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Abstfact |

Measurement error occurs frequently in observational studies investigating the relation-
ship between exposure variables and the clinical outcome. Error-proné; observations on
the explanatory variable may lead to biased estimation and loss of power in detecting the
impact of an exposure variable. The mechanism of measuremenf error, such as whether
or in what way the quality of dat@ is affected by the disease status, is seldom completely
revealed to the investigators. This increases uncertainty in assessing the consequences
~of ignoring measurement error associated with observed data, and brings difficulties to
adjustment for mismeasurement.

In this study, we consider situations with a correctly specified binary response, and

a misclassified binary exposure. We propose a solution to conduct Bayesian adjust-
ment to correct for measurement error subject to varying differentiality, including the
nondifferential misclassification, differential misclassification and nearly nondiﬁerential
misclassification. Our Bayesian model incorporates the r_andorriness of exposure preva-
lences and misclassification parameters as prior distributions. The posterior model is
constructed upon simulations generated by Gibbs sampler and Metropolis—Hastings al-
gorithm. Internal validation data is utilized to insure the resulting model is identifiable.
Meanwhile, we compare the Bayesian model with maximum likelihood estimation
(MLE) and simulation extrapolation (MC-SIMEX) methods, using simulated datasets.
The Bayesian and MLE models produce accurate and similar estimates for odds ratio

in describing the association between the disease and exposure, when appropriate as-
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Abstract -

sumptions regarding the differentiality of misciassiﬁcation are made. The 90% credible
or confidence intervals capture the truth approximately 90% of the time. A Bayesian
method corresponding to nearly nondifferential prior belief compromises between the
loss of efficiency and loss of accuracy associated with other prior assumptions. At the
end, we look at two case-control studies with misclassified exposure variables, and aim

to make valid inference about the effect parameter.
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Chapter 1

Introduction

In biomedical reséarch, people are often interested in learning the relationship between a
health-related outcome Y and an explanatory variable measuring some kind of exposure
status, denoted by T Sometimesl, in practice, the exposure variable or clinical outcome
is not precisely recorded. For instance, instead of T', an approximate measurement or a -
surrogate, X is obtained. Carroll, Ruppert, Stefanski and Crainiceanu (2006) found that

measurement error in the explanatory variables had triple effects:

e It causes bias in parameter estimation for statistical models.

o Itleadstoa loss of power, sometimes profound, for detecting interesting relationship

among variables.

e It masks the features of the data, making graphical model analysis difficult.

The first problem caused by 'replacing T with X without accounting for the measurement
error in data analysis has most serious impact on subsequent statistical inference. Hence
the goal of adjﬁstment for mismeasuremenf is to achieve roughly unbiased estimates to
“reveal the relationship between Y and T indirectly, based on the measurements of V', X
and perhaps other correctly recorded covariates Z. | |
As it is important to have adequate knowledge of the nature and type of measurement
erfors, some examples from epidemiology are listed below.
The NHANES-I dataset was created in a prospective study consisting of nutrition

habits and incidences of breast cancer cdncerning a cohort of 8596 females (Jones et al.,
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Chapter 1. Introduction

1987). The response (Y) represents the occurrence of breast cancer. The covariates of
- primary interest are the long-term ﬁutrition variables (T'). Other explanatory variébles
Z include demographic and clinical factors such body mass index (BMI), age, alcohol
con;sumption, age at menarche, etc. The response Y and Z were assumed to be correctly
récorded, whereas T was not measured due to the difficulty in observing diet of a large
éohort over a long period of time. Instead, a surrogate X recording the nutrition intakes
of study subjects in the previous 24 hours was retrieved during the interview. The
longitudinal vari.ation of diet results in a major measurement error in this study. The
seasonal diet behavior and day-to-day nutrition intake differences make X an inadequate
approximation of T. The nonnegligible mismeasurement was discussed in epidemiological.
literature (Beaton et al., 1979; Wu et al., 1986). Some measurement error models based
on a subset of the cohort were proposed by Carroll et al. (2006).

It iS sensible to assume the conditional distribution of X given T and' Y does not
depend on Y in the first example, which is known as the nondifferential measurement
error. However, in other circumstances, this co.ndition‘ does not hold. In case-control
studies, explanatory variables are retrieved after the diagnosis. Two group of study sub-
jects with positive (cases) or negative (controls) clinical outcomes are ﬁrst recruited, and
consecutively the explanatory variables about their exposure history are measured. This
type of sampling scheme may well lead to the so called differential measurement error,
ie. the. conditional distribution bf the surrogate X given the unobservable exposure T
also depends on the response Y. When information about covariates is collected through
some “self-report” mechanism, subjects with positive clinical outcomes may erroneously _
“blame” a set of risk factors fér their cohditions, or “ignore” previous experience with ex-
posure variables to avoid any connection between behaviour and disease. The controls on

the other hand may péy less attention or make less efforts to provide precise information

about their past actions, as they do not suffer from the disease.




Chapter 1. Introduction

A small portion'of subjects for whom both the rough measurements and “gold stan-
dard” measurements are acquired (the validation sample) is sometimes obtained tQ mon-
itor the severeness of measurement error. The herpes and cervical cancer study serves as -
an example to demonstrate the‘utilization of validation study. A case-control study con- .
sisting of 732 subjects of cervical cancer and 1312 community or hospital controls with
negative cervical cancer diagnosis was conducted to investigate the impact of Herpes
simplex virus type 2 (HSV-2, a binary variable) in the development of invasive cervical
cancer (Hildesheim et al., 1991). The exposﬁre'status was vdetected by the wesgern blot
assay, which produced error-prone measurements. A refined, rﬁore accurate procedure
was performed on a randomly selected sample whose disease statuses were blindéd, in
order to assess the misclassification rates. Carroll, Gail and Lubin (1993) observed. frorﬁ
the validation sample that the misclassification differ between cases and control (Fisher’s
exact two-sided teét implied a greater sensitivity for the cases, p=0.049), and proposed

a pseudo-likelihood model to adjust for the differential measurement error.

1.1 Problem setup

The second example reflects how mismeasurement phenomena arise from biomedical stud-
ies with categorical covariates. The méasureme_nt error in this situation is often referred
as a misclassification problem. In this thesis, we restrict ourself to misclassification
problems on a binary exposure variable T’ (=O, 1) in case-control studies with no other
covariates at play. Discussions of measurement error on' continuous or polychotomous
(with more than 2 categories) exposure variable can be found in statist.ical literature
(Gustafson, 2004; Carroll et al., 2006).

We assume no measurement error arising for the outcome of interest Y (=0, 1).

. Complete information on Y, T' and the surrogate exposure variable X (=0, 1) is-available
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Table 1.1: Validation data and main data

Validation Data Main Data
Y=1 Y=0 Y=1 Y=0
X=1 X=0 . X=1 X=0 X=1 X=0|X=1 X=0.
T=1 a1l a12 an a2 bin bz | bor  bo2
T=0 a3 ais ao3 ao4 bis  bia | bos  bos
N |ain+as ai2+aia | a1 +ao3 a2+ aos | ais | a16 | @os Q06

- for a small proportion of data (validatiori sample), whereas the true exposure status
for the majority of study subjects (main study) is unobservable or cannot be precisely
measured. The validation data and incomplete main data are pfese_nted in Table 1. While
each cell a;; in the validation data is fully speciﬁed (1=0,1, =1,2,3,4), only margiﬁs
Qos, Aog, 415, alf‘;v in the main misclassification table are recorded. Our goal is therefore to
recover the main table and ultimately make inference on the relationship between the
clinical o‘utco‘me Y and the actual exposure variable T'.

Let us denote the true exposure prevalences; amongst cases and controls by 7; and rg
respectively, where r; = P(T=1|Y =14),i=0,1. ‘The retrospective odds ratio describing

the correlation between the response and explanatory variable is defined as

which is equal to the prospective odds ratio,

P(Y=1|T=1)
_ B(Y=0|T=1)

P OP(Y=1T=0)"
P(Y=0|T=0)

o

via Bayes rule and simple algebraic manipulations. The odds ratio is sometimes adopted

to approximate the relative tisk ¥ = P(Y = 1|T = 1)/P(Y = 1|T = 0) of having a
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disease in two exposure groups, when the disease incidence rate is small (rare disease).

Sensitivity (SN) and specificity (SP) jointly measure the magnitude of exposure mis-

classification. In the scenarios subject to differential misclassification, the surrogate X

given the unobserved true exposure T and the response Y are not mutually indepen-

dent. The sensitivities and specificities among cases and controls can be formulated as,

SN;=P(X=1T=1Y =14),SP,=P(X =0|T=0,Y =1), i =0, 1. Prevalences of

the apparent exposure for diseased and non-diseased individuals are denoted by 7¢ and

*

rg. Another way of expressing the degree of misclassification is to facilitate the posi-

tive predictive value (PPV) and negative predictive value (NPV). Their relationships are

presented below.

PPV

NPV,

P(X =1|Y =4)
SioP(X =1T =j4,Y =i)P(T = j|Y =)
TiSNi-i-(l—’l"i)(].—S.Pi) ‘ . (11)

PT=1X=1Y =1
P(X=1UT=1Y =4)P(T =1]Y =54)
PX=1T=1LY=0)PT=1Y=40)+PX=1T=0,Y =4)P(T =0]Y =4)
SNiTi
SN+ (L= 8P)(1—17)

(1.2)

P(T=0/X=0,Y =9
P(X =0T =0,Y =§)P(T = 0Y =4)
PX=0T=1Y=0)PT=1Y =)+ P(X =0T =0,Y =0))P(T = 0]Y =1)
SP,(1—r;)
SP(1—r;)+ (1 — SN;)r;

It is easy to justify that, in the main study the actual number of subjects of positive

exposure status (b;;) amongst those who are apparently exposed in either case or control
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group (a;5) follows a Binomial distribution, i.e. b;; ~ Bihovﬁz’al(ais,PPVi). Similarly,
conditioning on the number of cases or controls with négative apparent exposure status
(as), the number of truly unexposed subjects (b;4) follows Binomial(dis,N PV;), for
i=0,1. - |

When the nondifferential misclassification condition is fulfilled, meaning the condi-
tional distribution of X|T,Y ldoes not depeﬁd on Y, it follows immediately that S N(; =
SN; = SN, SF ‘= SP, = SP. However it is worth p(.)inting.;)ut that, nondifferéntial
misclassification does not imply equality of cases and controls regarding the apbarent '
exposure prevalence (PPV;, NPV;).

The bias caused by misclassification of the exp'lanat.ory variable in case—contfol studies
can be evaluated by the attenuation factor (AF),

o*

AF = —
q) ’

with a numerator representing limit of the error-prone “apparent” odds ratio,

Under the circumstances of nondifferential misclassification, the impact of l;ias impute‘d
by measurement error is well understood (Gustafson, 2004). Under a weak condition
that the possibility of having an éccurately measured surrogate éxposure is over 0.5 (i.e.
SN + SP > 1), AF always moves towards the direction of &* = 1. In other words, there
is a tendency to report an artificially weak association between the exposure, and response
in ignoring measurement error on the exposu‘ré. Furthermore, flattening effect on true

odds ratios far away from the unity is more manifest. When the exposure prevalence

is approaching 0 or 1, measurement error induces serious and sensitive attenuation on
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the odds ratio. Nevertheless, Greenland and Gustafson (2006) found that, no general
conclusion could be made regarding the direction of estimated association when the non-
differential misclassification on a binary exposure is not satisfied, or when the exposure

variable is polychotomous.

1.2 Review of currently available methods

There is a large literature on the correctness for mismeasurement in biomedical research.
Most of the work concentrates on building measurement error models using frequentist
methods (Walter and Irwig, 1987;‘Bash'irk and Duffy, 1997; Carroll, Ruppert, Stefanski
and Crainiceanu, 2006, for example).. When the problem of misclassiﬁcation On eXposure
variable is encountered in epidemiologic studies, the matrix method (Barron, 1977) esti-
mates the expectations of cell counts (obtained by cross tabulating Y and T') by utilizing
the margins of the main sample in Table 1.1. The odds ratio is estimated subsequently
based on the éell counts, and the asymptotic variance of OR is deri_ved by Greenland
(1988) via the Delta method. Marshall (1990) reparameterized the misclassification by
PPV and NPV and proposed an inverse matrix method to retrieve the true odds ra-
tio. Lyles (2062) proved that Marshall’s formula was in fact the maximum likelihood
estimate (MLE) subject to differential misclassification. Other e/tpproaches including the
simulation extrépolation'method and latent class logistic regfession model are devel-
oped to tackle the same problem (Kiichenhoff, Mwalili and Lesaffre, 2006; Skrondal and
" Rabe-Hesketh, 2004). On the other hand, the dramatic improvement of computational
capébility of electronic computers and the development of indirect simulation techniques
such as Markov chain Monte Carlo (MCMC) make it possible to ekplore misclassification

problems from a Bayesian perspective (Gustafson, 2004). In fact, partial knowledge of '

misclassification probabilities is often accessible to medical researchers before the conduc-
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tion of a study. This makes Bayesian analysis an appealing approach, for the inference
will be based on the combination of prior knowledge and data thoroughly.

Therefére, in this thesis, we primarily introduce a series of Bayesién methods suit-
able for different misclassification assumptions. Their performance will be closély com-
pared to those of the maximum likelihood estimates (MLEs) and simulation extrapola-
tion (SIMEX) method, using simulation studies and two real life examples. The thesis
is organized as follows. Chapter 2 presents fundamental concepts and algorithms of the
Bayesian paradigm, and provides detailed methodology for the proposed Bayesian meth-
ods. Chapters 3 and 4 review the MLE and SIMEX methods under differential and
nondifferential misclassifications. Chapter 5 discusses the comparative behaviours of the
three methods based on two simulation studies. Chapter 6 presents the performances'
of Bayesian and other methods via two case-control studies with misclassified exposure

variables and validation sub-samples. Chapter 7 provides overall conclusion and further

remarks for the research.




C‘hapter 2
Bayesian data analysis

2.1 Bayes theorem

Assume the observabl.e random variables Y are distributed according to a joint density
function f(y|6), where 0 is an unknown parameter vector. One’s prior belief on the
value of # before observing the data y is described by a prior distribution f(#). A joint
probability distribution can be written as a product of the data distribution f(y|¢) and
~ the pridr distribution f(#). Given the observed data, the posterior distribution of the

unobserved parameters can be determined using Bayes’ rule:

T ey = f;ﬂ%yl)) (1)

i ) (¥16) |
- T7e)flylyae (22)

This equation can further be simplified by omitting the fixed factor f(y) for a given

y that does not depend on :

F(Bly) o £(0)E(y16) -

When it is too complicated to derive a normalized form for the above unnormal-

ized posterior distribution, Markov Chain Monte Carlo (MCMC) and other numerical
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techniques should be applied.

2.2 Prior distributions.

The exposure prevalances g, 71, sensitivities SNy, SNy, and specificities SFy, SP; are

the parameters of interest in this study, ranging from 0 to 1. We make them cover

z

the whole real line by converting into a logit scale, logit(x) = log 1%, for = between 0
and 1. The prior information concerning these parameters can then be modeled using
bivariate normal distributions. The actual exposure prevalences (r;), sensitivities(SNV;)

and specificities (SP;) of X as a surrogate for T are assumed to be uncorrelated in this

circumstance.
90- log s 251 o} P15102
= 1-— To ~ N 1
r" ) b
& log 1 lr 7 "\ p10102 o2
) —Tr
SNy, ’
( D1 _ log 1 _]L\S’[NO N %) \ 2 paTiTe
P2 \ log ﬁ\d : Vo paT1T T3
-SP,
a1 _ lOg 1 —gPO o N Y1 (5‘1q p36162
1 . | 516, 62

The prior knowledge of differentiality for misclassification is reflected by vy, va, 71, Y2

and varying values of pé and p3. Theory tells us that normality is retained from linear

10




Chapter 2. Bayesian data analysis

combination of normal random variables. We then have

pr—pa~ Ny — 1/2,712 + 7'22 — 2pT1T2) (2.3)

@t — @~ N — V2, 82 + 02 — 2p36102) ' (2.4)

Parameters in the prior distributions are often ﬁamed -hyperparameters. In this con-
text, they include p;, 05, v, 7, ¥, 6; and p;. Hyperparameters reflect one’s prior belief
on the target parameters based on previous research, literature réview or even personal.
opinions. We set uy = g, v1 = v3 and 73 = ¥ to be“unbidsed;’, a priori, indicating the
prevalences and misclassification probabilities amongst cases and controis are centred
around equal means; and o) = 09, T1 = To and d; = d, asserting that, thé variabilities
associated with prevaleﬁces, sensitivities and specificities in two populations are consis-
tent. As a result, the condition pg =‘p3 =1 implies p; — p2 ~ N(0,0), ¢s — g2 ~ N(0,0),
and furthermore p; = pa, q1 = go. Since the logit transformation is a 1-to-1 Ifunction, it
follows immediately that SNy = SN; and SPy = SP;, which corresponds to nondifferen-
tial misclassification. Conversely, a zero-valued correlation coefﬁciént P2 OT p3 indicates
the independe.nce between pi1, pa or qi1, ¢z, and hence implies SNy and SN; or SF ’and
S P, are independent. _This intuitively reflects the fact that sensitivities or speCi.ﬁcities are
free to vary by themselves, and can be interpreted as, fully differential misclassification is
achieved. Situaﬁons in between the two cases are defined as the “nearly nondifferential”
misclassification to reflect a certain level of _dependenée between the misclassiﬁcatidn pa-
rameters. In addition, by assigning particular values to hyperparameters, for irist_ance 7y
and o;, we can postulate a priori that r; lies between 0.02 and 0.5 say, on logit scale with
95% probability. In fact, this is a “wide” interval containing most feasible prevalence
values in epidemiological applications.

Because the marginal and conditional densities of a multivariate normal, variable

11
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remain normal, the joint, marginal and conditional prior distributions for the original
parameters 7y, 79, SNy, SN2, SP;, SP, can be easily derived applying standard variable

transformation techniques.

2.3 Posterior simulation

Let us define the parameter vector 6 as
. 0= (Tl,T'Q,SNl,SNQ,S.Pl,SPQ).

The sampling distribution (ignoring constant terms) is

o) = 11 { [N+ (1 sR)@ 7] a1 - SN+ SP(1 - ]

=0

[szvir,-] [(1 —SP)1 - n)]“““ [(1 - SNi)ri] [53(1 - ri)] ‘““},(2,5).

and the posterior density f(f|y) is proportional to f(9)f(y|9).
With this complex unnormalized posterior density function, one cannot ( ) simulate
“independent and identically distributed realizations from the posterior, or (b) simulate
dependent but identically distributed realizations from the posterior distribution. For-
tunately, under this circumstance, the family of MCMC techniques provides us with an
approach to simulate from a Markov chain that converges to the posterior density as
its stationary distribution (Gustafson, 2004). An alternative term referring to MCMC
methods is the Mefropolis Hastings (MH) algorithm. Together With Gibbs sambler; a
special case of the MH algorithm, MCMC is commonly used in practice to build Markov

chains,through drawing samples from the Bayesian posterior distributions.

12



file:///sNiri

Chapter 2. Bayesian data analysis

2.4 The Metropolis Hastings Algorithm

The Metropolis Hastings (MH) algorithm was originally introduced by Metropolis et al.
(1953) and was further generalized by Hastings (1970). The MH algorithm enjoys a
simple form. Consider the situation when we try to construct a Markov chain convérging
to a stationary distribution (target density of intérest) p(€|z). First, an arbitrary starting
point ¢! is drawn 50 that p(£*|z) > 0. A jumping distribution (or proposal distribution)
J(£*|£*) is then selected to simulatea candidate state £* at time ¢+ 1 provided the current

state £t for t =1, 2, 3, ... . The acéeptance probability is defined as

(e IEe) )
o= {p@tly) J(&*w)’l}' - (26)

Next simulate u from the Uniform(0,1) distribution. If u < «, set £ = £*; otherwise,
set §f+1 = &' The transition distfibution of the Markov chain is therefore a’ mixture of
the proposal distribution and a point mass at £*! = £t The iteration continues until a
'sample size n ié reached after the “burn-in” period of size m. It is important to select
sufficiently large m and n to guarantee accurate estimation of the quantities associated
with the target distribution. The choice of the jumping distribution has great impact on
the convergence of the Markov chain £m*1, ¢m+2, 0, E™F 0 the posterior density, and

mixing of the parameter values.

2.5 The Gibbs Sampler

The Gibbs sampler can be treated as a special case of the MH algorithm of accep-
tance probability being 1 at every jump. It is useful when the target posterior distri-
bution is multidimenéional, such as the problem being studied here. When it is dif-

ficult to sample from the complicated desired joint distribution, the parameter vector

13
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0 can be divided into say d subvectors or blocks (6,...,64). At every iteration, all
d subvectors are updated in sequence, each being sampled from the conditional dis-
tribution given all other blocks (the full conditional distm’bution). In other words, at
step ¢, 0; is sampled from f (0 |67, y), provided the latest values of other subvectors
gt = (6%,...,60t 1,61, ..,657), With conjugate priors, it is possible to simulate ai-
tectly from the full conditional target distributions. Otherwise, the MH algorithm can

be used to update parameters within a single block.

2.6 The hybrid algorithm

When the Markov chain under differential or neariy nondifferential misclassification
reaches some state § in the parameter space, the cell counts in main data of Table
1.1 (by), 1= 0,1, 7 = 1,2,3,4 are generated from Binomial distributions described in
section 1.1. The data is updated as ¥ = {¥obs, Yunobs} = {(@i1, - » @ia), (bi, -+ + , bsa) Fico

The sampling distribution or the likelihood function becomes

f (yobsa Yunobslg) = (9|yobs: Yunobs)
1
= H { SN 7'1 a11+bz1 (( ) (1 - ,r,i))ai3+bi3
i=0
((1 — SN; ) T,Z)a12+b12 (SP (1 _ Tz))a14+bz4}

1
. , . . ) ia+bi3+b; . .
= H {r;m+a12+b11+b12 (1 _ ,,,.i)a13+a14+ i3+big SNiau-*-bzl

=0

(1 _ SNi)ai2+bi2 S-Piai4+bi4 (1 _ SPi)ai3+bis} ] (2‘7)

As it is not plausible to simulate 6 from the joint posterior distribution directly,' we

sample the 6-dimension parameter sequentially from the conditional posterior distribu-
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tions,

' , 1
£(r0,7118No, SN1, 5Po, SP,y) o f(ro, ™) H{ guratbutbe (1 petesthiotbal 5 (o)

1

f(SNo, SNllTo,’I‘l,SPQ, SPl, y) O( f(SNo, SNl) H {Sle'i1+b.'1 (1 _ SNi)ai2+bi2} ; (29)
! | it ’ .
F(SPo, SPilro,rs, SNo, SN1,Y) o F(SPo, SPY) H {SP““‘“’"‘ (1— §P;)%stbs } . (2.10)
=0

In above equations, f(rg,71), f(SNo, SN1) and f(SPy, SP;) are blvarlate normal prior
densities for the prevalences, sensitivities and specificities over cases and controls

As the densities are not conditionally conjugate, the MH algorithm is performed
at next.‘step.- We apply univariate MH jumps embédded in Gibbs sampling to update
~ each compoﬁent in the paired of parameters, (ro,71), (SNy, SN1) and (SPO; SPi). It
is important to choose a jumping distribution that leads to satisfactory perforfnance of
the Markov chain. One intuitive solutiofx is to let the jumping distributioq follow a
Beta density as appeared in the likelihood function i‘n Equation (2.7). This simplifies
calculation of the acceptance rate by cross canceling the ratio of proposed wvs. current
likelihoods and the ratio between two jumping densities. As a result, ‘we are left with.
merely the ratio between two prior distributions. To be more specific, let us take the
acceptance probability in one dimensional MH jump on 7o in Equation (2.8) for example.
The jumping.rulehis specified as r§ ~ Beta(ao + a2+ by + b8y + 1, aos -+ ags + bhg + by + 1),

close to the conditional sampling distribution. The ratio of ratios in Equation (2.6)
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becomes

(ra|rt, SNE, SNt SPE, SPE,yt)
(r0|r§,SN5,SN{',SP(§,SPf, t) .
(rsirs, rl, SN¢, SNt SPL SPY)
J(rk|rg,rt, SN, SNE, SPE, SPY)
f(
f(

f
.
J

re|rt, SNE, SNt SPE, SPHL(rg, rt, SNE, SNt, SPE, SP})
rélrt, SNE, SN, SPE, SPEL(r, v, SNE, SNE, SPE, SPY)
L(rg,rt, SN¢, SNE, SR, SPY)
L(TO,TI,SNé,SNf,SP(f,SPt)
f(rylrt, SN§, SNE, SPE, SPE)
f(rIry, SN§, SNY, SF§, SPy)
f(rglri)

= T | 21y

The last step is obtained because of the mutual independence among prevalence, sensi-
tivity and specificity in prior information.

We now summarize the posterior simulation procedure as follows.
1. Acquire initial values of .(7"8, ), SN§, SN?, SPg, SP)), each lying between 0 and 1.
2. At the t*" iteration,

e Given parameters 0° = (r§,r}, SN¢, SNt SPE, SPY), update the unobserved
actual exposure data Yunobs' = {b -} based on Binomial distributions, . for

i=0,1,7=1,2,3,4.

"o Based on the updated cell counts {bf;} at the tth iteration, model parameters

are generated alternately via Gibbs sampler and MH algorithm.

(a) Simulate 7§ conditioning on (rt™, SN¢™1, SNi~t, SPEY, SPI!) using MH

algorithm. A proposed jumping rule is 73 ~Beta(ao; + agz + bh; + b +

=
Iy

1, a03 + ags + bl + b, + 1), with acceptance rate min {f—(TO—IP—_T } .
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(b) Simulaté Tt conditioning on (ré, SN, SN SR~ SPF). A pro-
posed jumping rule is 7} ~Beta(a;n + a1z + bl + by + 1,13 + a4 +
bis + bi, + 1), with acceptance rate min {f—{r(—gl%, 1} :

(c) Simulate SN{ conditioning on (r§, 74, SNi~t, SPE™!, SP}™) using MH al-
gorithm. A proposed jumping rule is SN} ~ Beta(ag1 +bh; +1, aga+bh,+1),

f(SNZ|SNE!

. . )
with acceptance rate min {W;—_l—), 1} .

(d) Simulate SN} conditioning on (r§, ¢, SN§, SPy™',SP{™). A proposed
jumping rule is SN} ~Beta(ai; + b%;.+ 1,012 + bl, + 1), with acceptance
. [ _F(SNIISNE)
rate min {m{éll—s—jg—é—, 1} .
(e) Simulate SP¢ conditioning on (rf,rt, SN{, SN{, SP;™!) using MH algo- |
rithm. A proposed jumping rule is SB; ~ Beta(ags + bga +1, @03 + gz + 1),

* t—1 3
with acceptance rate min {—f(—sgi’—lﬁf% 1} .

F(SPRISPTY)?
() Simulate SP} conditioning on (r§, 71, SNG, SNt, SFg). A proposed jump-
ing rule is SP¥ ~Beta(ay4 + b, + 1, a13 + b5 + 1), with acceptance rate -
. [ F(SP:|SPY) , : ' '
min { G RE 1} | /
e Calculate the log odds ratio ¢ at the ¢* iteration.

3. Repeat step (2) at subsequent iterations, for t = 1,...,m + n, to simulate target

parameters alternately using the hybrid algorithm.

The procedure is stopped after accomplishing m+ﬁ iterations, where m is the number
of burn-in itefations and n stands for the nurnbebr of target iterations. The multivariate
Markov chain is generated and converges to the joint posterior disf'ribution at sufficiently
large m. The marginal Markov chains for individual pai‘ameters including the log odds
ratio are constructed at the meantime and statistical inference can be; performed there-

after.
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Under the circumstances of nondifferential misclassification, the parameter space be-
comes 4 dimensional with § = (rg, 71, SN, SP). The prior densities and likelihood func-

tion are revised as

. 1 ‘

) I I ai1+aia+bi+b; a3+aiq+biz+b;

L(0|y0b8ayunobs) = {T’i 11732701 102 (]_ - 'ri) i34 +0i3+0iq
=0

SN +bi (1 _ SN)ai2+bi'2 S paistbia (1 — SP)ai3+bi3} . (2.12)

This leads to the combinations: of steps (c) and (d), (e) and (f) in the above procedure.
Only one MH jump is required to simulate Markov chain for the sensitivity or specificity
within the Gibbs sampling structure. Nevertheless, the ideas on posterior simulation can

be addressed and utilized as before.
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Maximum Likelihood Estimation

The maxjmurﬁ likelihood estimate of a parameter f given a sample point x is a parameter
value at which the likelihood L(6|x) attains its maximum as a function of # (Casella
and Berger, 2002). Often candidate maximum likelihood estimators (MLES) can be
obtained through solving ZlogL(6|x) = 0, when the likelihood or log likelihood function
is differentiable in 8. The left hand side of the equation is sometimes named the'score
function associated with the likelihood. When 6 is multidimehsional and a closed-form
solution does not exist, iterative numerical procedures such as Newton Raphson algorithm
are required. Because of some optimality quantities of MLE including the consis_tency and
efficiency, the method of maximum likelihood estimation is currently the most popular

method for point estimation.

3.1 MLEs under differential misclassification

A standard way to express the likelihood in t‘errﬁs of (rg,r1, SNy, SNy, SPy, SPy) for prob-
lems consisting of a main study (misclassification data) and internél validation data is
provided in Equation (2.5) under differential misclass_iﬁcation. Unfortunately the scoré |
functions do not form a tractable system and no closed-form solution exists under this
parameterization. Lyl'es. (2002) proposed an alternate to parameterize the likelihood
in t_errﬁs of 8* = (r§,ri, PPVy, PPVy, NPVy, NPV;y). This reparémeteriza’tion leads to

closed-form MLEs, and is proven to be equivalent to the inverse matrix method of Mar-
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shall (1990).
The likelihood function is of the form
LEly) = [T {r™ @ =)™ (PPVir)™
. =0 !
(1 - PPV)r})**((1 = NPV)(1 = r}))**

(VPVi(L =)™ }. (3.)

By setting the score function associated with each parameter zero, we obtain MLEs

PPV, = 4
' 041 + Q43
NPV, = — |
- G0 + Q4
" . . a . .
7';-* — a;1 + a3 + a5 . , (32)

Qi1+ Q2 + Qi3 + Qig + Qi5 + Gig

If we apply the invariance property, the MLEs of the original parameters and the log

odds ratio ¢ can be written as

i = PPV# +(1-NPV)1—-7),

gy, = ZEV
T4
5P, — NPVi(lﬂ— ri),
1-— T
2 71(1 = 7o)
= log—F—5+. 3.3
¢ gTo(l—Tl_) 33)

The Hessian matrix composed of mixed second derivatives is estimated at the MLE

6* in form of :
N N
H(6*) = {WlogL (6 Iy)] :

In fact, the zero cross partial derivatives simplifies the expression of Hessian matrix, and
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the observed Fisher information is obtained as,

i) = ~H(f%)

a?zogfa(my) 0 0
0 Petowm . 0
I R :
o 0 TpEeM g 0
0 N 0 TpEOM o
\ 0 o | 0 “%gm'

The asymptotic covariance matrix- of MLEs in the Cramér-Rao lower bound ;. is ap-
proximated by the inverse of the observed Fisher informatin at g*, which bears the form
of a 6x6 diagonal matrix with reciprocéls of non-zero second dérivatives of the log like-
lihood on the diagonal. AAs a result, variances of the “apparent” exposure, positive and
__ hégative predictive values are estimated as,

(1 — 7,)2

Q;1 + Gi2 + Qi3 + Gig + Qis + A4 :
PPV,(1 - PPV,) ‘

var (i) =

aF (P/pT/i) -

a1 + Q43
Py NPV,(1 - NPV,
var (NPVi> = Vil )
Qo + Qiq

The asymptotic variance for the log odds ratio is further estimated as (Morrissey and

(3.4)

0% =0~
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Spiegelman, 1999; Lyles, 2002),

- 1 (PPV;+ NPV;—1) Tar (#) + (7)*var ( PPV;
— (¢) _ Z ( Zf(ziai 7;2 + (7. var( | ) N

1=0

(1 — #)? var (ﬁp\vi)

77(1 —7:)? ‘ (3.5)
using multivariate Delta method.
Tar (¢) = WTE, W, | . (36)

whereby
6%;@9,':5*
aaT;d’w?:é?
ﬁ%‘bwe@
aprvl‘ﬁw*:é*

2] R
ONPVy ¢]9*=9"‘

5 ‘
o Pv; Plov=i-
is a column vector composed of first derivatives evaluated at the MLE ¢*. Similar ideas
can be adapted to obtain the asymptotic variances for MLEs of the original parameters

0'= (0,71,5No, 5N:, 5Py, SP).

var (r;) = (ﬁmmv\vi—lfw(ff)w“
(7;)* 7@ (BPV.) +

(7~ 1)* var (ﬁp\vi) (3.7)
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/\ o 2
PPV, PPV (vai + NPV - 1)

TR (SN) = | —¢ = oaF (1) +
[ #+7, — PPV (“:f)2 ’
r,T; — ilr; =
L1y } war (PPV:) +
72 v
[ : ——— 2
20 -
72 var (NPVi) (3.8)
— Ty ~ —_T e — 2
__ _NPy, NPVi(1-7) (PPVi+NPVi —~ 1) .
var (Sk) = 17 T T var (77) +
7 Y
[ . —_ 2
A"ﬁ - A"k N ; e [ =T
77 (1 rl)A 2PV1 o (PPVi> N
(1 — 'f'i) .
i WPV Q-]
—_— 7‘, . —_— ,’,,. S )
i i ) 77 (NP ) ‘
1—7#; T var ( 4 ) (3.9)

3.2 MLEs under nondifferential misclassification

Neither parameterization mentioned above facilitafes closed-form MLEs under the c’i‘r-
cumstances of nondifferential misclassification. Although explicit formulas that are com-
putationally less intensive are provided in approaches such as the matrix method (Barfon,
1977) and inverse matrix method (Marshall, 1990), the ML estimation is in general prefer-
able due to its efficiency. We therefore proceed by employing a quasi-Newton method
(“L-BFGS-B”) by Byrd et al. (1995) that is implemented in the “opfim()” function in
statistical software R to achieve likelihood optimization in original parameter space of
6 = (ro,m1, SNy, SN1, SFy, SP;) . Function values, gradients (first order derivatives) of |
the log likelihood function and the initial estimates are suppiied to thg routine in order

to build up a picture of the surface to be maximized (R 2.4.0).
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_ A numerically differentiated Hessian matrix at the best set of estimates-in form of a-

matrix of mixed second derivatives,
. [ o
H(f) = [WlogL (9|y)} ,

will be returned if the option hessian is set TRUE in “optim()” function. The estimate

of observed Fisher information is received immediately

and the asymptotic covariance matrix of § in the Cramér-Rao lower bound is approxi-
mated by the inverse of the estimated Fisher information, denoted by i(é)‘l. The asymp-
totic variance of the log odds ratio estimate is attainable by the multivariate Delta

method,

= . , © (3.10)

~

0 4 . 52 5. . B4
— (2 arg Dol Opy = Tiofr 3 Polé
var =

0 4 . 5o s 2 D 4 .

Br1 ¢9w Ofgtr  Ofy o ¢9|0

whereby the matrix in the middle of the right hand is the 2x2 component of the estimated

asymptotic covariance matrix corresponding to the 7 and 7.
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Simulation Extrapolation Approach

Simulation extrapolation (SIMEX) method was initially proposed to cdrrect additive
measurement error in general regression problems .by Cook and Stefanski (1994) and
further extended to handle other measurement err.or models (Cook and Stefansk, 1994;
Kiichenhoff and Carroll, 1997; Eckert, Carroll and Wang, 1997). SIMEX exploits the
relationship between the size of measurement error in covariate or response and the bias
in parameter estimat‘ion. It utilizes a self-contained simulation component to establish
a trend of measurement error-induced bias versus the varianée of the extra added mea-
surement error, and extrapolate this trend to the case of no measuremeht error (Carroll,
Ruppert, Stefanski and Crainiceanu, 2006). |

The misclassification SIMEX (MC-SIMEX) method, proposed by Kiichenhoff, Mwalili
and Lesaffre (2006) extends SIMEX to handle misclassification problems with discrete
covariate or response. Let us describe MC-SIMEX in a logistic regression setting with a
binary response variable Y, and a nondifferential misclassification prone binary covariate

X that is associated with an unobservable independenf variable T.

It follows immediately after simple arithmetic that 5; is the effect parameter of interest

in this context, WhiCh is the log odds ratio of having a positive response, i.e. ¢ = 3;. The
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nondifferential misclassification mechanism is characterized by a misclassification matrix,

SP 1-SN

1-SP SN

P(X=0[T=0) P(X=0T=1)
P(X=1T=0) P(X=1T=1) |

Assuming II is positive definite, the spectral declomposition can be written as Il =
EAEY, Whére A is a diagonal matri}; of eigenvalues and E is composed of eigenvec-
tors. Let us define a misclassification operation MC [I1] (Z), indicating the procedure
to simulate a misspecified random variable related to Z with measurement erfor prob-
abilities SN, SP. It is then natural to express the relationship between X and T as
X = MCII](T). The limit to which the naive estimator of §; converges ignoring mea-
surement error on the exposure, is _denoted by G (IT), as the .sample size approaches
infinity. :
At the simulation stage of MC-SIMEX algorithm, extra misclassification II* = EA*E™!,

(A > 0) is attached to the error prone variable X to generate “reclassified” pseudo data,
X (\) =MC [ (X).

Under the assumption that the measurement error mechanisms affecting T' and X are

independent, one can write

X(\) = Ve [ﬁ”*] (7),

and the naive estimator based on the simulated dataset (X; ()),Y;),é=1,..., N, bears

the form ﬁf (Hl“‘) , which is achievable by least squares method. Hence for a fixed set
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of A values, 0 < A; < A <... < Ay, the MC-SIMEX,reclassiﬁcation step is repeated for
B tirﬁes at every \; to simulate pseudo data (X; (\x),Y:) and to estimate Br, (T .
The situation of no misclassiﬁcaltion is obtained at A = —1, as IT'** = II° = I. The'log
odds ratio at )\, is then estimated as

s TR By, (TR
lgl,kz B 3

fork=1,..., M.

At the extrapolation step, the MC-SIMEX estimator Buc is thus acquired by

1. fitting an parametric extrapolation function L on data (1 + Ak, Bl,k): for-ins,tance"

by least squares, for k=1,..., M;
2. extrapolating the parametric model back to the origin crossing (0, BMC> .

Kichenhoff et al. (2006) believe that the MC-SIMEX estimator is at least approx-

imately consistent when the extrapolation function is correctly specified or sufficiently

close to [} (H11c+'\) . They conclude that a quadratic or loglinear extrapolation function

- works well in general for various models. Examples of MC-SIMEX plots illustrating the

effect of increasing measurement error on logOR via different extrapolation functions are
provided in Figures 6.2 and 6.4. ‘

The MC-SIMEX method can also be applied to differential misclassification prob-
lems. 'In the context to model rel‘ationship between binary covariate and response, a
4x4 misclassification matrix with separate matrices characterizing measurement error in

case II; and contrél I, populations should be supplied to initiate the simuléufion and
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extrapolation process,

I, o

Il = (4.1)

0 I
The misclassification matrices are usually either directly obtainable or can Be estimated
from the 'Valida\tion data.

There are several candidates for the MC-SIMEX variancé estimation var(Buc). The
ease of péramete_r estimation in general regression context using SIMEX is somehow coun- .
ferbalanced by the complex calculation of the standard errors. A bootstrdp approach is
~ outlined by Kiichenhoff et al. (2006); though the intensive computation required in sim-
ulation step brings difficulty to the implementatibn'. Two other Iﬁethqu avoiding nested
resampling are established by Stefanski and Cook (1995).and Carroll et al. ((1996). The
first one goes closely with Tukey’s jackknife standard errorkc‘alculeittion, when the misclas-
sification matfix is known or adequately estimated. The latter employs the asymptotic
normal distrjbution and the asymptotic covariance matrix in the setting of M-estimation,
and provides a more flexible estimation (Carroll et al., 2006). These two variance esti-
mation methodé are adapted in this thesis.

The MC-SIMEX method is availablé in R after loading the “SIMEX” package that was
developed by.Lederer._ The main function “mcsimex()” is modified to meet our needs
to automate the estimation process of log odds ratio repeatedly under the differential

misclassification.
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Simulation Studies

5.1 Data Simulation

In ordef to derﬁonstrate the performance of Bayesian adjustment to misclassification
and make comparison with other statistical approaches,v we conduct simulation study
under two cases. Two sets of fixed simulation parameters are assigned to cases 1 and 2
respectively. Four misclassification scenarios concerning different levels of misclassifica-
tion differentiality are built to contrast statistical methods introduced in Chapter 2, 3
‘and 4. We generate 400 datasets (NREP=400) regarding each of the sceﬁarios in each
case. Data in scenario 1 are simulated under the Vnondifferential misclassification, with |
increasing degree of differentiality in écenarios 2, 3, and 4. |

Case 1: Simulation with equal numbers of cases and controls (N = Nep: = 800),
whereby each group consists of 25 percent of validation data and 75 percent of main (or

misclassification prone) study data (N2, = N2, = 200, N = N

cnt

= 600). To achieve

7

’ S -
the property that the odds ratio ® = <+ for the true exposure T on-the response Y is

1-7rg

1.5, we have

o Scenario 1: (ro, r1)=(0.075, 0.1084), (SNy, SN1)=(0.6, 0.6), (SPFy, SP;)=(0.9,
0.9)

o Scenario 2: (ro, 11)=(0.075, 0.1084), (SNo, SN;)=(0.6, 0.65), (SPy, SP1)=(0.9,
0.85)
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e Scenario 3:° (ro, r1)=(0.075, 0.1084), (SNy, SN;1)=(0.6, 0.7), (SPF, SP)=(0.9,
0.8) | ‘

o Scenario 4: (ro, 71)=(0.075, 0.1084), (SNo, SNy)=(0.6, 0.75), (SPs, SP)=(0.9,
©0.75) ' |

Case 2: Simulation with larger percentage of controls (Nene = 1200) than cases (N,
= 400), while the ratio of validation data against main data remains 1:3 (Ng, = 100, N,
= 300, N2 = 300, N7, = 900). To achieve the property that the odds ratio ® for the

true exposure T on the response Y is 2, we have

e Scenario 1: (rg, 71)=(0.1,0.1818), (SNy, SN;)=(0.6, 0.6), (SFy, SP,)=(0.85, 0.85)

o Scenario 2: (ro, 11)=(0.1, 0.1818), (SNo, SN1)=(0.65, 0.6), (SFy, SP1)=(0.8, 0.85)

e Scenario §: (7'0, 7‘1)=(0.1, 01818), (SN(), SN1)=(O7, 06), (SPo, SP1)=(075, 085)
e Scenario 4: (rg, m1)=(0.1, 0.1818), (SNy, SN1)=(0.75,0.6), (SPy, SP)=(0.7,0.85)

To generate data in either case, we first simulate the true exbosure status T' (=0, 1)
at Y = i from Bernoulli(r;), for =0, 1, two binary quantities indicating the occurrence of
misclassification in terms of sensitivity and specificity, of sample size N, or Nepe. Using
Eqﬁation 1.1, we then simulate the apparent (or surrogate) exposure measurements in two
groups. Finally we cross tabulate the true and apparent exposure quantities of size N,
or N, to construct the internal validation tables, and ciassify the rémaining apparent
exposure measurements to acquire the main study table (Table 1.1).

. Three Bayesian methods adopting n'ondifferential, nearly nondifferential and differ-

+ ential prior distributions respectively, are performed at each scenario within each case to
adjust for possible misclaésiﬁcations and assess the aséociation between the true exposure

and outcome.
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5.2 Choice of Hyperparameters

Methodology about the MCMC method is described in details in Chapter 2. In simulation
studies, we first specify the hyperparameters appearing in prior distributions of the effect
parameter of interest § = (ro,71,SN;, SP;), i = 0, 1. According to Section 2.2, under the |
assumptv‘ions that gy = pe, 01 = 09, 1 = Vo, 11 = 2, T1 = To and 6, = 0o, we assign
p=—2, 0 =1 to model the prior information that the logit true exposufes are normally
distributed with 95% probability between logit(0.02) and logit(0.5). Mild correlation
between 79 and 7 (p; = 0.3) is selected to allow relatively large standard deviation of
logOR around mean 0. 'Similarly, weset v =7 =17 v=4 = 0.65 to represent the
prior knowledge that the logit sensitivity and logit specificity are normally distributed
© within logit(0.6) and logit(0.95) with 95% probability. As discussed in Chapter 2, we
set po = p3 = 1 to reflect nondifferential misclassification; ps = ps = 0 to express
prior belief in differential misclassification. The choice of py, pg,, for nearly nondifferential
misclassification requires extra work. To reflect the priori that, the probability of having
similar proportions of correctly measured exposure variable among cases and controls isw.

about one quarter, i.e.

a simulation study is conducted, and 0.9 is assigned to p; and p3. Alternatively, closed-

form solutions p; = p3 = 0.9 can be obtained by solving the equation, -
P{|logit(SNy) — logit(SNy)| < 0.1} = P{|logit(SPy) — logit(SF)| < 0.1} = 0.1,

using expressions (2.3), (2.4) and the standard normal table.
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5.3 Convergence of MCMC Simulation

The convergence and mixing of MCMC simulatioﬁ should be checked before we méke in-
ference about the posterior distributions. Decisions are made based on visual inspection
of simulation plots. After discarding the first 1000 simulations to diminish the effect of
initial distributions, we draw samples from 10000 iterations, based on which statistical
inferences are conducted. The last 2000 iterations of Markov chains for r;, SIV;, ‘S P, and
logOR at different scenarios (each represented by one out of 400 simulated datasets) in
Case 1 are displayed in Figure 5.1 and 5.2. To be more specific, Figure 5.1 depicts the
8000-10000 realizations of a Markov chain simulated under the ﬁondifferential misclas-
sification aséurﬂption regarding a dataset in Case 1, scenario 1; Figure 5.2 depicts the '
8000-10000 realizations of a Markov chain simulated under the differential misclassifica-
tion assumption regarding a dataset in .Case 1, scenario 4.

It is observed that Markov chains generated byv the “nondifferential”, “nearly nondif-
ferential” and “differential” Bayesian methods, undér different prior distributions display
satisfactory mixing and convérgence. The Markov chains are moving thoroughly within
the target range. Vand no chain is stuck at the sim.ilar values for successive iterations.
Table 5.1 reports the acceptance rates based on 10000 posterior realizations over 400
‘replicated datasets at each scenario in Case 1. As described in séction 2.6, the uni-
variate proposal (or jumping) distributions of model pararﬁeters embedded in the Gibbs
sampler, do not directly depénd on-preceding states, for information from the imme-
diate previous states facilitates update of the unobserved cell counts in the main data
Yunobs = {bi;} and, the univariate candidate parameter value is simulated solely based
on updated data and previous values of other parameters. Tﬁerefore, high acceptance
rates displayed in Table 5.1 demonstrate, posterior Markov chain is moving around and

adequacy of mixing is achieved. It is worth pointing out that, the jumping distributions
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proposed here do not involve tuning pararneter.s as required in the random-walk MH algo-
rithm. The typical challenge of adjusting variations (ak’s). in the proposal distributions
5 ~ N(0.,0%) (k = 1,...,m), to maintain a moderate acceptance rate, is therefore

avoided. Meanwhile the Markov chains converge roughly to the target distributions af-

Table 5.1: Average acceptance rates over 400 replicates in Case 1

Nondifferential Bayesian method - scenario 1
) To T SPO SPl SN() SNl
Acceptance | 0.973 | 0.950 | 0.728 | 0.728 | 0.977 | 0.977
Nearly nondifferential Bayesian method - scenario 2
To T1 SPF, 0 SP, 1 SN, 0 SN 1
Acceptance | 0.976 | 0.947 | 0.540 | 0.668 | 0.742 | 0.741
Nearly nondifferential Bayesian method - scenario 3
To T1 SPO SP] SNO SNl
Acceptance | 0.977 | 0.944 | 0.485 | 0.665 | 0.572 | 0.602
Differential Bayesian method - scenario 4
' To ™ SP() SPl SNO SNl
Acceptance | 0.973 | 0.949 | 0.641 | 0.786 | 0.959 | 0.909

ter 1000 burn-in iterations. Posterior distributions of the exposure prevalences amongst
diseased and non-diseased participants, and log odds ratio describing the association
between the response and exbosur‘e, are illustrated by histograms of boster’ior samples
(Figure 5.3 and 5.4). We hereby emphasize plots .cons‘idering scenarios where models are
consistent with the data-generation, though the simulations include .inconsistent cases
as well (e.g. differential model on nondifferentially misclassified data, or nondifferential
model on differentially misspecified data). The pre-specified true exposure prevalence
are 0.075 (control group), 0.1081 {case grdﬁp) in Case. 1, and 0.1 (cbntrol group), 0.1818
(case group) in Case 2. The simulation parameters along with the true log odds fatios
(log(1.5) in Case 1 and log(2) iﬁ Case 2) are marked by VGI“tiCELl bars in the plots. It is

shown in the plots that, posterior samples capture the true model parameters with high
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accuracy. It is also noticeable that 'ro and r; are often estimated with bias towards the
same direction (i.e. whose medians located both below or above the vertical bars). This
however leads to a more accurate estimate of logOR.

Table 5.2: Posterior distributions at various scenarios in Case 1 with different prior
information .

Nondifferential prior at Case 1, scenario 1
To 71 SPy | SP, | SNy | SNy | logOR
" Mean 0.075 | 0.102 | 0.901 | 0.901 | 0.706 | 0.706 | 0.353
SD 0.015 | 0.0169 | 0.011 | 0.011 | 0.063 | 0.063 | 0.265
5% %tile | 0.052 | 0.076 | 0.883 | 0.883 | 0.599 | 0.599 | -0.070
95" %tile | 0.101 | 0.131 | 0.918 | 0.918 | 0.805 | 0.805 | 0.798

Nearly nondifferential prior at Case 1, scenario 2
To ™ SP() SP1 - SNO SNl lOgOR
Mean 0.053 | 0.098 | 0.884 | 0.847 | 0.777 | 0.785 | 0.686
SD 0.013 | 0.018 | 0.013 | 0.016 | 0.069 | 0.063 | 0.339
5t %tile | 0.032 | 0.070 | 0.862 | 0.820 | 0.658 | 0.677 | 0.142
95" %tile [-0.076 | 0.129 | 0.906 | 0.873 | 0.877 | 0.880 | 1.262

Nearly nondifferential prior at Case 1, scenario 3
To ™ SP() S.Pl SNO ) SNl lOgOR
Mean | '0.060 | 0.091.| 0.884 | 0.798 | 0.715 | 0.750 | 0.463
SD 0.014 | 0.018 [ 0.013 | 0.017 | 0.074 | 0.064 | 0.320
5t %tile | 0.039 | 0.064 | 0.863 | 0.769 | 0.588 | 0.637 | -0.049
95t %tile | 0.084 | 0.123 | 0.905 | 0.826 | 0.828 | 0.846 | 0.995

Differential prior at Case 1, scenario 4
, To 71 SPy | SP,- | SNyg.| SNy |logOR
Mean 0.055 | 0.089 | 0.898 | 0.762 | 0.645 | 0.7520 | 0.529
SD 0.014 { 0.019 | 0.013 | 0.020 | 0.103 | 0.077 | 0.360
5" %tile | 0.034 | 0.060 | 0.876 | 0.730.| 0.468 | 0.614 | -0.050
95" %tile | 0.080 | 0.123 | 0.920 | 0.795 | 0.805 | 0.864 | 1.128

The sample mean, standard deviation and 90% credible interval (regarding 10000 post
burn-in iterations) for each model parameter at different scenarios of Case 1 and Case 2
(each corresponding to one simulated dataset) are calculated under the appropriate prior

assumptions regarding differentiality of misclassification. Results presented in Tables 5.2
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Table 5.3: Posterior distributions at various scenarios in Case 2 with different prior
information

Nondifferential prior at Case 2, scenario 1
To ™ SPO SP] . SNO SN] logOR
Mean |-0.104 | 0.162 | 0.828 | 0.828 | 0.629 | 0.629 | 0.511
-SD 0.017 | 0.030 | 0.013} 0.013 | 0.060 | 0.060 | 0.280
5t %tile | 0.078 | 0.115 | 0.806 | 0.806 | 0.529 | 0.529 | 0.049
95" %tile | 0.132 | 0.215 | 0.849 | 0.849 | 0.727 | 0.727 | 0.975

Nearly nondifferential prior at Case 2, scenario 2
To T SP() S.Pl SNO SNl logOR
" Mean 0.072 1 0.152 | 0.804 | 0.861 | 0.627 | 0.608 | 0.840

SD 0.014 | 0.029 | 0.013 { 0.019 | 0.071 | 0.073 | 0.310
5% %tile | 0.050 [ 0.106 | 0.783 | 0.828 | 0.506 | 0.486 | 0.323
95t %tile | 0.095 | 0.202 | 0.826 | 0.892 | 0.742 | 0.727 | 1.344

Nearly nondifferential prior at Case 2, scenario 3
To 1 SPO SPl SNO SNl lOgOR
Mean 0.103 | 0.150 | 0.775 { 0.820 | 0.770 | 0.751 | 0.426
SD .| 0.017 { 0.028 | 0.016 | 0.023.{ 0.054 | 0.063 | 0.292

5t %tile | 0.076 | 0.106 | 0.749 | 0.782 | 0.676 | 0.642 | -0.053 -
95% %tile | 0.132 | 0.199 | 0.801 | 0.856 | 0.851 | 0.845 | 0.910

Differential prior at Case 2, scenario 4
To T SPO SP] SN() SNl logOR
Mean 0.110 | 0.196 | 0.697 | 0.861 | 0.765 | 0.758 | 0.674
SD 0.017  0.032 | 0.017 | 0.027 |{ 0.058 | 0.069 | 0.274
5t %tile | 0.084 | 0.145 | 0.669 | 0.815 | 0.663 | 0.636 | 0.221
95t %tile | 0.140 | 0.250 | 0.725 | 0.904 | 0.855 | 0.863 | 1.116

and 5.3. Most sample means are sufficiently close to the true values of the parameters at
different levels of exposure misclassification, except for the sensitives.. The sensitivities
in case and control groups are found larger than the true values in Cases 1 and 2. This
should not downgrade the performance of our algorith‘m, ‘because most 90% credible
intervals cover the true values, except for SNV; at scenario 2, Case 1 and a few exceptional
observations in Case 2. To conclude, the Bayesian misclassification methods utilizing

MCMC algorithm facilitate convergent posterior Markov chains with adequate mixing.

35




Chapter 5.

Simulation Studies

o
p .
- o~
© -
=] ] K .
[ g o _|
3 g
o o
8000 8500 9000 9500 10000 8000 8500 9000 9500 10000
iteration iteration
[3e) g
o o
o -
o -
& 2 ] & S
5 9 _
°© M T T T T ° N T T T T
8000 8500 9000 9500 10000 8000 8500 9000 9500 10000
iteration iteration
€ v |
% o
o .
w
O‘ -
! T L T T T
8000 8500 9000 9500 10000
iteration
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Scenario 1, using the nondifferential Bayesian method
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Tables 5.2 and 5.3 also suggests that standard deviations increase with the inflation
of differential misclassification. This is not unexpected bécause under nondifferential
misclassification, data concerning cases and controls are pooled together to-estimate the -
misclassification parameters. Whereas under differential misclassification, sen,sitivities
and specificities are estimated separately according to data in each arm, hence resulting

in less precise estimates (i.e., with larger variance).

5.4 Comparison with results obtained using MLE
and MC-SIMEX

In this éection, §ve study the comparative performance bf Bayesian methods, maximum
likelihood estimation methods‘an‘d simulation extrapolation me_thods in several misclas-
sification situations. Three‘ methods under the assumptions of nondifferential miscla_séi—
fication (NDF), nearly nondiﬁefential misclassification (Nearly NDF, only appli'cable to
Bayesian method), ahd differential misclassiﬁcation (DF) are applied simultaneously to
data simulated in section 5.1 (4 scenarios in two cases). The estimated mean squared

error (MSE), defined as

NREP
N 1

MSE($) = RED > (q%-—¢)2
i=1

is calculated to assess the goodness of the point estimafor for ¢ = logOR, by incorporat-
ing both the precision (via variance) and accuracy (via bias) of ¢. N REP=400 represents
the number of repeated datasets generated in each scenario. The coverage proportion of
the logOR and average .Wi‘dth of the 90% credible interval using Bayesian methods and
the 90% confidence intervals using MLE or MC-SIMEX are also reported to evaluate the

accuracy and precision of the effect estimator ¢ (Table 5.4, 5.5 , 5.6 and 5.7 for Case 1
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and Table 5.8, 5.9 and 5.10 for Case 2).

Table 5.4 shows the nondifferential Bayesién method has the best performance when
the data is truly nondifferentially misclassified. It produces estimator with smallest
bias, variation and overall error rate compared to other Bayesian methods in scenario 1.
However, the related coverage proportion drops dramatiéally as the exposure misclassi-
fication gets more differential. The fact that the empirical. coverage probability drops to
0.06 in scenario 4 illustrates the poor reliabiiity of the nondifferential Bayesian method,
for the level of diffefentiality involved in the misclassification is seldom well undersfood
in practice. The differential misclassification Bayesian method behaves better than the
others in terms of smaller estimated MSEs and larger coverage proportions, when data
are highly differentially miisclassified (scenario 3 and 4), which agrees to our expectation.
In general, the differential Bayesian method is not as efficient u‘nder nondifferential mis-
classification, because data arelspli.t to two groups and estimations are accomplished on
separate subsets. Nevertheless, it generatés reliable eétimat_ions as misclassification devi- -
ates from compllete nondifferential condition without losing much efﬁciency. The nearly
nondifferential Bayesian method performs well in scenario 2 where departure from the
nondifferential ﬁlisclassiﬁcation 1s mild. Sebarate estimation of sensitivities or specifici- .
ties improves the 'accufacy of ¢AS Meanwhile by posing large positive correlation between

"SN;s and SP;s, it “borrows sﬁrength” from measurements in both groups and produces
small variance and MSE. The MSE, coverage proportion and average width of credibie
interval associated with the nearly nondifferential method are always in between the other
two Bayesian methods. It is a method worth exploring in practice when the mechanism
of misclassification is not fully specified.

In Table 5.‘5, we observe analogous phenomena cofnp_aring the performances of nondif-
ferential (NDF) MLE and differential (DF) MLE M‘or'e accurate and precise estimation

of logOR with smaller MSE, greater empirical coverage rate and shorter confidence in-
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terval is supplied by NDF ML method in scenario 1. On the other 'hand, the estimates
are far away from the target when the actual misclassification rates differ between cases
and controls. The DF ML méthod yields consistent estimates with satisfactory coverage
proportions (> 88%) over all situations, and is especially superior at more differential
scénafios such as 3 and 4. It is aiso'found that MLEs are systematically associated with
slightly greater MSE and variation compared with the Bayesian estimates in Table 5.4,
which may result from the utilization of appropriate prior information. .
Results obtained using differential (DF) and nondifferential (NDF) MC-SIMEX meth-
ods are summarized in Table 5.6 and 5.7. For each simulated dataset, the estimated effect
parameter ¢§ is acquired via a quadratic extrapolation function and a loglinear extrapo-

lation function,

Lquad (>\) = a9+ OZ])\ + 02/\2,

Lig(\) = e™ta,

The variance for each ¢ is estimated using the asymptotic theory and Jackknife method.
Tables 5.6 and 5.7 hence summarize the performance of MC-SIMEX methods at these
four combinations. Similar to Bayesian and MLE methods, the NDF MC-SIMEX works
bettéf for the nondifferential misclassiﬁcation‘scenario, but is off-target with differential
measurement errors. In Case 1, 43s achieved during reclassification at various values of |
A are on average bvetter fit by the quadratic parametric function, leading to relatively
more accurate estimates of ¢ without measurement error. This is reflected by gfeatér
coverage proportions in Table 5.6 and 5.7. We also observe that estimates using either
extrapolation functions bear same MSEs in each scenario, while Tukey’s Jackknife vari-
ance is consistently smaller than asymptotic variance when quadrati—c function is applied.

As the size of measurement error represented by SNV; and SR- is not totally specified
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in this study, Tukey’s Jackknife method is preferred to accommodate situations where
variation of S/’]Vi, §13, is not negligibie (Carroll et al., 2006). ‘Compared with intervals by
first two methods, the 90% confidence intervals' generated by MC-SIMEX methods have
apparentlysrrialler probabilities to cover the true effect parameter logOR.

Table 5.4: MSEs, empirical coverages and average widths of 90% credible intervals for
logOR using Bayesian methods based on datasets simulated in Case 1

NDF Nearly NDF DF

scenario 1 MSE 0.0773 10.0869 0.0993
Coverage | 0.9075 0.8975 0.8875
Width | 0.9247 0.9947 1.0279 .

scenario 2 MSE 0.1801 0.0959 . 0.0986
Coverage | 0.6825 0.9000 0.9075

Width | 0.9325 1.01327 1.0380

scenario 3 MSE 0.4798 0.1230 0.0946
: Coverage | 0.2400 0.8550 0.8950
Width | 0.9295  1.0308 1.0501

scenario 4 MSE 0.8759 0.1545 0.1071
Coverage | 0.0600 0.8000 0.8875

Width | 0.9249 1.0478  1.0564

Similar findings present in Case 2. For in each simulated dataset, the.nurnber of
controls are three time of the number of cases, data from the control group have more
impact on the estirnlatio'n of model parameters such as the exposure prevalences ry, 71
and the effect parameter logOR. This resu_lts in greater coverage proportions than those
in Case 1 when NDF methods (Bayesianf or MLE or MC-SIMEX) are incorrectly applied
to the differentially misclassified Adata (scenario 2, 3 and 4).. It is also observed that the
DF MC-SIMEX method fails at some replicative datasets in scenario 2. Two possibilities
may cause this problem. First, the estimated misclassification matrix-fIA (Equation
(4.1) in Chapter 4) does not exit. This may be caused by estimation of ‘ehe original
misclassification matrix IT using the validation data. Kiichenhoff et. al. (2006)_ suggested

use a refined approximation method (Israel et al., 2001) to estimate II*. Second, a few
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Table 5.5: ‘MSEs, empirical coverages and average widths of 90% confidence intervals for
logOR using MLE methods based on datasets simulated in Case 1 .

. . NDF DF

~scenariol ~ MSE | 0.0924 0.1224
" Coverage | 0.9100 0.8875

Width | 0.97706 1.1062

scenario 2 MSE 0.2258 0.1226

Coverage | 0.6650 0.9075
: - Width- | 0.9849 1.1150 -
scenario 3 MSE 0.5776 0.1176.

' Coverage | 0.2125 0.8975
Width | 0.9800 1.1235

scenario4  MSE 1.0361 0.1338
Coverage | 0.0575 0.8875 -

Width | 0.9765 1.1301

modifications are made on function “mecsimex()” to fulfil our needs to automate the
* estimation process of log odds ratio repeatedly under the differential misclassification.
Although the performance of the modified function under boundary conditions (‘largev '

misclassification rates) are not completely tested, we believe :the chance that it causes a

problem is very tiny.
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Table 5.6: MSEs, empirical coverages and -average widths of 90% confidence intervals
for logOR using MC-SIMEX under nondifferencial misclassification based on datasets
simulated in Case 1

Quadratic extrapolation Loglinear extrapolation
Asymptotic Jackknife | Asymptotic Jackknife
variance variance variance variance
scenario 1 MSE 0.0810 0.0810 0.1078 0.1078
Coverage 0.8875 0.8025 - 0.7550 0.7350
Width 0.8929 0.7300 0.9317 0.7300
scenario 2 MSE 0.3414 0.3414 0.6136 0.6136
Coverage 0.3600 0.2450 0.3175 0.1650
- Width 0.8704 0.6999 1.0617 0.6999
scenario 3 MSE 1.1960 1.1960 1.7361 1.7361
' Coverage 0.0100 ~0.0025 0.005 0
Width 0.8561 0.6788 1.0415 0.6788
scenario 4 MSE 2.4902 2.4902 3.5249 3.5249
Coverage 0 -0 0 o -
Width 0.8607 0.6718 - 1.0683 - 0.6718

Table 5.7: MSEs, empirical coverages and average widths of 90% confidence intervals for
logOR using MC-SIMEX under differencial misclassification based on datasets simulated

in Case 1 :
Quadratic extrapolation Loglinear extrapolation
'Asymptotic  Jackknife | Asymptotic Jackknife
variance - .variance variance variance
scenario 1l ~ MSE 0.1502 0.1502 0.0829 0.0829
Coverage 0.7700 -  0.6500 0.6600 0.8550
Width 0.8950. . 0.7278 0.6227 0.7278
scenario 2 MSE 0.1226 0.1226 0.0877 0.0877
» Coverage 0.7875 . 0.6800 - 0.8325 0.8625
. ‘Width 0.8637 0.6937 0.5673 0.6937
scenario 3 MSE 0.1423 . 0.1423 - 0.1992 0.1992
Coverage 0.7175 -0.6300 0.2800 0.5800
Width 0.831_9 0.6746 0.5204 0.6746
scenario4 ~ MSE |  0.1920 0.1920 0.2995 0.2995
Coverage 0.6075 0.5200 0.0025 0.0900
Width 0.8194 0.6590 0.4734 0.6590
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Table 5.8: MSEs, empirical covefagés and average widths of 90% credible intervals for
logOR using Bayesian methods based on datasets simulated in Case 2

NDF Nearly NDF DF
scenario 1 MSE 0.0703 0.0832 0.0965
Coverage | 0.8925 0.9000 0.8900
Width | 0.8734 0.9393 0.9627
scenario 2 MSE | 0.1624 0.1049 0.0977
Coverage | 0.7300 0.8650 0.8950
Width | 0.9157 0.9536 0.9643
scenario 3 - MSE 0.3317 - 0.1318 0.0969
Coverage | 0.4400 0.8100 0.8900

. Width | 0.9471. 0.9624 0.9661 .

scenario 4 MSE 0.5852 0.1792 0.1035
Coverage | 0.2375 0.7125 0.9025
Width | 0.9675 0.9722 0.9712

Table 5.9: MSES, empirical coverages and average widths of 90% confidence intervals for
logOR using MLE methods based on datasets simulated in Case 2

NDF DF
scenario 1 MSE | 0.0771 0.1055
Coverage | 0.8925 0.8850
Width | 0.9079 1.0215
scenario 2 MSE 0.1452 0.1080
Coverage | 0.8050 0.8950
‘ Width | 0.9595 1.0211
scenario 3 MSE 0.2945 0.1025
Coverage | 0.5500 0.9050
- Width | 0.9956 1.0211
scenario 4 MSE 0.5429 0.1006
Coverage | 0.3425 0.9000
Width | 1.0222 1.0255
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Table 5.10: MSEs, empirical coverages and average widths of 90% confidence intervals
for logOR using MC-SIMEX under nondifferencial misclassification based on datasets
simulated in Case 2

Quadratic extrapolation Loglinear extrapolation
Asymptotic Jackknife | Asymptotic Jackknife .
: variance variance variance variance
scenario 1 MSE 0.1247 0.1247 0.1725 0.1725
Coverage 0.7950 - 0.6650 0.7800 0.6575
Width 0.8890 0.7193 1.0223 0.7198
scenario 2 MSE 0.7746 - 0.7746 - 0.6240  0.6240
Coverage 0.0550 ©0.0200 | 0.0950 0.0575 -
Width 0.9058 0.7172 0.6418 0.7172
scenario 3 MSE 1.9450 1.9450 1.2375 1.2375
Coverage 0 0 0 0
. Width 0.9165 0.7145 0.4893 0.7145
- scenario 4 ~ MSE 3.4673 - 3.4673 1.8875  1.8875
Coverage 0 = 0 0 0
Width 0:9236 0.7099 - 0.4382  0.7099
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Application in Epidemiological

Studies

6.1 The study of sudden infant death syndrome

" To further illustrate how Bayesian methods, MLE methods and MC-SIMEX methods.
‘work in practice, we consider a case-control study on sudden infant death syndrome
(SIDS) (Kraus, Greenland and Bulterys, 1989). It is of interest to investigate the as-
sociation between the use of antibiotics during pregnancy and the occurrence of SIDS.
The surrogate exposure quantity about maternal use of antibiotic (X) was measured by
interview question (yes=1, no=0). Information from medical records (T") was extracted
to.conduct an internal validation study to assess the misclassiﬁcation probabilities. The
complete data is shown in Table 6.1. Ignoring possible measurement errors, the X-Y

log odds ratio is estimated as 0.352 with 90% confidence interval (0.141, 0.563).

Table 6.1: Validation study and main study of SIDS

Validation data Muin data
Y=1 Y=0 |
T |X=1 X=0|X=1 X=0|'Y |X=1 X=0
T=1| 20 17 | 21 © 16 |Y=1| 122 442
T=0| 22 143 | 12 168 | Y=0| 101 479
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Table 6.2: Estimates of model parameters in SIDS study

NDF Bayesian Nearly NDF Bayesian | DF Bayesian
Mean  SD  Rejection | Mean SD Rejection | Mean SD  Rejection
ro | 0.1593 0.0200 0.0419 |[0.1675 0.0215  0.0481 |[0.1701 0.0222  0.0496 -
r1 10.2194 -0.0232  0.0588 | 0.2098 0.0234 0.0562 | 0.2013 0.0236  0.0589
SFy, | 0.9017 0.0122 0.1987 0.9134 0.0140 0.2817 | 0.9216- 0.0155 0.2794
SP; | 0.9017 0.0122 0.1987 | 0.8889 0.01661  0.1959 | 0.8803 0.0184  0.2717
SNy | 0.6255 0.0450  0.0241 | 0.6181 0.0559 0.2678 | 0.6378 0.0632 0.0914
SN, | 0.6255 0.0450 0.0241 | 0.6333 0.0515 0.2529 | 0.6528 -0.0588 - 0.0199

NDF MLE DF MLE
Mean  SD Mean  SD

ro | 0.1634 0.1981 | 0.1793 0.0234

r1 | 0.2253 0.2649 | 0.2095 0.0254
SP, | 0.6031 0.6810 | 0.5966 - 0.0695
SP; | 0.6031 0.6810 | 0.6060 0.0653
SNy | 0.9028 0.9241 | 0.9255 0.0172
SN; | 0.9028 0.9241 | 0.8782 0.0197

Table 6.3: logOR, SD and 90% intervals for logOR in SIDS study

log(OR) SD 90% intervals

NDF Bayesian 0.3967 0.1875 (0.0887, 0.7079)
Nearly NDF Bayesian | 0.2791  0.2047 (-0.0576, 0.6135)
DF Bayesian 0.2086 0.2154 (-0.1450, 0.5650)
NDF MLE 0.3983  0.1909 (0.08442, 0.7123)

DF MLE 0.1927 0.2212 (-0.1711, 0.5566)

NDF MC-SIMEX

quadratic, asymptotic | 0.6131  0.2265 (0.2406, 0.9856)
quadratic, Jackknife 0.1772  (0.3217, 0.9045)
loglinear, asymptotic | 0.7896  0.2579 (0.3654, 1.2138)
loglinear, Jackknife | 0.1772 (0.4981, 1.0810)-
DF MC-SIMEX
quadratic, asymptotic | 0.0365 0.2221 (-0.3288, 0.4019)
quadratic, Jackknife 0.1794 (-0.2585, 0.3316)
loglinear, asymptotic | 0.2701 0.1090  (0.0908, 0.4494)

loglinear, Jackknife 0.1794 (-0.0249, 0.5651)
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method (SIDS study)

50




Chapter 6. Application in Epidemiological Studies

Q9
o
© e
(o) ~ .
(14 S
Qo < _| RS .
g =
N
o
O.V._
S T T T T T T
00 05 1.0 15 20 25 3.0
@(1+2)
©
g
«Q ]
o
o«
o < _
g ° .
N //
sl .-
o e :
© T T 1 T T T T

0.0 05 10 15 20 25 3.0

(©(1+4)

logOR

" logOR

00 02 04 06 08

0.0 02 04 06 038

Al I B I | | |
00 05 10 15 20 25 3.0

(b)(1+2)

T T T 1 —
0.0 05 10 15 2.0 25 3.0

(d(1+4)

Figure 6.2: Plots of the estimated logOR as a function of misclassification size A in
SIDS study. The upper-left panel is based on a quadratic extrapolation subject to NDF
MC-SIMEX. The upper-right panel is based on a loglinear extrapolation subject to NDF
MC-SIMEX. The lower-left panel is based on a quadratic extrapolation subject to DF
MC-SIMEX. The lower-right panel is based on a loglinear extrapolation subject to DF

MC-SIMEX.
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The Markov chains generated by Bayesian methods present adequate mixing and
convergence. Figure 6.1 displays posterior simulations over the last 2000 iterations when
the Nearly ND method is applied. Study results after adjustment for misclaséiﬁcatioh
are presented in Tables 6.2 and 6.3: The sample Iheans and 90% intervals regardiﬂg
model parameters (rg, 1, SN;, SP;) obtained by NDF or DF Bayesian approach are
close to those estimated by-corresponding MLE method. Standard errors generated from
Bayesian and MLE methods are similar to one another. Parameters estimated under DF
misclassification assumptions are found more variable than those derived under NDF or
nearly NDF situations, which is consistent with findings from simulation studies.

The point estimates of logOR in form of posteribr mean are greater than zero, when
the Bayesiail, MLE or NDF MC-SIMEX methods are applied. It appears that log(51\%)
by NDF Bayesian or NDF MLE is twice greater than that obtained by DF Bayesian
or-DF MLE algorithm. Given the equality of misclassification rates in case and control
groups, data in Table 6.1 suggest a positive association between the use of antibiotic and
subsequence incidence of SIDS, for 0 is not contained in the 90% credible or confidence
intervals generated by NDF methods.

The estimates of log(OR) returned by MC-SIMEX are somehow distinguished from
those returned from Bayesian or MLE method. It is depicted in Figure 6.2 that, log odds
ratio [}m decreases with Xz if the measurement of drug use is nondifferentially misclas-
sified, but increases with greater size of misclassification when SN; or SP; differentiates
between two groups. As a result, combining the trajectory of the points, a quadratic
extrapolation function produces a smaller positive log odds ratio at the origin under
NDF and a smaller negative log odds ratio crossing the origin under DF. The existence
of misclassification matrix IT* is fulfilled at A = 0.5, 1, 1.5, 2, and two variance calcu-
lations are accomplished at each misclassification levei. Because SN; and SP,; required

in MC-SIMEX are estimated from the validation study, and their variabilities are not
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negligible, \;ve»consider the Jackknife varianée as a more apf)ropriate method to apply
(Kiichenhoff et al., 2006). One drawback of MC-SIMEX method is, it does not provide
approximation of other parameters such as the exposure prevaience or misclassification
rates directly. In addition, a known or adequately estimated misclassification matrix II

- is required to ensure the performance of the algorithm.
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6.2 The study of invasive cervical cancer |

A brief profile of the case-control study investigating the impact of herpes simplex virus
type 2 (HSV-2) in the progression of invasive cervical cancer is prbvided in Chapter 1. We
adopt this study as an example to demonstrate the effectiveness of Bayesian adjustments
when the differentiality of misclassification is borderline. Data for the cervical cancer _
study is shown in Table 6.4. It is noticeable from the validation and main data that the

exposure prevalence of HSV-2 is high in both cases and controls.

Table 6.4: Validation data and main data for cervical cancer study

Validation data Main data
Y=1 Y=0
T |[X=1 X=0|X=1 X=0| Y |X=1 X=0
T=1| 18 5 16 16 | Y=1| 375 318
T=0 3 13 | 11 33 [Y=01{ 535 701

Ignoring measurement error arising from the inaccurate western blot procedure, the
naive log odds ratio is estimated as 0.4529 (standard error = O..0928), with 95% confidence
interval (0.300, 0.606), indicating HSV-2 is positively correlated with the occurrence of
invasive cervical cancer. We conduct Bayesian adjustment subject to three misclassiﬁca—
tion situations (NDF, nearly NDF and DF) via different prior distributions. Mild prior
association (p; = 0.3) is imposed for exposure prevalences in cases and controls. The
randomness and differentiality of misclassiﬁcatidn parameters are reflected by hyperpa-
rameters, the same way as in sirhulation studies: ps = ps = 1 for NDF misclassification;
P2 = p3 =0 fc;r DF misclassification; and p; = p3 = 0.9 for nearly NDF misclassification.

The mixing and convergence of posterior Mﬁrkov chains are satisfactory. Figure 6.3
depicts prior densities and posterior simulations regarding ro, 7 and logOR baséd én

10000 posterior realizations (after 1000 burn-in iterations), under different misclassifi-
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cation assumptions. The same prior distributions of rg, 71 énd logOR are appl’ievd to
various differen;ciality conditions. Although exposure prevalences seem to be underes-
timated in prior densities, the posterior distfibutions incorporate information from the
data and prior beliefs and lead to greater, distinct exposure prevalences and positive lég
odds ratio. Figure 6.3 illustrates that, the resultin.g estimates obtained using Bayesian’
adjustment are reasonably robust to prior knowledge, for posterior distributions gen-
erated across three conditions are sufficiently close to one anvother. Yet the analogous
shapes of the prior and posterior densities suggest that, the prior knowledge still plays
a non-negligible role in generating the resulting models. fFurthermore, it is noticeable
that, as the measurement error becomes more differential, 7y increases and 7; decreases
slightly, resulting in small decrement of l0g5]\%, which is consistent with findings from
sirnuiation studies.

rI‘.able 6.5 presents posterior means, posterior standard deviation and 90% credible
intervals (or 90% confidence iﬁtervals for non Bayesian models) for the iv(;g.odds ratio
“describing how herpes simplex virus type 2 affect development of cervical cancer. We
observe that, exposure of HSV-2 is positively associated with a growing risk of develop-
ing cervical cancer. As éxpected, the Bayesian and MLE adjustments in general produce
similar logé?% under various rﬁisélassiﬁcation assumptions. Effect estimates derived as-
suming more differential misclassifications move towards the unity of odds ratio, with
larger variability. MC-SIMEX on the other hand generates bigger correlation, if the in-
‘accuracy arising in western blot procedure does not depend on the incidence of cervical
‘cancer; and smaller association if the measurement error is nondifferential. Extrapola—
tions based on the quadratic and log linear models are displayed in Figure 6.4.

As Carroll, Gail and Lubin (1993) pointed out, there is moderate evidence to show
measurement error is differential across cases and controls. Sensitivities estimated from

validation data alone are 0.78 for cases and 0.5 for controls (two sided Fisher’s exact

-
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'producing p-value=0.047). Nevertheless, if both the complete and incomplete data are
considered, - a likelihood ratio test for the nondiﬁerentiality of misclassification with 2
degrees of freedom, generates a p—vémlue at 0.073, indicating lack of evidence to reject the
null at 5% significance level. Hence, it is more appropriate to interpfet the differentiality
of measurement as borderline. One advantage of Bayesian adjustinent emerges in this
context, as it incorporates the “in-between” scenario into consideration via nearly non-
differential prior densities. By imposing reasénably large correlation coefficients (po, p3
< 1) between sensitivities or specificities in cases and controls, the nearly ND Bayesian
method compromises between loss of efficiency and accuracy associated with the “fully”
differential and nondiﬁereﬁtial adjustment methods. Furfhermore, the sehsitivities and
speciﬁcitiés estimated via MLE or Bayesian methods are found consistent with the condi-
tional probabilities of measurement errors éalculated using the generalized latent variable

modeling technique of Skrondal and Rabe-Hesketh (2004).

Table 6.5: logél\%, SD and 90% intervals for logOR in cervical cancer study

log(OR) SD 90% interval

NDF Bayesian 0.8665 0.2047 (0.5434, 1.2175)
Nearly NDF Bayesian | 0.6527 0.2700 (0.2303, 1.1066)
"DF Bayesian 0.5417  0.2938. (0.0462, 1.0200)
NDF MLE 0.9579  0.2366 (0.5688, 1.3471)

DF MLE 0.6081  0.3503 (0.0318, 1.1843)

NDF MC-SIMEX
quadratic, asymptotic | 0.9106 0.1845 (0.6071, 1.2141

)

quadratic, Jackknife 0.1545 (0.6566, 1.1647)
loglinear, asymptotic | 1.1130  0.2426 (0.7139, 1.5120)
loglinear, Jackknife - 0.1545 (0.8589, 1.3670)

DF MC-SIMEX ,

quadratic, asymptotic | 0.1093  0.1721 (-0.1737, 0.3923)
quadratic, Jackknife 0.1327 (-0.1090, 0.3276)
loglinear, asymptotic 0.434  0.1010 (0.2678, 0.5999)
loglinear, Jackknife 0.1327 (0.2156, 0.6521)
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NDF Bayesian adjustment

© <
@ 2 E
e g < 2 2
o [ [
(] (] Q o
© C T o T T T 1
00 04 08 00 04 0.8 -4 0 2 4.
o | Ty logOR
‘Nearly NbF Bayesian adjustme
2" 2 2
7 % a X
c < c o™ c ©
a a a
: o
© T © 5 o T T T
00 04 038 : - 00 04 038 -4 0 2 4
“To ‘ r v logOR
DF Bayesian adjustment
©
2 2 =
= x S
g < 2 < g 3
a a a
o .
C T © T o T T T 1
00 04 038 00 04 08 -4 0 2 4

o r IOgOR

Figure 6.3: Prior and posterior distributions of ro, 1 and logOR subject to three mis-
classifications. -

57




Chapter 6. Application in Epidemiological Studies

N N
h ot A 2l Q
— - \
<« _Q\ [o o] _ \\
[v'd o \\ (4 o \\
S N o - .
2 < A 3 < B
] \\g\.\‘ dhl '\\‘\‘\’
°. o ]
© 7 T | p— 1 T S T | — T T T T
0.0 05 1.0 15 2.0 25 3.0 0.0 05 1.0-15 20 25 3.0
(@)(1+21) ®)Y(1+2)
N N

0.8
0.8
1

logOR
04
!
logOR
]
Q
1
1
\
.l
o
o
°

_ . < |
/’ ©
o |° o _
© T T T T T 1 © T T T T T
0.0 05 10 15 20 25 3.0 0.0 05 1.0 15 20 25 3.0
) (1+2). (d(1+2)

Figure 6.4: Plots of the estimated logOR as a function of misclassification size A in
cervical cancer study. The upper-left panel is based on a quadratic extrapolation subject
to NDF MC-SIMEX. The upper-right panel is based on a loglinear extrapolation subject
to NDF MC-SIMEX. The lower-left panel is based on a quadratic extrapolation subject
to DF MC-SIMEX. The lower-right panel is based on a loglinear extrapolation subject to
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\

3

Conclusion and Future Work

In this dissertation_, we concentrate on comparing three adjustment models for binary
exposure measurement error in case-control studies. When potential measurement error
on the exposure is “ignored”, statistical assessment of the impact of the exposure variable
on a dichotomous health related outcome is misleading. The direction towards which the .
association between the actual but unobservable expianatory variabie and the response
is biased, is unpredictable in some circumstances.

A Bayesian model is developed to account for various t}ipes of measurement error
on the covariate (i.e., nondifferential misclassification, nearly nondifferential misclassifi-
cation and differential misclassification), by incorporating randomness of the exposure
prevalences, sensitivities and specificities amongst cases and controls via prior distribu--
tions. The concepts and fundamental techniques of Bayesié,n paradigm are reviewed in -
Chapter 2. A hybrid algorithm alternating the Gibbs sampler and Metropolis—Hastings
algorithm is proposed to sample the parameters of interest (r;, SN;, SP;) i=0, 1 from the
posterior distributions. Statistical inference about thé odds 'ratip describing the correla-
tion between the exposure and response, is made based on poéterior realizations of model
parameters after burn-in iterations. Other models previously developed to account for

_ misciassiﬁcation problems include the maximum likelihood estimation and simuiation ex-
trapolation method (Chapters 3 and 4). In conneéfion to our research, we contrast model
parameters and log odds ratio esfirhated in the Bayesian model against those generated

by other methods under different misclassification scenarios, to investigate the overall
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performances of the adjustment models.

Two simulation studies composed of four scenarios .with gradually increasing levels
of differentiality of misclassification are conducted in Chapter 5. Markov chains simu-
lated using the Bayesian model display adequate convergence and mixing, when the prior

; distributions are éonsistent with data-generation. Our choice of the univariate proposal
_distribution in the MH algorithm is proportional to the likelihood function and does not
depend on the current parameter value. High acceptance rates are Ao‘bserved m Both
cases, indicating the proposed hybrid algorithm is efficient. When data are simulated.
using equal sensitivities and specificities in diseased and non-diseased populations, the
nondifferential (ND) prior behaves the best, for logal\z returned by the corresponding
posteri.or model is associated with the smallest MSE, least variance and greatesﬁ coverage
proportion. The differential (DF) Bayesian adjustment model performs better when the
measurement error on the exposure is highly differential. .The nearly DF prior performs
well when the influence of disease status on the exposure misclassification is mild. Al- ‘
though separate estimation of the sensitivities and specificities under the DF assumption
improves accuracy of the estimates, the DF Bayesian rﬁddel has a trade-off of loss of
efficiency when the exposure is actually nondifferentially m‘iscllassiﬁed. The nearly DF
Bayesian model to some extent, balances the loss of efﬁciency and accuracy; by pbsing
large yet less than one, positive correlation between the SN;’s and SF;’s. It is found that,
the MSE, coverage proportion and average Width of the 90% credible intervals obtained
. using the nearly ND prior distributions, are always between those associated with the
completely differential or nondifferential prior densities. Hence in situations where the .
mechanism of misclassification is uncertain or the diﬁ'erentiality is borderline, the ﬁearly
ND Bayesian adjustment should be adopted to reveal the actual relationship between the
disease and actual exposure variable. | |

Analogous phenomena regarding the performances of NDF vs. DF are detected in the
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maximum likelihood estimates (MLE) and .MC-_S‘IMEX estimates. As expected, coverdge
proportions of the true log odds ratio associated with 90% éonﬁdence or credible inter-

vals using the app_ropridte MLE or Bayesian models, are satisfactory (89%) and similar

"to one another. On the other hand, we notice that MLEs are associated with system-

atically bigger MSE and interval Width, compared with the Bayesian estimates. One

possible explanation is that, the properly specified prior distribution helps to reduce the

~ variability of the effect estimator and improves the efficiency of Bayesian model. As no

middle-ground scenario exists in the MLE approach, logOR is estimated either through a
NDF stream or a DF stream. A two-step MLE procedure, sometimes can be adapted to
recover the potentially biased effect estimator. A hypothesis test for the nondifferential

misclassification (the null) can first be conducted usirig some standard procedures, for

_instance, the likelihopd ratio test with two degrees of freedom, based on the validation

data and main data. Under guidance of the testing result, the ML estimate of logOR

: subject to DF or NDF measurement error, will be reported as the final answer. Unfor-

tunately, for situations where the evidence to reject the null is merely mild, say p-valﬁe

is arbu_nd 0.05, the two-stage procedure is incapable of providing a reliable estimate.
The extrapolated log odds ratio at zero vmeasuferlnent _érror Variés with the choice

of extrapolation function in a MC-SIMEX model. Although Kiichenhoff, Mwalili and

Lesaffre (2006) showed through some concrete eXaLrhples that, the quadratic and log

linear functions provided good approximatiori, in extrapdlating lo'gOR. back to the ori-

gin of no measurement érfor, we observe these functions sometimes return substantially
distinct 1095?2 With variable coverage proportions. The' subjéctive choice of an extrapola-
tion function brings difficulty in determining an unique effect estimate in épidefniological
applications and makes result interpretation ambiguous. Moreovef, even if the differen-
tiality of exposure misclassification is correctly specified, log odds ratios estimated via ‘

MC-SIMEX models tend to be more variable, having lower coverage rates and bigger '
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MSEs, compared with the alternatives.

The Bayesian adjustment model proposed in this dissertation can be naturally ex-
tended to other related areas. One immediété extension ariées in the appearance of
additional correctly.recorded explanatory variables, in addition to the binary response
and error-prone exposure discussed in this thesis. Previous studies show that, the impact
of measurement error is more difficult to predict and the adjﬁstment protocol becomes
more complex in this case. Gustafson (2004) investigated other situation where two sur-
rogatés are employed to measure the unobserved true exposure. The likelihood functions
uﬁilized in the MLE a1'1d Bayesian models need to be reconstructed to capture informa-
tion emerging from the dualv error-prone covariates. Special attention should be paid to
the sensitivities and specificities associated with each surrogate variable, conditioning on
the binary disease status. Another interesting example is in investigation of misclassifi- '
cation on an exposure with more than 2 categories, for example, the exposure evaluation
among three populat;ions. It is then more appropriate to construct a posterior distribu-
tion based on a Multinomial likelihood instead of a Binomial sampling distribution.
Eventually, the measurement error p'rob.lems arising from combination of the above sce-
narios are worth exploring. Fu}ther research should be conducted to improve the validity

of scientific findings in epidemiological studies.
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