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Abstract The Mini Mental State Examination index measures the level of
the cognitive functioning of older population. We discuss a case study where
the analyzed sample includes partial respondents, and a significant source of
missing data is death. Such missing data may be non ignorable for likelihood
based inference. We propose to adopt a Pattern Mixture model to account
for the dependence between missing data mechanism and primary response

process. The approach is applied to the Leiden 85-Plus Study.
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1 Introduction

The Mini-Mental Status Examination (MMSE) [7] index is often used to as-
sess the cognitive mental status in older adults. The MMSE is based on a
standard questionnaire, and the sum of scores on each (binary) outcome of

the questionnaire defines the cognitive mental status of the subjects. In most
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clinical studies, the progression of cognitive impairment is defined by compar-
ing the MMSE index with a reference cut-off chosen on the basis of population
based norms [9]. Studies that involve the older population may have partial
respondents and the major cause of nonresponse may be death. To handle
partial respondents, in gerontology studies, two approaches are considered,
i.e. the complete cases analysis (CC) [4] and the missing-as-incorrect (MATI)
approach where missing answers are considered as incorrect. The CC analy-
sis is rarely acceptable and the MAT analysis is an efficient strategy only if
the missing mechanism is completely a random (MCAR). In studies where
the cognitive function is assessed through the MMSE index, it is difficult
to motivate the MCAR assumption since failure to be observed depends on
the cognitive function of the subjects; in this case, the missing data can be
non-ignorable (NI) [3]. This paper discuss the Leiden 85-Plus study through
a variance component (VC) models taking into account dependence between
repeated measures and the individual initial conditions. The complex form for
the resulting log-likelihood is handled through a simple reparametrization of
the baseline model. Further, a pattern mixture (PM) approach is introduced
to assess whether missing data may be NI. The paper is organized as follow: in
Section 2 we report some details on the “Leiden 85-Plus Study” data; in Sec-
tion 3 we introduce the general VC model for repeated responses recorded on
the same subject handling the initial conditions problem and discuss the PM
model presenting the corresponding results. The last section gives concluding

remarks and discuss potential future research lines.

2 The motivating example

The data that motived this article are drawn from the Leiden 85-Plus Study
carried out by the Leiden University Medical Centre. Between September
1997 and September 1999, 705 inhabitants of Leiden, The Netherlands,
reached the age of 85 years, and in the month after their 85th birthday, they
were asked to participate to the study. No one was excluded on the basis of
health, cognitive functioning or living situations. Of the 705 eligible subjects
14 died before they could be enrolled and 92 refused to participate, resulting

in a cohort of 599 enrolled subjects [2]. Given the study characteristics, we
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have left-truncated, right-censored survival data on subject with the following
covariates collected at entry time: gender, educational status (two levels: pri-
mary and higher). Participants were visited at their place of residence, where
face-to-face interviews were conducted through a questionnaire whose items
are designed to assess orientation, attention, language skills and the ability
to perform simple actions. The scores on each outcome was binary (e.g. 1 for
a correct answer); the cognitive mental status of a subject was assessed by
summing the scores that she/he obtained on the questionnaire items and the
corresponding range includes all integer values between 0 and 30 (number of
items). MMSE index measurements are missing for some subjects due to the
effect of factors such as poor physical health, depression, anxiety or because
the subject died.

3 The modeling approaches

Variance component model In the present study, the data consists of a
set of longitudinal measurements, y;¢, recorded to the ith subject at time ¢ =
(1,...,T) and a row vector of p observed covariates @;; = (Zi1, ..., Zip). The
MMSE index is defined as y;; = 23021 Yi;¢+ where y;;; represents the MMSE
score on the jth item for the ith subject at time ¢. We assume that the item-
specific complexity is constant across items and time and that, conditional on
subject-specific random effect b; and on the baseline value (the MMSE index
at age 85) say Y;1, the responses y;; independent Binomial rv with n = 30
and parameter 7;;. The corresponding canonical parameter is defined by the

following linear function:

git = X;I;ﬂ + Z;I;bi + Y1 (1)
The terms b;, ¢ = 1,...,n, represent unobserved individual-specific sources

of heterogeneity common to each lower-level unit (time) within the same
ith upper-level unit (individual), while 3 is a p—dimensional vector of fixed
regression parameters. Those effects that vary across individuals are collected
in the design vector z;; = (2iu1, ..., 2itq). The distribution of b; may be

defined by adopting a particular parametric specification, for example, b; ~
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MVN(0, ), or not. Since the b;’s are shared by all subject ’s responses, the

likelihood function results from the following integral:

n T
L()= H/H f(Witlyir, bi) f (yir[bi)g(bs)db;
=1 t=2

The term f(y;1|b;) is not specified by the model assumptions and we have
to modify the standard VC approach to account for this modeling structure.
The model for ¢ > 2 is defined by eq(1) while, for the first occasion, we

assume:

T T
01 = %181 + z;bin

with b;; = Ab;, A = diag(\1,...,\nm), cov (b)) = AZAT. The random
effect covariance matrix may be different on later occasions and the same ap-
plies to the fixed parameter vector. This can be handled by defining a dummy
variable d; = 1, t > 2, and interacting it with appropriate terms. Table I dis-
plays the results obtained by fitting the VC model, where the standard errors
have been calculated by inverting the observed information matrix [1]. All fit-
ted models lead to similar conclusions: subjects with at most primary school
level are more cognitively impaired than the subjects with higher educational
level; at the same time age negatively influences the cognitive function while
gender effect is not significant. M; represents a standard VC model while
in My and Mj3 the baseline effect is included. The link between models for
t > 2 and t = 1 is handled through a shared (proportional) random effect
or correlated random effects in My and M3 respectively. In both models the
effect of baseline MMSE is significant. When the baseline is considered as a
covariate in the model, the effect of the educational factor decreases.

As far as the random effect variance is concerned, we may notice that, moving
from M; to M3, the corresponding estimate significantly decreases, showing
a certain degree of overlapping between b; and Y;;.

Pattern mixture model Longitudinal studies may suffer from the problem
of attrition or drop out, i.e. some individuals "drop out” from the trial be-
fore its completion. In the present case study, 46.9% (276 out of 599) of the
enrolled subjects have incomplete sequences; thus, we may question whether

those missing data are ignorable. For each individual, let T; represent the
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VC model Baseline VC model |Baseline VC model

M Mo Ms;

Variable Coef. Std. Err. | Coef.  Std. Err. Coef. Std. Err.
Yit Constant |1.352 0.078 |-3.347 0.118 -3.221 0.081
t>2 age -0.194 0.007 |-0.190 0.007 -0.195 0.009

gender 0.229 0.121 0.011 0.060 0.008 0.074
educational |[1.024 0.121 0.201 0.061 0.272 0.072

Yi1 0.209 0.004 0.203 0.003
t=1 gender -0.025 0.069 -0.051 0.047
educational 0.314 0.074 0.117 0.052
o? 1.781 0.326 0.545
oz, 0.461
Log-likelihood |-2756 -2293 -1761
BIC 5551 4650 3600

Table 1 Parameter estimates for Variance component models

drop out time, if T; < T then the ¢th individual is a drop out, otherwise is a
study completer. In many trials, drop out is known only to occur in a interval
between t; and t;41 for some j. Then, T; is often considered to be discrete and
occurring (arbitrarily) at ¢;. Let R; denote a missing data indicator, defined
as R = 1 if the ith unit drop outs at any point within (¢t —1,¢),t =1,...,T
and R;; = 0 otherwise. The main question is whether the subject that drop
out differ from the subjects that still participate to the study. We may in-
troduce a model for the drop out mechanism process, assuming conditional
independence given the (shared) random effects and conditioning on a set of
drop out specific covariates v;: h(r;|vi, y;, b;) = h(r;|v;, b)), i=1,...,n.If
we denote by 7 = min(T,T; + 1), the joint density for the primary response

and the missing-data is:

T;
f(yisrilxie, vis b;) = / lH f(yitlxit, b;) Hh(m | vie, bi) | dG(b;)  (2)
t=1 t=1
Supposing that the primary outcome and the droupout mechanism are af-
fected by different (possibly correlated) sources of heterogeneity, the joint

density for the primary response and the missing-data indicator becomes:
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T T
i, rilxie, vis b;) = / [H F@itlxie, bir) [ [ Rlrie | vie, bi2) | dG(b:)  (3)
=1 t=1

where b; = (b;1,b;2) denote a subject and outcome-specific vector of ran-
dom coefficients. When (3) is adopted and (b;1, bi2) are dependent, Little [8]
shows that drop out depends on the unobserved component of Y, i.e. R; de-
pends on Y;"is through b;. Therefore, the corresponding likelihood can not
be factorized and the missing data mechanism is said be NI. In this context,
statistical inference is mostly based on selection or PM model approach. To

define a PM, we summarize the missing-data indicator by:

T T
Si=T—-Y Ru=)Y (1-Ry)
t=1 t=1

indicating the number of observed responses for the i—th individual, S; < T.
We consider model (1) and assume z;; = 1; according to Wu and Bailey
[6], we assume the following model holds: ¢ [E (S; |b;)] = v}, ¢ + b; where ¢
represents the corresponding fixed model parameter vector and b; is a shared
random effect. The joint distribution for the observed data and the time to

drop out is therefore:

T;
fWirs - yir, 8i) = /H f(it | xit, bi)h(si | vi, b;)dG(b;)
t=1

To avoid misspecification of the missing-data mechanism, Alf6 and Aitkin
[5] proposed to focus on the conditional distribution f(y;|s;). The correspond-

ing model is a PM model, with the loglikelihood function defined by:

n T
(-] si)=> log {/Hf(yit | X;t, b )AG(b; | si)}
i=1 t=1

Rather than assuming a parametric specification for G(b; | s;), the condi-
tioning is handled through a simple parametric change in the b;’s mean:
b; = bf + E[b; | s;] where: E[b; | s;] = ag + a18;. Corresponding results have
to be interpreted as conditional on the observed time to drop out, and s;
enters the linear predictor an additional covariate. Table II displays the re-
sults obtained by fitting the PM model to the Leiden 85+ study data. These

results agree with those displayed in Table I with respect to age, gender and
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Pattern mixture |Pattern mixture
My Mo
Variable Coeff. Std. Err. |Coeff. Std. Err.
Yit Constant |-3.484 0.124 |-3.262 0.086
t>2 age -0.199 0.008 |-0.203 0.009
gender 0.012 0.060 |-0.024 0.076
educational [0.187  0.060 0.220 0.0752
S 0.059 0.016 0.037 0.014
Yi1 0.204  0.005 0.201  0.004
t=1 gender 0.032 0.071 |-0.021 0.048
educational |0.318 0.075 0.131  0.052

s 0.051 0.017 |0.016 0.011
o2 0.317 0.535
o3, 0.456
Log-likelihood|-2287 -1758
BIC 4653 3609

Table 2 Parameter estimates for Pattern mixture models

baseline MMSE parameter estimates. As before, models My and Ms in Table
IT consider shared and correlated random effects in the first and subsequent
occasions, respectively. The introduction of the variable that represents the
propensity to remain into the study influences the MMSE value. Thus, the
subject who continue to participate to the study have higher MMSE index
and are in a better health status; at the same time, estimates of the effect that
represents the educational status decreases when we introduce S. This means
that the effect of educational status likely includes a part of the effect of .S,
that is, subjects with higher MMSE index values and a higher educational
level tend to remain longer in the study. This evidence may suggest that the
missing data are NI. As can be evidenced model M> provides a better fit in
terms of both loglikelihood and BIC values than model M; suggesting that

a shared random effect model is questionable.
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4 Concluding remarks

Motivated by a specific case study, we have presented a model PM for longi-
tudinal binomial responses to account for potentially NI drop out mechanism.
The results show that ignoring the influence of drop out may lead to biased
estimates in the standard VC models. The shared random effects hypothesis
in the PM model may be not well supported. Further research lines will focus
on selection models handling discrete and continuous time survival data, and

an additional genetic covariates.
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