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Abstract

This paper addresses the problem of point identification in the presence of measurement
error in discrete variables; in particular, it considers the case of having two “noisy” indicators of
the same latent variable and without any prior information about the true value of the variable of
interest. Based on the concept of the fourfold table and creating a nonlinear system of
simultaneous equations from the observed proportions and predicted wages, we examine the need
for different assumptions in order to obtain unique solutions for the system. We show that by
imposing a simple restriction(s) for the joint misclassification probabilities, it is possible to
measure the extent of the misclassification error in that specific variable. The proposed
methodology is then used to identify whether people misreport their disability status using data
from the British Household Panel Survey. Our results show that the probability of underreporting
is greater than the probability of overreporting disability.
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I. INTRODUCTION

Measurement error in survey data has received much attention from statistical
analysts and economists over the last three decades. It is known that individuals when
taking part in a survey have to answer some questions about their behaviour or other
personal characteristics; however, it is commonly observed that these respondents tend to
not truly report their characteristics. As a result, the estimated coefficients of the relevant
variables used in the regression analysis are often biased (towards zero) leading to
inconsistent interpretation of the results.

Although most survey questions are related to variables that are thought of as
continuous such as age, earnings or wages, a considerable part of the data is in the form
of variables taking values in finite sets (discrete). Examples of the latter include
educational qualifications, race, marital status, employment status and health/functional
status.

When measurement error in discrete variables occurs, it is normal to think of the
problem in terms of misclassification error. Misclassification can occur in one of the
following ways: the respondent indicates having a specific characteristic when he truly
does not (false positive response - Type | error) or indicates not possessing the
characteristic when he really does so (false negative response - Type Il error). In that
way, they either overestimate or underestimate respectively the quantity being requested.
Possible sources of the misclassification error are associated with the respondents’
difficulty to understand or remember the question being asked or his willingness to say
what the interviewer, and the society in general want to hear (socially desirable).! Also, it
may be present due to the fact that certain words mean different things to different people
or because the respondent gives different answers to different interviewers depending on
his mood, attitude or the day the survey is taking place (Lohr 1999). An example of
misclassification error in discrete variables is related to how people report their disability
status. There are strong economic (Bound and Burkhauser 1999) and psychological
(Myers 1982, Bowe 1993, Hale 2001) incentives to misreport disability status. In
particular, the respondents in a survey tend to either overreport being disabled so that
they can take advantage of any social benefits such as claiming a disability or incapacity
benefit or underreport being disabled in the fear of stigma and social exclusion. A
possible social stigma in the long-run might reduce the possibilities of finding a job for
those who are currently unemployed or alternatively, impact negatively the wages of
those who are already in the labour market.

In the literature, a vast array of methods has been developed to accommodate
measurement error and essentially misclassification in model analysis. These methods
can be classified into two broad categories; the first one is related to setting bounds for
the misclassification probabilities which can be then used to bound the corresponding
estimates of the mismeasured variables. Interestingly, that approach is not limited to the
number of the mismeasured variables, although in most cases they cannot pick up the
same latent variable.

If the regressor is binary, assuming that the reporting process is exogenous, in
other words the error process generating the mismeasured variable is independent from
the residual error in the structural equation, and that the researcher has knowledge of the

! The difficulty to understand or remember the question being asked is known as telescoping or recall bias.
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true value of the mismeasured variable, then it is possible to bound the corresponding
coefficients away from zero (Bollinger 1996).° Moreover, when stronger prior
information about the relationship between the two misclassification probabilities is
available - p and q stand for the false positive and false negative responses respectively

- such as p+q<21 or equivalently ps% and qs% these bounds can be made

tighter. A different approach proposed initially by Horowitz and Manski (1995) and
extended from Kreider and Pepper (2007 and 2008), based once again on a nonparametric
bounding methodology but imposing further assumptions provides similar bounds for the
estimated coefficients of the mismeasured variable.® The new sets of assumptions
imposed are mainly of distributional and functional form; firstly, a certain subgroup of
respondents provides fully accurate reports, hence there is a known lower bound on the
accurate reporting rate. However, it should not be disregarded that without any prior
information on the nature and degree of that accurate reporting rate the bounds can be
very wide to impossible. Secondly, there is a monotonic relationship between the true
value of the mismeasured variable and specific observed covariates such as age. For
example, in case the mismeasured variable is the disability status it is usually assumed
that the population disability rate is non-decreasing with age or that the employment rate
of the disabled is non-increasing with age.

The second way of accommodating misclassification error is mostly found in
epidemiology studies and used to determine whether a new method for testing a disease is
as effective as an existing one.* It is based on exacting unique solutions for the
misclassification probabilities using algebraic analysis and the concept of the fourfold
table or a maximum likelihood procedure.

In particular, Bross (1954) assuming that there exists a unique method with no
measurement error available to the researcher, a “gold standard” as it is usually denoted,
and that both misclassification probabilities should be equal and each less than 0.5
showed that they can be calculated directly. Knowing the exact value of the
misclassification probabilities, he also proposed a way to derive the bias between the
“gold standard” method and the other method with the measurement error. An extension
of his proposed model came later on from Tenenbein (1972) who allowed the two
methods to follow a multinomial distribution. In comparison to the above studies, Hui
and Walter (1980) claimed that none of the two methods for disease testing needed to be
a “gold standard”; if the two methods were applied simultaneously to the same
individuals from two populations with different disease prevalence, and assuming
conditional independence of the errors of these methods (in the same way as with the
non-parametric methodology), then it is possible to derive closed form solutions for the
estimates of the error rates of both methods, and the true prevalence in both populations
by using a maximum likelihood procedure.

% The exogenous reporting process is known as “non-differential” misclassification error.

Bollinger (1996) also provides bounds for the misclassification probabilities.
® This approach is known as monotone instrument variable bound (MIV).

Kreider and Pepper (2007) found that under relatively weak nonparametric assumptions non-workers
appear to systematically overreport being disabled.
* The particular method of accommodating measurement error in epidemiology studies is known in the
literature as finite fixture models.



Considering the above ways proposed to deal with the measurement error, an
important question then arises: Is it possible to achieve point identification in the
presence of misclassification error if: i) there are more than one (two) mismeasured
variables that identify the same (unobserved) characteristic; ii) no “gold standard” sample
or accurate reporting rate exists; and iii) the concept of the fourfold table is used as a
baseline framework?

The aim of the paper is to answer that question; we show that we can exact
identify the extent of measurement error in discrete variables by solving a nonlinear
system of simultaneous equations from observed (expected sample) proportions and
available predicted wages - without having any information about the true value of the
variable of interest - and imposing a simple restriction for the joint misclassification
probabilities.

We then use our proposed methodology to measure the extent of misclassification
on reporting disability status using data from the British Household Panel Survey
(BHPS). Assuming that we have two indicators of the disability status, our results show
that the probability of underreporting is greater than the probability of overreporting
disability. Depending on whether disability limits their daily activities or the type and
amount of work they can do, truly non-disabled seem to underreport more that their
disability limits their daily activities while the truly non-disabled underreport more that it
limits the type or amount of work they can perform.

The rest of the paper is organized as follows. In Section Il we present the model
we use to exactly identify the extent of classification error in case we have two variables
measured with error. In Section 111 we provide an overview of the different ways of
measuring disability and introduce our data to empirically test our methodology. In
Section IV we present the final solutions for the system of simultaneous equations,
focusing on whether people misreport their disability status, as well as how the results
differ if not correcting for the misclassification error. The fifth and final section
concludes.

Il. THE MODEL

We start by introducing a fully general model which is directed towards finding
unique solutions for each of the misclassification probabilities. Our model differs from
the ones known in the literature since it is based on the strong assumption that we have
two variables - “noisy” indicators - measured with error instead of having only one, in the
sample that pick up the same latent variable and without having any prior information on
the true value of the variable under consideration. Therefore, the coefficients for the two
indicators are assumed to be the same.

To formalize the problem, suppose that we observe two mismeasured discrete
variables, M, and M, that can take only two integer values {0,1}. The value of each of

these variables will be equal to zero if the individual has reported not possessing a
specific characteristic and will be equal to one if he has reported doing so. In addition,
suppose that the unobserved true variable T takes two values in the same way as the
reported ones.



In order to build up the mathematical model, we first need to define the following
misclassification probabilities:®

e p, : probability the person does not report possessing the attribute M, given that
the true variable T suggests possessing the attribute [Pr(M1 =0|T =1)];

e p, : probability the person does not report possessing the attribute M, given that
the true variable T suggests possessing the attribute [Pr(M2 =0|T =1)];

e (, : probability the person reports possessing the attribute M, given that the true
variable T suggests not possessing the attribute [Pr(M ,=1|T = O)];

e (, : probability the person reports possessing the attribute M, given that the true
variable T suggests not possessing the attribute [Pr(M2 =1|T :0)].

Also, we denote the probability the true variable is equal to one as 4 which is
unknown.®

Then, in total we can obtain 8 joint misclassification probabilities for the two
reported measures - for the benefit of notation, the first subscript in each probability
denotes whether there is misclassification error in the M, variable while the second one

whether there is misclassification error in the M, variable (see Appendix, Annex A for
more information on the definitions of each one of them) - denoted as follows;’

{pmm’ pMm’ pmM ! pMM ’qmm’qu’qu ’qMM}'

Indicatively,
® p,.. : probability the individual is not misclassified in none of the two variables

(measures)  given that he  truly possesses the  characteristic
[Pr(M, =1, M, =1|T =1)];

® D, - Probability the individual is misclassified only in one of the two variables -
indicators (|\/| l) given that he truly possesses the characteristic
[Pr(M, =0,M, =1|T =1)];

e (Q,u . probability the individual is misclassified in both reported variables given
that he does not truly possess the characteristic [Pr(M, =1,M, =1|T =0)].

Also, from the probability theory it holds that
pmm + pMm + pmM + pMM =1’ (1)
O + Ayim + Ao + A =1 2)

> The subscript in each of these probabilities denotes the respective reported variable measured with error.
® The probability the true variable is equal to zero [Pr(T = 0)] isl—A1.

" A capital subscript letter indicates the existence of misclassification error whereas a little one indicates the
non-existence of misclassification error.



Taking into account the above probabilities, we can create a fourfold table
containing the expected sample (observed) proportions in each combination of the two
reported variables (see Table 1). Each of these proportions will be just a weighted sum,
by 4 and (1— A1) accordingly, of the joint misclassification probabilities.

Table 1: Expected sample proportions

Reported variable 2 (M)
Reported variable 1
(M,) “Yes” “No”
“Yes” AP + (= A) Gy AP + (1= A) Qi
“No” APy + Q=) APum + L= )

From Table 1 we obtain four equations, (3)-(6) each of which is equal to the
observed proportions A, B,C, D respectively.

AP o +(1_ﬂ’)qMM =A, 3)
AP + (1= A)Ayn =B, (4)
APy + (A=) =C, (5)
APy + A=) =D (6)

The set of equations (3)-(6) can be considered as a system of 4 simultaneous
equations with 9 unknowns {4, P.ns Prms Pt s P s e s G s A » A 3 FOP Which we
want to find unique solutions. However, equation (6) is collapsed since the two joint
misclassification probabilities p,,, and q,, can be easily calculated using conditions

(1) and (2). Therefore, we end up with a system of 3 equations with 7 unknowns; we need
4 more equations to achieve full identification.

It is worthy to mention that even if we assume that the misclassification
probabilities for each mismeasured variable are identical, in other words the probabilities
of lying are absolutely the same, conditions (3)-(5) are not sufficient to reveal the
prevalence of the probability of the true variable from the available data. In order to see
why that happens we should examine the following alternatives:

Case 1: One mismeasured variable

If we have only one mismeasured variable M and a “gold standard” G the
expected sample proportions cannot be determined directly from the existing sample. The
available expected sample proportions are the number of people who have answered
either “Yes” or “No” only to the reported variable M (See Appendix, Annex A for more

8 Note that A+B+C+D =1.



information regarding the definitions of the observed proportions and the
misclassification probabilities).”

Table 2: Expected sample proportions with only one mismeasured variable

Reported variable (M)
“Gold standard” (G ) “Yes” “N0”

“Yes” A@d—-p) p

“No” d-2)q 1-4)d-0)
AL-p)=A, (3i)
Ap=B', (4i)
@-A)q=C_", (5i)
@-A)(@1-q)=D'. (61)

The system of equations (3i), (4i) and (5i) - equation (6i) is collapsed for the same
reason as mentioned earlier in the analysis for equation (4) - is under identified since the
number of the available equations is less than the number of the unknowns {4, p, A", B'}.

Case 2: Two mismeasured variables

If we have two mismeasured variables we do not observe any considerable
difference regarding the identification of the true variable. In particular, assuming that
Pom =woms Pet =% s Pvm =Aum»> @A Pyum =Aum » then equations (3)-(5) can be
transformed as shown below;

APy + (A1=A) Py = A, (3ii)
APy +(1=24) Py =B, (4ii)
APy + A=) Py =C . (5ii)

Similarly to the case of having only one mismeasured variable, the system of
equations (3ii), (4ii) and (5ii) is again under identified since the available equations are
less than the number of the unknowns {4, Pyms Pt » P t -

The extra equations needed for full identification of the system will be taken from
the fourfold table of expected (predicted) wages in every combination of the two reported
variables (see Table 3 below). The expected wages will be a sum of the baseline wage w
- simply the wage of not misreporting - and the penalty of belonging on each specific
cell. It should be noted that S stands for the coefficient which by assumption is the same
for both measures. Thus, the predicted wages are basically a function of the expected
sample proportions (See Appendix, Part A for a representation).

® Only the sums (A'+C") and (B'+D") are known from the existing data.



Table 3: Predicted wages

Reported variable 2 (M)
Reported variable 1 Ve “NoO”
(M,)
“YES” + ﬂﬂ“pmm W+ ﬂﬁ“pmM
ﬁ’pmm + (1_l)qMM ﬂ’pmM + (l_l)qu
NG . P e PPy
ﬂ’pMm + (1_2’)qu ﬁ’pMM + (1_/1)qmm

Therefore, from Table 3 we obtain 4 more equations (7)-(10) but with two more
unknowns, w and g . Each of these equations is set equal to the average log gross

weekly wages denoted by E,F,G and H respectively.™

. BAPum _E, (7)
j“pmm + (1_ A’)qMM

+ ﬁﬂ“pmM — F , (8)
ﬂ’pmM + (1_ ﬂ“)qu

+ ﬁﬂ‘pMm — G , (9)
ﬂ“pMm + (1_ A)qu

ﬂﬂ’pMM _ H ) (10)

+ =
APy + A=)y

Overall, from the observed proportions and the predicted wages we obtain a
nonlinear system of 7 simultaneous equations, (3)-(5) and (7)-(10), with 9 unknowns
P s Print s P s i » A s Aana » 4 W, B} S0 it is still under identified. The last equation
for full identification will come from a restriction for the joint misclassification
probabilities.

Interestingly, we can find an unbiased and inconsistent estimator of S from the
appropriate estimation of wages and by adding exogenous regressors that also have a key
effect on wages. These regressors could be personal characteristics other than disability
status such as age, qualifications and marital status. The coefficient we will get from the
regression analysis will be very close to £.

a. Restrictions for the joint misclassification probabilities

A. No Bias/Monotonicity

No bias essentially arises from the definition of the misclassification error; the
respondents in the survey may report possessing a characteristic when they truly do not
so, thus the variable of interest is upwards biased, in order to receive any social and

1% Note that in comparison to the observed proportions E+F +G+H #1.



economic benefits. Alternatively, they may report not possessing the characteristic when
they truly do so causing a downwards bias to the variable of interest so that they avoid
possible social exclusion and discrimination observed in the labour market. In both cases
the respondent’s intention is to act in a way that usually improves his position than if he
had acted differently. For example, suppose that the specific characteristic is how people
report their disability status; the participants are usually more willing to report an
“excellent” or a “very good” health status than reporting a “bad” or a “very bad” one. By
doing so, they considerably try to avoid receiving lower wages compared to those who
reported having a “bad” or a “very bad” health - for those who are currently employed -,
or avoid having difficulties in entering the labour market for those who are unemployed.
Both 1flacts can occur due to employer’s prejudice or statistical discrimination against
them.

In algebraic terms, no bias assumption is translated as follows;
Pyvm + Puv = Avim + Awm » (11)
Pom + Pwm = Um + Am - (12)

In a simpler way, no bias indicates that the probability of misreporting is the same
for each reported variable M, and M, so it should be that p,=q,, and p,=q,. A
graphical representation of the no bias assumption is shown in the next figure.

Figure 1: No bias assumption

T=1 | M,=1 | M,=0 T=0 | M,=1 | M,=0

M, =1 Prm m M, =1 @_/qhm/
M, =0 Prim j@ M, =0 W U

By imposing only the no bias assumption we achieve full identification of the
system of simultaneous equations since we have 9 equations with 9 unknowns

{Puwt+ Putms Prns G G G 2 W3 B
Interestingly, a weaker assumption of no bias, monotonicity, rules out the
possibility that p is strictly less or more than q.

B. No correlation

No correlation assumption refers to the case where the misclassification error in
the one reported variable is independent of the misclassification error in the other
(reported) variable. Therefore, each of the joint misclassification probabilities should be a
product of the respective misclassification probabilities.

11 gstatistical discrimination occurs if employers do not have sufficient information to access the
productivity of minority applicants accurately and they may use membership in the minority group as a
signal of lower productivity thus, discriminate on the basis of wages against this group (Phelps 1972).



For that reason, according to the no correlation assumption it should hold that

Pum = PPz (13)
Prm = A= P)A= ), (14)
Pum = PLd—P,), (15)
Pow == P1) P, (16)
Ouv = 0192, (17)
O = (1-0,)A-0)., (18)
OQum =0 (1—05,) , (19)
Qum = (1_q1)q2- (20)

For instance, if we consider the joint misclassification probability p,,,, then

according to the no correlation assumption those who lied on the first measure have the
same probability of lying on the second measure as those that told the truth.

As with the no bias case, by imposing only the no correlation assumption we get a
fully identified system with 7 equations and 7 unknowns {p,, p,,q,,d,,4,W, 53}.

C. No bias and no correlation?!?

In general, the combination of the above assumptions is close to the definition of
the “classical” measurement error; the measurement error in the reported variable is
assumed to be independent of the true level of that variable and all other variables used in
the specific regression model. The error in the measurement of that variable will produce
a downward biased (attenuated) and an inconsistent parameter estimate of its effect.

It should not be disregarded that when we impose at the same time no bias and no
correlation assumptions, we end up with an over identified system of 7 equations with 5
unknowns {p,, p,, 4, W, 5}.

Overall, we can conclude that it is possible to achieve either full or over
identification of the system of simultaneous equations, and hence measure the extent of
misclassification error in a specific variable, either by imposing only one or a
combination of restrictions for the joint misclassification probabilities.™

*? In that case it should hold that Py = Oy = PiP> = G0+ Pym = dum = PL(L— P,) =0, (1 —1,)

and so on.
3 For an analytic representation of the system of equations in each of the three possible cases (“no
correlation”, “no bias and no correlation” and “no bias”), see Appendix, Annex A.
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I11. CLASSIFICATION ERROR AND DISABILITY STATUS
a. Measurement of disability

There are different ways of inferring whether someone is thought of as disabled or
not; either by using subjective, usually known as self-reported data (Baldwin and
Schumacher 2002, Madden 2004, Jones, Latreille, and Sloane 2006a, Jones and Sloane
2009) or more objective measures of health (Burchardt 2000, Jones 2009) or finally
indicators such as registered as disabled with Social Services or with a green card.

In subjective data, an individual through questions being asked assesses their own
condition and whether that condition affects their capacity to undertake work. The survey
questions are designed as closed as possible to the definition of disability stated in the
legislative reforms. As a consequence, they usually take the form: “Do you have any
long-standing (at least six months) illness, disability or infirmity?”; and in order to
capture for work limitations: “Does this health problem in any way affect your work
capacity? . Nevertheless, it should not be disregarded that when determining whether an
individual has a long-term health problem and whether that problem is work limiting
there may be social and economic incentives to misreport disability status.

On the contrary, in objective data the information is on specific health conditions;
either through a body mass index or a composite measure of mental well-being generated
from the 12-item version of the General Health Questionnaire (GHQ12), information on
subsequent mortality or even through doctor’s reports. Therefore, the questions are
narrower, more concrete and are not closely related to employment behaviour, as in the
subjective data.

b. Data

The data used in this study are from the British Household Panel Survey (BHPS)
covering 4 waves from 2005-2009. For the purpose of our study the sample is restricted
to employed men and women aged 21 to 60 years old. Each individual in the household
has a unique identification number and every year is asked almost the same
guestionnaire. In some cases, a member of a household may be absent throughout the
field period or too old to complete the interview themselves. As a consequence, a proxy
respondent is administered to answer the questionnaire which is usually another member
of the household, with preference shown for the spouse or adult child. Since in the proxy
schedule the questionnaire is a much shortened version of the individual questionnaire
proxy respondents are also excluded from our sample.

In addition, so as to allow for different health problems, a set of 13 dummies were
conducted from a categorical health variable.** Then, making use of the International
Statistical Classification of Diseases and Related Health Problems (ICD-10), each of
these dummies was further classified into three broad categories: physical, mental and
mixed health problems.* Indicatively, physical health problems refer to problems such as

Y The dummies for the different health problems are: “arm/leg/hands”, “sight”, “hearing”, “skin”,
“chest/breathing”, “heart/blood”, “stomach/digestion”, “diabetes”, “anxiety/depression”, “alcohol/drugs”,
“epilepsy”, “migraine”, and “other”.

1> More information about the ICD-10 can be found in Appendix, Annex B.
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migraine and diabetes whereas the mixed category includes health problems such as
epilepsy, cancer and stroke.

In order to define whether someone is thought of as disabled or not we focus on
the latest definition of disability stated in the legislative reforms for the UK - Equality
Act 2010 - and we make use of two measures to infer disability status.® For both
measures, the respondent is classified as disabled if: he has initially responded “Yes” to
the general question “Do you have any of the health problems or disabilities listed on
this card?”, accompanied by “Yes” in one of the specific questions - depending on the
measure used - “Does your health limit the type of work or the amount of work you can
do?” for the first measure, and “Does your health in any way limit your daily activities
compared to most people of your age?” for the second measure respectively. In any
other case, for example if the respondent has reported “Yes” to the general question and
“No” to the second specific question or “No” to the general question and “Yes” to the
first specific question and so on, he is classified as non-disabled.

Having made the appropriate changes and excluding all observations which still
had missing values we ended up with a total sample of 19,048 individuals consisting of
9,235 men and 9,813 women. Regarding how many of them are classified as disabled,
1,187 are considered as disabled, covering 6.23 percent of the total sample using the first
measure while using the second measure the disabled account for slightly less, 6.08
percent of the total sample (1,158 individuals). In other words, more people have reported
that their health problem/disability limits the type or amount of work they can perform
rather than their daily activities such as doing the housework, climbing stairs or walking
for at least 10 minutes.

Distinguishing by type of health problem and based on the ICD-10 classification,
Table 4 provides some insightful findings about how individuals report possessing at
least one type of health problem (physical, mental or mixed) are distributed in the sample.
Indicatively, using the second measure to infer disability status, more people - 1,063
individuals accounting for about 5.6% of the total sample - tend to report having physical
health problems like arthritis and heart/blood pressure related problems while quite a few,
only 46 individuals (covering 0.24 percent of the total sample) report having mental
health problems such as anxiety and depression. Diversifying by gender and
independently of the disability measure used, women tend to report slightly more
suffering from mental and mixed health problems compared to men; almost 0.09%
(0.03%) more women than men suffer from mental (mixed) problems.

16 According to Equality Act (2010) an individual is thought of as disabled if “A physical or mental
impairment has a substantial and long-term adverse effect on his or her ability to carry out normal day-to-
day activities”.
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Table 4: Prevalence of different types of health problems by gender'’

1CD-10 Males Females
. Second . Second
First measure™ measurel? First measure measure
Physical 535 (2.81%) 488 (2.56%) 553 (2.90%) 575 (3.02%)
Mental 11 (0.06%) 13 (0.07%) 25 (0.13%) 33 (0.17 %)
Mixed 28 (0.15%) 23 (0.12%) 35 (0.18%) 26 (0.14%)
Total 574 (3.01%) 524 (2.75%) 613 (3.22%) 634 (3.33%)

c. Descriptive statistics

Considering a more detailed analysis of the sample, between 2005 and 2009
disability rates in the United Kingdom have mainly decreased; using the different
measures to denote disability status and starting from the first measure, disability rates
remain stable till the middle of the second wave of our study, increase significantly in the
next wave accounting for about 6.5 percentage points of the sample and reach a low of
5.8 percentage points in the last period between September 2008 and April 2009. With
the second measure, though disability rates increase substantially in the first three waves,
similarly to the first measure, they considerably decrease in the final wave accounting for
almost 5.7% of the sample (See Figure 2).

Figure 2: Disability rates in the United Kingdom 2005-2009 for those at work?
6.6%0

first measure

6.4% -

. second measure
6.2% -

Percentage of the total sample

Sept05-May 06 Sept06-Apr07 Sept07-AprO8 Sept08-Apr09

Period

Turning to the wages, as shown in Figure 3, at first glance disabled people seem
to have lower earnings than the non-disabled ones; specifically, taking the average across

7 Each of the numbers in parentheses is a percentage of the total sample.
'® First measure refers to those who have reported “Yes” to the first measure [ M, =1].

' Second measure refers to those who have reported “Yes” to the second measure [ M, =11].
% Each of the disability rates is expressed as a percentage of the total sample.
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all waves, those whose disability limits the type or amount of work they can do (first
measure) are paid overall the 96.2% of the log weekly gross wage of their non-disabled
counterparts. Allowing for gender differences, the above percentage varies with men
being slightly worse-off relative to women, 96% and 96.5% respectively.21 In general,
the results do not vary dramatically year by year for the disabled implying that there is no
evidence that their position has considerably changed over time. It is worthy to note that
there are no significant differences to the following figure in case we use the second
indicator of disability status (see Appendix, Annex C, Figure C1 for more details).

Figure 3: Log weekly gross wages in the United Kingdom 2005-2009
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The means of the main variables, some of which are used later in the regression
analysis, are presented in Table 5 and important differences among the disabled and non-
disabled are in accordance with the expectations. Firstly, the non-disabled are typically
younger than the disabled, but both disabled and non-disabled have mainly either an A-
level or a higher degree qualification.?? Furthermore, for each of the two indicators used
and independently of gender, the disabled seem to be mostly not married or divorced.
Considering any differences in race, men whose disability limits their daily activities are
mostly Pakistani or tend to belong to the any other ethnic group category while women of
the same group are mainly Indian. Gender differences are also observed regarding the
hours of work with disabled men working almost 9 hours more than disabled women
independently of the measure used to denote disability status. Finally, and confirming
again our expectations the disabled, as defined using either of the two measures, prefer to
work less hours and more part-time than their non-disabled counterparts for both genders.

2! For more information on log weekly gross wage variations by gender see Appendix, Annex C, Figures C2
and C3.
22 Non-disabled people are on average 2.5 years younger than the disabled who have reported that their
disability limits the amount or type of work they can do (first measure).

Non-disabled people are on average 1.4 years younger than the disabled who have reported that their
disability limits their daily activities (second measure).
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Table 5: Descriptive Statistics®

Means24 Males Females
First Second Both None First Second Both None

measure measure measure measure - ——
Variables
Log weekly
gross 5.94 5.98 5.91 6.19 5.43 5.48 5.40 5.63
wage
Age 435 427 433 41.0 44.0 436 447 416
Black 0 0 0 0.34 0.49 0.63 0.80 0.46
Indian 0.52 0.38 0.29 0.80 1.79 1.74 2.92 0.62
Pakistani 0.87 0.76 114 0.26 0 0 0 0.06
Bangladeshi 0 0 0 0.01 0 0 0 0.01
Chinese 0 0 0 0.14 0 0.16 0 0.11
Any other 0.70 0.76 0.57 0.75 0.82 1.10 1.06 1.11
ethnic group
Separated 2.96 3.44 3.43 2.18 2.94 3.63 3.18 3.12
Divorced 8.89 9.54 9.43 7.05 14.68 13.09 13.26 1.89
Widowed 0.52 0.76 0.86 0.58 3.43 3.79 3.71 1.62
Never 25.44 27.10 2714 | 26.77 15.66 15.93 14.06 22.10
married
Inacivil 0.35 0.38 0.29 0.64 0 0.16 0 0.51
partnership
Graduates
and higher 14.46 17.75 15.71 | 23.16 18.92 19.09 18.83 23.78
degree
Higher 3223 | 2958 | 3020 | 3501 | 3246 | 3454 | 3528 | 2841
school
moe;‘: of 18.82 18.70 18.86 | 11.48 1452 15.46 15.38 12.12
Part-time 1.07 1.06 1.07 1.03 137 1.35 1.39 134
v“\'/gﬁ:s of 37.85 3802 | 3752 | 38.96 29.02 29.41 2850 | 30.24
Observations 574 | 524 | 350 | 8,487 613 634 377 | 8,943
---------------------------------- 9,235 9813

2% Each column refers to a different group of people:
First measure: thought of as disabled according to the first measure [M, =1];

Second measure: thought of as disabled according to the second measure [M, =1];
Both: thought of as disabled according to both measures: [M, =1 and M, =1];

None: thought of as non-disabled according to both measures: [M;, =0 and M, =0].
# The means of all variables except for those of log weekly gross wage, age, part-time and hours of work

are multiplied by 100.
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IV.RESULTS

Using the British Household Panel Survey (BHPS) sample, we empirically test
our proposed methodology and more specifically, whether and if so to what extent the
respondents in a survey tend to misreport their disability status.

The procedure
We start by taking the BHPS data and obtaining the expected sample proportions

and predicted wages for the four different groups of people: “First measure”, “Second
measure”, “Both” and “None” as defined previously in the descriptive statistics. Then, we
input these results into MATLAB and solve for the unknowns of the system of equations
but each time imposing the different restriction(s) for the joint misclassification
probabilities (“no correlation”, “no bias and no correlation” and “no bias”).

The final solutions

Initially and without correcting for the misclassification error the majority is
thought of as non-disabled, using both measures to infer disability status, and accounting
for about 91.5 percentage points. It is useful to note that the disabled report slightly more
that their disability limits the type or amount of work they can do and less their daily
activities - 6.2 and 6.1 percent of the total sample respectively. Considering any wage
differentials for the four different groups, those who have reported “Yes” to both
measures seem to face significantly lower wages, by almost 4.6 percentage points, than
their non-disabled counterparts.

Table 5: Obtained values from the available BHPS data without correcting for the
misclassification error

Expected sample proportions
First measure Second measure Both None
0.062 0.061 0.038 0.915
Predicted wages
First measure Second measure Both None
5.677 5.704 5.645 5.902

After imposing the no correlation assumption and correcting for the
misclassification error in reporting disability status, we get the results presented in the
table below. Noticeably, truly disabled tend to lie more when they report their disability
status (underreport disability) compared to the truly non-disabled (overreport disability)
since always the p's>q's. Also, truly disabled tend to underreport more that their
disability limits their daily activities rather than the type or amount of work they can
perform (p, > p,), whereas the truly non-disabled overreport more that their disability
limits their daily activities (g, >q,) . Finally, wage differences between the disabled and
non-disabled are still apparent, with the truly disabled - as expected - facing lower wages
than truly non-disabled (the coefficient S is negative) and the baseline log weekly gross
wage being approximately 5.90.
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Table 6: Final solutions for the system - “no correlation”

t

Py

P,

G

g,

w

B

0.067

0.187

0.303

0.008

0.015

5.903

-0.258

It is important to note that when assuming “no bias and no correlation”, we get a
set of final solutions similar in magnitude - for most of the unknowns except for the two
misclassification probabilities that are significantly lower - to the ones presented in Table
6. Though the truly non-disabled in this case are assumed to misreport disability by the
same amount as the truly disabled for each of the two indicators used, both seem to lie
less when reporting that their disability limits the type or amount of work they can do

(p, < p, and g, <q,).

Table 7: Final solutions for the system - “no bias and no correlation”

t P, P, w B
0.051 0.009 0.017 5.901 -0.260

When imposing only the “no bias” assumption, the algorithm crashes and that is
because in the way we have defined the system of equations it makes it very difficult, if
not impossible for the programme to identify some of the unknowns, and more
importantly the probability the respondent lies on both measures p,,, (that probability is

tiny).

As mentioned earlier in the analysis, in the presence of misclassification error the
estimates of the variables of interest are biased (towards zero). In fact, we can directly
check the above statement by running a simple OLS regression of the log weekly gross
wages on the disability status, separately for each of the different measures used to infer
disability. Thus, the model we estimate takes the form

Ipayglw, =a+bd, +&;, (21)

where Ipayglw, refers to the log weekly gross wage of each individual i, ais a constant,
d. is a discrete variable taking two values{0,1} if the respondent has reported being non-

disabled and disabled respectively, b is the associated parameter vector and ¢; is the
error term following a normal distribution (0,o,). For the purpose of this analysis we do

not take into account the different factors that can determine wages such as age, gender,
race, marital status and qualifications.

The estimated coefficients from the above regression are shown in Table 8;
essentially, the constant in our regression corresponds to the wage the truly non-disabled
receive or simply the baseline wage w.
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Table 8: OLS estimates for each of the different measures used to infer disability status

_cons ﬁ
First measure 5.899 -0.223
Second measure 5.897 -0.193

Comparing the results from Table 6, Table 7 and Table 8 we can conclude that
without correcting for the misclassification error, the constant and the estimated
coefficients (in absolute values) differ, they are biased downwards, independently of the
indicator used showing the extent of the measurement error in that specific variable. At
last, comparing together the two measures, the difference for both estimates is more acute
in case where the second measure is used to infer disability.

Issues for future studies

It would be useful for future studies to consider the case where the two measures
used to infer disability status pick up something different such as short or long-term
disability. So does it mean that the bounds methodology commonly used in the literature
should be used again to measure the extent of misclassification error in that case? Not
necessarily, unless there is a way to achieve point identification of a similar system of
simultaneous equations when the A's (probabilities the true value of each of the two
measures are equal to one) for each of the two measures are different and so the
coefficients of the relevant variables are not by assumption equal.

V. CONCLUSION

The paper using the concept of the fourfold table and obtaining a system of
simultaneous equations from the available sample proportions and expected wages
together with a restriction for the misclassification probabilities, examines whether it is
possible to achieve point identification in the presence of measurement error in discrete
variables. Considering the case of having two reported variables measured with error that
pick up the same latent variable, thus the coefficients of the two indicators are assumed to
be the same, it provides unique solutions for the system.

Empirically, using the British Household Panel Survey sample, we examine the
extent of classification error in health related variables and in particular, on whether and
if so to what extent people tend to misreport their disability status. Our results suggest
that the probability of underreporting is greater than the probability of overreporting
disability. Also, truly disabled tend to underreport more that their disability limits their
daily activities rather than the type or amount of work they can perform, whereas the
truly non-disabled overreport more that their disability limits their daily activities.
Comparing the coefficients and the baseline wage before and after correcting for the
misclassification error, we can conclude that they differ - in accordance with the
definition of the measurement error - and mainly affecting those who report that their
disability has work limitations.
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APPENDIX

Annex A

1. Useful definitions

a. Two mismeasured variables

P - Probability the individual is misclassified only in one of the two measures
(M,) given that he truly possesses the characteristic [Pr(M, =1,M, =0|T =1)];
Puw - Probability the individual is misclassified in both measures given that he
truly possesses the characteristic [Pr(M, =0,M, =0|T =1)];

Qun - Probability the individual is misclassified only in one of the two measures
(M;) given that he does not truly possess the characteristic
[Pr(M, =1, M, =0|T =0)];

q.v - Probability the individual is misclassified only in one of the two measures
(M,) given that he does not truly possess the characteristic
[Pr(M, =0,M, =1|T =0)];

q.m - probability the individual is not misclassified in none of the two measures
given that he does not truly possess the characteristic [Pr(M1 =0,M, =0|T = 0)].

b. One mismeasured variable

A : probability the “gold standard” is equal to one [Pr(G =1)];

(1—A4) : probability the “gold standard” is equal to zero [Pr(G = 0)];

p : probability the individual reports not possessing the characteristic when he
truly possesses it [Pr(M =0|G =1)];

(1— p) : probability the individual reports possessing the characteristic when he
truly possesses it [Pr(M =1|G =1)];

g : probability the individual reports possessing the characteristic when he does
not truly possess it [Pr(M =1|G =0)];

(1—q) : probability the individual reports not possessing the characteristic when
he does not truly possess it [Pr(M =0|G =0)];

A" : the number of people that have reported “Yes” to G and “Yes”to M ;
B' : the number of people that have reported “Yes” to G and “No” to M ;
C' : the number of people that have reported “No0” to G and “Yes” to M ;
D' : the number of people that have reported “No0” to G and “No” to M .
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c. Expected wages are simply a function of the expected sample proportions...

Reported variable 2 (M, )
Reported variable 1
“Yes” “No”

(Mm,)

ﬁﬂ’pmM
“Yes” Wt

TP + (=D

o [

" T @D
N A

D

2. Nonlinear systems of simultaneous equations depending on the different
assumptions imposed for the joint misclassification probabilities

a. No bias (full identification)
AP + A=Ay = A,
AP +@A=A) Ay =B,
)LpMm + (1_2“)qu =C,
o P
ﬂ'pmm + (1_l)qMM
o PP _
;”pmM +(1_l)q|v|m
o PP _
APy + L= 2) U
- SAL= Pun = Posa — Pan) H.
AL~ Pran = Pt = P )+ A= DAL= Gy = g — )
1- Pov = Prm = Auim + A »
1= Py = Prn = A + At -

b. No correlation (full identification)
AL-p)A-p,)+@A-2A)qq, =A,
l(l_ pl) P, +(l_/1)q1(1_q2) =B,
ﬂ’pl(l_ pz) + (1_1)(1_q1)q2 =C,
PAA-p)A-p,)  _
/1(1_ pl)(l_ pz) + (1_2)q1q2
N BAL= PP,
/1(1_ pl) pz + (1—2)(2{1(1— qz)
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pipA-p,) _
ﬂp1 (1_ pz) + (1_ ﬂ)(l_ ql)qZ

N AP,
ﬂ“pl P, + (1_ ﬂ)(l_ q1)(1_ qz)

c. No bias and no correlation (over identification)
AL-p)A-p)+A-A)p,p, = A,
ﬂ(l_ pl) P, + (1_/1) pl(l_ pz) =B,
;Lpl(l_ pz) + (1_1)(1_ pl) P, = C,
PAQL-p,)A-p,) _
Z(l_ pl)(l_ pz) + (1_2) pl p2
PAL-p.) P,

- p)p, +@-2)p,A-py)
ﬂﬂpl(l_ pz) =G
Apd-p)+A-)A-p)p,

W+ ﬁﬂpl pZ — H
Ap P, +(1-A)A-p,)A- p,)

3. System of nonlinear simultaneous equations using a simpler notation (I)

a. General case

We simply redefine the joint misclassification probabilities as follows;
Pum =AP,

Pum = P1 —AP,

Pom = P, —AP,

P = (1= Py = P, +AD).

and similarly for the q's :
Quv =AdQ,

OQum =0 —AQ,

O =0, —AQ,

Qom = (1_q1 -0 +Aq) :

Therefore, our system becomes

ﬂ(l_ P, — B, +Ap) + (1_/1)Aq =A,
A(p, —Ap) +(@1—-4)(q, —Aq) =B,
A(p, —Ap) +(1-4)(0, —Aq) =C,
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,Bi(l_ P — Py +Ap) _
jv(:l-_ P, — P, + Ap) + (1_2)Aq
BA(P, — Ap) _
/1( P, — Ap) + (1_ ﬂ')(ql - Aq)
BA(p, — Ap) _
A(py —Ap) + (1—-2)(a, — Aq)
W+ PAAD =H
lAp + (1_ ﬂ)(l_ 0,—-Q, + AQ)

b. No bias (full identification)
Since under no bias assumption; p, =q,, and p, =0q,, then

AQ=p = p, +Ap)+(1-A)Aq = A,
A(p, —Ap)+(@1-2)(p, —Aq) =B,
A(p, —Ap) +(1-A)(p, —AQq) =C,
ﬁi(l_ P.— P, +Ap) —
l(l_ Pr— P +Ap) + (1_/1)Aq
,Bﬂ*( P, _Ap) —
A(p; —Ap) + (- A)(p, — AQ)
(P, — Ap) _
A(py —Ap) +(A-2)(p, —Aq)
W+ PAAD =H
ﬂAp + (1_1)(1_ Pr— P2 +AQ)

Thus, we finally have a system of 7 equations with 7 unknowns {p,, p,,Ap,Aq, 1, w, 5} .

c. No correlation (full identification)
As with no correlation assumption it should hold that Ap = p, p,, and Aq=q,q,, then

AQ=p,—p,+p.p,)+(A-A)aq, = A,
AP, = Py P;) +(1-A)(0, —6,0,) = B,
/1(p1 - P pz)"‘(l_ﬂ)(qz _qlqz) =C,
ﬁ/i(l_ Pr— P+ P pz) —
1(1_ Pr— P+ P pz)"‘(l_ﬁ)qlqz
ﬂi(pz — P pz) —
ﬂ(pz - P pz) + (1—2)((:]1 _qlqz) 1
ﬁ)’(pl — plpz) —
ﬁ’(pl — P pz) + (1_1)((12 _qqu) ,
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W+ ﬂﬂ“pl p2 — H )
;{vpl pz + (1_2)(1_ ql - qz + qqu)

Hence, we end up with a system of 7 equations with 7 unknowns {p,, p,,0,,9,,4, W, S}.

d. No bias and no correlation (over identification)
Since under no bias and no correlation assumptions Ap = p,p,, AQ=0,d,, p, =0, and

p, =0,, it should hold that Ap =Aq, so

AQ=py = p;)+A=A)p,p, = A,
ﬂv(pz - p1)+ P — PP, = B’
AP, = P,)+ P, — PP, =C,
W+ﬂﬂ~(l_ Pr— P+ plpZ)
jv(:l-_ P — p2)+ PP,
ﬂl(pz_plpz) - F
ﬁ’(pZ_pl)_‘_pl_plpZ ,
ﬂﬂ(pl_plpz) -G
l(pl_p2)+p2_plp2 ,
N A y
(1_ Pr— P+ plpZ)_ﬂ“(l_ P~ pz)

W

Therefore, we have a system of 7 equations with 5 unknowns {p,, p,,4,w, 5}.

4. System of nonlinear simultaneous equations using a simpler notation (I1)

a. General case
We redefine the different groups of people as:
e Those who have reported “Yes” to the first measure (M,);
e Those who have reported “Yes” to the second measure (M,);
e Those who have reported “Yes” to both measures;
e Those who have reported “No” to both measures.

Al-p,)+@—-A)q, =SP1,
A(l-p,)+(@1-4)q, =SP2,
AQ=p, = p, + Pp,) +(1—A)G, = SP3,
,Bl(l_ pl) —
/1(1_ pl) + (1—2,)(:11
PP o
A1-p,)+1-A)q,
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ﬂﬂ'(l_ P — P, + plZ)
/1(1_ P — P, + p12) + (1_i)q12
wa iz
ﬂ”plz + (1_ ﬂv)(l_ O -9, + qlz)

=EWS3,

=EW4.

Hence, using the primary notation, each of the observed proportions and predicted wages
correspond to the following;

SP,=A+B,
SP, =A+C,
SP,=A,
SP, =D,
E+F

2
E+G

EW, =

i)

EW, =

EW, =E,
EW,=H.

b. No bias (full identification)
A—24p, + p, = SP1,
l_ZApz +P, =SP2,
1(1_ Pr— P, + p12) + (1_ﬂ)q12 = SP3,
,Bﬂ(l_ pl) _
/1(1_ pl) + (1—/1)(:]1
PA=D) o
A= p,)+(@A-4)q,
ﬂﬂ*(l_ P — P, + plz)
/1(1_ P — P, + p12) + (1_i)q12
" JiZ
AP, + (1= 2)A—-0, — 0, + )

=EW3,

=EW4.

c. No correlation (full identification)
AQ-p,)+A-2)q, =SP1,
A= p,)+(1-A)q, =SP2,
AQ- Pr— P+ P pz) + (1_ﬂ)q1q2 =3SP3,
pAL-p)
A= p) +(1-A)q,
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BAL-D,)
A1-p,)+1-A)q,
ﬁ’l(l_ pl_p2+plp2) —EW3,
1(1_ Pr— P+ P p2)+(1_ﬂ)q1q2
- AP, P,
/1p1 P, + (1_2)(1_(:]1 -0, +q1q2)

=EW2,

=EW4.

d. No bhias and no correlation (over identification)

A—=2p, + p, =SP1,

A—=2p, +p, =SP2,

A= p,—p,)+ p,p, =SP3,

we PAZP) gy
t—24p, +p,

e PAA=D,)
A—=27p, + p,

W+ ﬂﬂ(l_ pl B pz + plpz) _ EW3,
2(1_ p1 - p2)+ p1p2

BAP. P,

(1_1)(1_ pl - pz)"‘ pl p2

=EW2,

=EW4.
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Annex B

Classification of specific health problems in the sample (based on ICD-10)

a. Physical

b. Mental

c. Mixed
[ ]

Annex C

arm/leg/hands (arthritis, rheumatism etc.);

sight (other than needing glasses to read normal size print);
hearing;

skin/allergies;

chest/breathing (asthma, bronchitis);

heart/blood pressure or blood circulation problems;
stomach/liver/kidney or digestive problems;

diabetes;

migraine or frequent headaches.

anxiety/depression or bad nerves;
alcohol/drugs.

epilepsy;
other (cancer, stroke, etc.).

1. Useful figures

Figure C1: Log weekly gross wages in the United Kingdom 2005-2009
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Figure C2: Log weekly gross wages in the United Kingdom 2005-2009 by gender using

the 1st measure to infer disability status
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Figure C3:

Log weekly gross wages in the United Kingdom 2005-2009 by gender using

the 2nd measure to infer disability status
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