.25 0.13
Exit rate 0.28 0.29 0.18 0.22 0.20 0.22
Entry rate 0.05 0.02 0.01 0.12 0.08 0.04
Equilibrium mean duration (yrs) 2.6 2.5 4.4 3.5 3.9 3.6

More light can be shed on the dynamics of measurement by considering the overlap

between entry and exit defined in terms of the LIMITING indicator and the alternative

DISABLED and REGISTERED indicators. Table 2 looks at episodes of LIMITING entry

and exit and shows the proportions of those cases which are also recorded as entry and

exit by the DISABLED and REGISTERED criteria. The proportions are remarkably low –

around one in ten concordance for the subjective DISABILITY indicator and less than one

in twenty for disability registration.

Table 2 Correspondence between alternative
transition indicators: BHPS 1991-2008

Agreement with...
DISABLED REGISTERED

Exit by LIMITING indicator 8.3% 2.2%
Number of cases 3,756 3,872
Entry by LIMITING indicator 11.4% 4.5%
Number of cases 4,300 4,862

The high-incidence, low-duration nature of the LIMITING indicator, and the minimal

dynamic concordance between it and the DISABLED and REGISTERED indicators, gives

some grounds for concern that it might be too volatile for the purposes of statistical modelling

of health and disability, particularly in a dynamic context.

The main Understanding Society sample began in 2009 with roughly three times the

sample size of the BHPS (approximately 30,000 households). Interviewing proceeds contin-

uously through the year with each household interviewed on a 12-monthly cycle, but each

wave takes two years to complete and thus overlaps with the preceding and succeding waves.
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The survey has carried the limiting long-standing condition question from wave 2 (2010-

11) onwards. Data up to wave 4 are available to us, so responses cover the calendar years

2010-2013. In addition to the main sample, Understanding Society has a separate panel of

approximately 1,500 households, known as the Innovation Panel (IP), reserved for controlled

experiments in survey design. The IP has annual interviews, conducted in the Spring of

each year since 2008. Our experiment was implemented at waves 6 and 7 and is described

in section 3, but the IP also carried the same question as mainstage Understanding Society

for waves 2-5. Table 3 summarises the pooled-sample entry and exit rates for mainstage

Understanding Society and the IP, by age group.

Table 3 Prevalence and transition rates in Understanding Society
(main sample waves 2-4 and IP waves 2-5)

Working age Over working age
Main sample IP Main sample IP

Prevalence 0.29 0.29 0.58 0.54
Exit rate 0.28 0.33 0.20 0.25
Entry rate 0.11 0.16 0.27 0.29
Equilibrium mean duration (yrs) 2.5 2.0 4.0 3.0

Table 3 reveals some differences with the BHPS LIMITING indicator. Entry rates are

considerably higher for Understanding Society, while exit rates are broadly comparable. In

particular, entry rates are high and considerably greater than exit rates for older respondents,

while exit rates are larger than entry rates for working-age respondents. This corresponds

better to the expectation that health problems tend to be of longer duration for older people.

The most plausible explanation for the difference in entry rates between the BHPS and

Understanding Society is that the BHPS question is age-referenced (“compared to most people

of your age”), while the Understanding Society question is not.

2.2 The scope for bias: Monte Carlo simulations

The high empirical rates of exit from the ill-health state are hard to reconcile with the “long-

standing” qualifier used in the question wording. It may be that the data are contaminated

by spurious transitions which are the result of occasional error in the answers given by re-

spondents, or the recording of those answers by interviewers. How important could such
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errors be? We investigate this using Monte Carlo simulation of their impact on estimates

of two representative statistical models, using three alternative assumptions about the mea-

surement error process. Let Yt be the ‘true’ health state and Y ∗t be the observed, possibly

misreported/misrecorded state. Our three alternative assumptions are:

Random misclassification: Pr (Y ∗t ≠ Yt∣Yt) = ρ (1)

Reporting inertia: Pr (Y ∗t = Yt−1∣Yt ≠ Yt−1) = ρ (2)

Reporting fatigue: Pr (Y ∗t = 0∣Yt−1 = Yt = 1) = ρ (3)

The first of these captures the idea of occasional, completely unsystematic, reporting

errors. The second allows the possibility that there might be some delay in reporting a new

condition, for example because it is not yet clear whether it can be expected to be long-

standing. The third assumption captures the idea that, once a condition is under way (and

would have been reported at onset), the respondent may not feel it necessary to report it

again in the current year. In all of these cases, ρ represents a misreporting probability fixed

at some a priori level as part of the simulation design.

We show the scope for measurement error by simulating standard estimators applied to

two different econometric models.3 The first is a simple regression model for life satisfaction

(Sit), with the self-report of a limiting health condition (Yit) used as a covariate together

with log equivalised net income (Mit) and a vector of other covariates (Xit):

Sit = βYit +Mitγ +Xitδ + ui + εit (4)

The second is a dynamic state-dependence (SD) model for Yit:

Yit = ✶( βYit−1 +Mitγ +Xitδ + ui + εit > 0 ) (5)

where εit is a random residual (normalised to have unit variance in (5)) and ✶(.) is the

indicator function.

Estimation of model (4) is by fixed-effects regression, making no assumptions about the

properties of the unobserved individual effect ui, while the estimator for model (5) is random-

effects probit, treating ui as a Gaussian random variable independent of all covariates, and

using the Wooldridge (2005) initial conditions approximation.

3See Hausman et al. (1998) for analogous simulation evidence on misclassification error bias in simple
binary response models.
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To make the simulation experiment as relevant as possible to real applications, we use

actual BHPS data on the covariates Xit, which include six time-invariant variables repre-

senting ethnicity, gender and education, and ten time-varying covariates representing age,

employment status, housing tenure and household size and structure. The Xit come from

waves 15-18 of the BHPS, yielding 42,799 observations from 13,288 individuals.4 The data

on Xit are held fixed across the 500 Monte Carlo replications. The parameters of the ex-

perimental data generation process5 are fixed at the values resulting from estimation of the

model using actual BHPS data for Yit. Full details of the simulation algorithm are given in

the online appendix at http://iserwww.essex.ac.uk/home/spudney/?page id=122.

Table 4 gives the mean and standard deviation across replications of the estimates of the

health impact β in model (4) and the SD coefficient β and income coefficient γ in model (5).

4A different version of the health module was used at wave 14, so we use the last four waves only to avoid
gaps or discontinuities in the series.

5The parameters are β, γ, δ, σ2

ε
and ui, i = 1...n for model (4), and β, γ, δ, σ2

u
for model (5).
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Table 4 Monte Carlo simulation: impact of response error

Error rate ρ

Type of response error Coefficient 5% 10% 20%
FE life satisfaction model: health coefficient β = −0.222
Random misclassification β -0.131 -0.087 -0.047

(0.016) (0.014) (0.011)
Reporting inertia β -0.228 -0.222 -0.208

(0.020) (0.018) (0.019)
Reporting fatigue β -0.218 -0.215 -0.186

(0.019) (0.018) (0.018)
Dynamic RE probit health model:

SD coefficient β = 0.351, income coefficient γ = −0.102
Random misclassification β 0.189 0.100 0.031

(0.040) (0.033) (0.025)
Reporting inertia β 0.543 0.721 1.070

(0.056) (0.059) (0.057)
Reporting fatigue β 0.252 0.159 0.003

(0.054) (0.053) (0.051)
Random misclassification γ -0.056 -0.036 -0.020

(0.024) (0.022) (0.017)
Reporting inertia γ -0.098 -0.090 -0.080

(0.031) (0.032) (0.028)
Reporting fatigue γ -0.097 -0.090 -0.086

(0.031) (0.032) (0.028)

Sample size: nT = 42,799, n = 13,288; 500 Monte Carlo replications

The simulation results reveal considerable scope for measurement error bias, in some cases

even with a modest rate of response error. For the FE regression analysis of life satisfaction,

the bias is only large for the simple random misclassification case, with 40% attenuation of

the health coefficient at a 0.05 error rate and almost 80% attenuation at a 0.2 error rate.

The large biases are a consequence of the fact that the within-group transform used by FE

regression reduces the signal-noise ratio in a measurement error context, thus magnifying

classical measurement error bias. The two dynamic reporting processes of reporting delay

or fatigue generate less bias, since they limit response error to the relatively small number

of episodes involving some change in health status.

For the dynamic SD model, the largest bias is in the SD coefficient β, which is affected

quite differently by the three alternative assumptions about the reporting error process.

Under random misclassification, there is a large attenuation bias ranging from 46% at ρ = 0.05
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to 91% at ρ = 0.20. In this case, there is also a similar degree of attenuation in the income

coefficient γ. Together, these mean that the equilibrium income-health gradient would be

seriously under-estimated. For the two dynamic error processes, bias is largely confined to

the SD coefficient β, with the income coefficient γ only slightly attenuated. Reporting inertia

and reporting fatigue have quite different implications for the estimated dynamic structure.

Inertia generates a large positive bias in the SD coefficient, ranging from 55% to over 200%

of the true coefficient at ρ = 0.05 and 0.20. In contrast, reporting fatigue attenuates β by

28% at ρ = 0.05 and almost 100% at ρ = 0.20. In both cases, the biases are large enough to

give seriously misleading estimates of the equilibrium income-health gradient.

The very different character of measurement error biases generated by different (plausible)

patterns of reporting error show how important it is to understand reporting behaviour in

relation to health and disability. The experiments set out and analysed in sections 3-5 are

intended to contribute to that improved understanding.

3 The Innovation Panel experiments

Our experiments were implemented in waves 6 and 7 of the IP and had two separate strands:

(i) reactive dependent interviewing (RDI) was used to investigate the factors underlying

change in self-reported measures of long-standing illness or disability, using responses col-

lected at wave 5 as the initial reference point; (ii) randomised controlled trials of three

variants of the health-disability instrument were used to show how question design interacts

with response behaviour to generate empirical measures of disability. See Jäckle et al. (2014)

for further details of the experiment and others carried in waves 1-7.

The experiment is based on the following four questions.

HEALTH: Do you have any long-standing physical or mental impairment, illness or disabil-

ity? By ‘long-standing’ we mean anything that has troubled you over a period of at least 12

months or that is likely to trouble you over a period of at least 12 months. [yes/no]

RDI: Just to check, our records show that last time when we interviewed you on [date], [you

had a / you did not have any] long-standing illness or disability. Is there an error in our

records, or [do you no longer have this condition / is this a new condition]? [1 There
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is an error in the records; 2 I [still have/had] the same health condition but it is [not as

bad/worse] now; 3 I [still have/had] the same health condition but treatment or medication

is [effective/less effective] now; 4 The condition is much the same as last year, but my

activities have changed, so it is [less/more] of a problem now; 5 [I no longer have this/This

is a new] health condition; 6 Other reason]

FREETEXT (if RDI = 1 or 6): Please explain the [error / other reason for the difference]

ADL: [Does this/Do these] health problem(s) or disability(ies) mean that you have substantial

difficulties with any of the following areas of your life? [1 Mobility (moving around at

home and walking); 2 Lifting, carrying or moving objects; 3 Manual dexterity (using

your hands to carry out everyday tasks); 4 Continence (bladder and bowel control); 5

Hearing (apart from using a standard hearing aid); 6 Sight (apart from wearing standard

glasses); 7 Communication or speech problems; 8 Memory or ability to concentrate,

learn or understand; 9 Recognising when you are in physical danger; 10 Your physical

co-ordination (e.g. balance); 11 Difficulties with own personal care (e.g. getting dressed,

taking a bath or shower); 12 Other health problem or disability; 96 None of these]

Sample members were randomly (by household) allocated to one of three experimental

groups; group A covered approximately half the sample and groups B and C a quarter each.

The details of the treatment received by each group is set out in Table 5. Members of

treatment group A all received the HEALTH question and (about ten minutes later) the

unfiltered ADL question. Group B were not asked the HEALTH question and, instead,

received the ADL question on its own with no filter. Respondents in group C received the

standard Understanding Society instrument: they were asked the HEALTH question and

then received ADL only if a health condition was declared. Thus there are three sources of

difference here: whether or not HEALTH was encountered before ADL (group B vs. groups

A and C); the time gap between the HEALTH and ADL questions (group A vs. group C);

and the use of a filter to control access to the ADL question (group C vs. groups A and B).

Every individual received exactly the same treatment at wave 7 as (s)he did at wave 6. The

dataset we work with includes all individuals interviewed at both wave 5 and 6 and all who

were interviwed at waves 6 and 7. Anyone providing an interview at waves 5 and 7 but not

wave 6 is excluded. The sample numbers given in Table 5 may vary slightly from the numbers

involved in particular comparisons because of a very small amount of item non-response.
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Table 5 Experimental design

Sample numbers Approx. 5 mins. into interview Mid-
at wave...1 RDI + interview

Group 5 6 7 HEALTH FREETEXT ADL2 ADL2

A - 865 766 ✓ ✓ - ✓
(if reported change)

B - 429 378 - - ✓ -

C 1,991 409 359 ✓ - ✓ -
(if HEALTH=Yes)

1 Counts exclude those who did not respond to the HEALTH question (or ADL, for group B). 2 The ADL question was not

asked in proxy or youth interviews.

4 Dynamic response error

1,258 respondents from groups A and C answered the HEALTH question at both wave 5 and

wave 6, a third (418) reporting an initial health condition or disability at wave 5, of whom

78 reported no condition at wave 6: an exit rate of 19%. Among the 840 respondents at

wave 5 who reported no long-standing condition, 120 reported such a condition at wave 6:

an entry rate of 14%. Between waves 6 and 7, the exit and entry rates were 25% and 7%

respectively. These transition rates are slightly lower than the corresponding rates in the

main Understanding Society sample and earlier IP waves, but they remain surprisingly high

in view of the “long-standing” qualifier used in the question wording.

4.1 Alternative health concepts and ‘corrected’ measures

It is not possible to discuss measurement error without a clear definition of the concept that

is to be measured, and there is no guarantee that the analyst’s concept of a long-standing

health condition coincides with the concept used by respondents when forming their answers.

There are two classes of response problem: pure measurement error, where the analyst and

respondent share a common understanding of the relevant concept, but the response is given

or recorded incorrectly; or conceptual mismatch, where the response is correct in its own

terms but is based on a conceptual interpretation that differs from the analyst’s.

The RDI responses summarised in Table 6 suggest that both pure measurement error
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and conceptual mismatch are present.6 There is a non-negligible number of cases where

respondents give a definite indication of an error in the records: 6% and 8% for reported

exits and 21% and 10% for reported entries, for 2006 and 2007 respectively. If applicable to

general population samples, the Monte Carlo simulation results of section 2.2 suggest that

these error rates could be sufficient to generate large biases in the coefficients of conventional

econometric models involving self-reported health variables.

Table 6 Reasons for changes in long-term health status

No. exits No. entries
Rit Reported reasons for change wave 6 wave 7 wave 6 wave 7
1 Error in the records 4 7 20 3
2 Condition improved/worsened 9 16 9 6
3 Treatment effectiveness changed 15 17 3 1
4 Activities changed 6 5 3 1
5 Condition started/ceased 11 5 29 12
6 Other reason 1 2 5 3
0 No explanation given 1 0 1 1
Number of group A exits/entries 46 49 69 27

Table 6 also reveals some ambiguity about the concept of health involved and potential

for conceptual mismatch. It is possible to discern five separate issues arising in the standard

list and free-text explanations: (i) the existence of a definite condition; (ii) the severity of

that condition; (iii) the effect of medical treatment in alleviating its effects; (iv) the pattern

of normal activity that the person chooses; (v) the resulting limitations on that pattern of

activity.

The size of our experimental samples makes it infeasible to pursue all of these elements

separately, but the wording of question HEALTH suggests two broad concepts which we

attempt to distinguish. One is existence of a condition (Cit): “Do you have any long-

standing physical or mental impairment, illness or disability?” The other is the limitation

of a condition (Lit): “anything that has troubled you”. The latter is more complex than

the former, since “trouble” will be affected by severity of the condition, medical treatment

and desired pattern of activity. For experimental group A, when a respondent reports a

6Note that a few respondents gave two reasons for the reported change in health state and some gave
no explanation, so the reasons cited do not sum to the total number of reported transitions. There are no
instances of RDI at wave 7 suggesting an error at wave 6 when RDI had also been used at wave 6, so it is
possible for us to use the sequence of RDI outcomes without any need to resolve conflicts between them.
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changed health state, the RDI question tells us more about the nature of the change. We

use this information (and, where relevant, the free-text explanation) to construct alternative

‘corrected’ indicators of the health state corresponding to these two distinct health/disability

concepts. It should be borne in mind that only partial data adjustment is possible because

we do not have RDI follow-up for people who did not report any change, so a reporting error

that persists for three periods would remain uncorrected.

We construct the indicator Cit for the weaker concept of a health condition primarily

by reversing apparent exits or entries (setting Cit = Cit−1 = 1) whenever RDI suggests that

the same condition existed in both periods (2 ≤ Rit ≤ 4). The narrower limitations indicator

Lit makes the same substitution only when RDI suggest some conflict with normal activity

(Rit = 4). The editing process is in fact rather more complex than this, since it also takes

account of the free-text explanations available in some cases. The number of corrected data

points is small in total – around 4% of the group A observations in waves 6 and 7 for Cit

and 1% for Lit, but large relative to the number of reported exit transitions – 67% of exits

for Cit and 12% for Lit. The appendix gives a detailed specification of the two data editing

algorithms used to construct Cit and Lit, and the code which implements it is included in

the online appendix at http://iserwww.essex.ac.uk/home/spudney/?page id=122.

The effect of data adjustment on transition rates varies between the two health concepts.

The entry and exit rates for initially reported ill-health are 8.9% and 16.7% respectively for

teatment group A. For the Cit indicator, these are reduced to 8.3% and 7.0% and, for the

Lit indicator, they are changed less, at 8.6% and 13.9%. Thus the RDI evidence suggests

that the main reason for the high exit rate is not full recovery from a health condition, but

partial improvement over time (often as a result of treatment) or the intermittent nature of

conditions like asthma and migraine. A lot depends, therefore, on whether one is interested

in the prevalence of disease or the impact that disease has on everyday life. Measurement

problems appear to be a bigger obstacle to analysis of the former than of the latter.

The Monte Carlo experiment in section 2.2 revealed quite different consequences of two

hypothetical dynamic misreporting processes: inertia and fatigue. The former may occur

when a transition takes place, the latter when an adverse health state persists across two

periods. Using the Cit indicator, simple inertia and fatigue error rates can be constructed as

Pr(Cit ≠ Y
∗

it ∣Cit ≠ Cit−1) and Pr(Cit ≠ Y
∗

it ∣Cit−1 = Cit = 1). Their empirical counterparts are
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1/214 = 0.5% and 59/492 = 12.0% respectively; the analogous rates for the Lit indicator are

0.4% and 2.5%. These rates are only indicative: they are based on small sample numbers and

rely on a partial and somewhat arbitrary error correction process, but they suggest that the

main area for concern is the possibility of response fatigue rather than inertia, and primarily

in relation to the existence, rather than limiting nature, of a health condition.

This is confirmed by logit estimates summarised in Table 7. We construct a binary indi-

cator of response error as EC
it = ✶(Cit ≠ Y

∗

it ) and binary covariates identifying the situations

in which fatigue and inertia can occur: FC
it = ✶(Cit−1 = Cit = 1) and ICit = ✶(Cit−1 ≠ Cit), with

variables EL
it , F

L
it , I

L
it constructed analogously for the Lit health concept. We then estimate

logit regressions for the probability of error, Pr(Eit = 1∣Fit, Iit). For both the Cit and Lit

health concepts, the influence of fatigue is larger than the insignificant estimated effect of

inertia, particularly so for the Cit definition of health. This points to a specific pattern of

response behaviour which sometimes fails to distinguish existence from onset and may follow

a line of reasoning by respondents: “I’ve told you about this illness before, so I don’t need

to tell you again”.

Table 7 Logit models of the dynamic pattern of response error

Health concept
Logit coefficient existence of condition: Cit limitation from a condition: Lit

Inertia: Iit 0.367 0.218
(1.158) (1.108)

Fatigue: Fit 3.735∗∗∗ 2.079∗∗∗

(0.594) (0.653)
Pseudo-R2 0.224 0.083)

Standard errors in parentheses. Significance: * = 10%; ** = 5%; *** = 1%. N = 1,631.

4.2 Bias in multivariate models of health and life satisfaction

We examine the impact of our data ‘correction’ procedure on the estimation results for typical

multivariate models, focusing on specific models of health dynamics and of the influence of

health on life satisfaction. Both are estimated using data from the three waves 5-7 on

individuals in treatment group A, for our three alternative measures of health: Y ∗it , Cit and

Iit. Estimates of selected coefficients from these estimated models are presented in Table 8.
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The model of health dynamics is the standard autoregressive panel data probit model:

Yit = ✶ (αYit−1 +Xitβ + ui + εit > 0) (6)

where the coefficient of interest α measures the persistence of ill-health, Xit is a vector of

covariates, ui is an unobserved random effect and εit is a white noise residual. The model is

estimated using the Wooldridge (2005) method for dealing with initial conditions.

We find a large increase in the estimated degree of persistence (α) in the dynamic model

(6), when we substitute the corrected indicator for existence of a health condition (Cit) for

the initial self-report (Y ∗it ): existence of a condition in the previous wave is estimated to

increase prevalence by 25 rather than 7 percentage points for an average individual. For the

limiting health concept (Lit), error correction has a much smaller effect, raising prevalence

by 9 percentage points rather than 7.

For life satisfaction Sit, measured on a 1-7 scale, FE regression has become the standard

estimation approach in the happiness literature, but we were unable to detect any significant

health effects using FE regression. This is a consequence of poor estimation precision, since

the within-group transformation used to eliminate the ui greatly depletes sample variation in

this 3-wave panel. Instead, we use the following random effects model where the individual

effect ui is assumed independent of the covariates Xit:

Sit = αYit +Xitβ + ui + εit (7)

In this static context, adjustment for reporting errors in health transitions has very little

effect on the estimates: substituting Cit or Lit for Y ∗it changes the health coefficient by a

negligible amount. This is in line with the Monte Carlo simulation results in Table 4 and is

a consequence of the small proportion of cases involving reported health transitions which

are at risk of the error our experiment is designed to detect.
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Table 8 Estimated models of health dynamics and life satisfaction:
health coefficients

Health measure
Coefficient Y ∗ C L

Dynamic health model
α̂: lagged health 0.914∗∗∗ 2.807∗∗∗ 1.232∗∗∗

(0.327) (0.394) (0.346)
(Marginal effect at u = 0) 0.069 0.250 0.091

(0.046) (0.132) (0.059)
Life satisfaction model

α̂: health −0.264∗∗∗ −0.276∗∗∗ −0.263∗∗∗

(0.091) (0.090) (0.091)
1 Significance of estimated parameters: * = 10%; ** = 5%; *** = 1%

5 The effect of a filter question on disability analysis

We now examine the consequences of using the HEALTH question as a filter preceding the

ADL question. We compare the responses from group B (who were asked the ADL question

with no filter) with those from group C (who received the filtered version which is currently

used in the main Understanding Society sample). Two indicators of disability are used to

summarise the results: D1 is a binary indicator taking the value 1 if one or more of the twelve

ADL difficulties is declared by the respondent,7 and D2 is a count index of the number of

ADL difficulties declared, taking the value 0 for the majority of the sample who report no

ADL difficulty.

Table 9 gives empirical estimates of three summary measures: E(D1) is a measure of

disability prevalence; E(D2∣D2 > 0) measures the average severity of disability among the

disabled; and E(D2) measures the aggregate per capita burden of disability. Significance

tests for between-group equality of means are based on the bootstrap clustered at the house-

hold level.

7Note that this is not necessarily identical to Y : some respondents indicate the existence of a health
condition without indicating any ADL difficulty.
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Table 9 The effect of filtering on disability responses

Filter No filter1

Disability measure (group C) (group B)
Wave 6

Prevalence: E(D1) 0.244 0.310∗∗

Unconditional mean count: E(D2) 0.548 0.716∗

Conditional mean count: E(D2∣D2 > 0) 2.240 2.308
Change in prevalence: E(∆D1) 0.032 0.091∗∗

Change in mean count: E(∆D2) 0.005 0.140∗∗

Wave 7
Prevalence: E(D1) 0.203 0.304∗∗∗

Unconditional mean count: E(D2) 0.510 0.722∗

Conditional mean count: E(D2∣D2 > 0) 2.507 2.374
Change in prevalence: E(∆D1) -0.041 0.012
Change in mean count: E(∆D2) -0.031 0.088∗

1 Significance of mean difference relative to group C: * = 10%; ** = 5%; *** = 1%

(household-clustered bootstrap test, 1000 replications)

Three conclusions emerge. First, the use of a filter question reduces the measured preva-

lence of disability and (at the 10% significance level) also the per capita aggregate burden.

The difference in mean prevalence between groups B and C is 7 and 10 percentage points

at wave 6 and 7 respectively, equivalent to 21% and 33% in terms of the reduction in the

aggregate number of people reporting any ADL difficulty. The reduction in the measured

aggregate burden caused by filtering is of the same magnitude (23% and 29% respectively).

It is sometimes argued that the filter question is necessary to screen out trivial difficulties

that do not warrant description as disability. If that were so, we would expect the mean

disability count in the subset of people reporting disability (E(D2∣D2 > 0)) to be lower in

group B (no filter) than in group C (filter).8 Instead, the estimated differences are modest in

size (-3% and +5% in waves 6 and 7) and statistically insignificant (P = 0.777 and P = 0.620).

We therefore find no evidence that the filter question is necessary to avoid spurious inclusion

of trivial conditions in measured disability, so there is a concern that, unlike ELSA, surveys

like Understanding Society and FRS, which use a filtered question structure, might miss

some substantial disabilities.9

8The effect on the measured aggregate extent of disability (E(D2)) then depends on the balance of these
two, but we would expect it to be greater in group B, assuming that removal of the filter has no effect on
the ADL responses of people who would satisfy the filter.

9Note that Hancock et al. (2015) find that ELSA generates higher empirical disability rates than FRS in
comparable areas (e.g. incontinence).
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A third conclusion from Table 9 concerns the pattern of within-individual change in

disability over time. The use of a filter question significantly reduces empirical measures of

the mean wave-to-wave change in D1 and D2. The tendency of filtering to eliminate evidence

of the increase in incidence and severity of disability over time in a panel of individuals gives

grounds for concern in relation to dynamic analysis of disability.

We also investigate the effect of treatment group on results from a multivariate statisti-

cal model of disability incidence in which the distribution of the count measure of disability,

D2it, is specified as zero-inflated negative binomial (ZINB) conditional on explanatory co-

variates Xit (Mullahy, 1986). The ZINB is a mixture model with two parts: a logit structure,

P0(Xit) = (1 + eXitα)−1, gives the probability that disability is necessarily zero. With prob-

ability 1 − P0(Xit), the ADL count D2it has a negative binomial distribution with location

parameter specified as µ(Xit) = eXitβ. An appealing way to interpret this model is that

part 1 of the mixture describes the population of people who are definitely non-disabled and

would not consider reporting an ADL difficulty, while part 2 of the mixture uses the negative

binomial distribution to describe the population of people with some degree of impairment

who may or may not see it as sufficiently serious to be worth reporting at interview. Thus

a report of D1 = D2 = 0 can occur in one of two ways - as straightforward report by a

non-disabled person, or as a response by a person with some disability who feels at the time

of interview that the ADL difficulties do not warrant reporting. P0(Xit) is the predicted

probability of the first type of zero and 1 − P0(Xit)µ(Xit is the predicted mean disability

burden E(D2).

We use a simplified set of covariates comprising age and three binary indicators of socio-

economic status: home-ownership, post-compulsory educational qualifications and manage-

rial/professional/skilled non-manual occupation in current or most recent job. The model

is estimated separately for treatment groups B and C. For each group the same two co-

variates, age and homeownership, are strongly significant, with people who are older or

non-homeowners having a higher probability of being disabled and a higher expected ADL

difficulty count if they are disabled. All other covariates are jointly insignificant.10 Table 10

presents mean predictions and marginal effects computed from the estimated models.

10χ2(6) Wald tests, P = .68 and .56 for groups B and C respectively.
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Table 10 The effect of filtering on estimated ZINB models
for treatment groups B and C

Disability Filter No filter
measure (group C) (group B)

Mean predictions
Mean P0(Xit) 0.664 0.472
Mean of E[D2it∣Xit] 0.561 0.723

Wald test for parameter equality χ2(19) = 32.9∗∗

Marginal effects at covariate means
Age 0.022 0.034∗

(0.002) (0.02)
Homeowner −0.570 −1.279∗

(0.098) (0.147)

Household-clustered standard errors in parentheses; statistical significance of

difference with group C: * = 10%; ** = 5%; *** = 1%

The estimated ZINBmodel shows significant structural instability across treatment groups,

with a considerably higher average predicted disability burden and lower predicted prevalence

of non-disability in the unfiltered responses from group B. The main source of the difference

is in the coefficients of age and homeownership, with both having a stronger estimated as-

sociation with disability when no filter is used. Thus the demographic and socioeconomic

gradients in disability are attenuated by the use of a filtered question structure.

These results are potentially important for policy purposes. If no filter is used (group

B), there is a higher projected volume of disability, and disability appears more strongly

concentrated among people who are relatively old and in rented accommodation. If used for

policy projections, a model based on an unfiltered survey question would therefore project

higher social care needs and a higher proportion of disability among people without the

means to meet the costs of their disability. This is a good illustration of the importance of

apparently arcane technical design issues for practical policy analysis.

6 Conclusions

In this study, we have used randomized experiments involving reactive dependent interview-

ing (RDI) and comparison of alternative questionnaire designs to investigate the problems

of survey response error in self-reported long-term limiting illness and associated disability
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indicators. These are widely used measures available in many important survey datasets.

The possibility of bias in the data and in research results based on them is an important

practical issue.

We have reached conclusions in five areas. First – and possibly most important – concerns

the ambiguity of the concept of long-term limiting illness (LLI). Our analysis suggests that

self-reported LLI is a conceptually unreliable indicator of the existence of a long-term health

condition. It is much more robust as an indicator of health-induced limitations on everyday

activity but is prone to a surprising degree of ‘churning’ when observed longitudinally, arising

from the inherently variable character of many illnesses. Respondents showed some confusion

about what was required in cases where the impairment is variable, particularly for conditions

like asthma, migraine and arthritis which may be intermittent and variable in intensity.

The concept of a long-term health condition is ambiguous in these cases and short-term

random factors (for example, the recency of an asthma attack) may generate reported health

transitions even if the daily probability of an asthma attack has remained constant.

In addition to the conceptual ambiguity facing respondents and researchers, evidence

from RDI suggests a significant rate of misreporting by respondents, or misrecording by

interviewers, of change. Although the number of experimental cases is not large enough to

permit estimation of a full model of reporting error, the dominant form of error appears to

be response ‘fatigue’ leading to spurious reports of exit from LLI. Once the existence of a

condition has been reported, there is a significant chance of the report not being repeated

at the following wave, even if the health problem remains in place.

A third finding is that even modest rates of dynamic misreporting can have serious impli-

cations for econometric analysis. The main problem is in dynamic multivariate modelling of

LLI, where Monte Carlo simulations and RDI results from our experiment both show large

biases in estimated coefficients of dynamic probit models involving state dependence. The

effect of measurement error is to bias downwards the state dependence effect and attenuate

the estimated socioeconomic gradient in health. On the other hand, we find no evidence for

serious bias in models where the LLI indicator is used as an explanatory variable in a panel

data regression model of (for example) life satisfaction.

Our fourth conclusion relates to the construction and use of disability measures. Survey

measures of disability are usually constructed from responses to questions about difficulties
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with a standard list of specific activities of daily living (ADL). The ADL question is typically

asked only of respondents who have reported the existence of a limiting health condition,

so that the LLI question acts as a filter controlling access to the ADL question used to

measure disability. An alternative unfiltered design simply asks the ADL question of all

respondents, without precondition. We have found evidence that the prevalence, aggregate

burden and change over time in disability are much larger when measured by the unfiltered

questionnaire design rather than the standard filtered design. It is sometimes argued that

the use of a filter qestion is a way of screening out trivial mild impairments but we have

found no evidence to support that view – conditional on the reporting of any disability, there

is no significant difference between the mean severity of disability reported by the groups

randomly allocated the filtered and unfiltered designs. These differences also have an impact

on statistical models of the demographic and socioeconomic gradients of disability, where

we find significant coefficient differences in an illustrative count data model. The use of the

filtered question design was found to reduce substantially and significantly the estimated

magnitude of these gradients.

Finally, we can make two recommendations for improvement in survey design. The use

of RDI follow-up to questions about long-term limiting illness can shed valuable light on

the meaning of reported change and gives researchers a way of assessing the robustness of

their findings. Although RDI increases survey costs by complicating computerised interview

scripts and lengthening the interview, the cost increases are not large and, in our view,

RDI follow-up should be considered as a standard feature for longitudinal LLI survey instru-

mentss. A bigger challenge for future work is the need to present respondents with a question

design that gives a clearer conceptual basis for LLI, accommodating situations where there is

a long-standing health condition which imposes serious but intermittent limitations on nor-

mal activities. In our view, the development of such a question design should be a priority

for survey designers.
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Appendix: The response error “correction” algorithm

Let Y ∗it be the (potentially misreported) binary answer of respondent i to question

HEALTH in periods t = 5,6,7 and define Rit to be a discrete indicator taking the values

1...6 for each of the RDI responses in the order they are listed in the relevant panel of Table

6 above.11 The free-text follow-ups to the Rit = 1 and Rit = 6 responses are varied but fall

naturally into three groups, which we indicate by a discrete variable Fit (t = 6,7):

Fit = 0: change of mind about current at wave t

Fit = 1: definite claim of an error at wave t − 1
(e.g. “said he never had an illness”, “entry error”)

Fit = 2: mention of a specific medical condition that existed at t − 1
(e.g. “angina and asthma for many years”, “high blood pressure 18 months”)

Fit = 3: reference to intermittent nature of a long-standing condition
(e.g. “migraine”, “asthma all my life it varies [with] the activities I do”)

We construct empirical indicators of two alternative health/disability concepts: Cit indicates

the existence of a health condition; and Lit indicates a health condition that limits (or would

limit) normal activity

Cit and Lit are constructed using the following algorithm.

(1) Initialise Cit = Lit = Y
∗

it for t = 5...7, then edit Cit, Lit as follows:

(2) If exit is reported at wave 6 (Y ∗i5 = 1, Y
∗

i6 = 0):

(i) reset Ci6 = Li6 = 1 if current report changed (Ri6 = 1 and Fi6 = 0)

(ii) reset Ci6 = 1 if evidence of persistence (Ri6 ∈ {2,3,4})

(iii) reset Li6 = 1 if evidence of actual or potential limitation (Ri6 = 4)

(iv) reset Ci5 = Li5 = 0 if definite evidence of error at wave 5 (Ri6 = 1 and Fi6 = 1)

(3) If entry is reported at wave 6 (Y ∗i5 = 0, Y
∗

i6 = 1):

(i) reset Ci6 = Li6 = 0 if current report changed (Ri6 = 1 and Fi6 = 0)

(ii) reset Ci5 = 1 if evidence of pre-existence (Ri6 ∈ {2,3,4})
11Note that Rit can take multiple values, since the standard responses listed in Table 6 are not mutually

exclusive, so the condition Rit ∈ {2,3,4} or Rit = 4 appearing below is satisfied if any one of the individual’s
responses satisfies it.
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(iii) reset Li5 = 1 if evidence that limitation could have occurred at wave 5 (Ri6 = 4)

(iv) reset Ci5 = 1 if definite evidence of error at wave 5 (Ri6 = 1 or 6 and Fi6 ≥ 2

(4) If exit is reported at wave 7 (Y ∗i6 = 1, Y
∗

i7 = 0):

(i) reset Ci7 = Li7 = 1 if current report changed (Ri7 = 1 and Fi7 = 0)

(ii) reset Ci7 = 1 if evidence of persistence (Ri7 ∈ {2,3,4})

(iii) reset Li7 = 1 if evidence of actual or potential limitation (Ri7 = 4)

(iv) reset Ci6 = Li6 = 0 if definite evidence of error at wave 6 (Ri7 = 1 and Fi7 = 1)

(5) If entry is reported at wave 7 (Y ∗i6 = 0, Y
∗

i7 = 1):

(i) reset Ci7 = Li7 = 0 if current report changed (Ri7 = 1 and Fi7 = 0)

(ii) reset Ci6 = 1 if evidence of pre-existence (Ri7 ∈ {2,3,4})

(iii) reset Li6 = 1 if evidence that limitation could have occurred at wave 6 (Ri7 = 4)

(iv) reset Ci6 = 1 if definite evidence of error at wave 6 (Ri7 = 1 or 6 and Fi7 ≥ 2
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