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Cognitive tests such as the Mini Mental State Examination (MMSE) may result
in data with discrete and skewed distributions that necessitate proper statistical
models for valid inference. We review different longitudinal approaches to model
cognitive decline data in older individuals and provide recommendations for
model choice and result interpretation. We used data from the Alzheimer's Disease
Neuroimaging Initiative study and focused on MMSE scores as response variable
collected on up to four visits over a two-year period in older individuals (mean
age 73 years). At baseline individuals were classified as having Alzheimer's disease
(AD), early or late mild cognitive impairment, subjective memory concern, or
being cognitively normal. We considered generalized additive models for location,
scale and shape (GAMLSS) with binomial/beta-binomial response distribution and
parametric/non-parametric random effects, selected the best model and used
graphs for illustration. Binomial model with non-parametric random intercept and
slope fit the data the best according to the Bayesian Information Criterion. The
three-way interaction between time, age and diagnostic group was statistically
significant suggesting that AD individuals had the steepest cognitive decline
among all groups, especially in younger individuals. Furthermore, males and
APOE4 carriers had worse cognitive performance, while more educated people
had better cognitive performance compared to less educated. Various plots are
used to illustrate and aid in interpretation of the results. GAMLSS are an appropriate
class of models providing interpretable results for repeatedly measured cognitive
test data. We recommend that they are used more widely, accompanied by effect
estimation, statistical testing and visualizations for illustration.

KEYWORDS

generalized additive models for location, scale and shape (GAMLSS), longitudinal data,
cognitive test, ceiling effect, binomial models, random effects

1 Introduction

Cognitive skills like memory, problem-solving activities and speed processing deteriorate
with age (1). One of the widely used cognitive tests for measuring cognitive abilities is the Mini
Mental State Examination (MMSE) (2). The questions in the test are designed to assess the
subject’s cognitive ability in cognitive domains such as language, orientation in time and place,
memory, attention. The MMSE score is the sum of the correct answers to these questions.
MMSE is an indicator of the cognitive skills of the individual and a test often used in screening
for Alzheimer’s disease (AD) (3).
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The Alzheimer’s Disease Neuroimaging Initiative (ADNI)!
provides longitudinal measurements on MMSE, i.e., measurements on
the same individuals over time. ADNI is “a longitudinal multicenter
study designed to develop clinical, imaging, genetic, and biochemical
biomarkers for the early detection and tracking of Alzheimer’s Disease
(AD)? Its first goal is to “detect the disease at the earliest possible stage
(pre-dementia) and identify ways to track the disease’s progression
with biomarkers.”

One very distinctive feature of the MMSE score is that the
cognitively normal individuals very easily obtain the maximum
number of the points (30) or very close to it which creates a ceiling
effect with excess observations at or close to 30 (4). Low values of the
test (the minimal possible value is 0) are rarely observed. In statistical
terms these two features of the data are characterized as left skewness
and ceiling effect and lead to challenges in finding appropriate
statistical model for such outcome as MMSE.

Standard linear mixed effects models (LMM) are often used for
modelling MMSE data longitudinally. These models could
be appropriately applied to such data in samples consisting mostly of
people with cognitive impairment because the ceiling effect might not
be present, e.g., as in Andel et al. (5). But when the study sample
consists of normal individuals, for example in Jutten et al. (6) the
LMM might not be appropriate due to presence of ceiling effect in
the data.

Transformations are sometimes used to normalize the data, e.g.,
Jacqgmin-Gadda et al. (7) applied transformations but this approach
might not always solve the problem with the ceiling effect because the
equal values in the original scale remain equal in the transformed
scale. If there is a relatively large percentage of healthy individuals in
a sample, the resulting distribution would still have a pronounced
ceiling effect and would fail the assumption of normal distribution
even after transformation.

Models for discrete data such as the binomial or beta-binomial
model are expected to fit better than the standard linear model
because they can handle both features of such data: skewness and
ceiling effects. Recall that the MMSE score is a sum of the correct
answers to multiple questions. If the questions could be considered
independent with the same probability of a correct answer, then the
total MMSE score would follow a binomial distribution. However, the
independence assumption does not necessarily hold since the
correctness of individual’s answer to one question might be related to
the correctness of their answer to another question resulting in
increased between-subject variability. When there is more variability
in the data that cannot be captured by the binomial model, a more
appropriate model could be the beta-binomial. The latter model
suggests that the binomial parameter is a random variable itself that
follows beta distribution. This model has more parameters that allow
more flexibility in modelling the variance of the outcome. In our work
we consider binomial and beta-binomial models for longitudinal data,
but both models are used for cross-sectional MMSE data as well.

In longitudinal data scenarios, we also need additional
modifications of the models compared to cross-sectional data. One of
the main characteristics of longitudinal data is the correlation between
repeated observations on the same subject. In contrast to the possible

1 http://adni.loni.usc.edu/
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correlation of questions within individual, herein we refer to the
correlation between MMSE scores collected on the same individual
over time. Mixed effects models (8), take into account this within-
subject correlation of the data via random effects which take the same
value within individual and potentially different values for different
individuals. These additional terms in the model are typically assumed
to have a parametric distribution (e.g., normal). They are introduced
to capture between-individual variability regarding different starting
points and different slopes over time with random intercept and
random slope terms, respectively, that vary continually within the
population of individuals. The well-known class of models with
parametric random effects but with a variety of distributions for the
outcome including binomial is called Generalized Linear Mixed
Models (GLMM) (9) and they generalize LMM for normal data.

Another option for the distribution of the random effects in
longitudinal data is to consider them non-parametric, i.e., to assume
that random effects take a number of possible values (also called mass
points) with particular probabilities for each. The number of mass
points is not known in advance and it has to be determined from the
data relying on some criterion, for example Akaike Information
Criterion (AIC) (10) and/or Bayesian Information Criterion (BIC)
(11). We want to note that both criteria (AIC and BIC) are used for
model selection in a much broader context, not only for selecting the
number of mass points.

Both binomial and beta-binomial models with non-parametric
random effects are special cases of the generalized additive models for
location, scale and shape (GAMLSS) (12). Here we present those two
models with parametric/non-parametric random effects. We believe
that from a theoretical perspective this is the most appropriate
approach for longitudinal discrete data such as the MMSE which is
characterized with left-skewness and ceiling effects. We use the models
to estimate the effects of level of cognitive impairment and age on
cognitive functioning over time, while controlling for gender, years of
education, marital status, number of copies of allele 4 of the APOE
gene in the ADNI data. We focus on model selection, parameter
estimation and assessment of model fit. We emphasize interpretability
and provide several visual and analytical aids for understanding
the results.

2 Materials and methods
2.1 Participants

Our study sample in the motivating data consists of 1945
individuals that form five groups according to their diagnosis at
baseline: Alzheimer’s disease (AD, n=342); late mild cognitive
impairment (LMCI, n =596); early mild cognitive impairment
(EMCI, n = 332); significant memory concern (SMC, n = 211) and
cognitively normal (CN, n = 464). Each individual belongs in only one
of the five groups. The individuals grouping criteria are available in the
ADNI protocols available at: https://adni.loni.usc.edu/wp-content/
themes/freshnews-dev-v2/documents/clinical/ ADNI-2_Protocol.pdf,
page 18. The distinction between the different groups is based on
different measures of the cognitive abilities of the individuals and
other factors as stability of permitted medications for 4 weeks.
We included individuals with at least two out of four longitudinal
measurements that we considered — at baseline, 6, 12 and 24 months
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TABLE 1 Mean (standard deviation) of Mini Mental State Examination for the five groups of individuals at the four time points—baseline, 6 months,

12 months, and 24 months.

Diagnosis group

EMCI
Baseline 23.23 (2.11) 27.18 (1.85) 28.36 (1.53) 29.05 (1.15) 29.08 (1.11)
6th month 22.17 (3.68) 26.52 (2.73) 28.04 (1.78) 28.89 (1.35) 29.00 (1.16)
12th month 20.81 (4.61) 26.43 (2.90) 28.10 (1.84) 28.86 (1.61) 28.97 (1.26)
24th month 18.64 (5.81) 25.41 (3.84) 28.03 (1.96) 28.99 (1.37) 29.04 (1.20)
Group: AD Group: LMCI Group: EMCI Group: SMC Group: CN
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FIGURE 1
Boxplots of the Mini Mental State Examination (MMSE) for the five group of individuals according to the diagnosis at baseline: AD, Alzheimer's disease;
LMCI, late mild cognitive impairment; EMCI, early mild cognitive impairment; SMC, significant memory concern; CN, cognitively normal at the four
different time points — baseline, 6 months, 12 months and 2 years after the baseline measurement. At the bottom “n" is the number of observations at
the corresponding time point.

after the baseline measurement. According to the ADNI protocol® the
study was conducted according to Good Clinical Practice guidelines,
the Declaration of Helsinki, US 21CFR Part 50 - Protection of Human
Subjects, and Part 56 - Institutional Review Boards, and pursuant to
state and federal HIPAA regulations.

2.2 Measures

2.2.1 Outcome variable

The variable of main interest is the total MMSE score. As
mentioned before, the MMSE test consists of 30 questions. Each
correct answer brings one point to the final score. The MMSE score is
the number of correct answers, and it is an integer between 0 and 30.
Higher values of the MMSE score indicate better cognitive function.
‘We consider the measurements at baseline, 6 months, 12 months and
24 months after the baseline measurement. According to the ADNI
protocols all individuals should be examined through this cognitive
test at these time points. However, like almost any longitudinal study,

2 https://adni.loni.usc.edu/wp-content/themes/freshnews-dev-v2/

documents/clinical/ADNI-1_Protocol.pdf
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there is missing data. In our analysis we use all available data on
individuals with at least two observations out of the four.

Descriptive statistics of the MMSE (mean and standard
deviation) for the five diagnosis groups over time are presented in
Table 1. We notice some deterioration in cognitive performance for
some groups of individuals - most notable for the AD and LMCI
groups. For the EMCI group there is little change. The SMC and CN
groups stay at the same levels at the four time points and are
almost identical.

In Figure 1 we present boxplots of the MMSE observations at the
different time points grouped according to diagnosis at baseline. At
the bottom of each boxplot, we give the number of the observations at
the corresponding time point. We clearly notice a worsening of the
performance on the test over time for most people, especially in the
AD group. The LMCI group has the same trend although not at the
same rate as the AD group while the CN group has almost no change
in MMSE performance over time.

2.2.2 Predictor variables

The main predictors are time (treated as continuous variable),
diagnosis at baseline, age at baseline, gender, number of the copies of
allele 4 of gene APOE, years of education, marital status.

Descriptive statistics of the predictor variables at baseline
according to diagnosis group are presented in Table 2. We notice that
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TABLE 2 Descriptive statistics of the predictors within diagnosis group.
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Diagnosis group

LMCI

EMCI

Age at baseline 74.72 (7.84) 73.89 (7.57) 71.68 (7.29) 71.69 (6.09) 74.06 (6.09)
Years of education 15.23 (2.92) 15.91 (2.87) 16.07 (2.67) 16.73 (2.42) 16.39 (2.69)
Gender
Female 150 (0.44) 233 (0.39) 146 (0.44) 128 (0.61) 236 (0.51)
Male 192 (0.56) 363 (0.61) 186 (0.56) 83(0.39) 228 (0.49)
Married
No 55 (0.16) 129 (0.22) 68 (0.20) 58(0.27) 142 (0.31)
Yes 287 (0.84) 467 (0.78) 264 (0.80) 153 (0.73) 322 (0.69)
APOE4
0 110 (0.32) 274 (0.46) 185 (0.56) 134 (0.64) 337 (0.73)
1 161 (0.47) 244 (0.41) 121 (0.36) 73 (0.35) 114 (0.25)
2 71 (0.21) 78 (0.13) 26 (0.08) 4(0.02) 13 (0.03)

Mean (standard deviation) or Count (proportion) within diagnosis group of the predictor variables at baseline.

the mean age of the EMCI and SMC individuals is smaller than the
mean age of the other three groups. CN subjects have one more year
of education on average compared to the AD subjects. The biggest
percentage of people with two copies of allele 4 of the APOE gene is
in the AD group.

2.3 Statistical models

We modelled the MMSE score longitudinally from the data
available at the four time points (baseline, 6 months, 1 year and 2 years
after the baseline measurement) through main effects of all the
predictor variables, described in the previous section, all two-way
interactions between time, diagnosis and age at baseline and the
three-way interaction between time, diagnosis, and age at baseline. For
easier interpretation of the results, we centered baseline age in the
analyses by subtracting the mean age (73 years) from the age of each
individual. The variable APOE4 is considered with additive
allele effect.

We fit binomial and beta-binomial generalized additive models
for location, scale and shape (GAMLSS) models (13) to the data.
GAMLSS extend the basic Generalized Linear Model (GLM) (14)
in several ways. The basic GLMs describe the mean of the dependent
variable given the predictors: E(Y|X)= g (XB), where E(Y|X) is
the expected value of Y conditional on the predictors X, X/ is the
linear predictor, a linear combination of unknown parameters 3 and
g is the link function. The distribution of the outcome variable Y
belongs to the GLM if its density or probability function defines a
distribution in the exponential family (e.g., normal, binomial,
Poisson). Additionally to modelling the mean of the dependent
variable in the GLM framework, GAMLSS models allow three other
parameters of the distribution to be modelled via the explanatory
variables - scale parameter related to the variance of the distribution
and two shape parameters which are often related to the skewness
and kurtosis of the distribution. GAMLSS models also allow linear
or nonlinear parametric functions, or nonparametric smoothing
functions of explanatory variables (13). GAMLSS models include a

Frontiers in Applied Mathematics and Statistics

very broad class of distributions (e.g., beta-binomial) in addition to
the ones in GLM thus allowing for more unusual data (e.g., with
floor/ceiling effects, skewness). They also include random effects
with parametric or non-parametric distributions thus allowing for
great flexibility in capturing between-subject heterogeneity in
means and/or variances and correlations among repeated
observations on the same individual. Applications of GAMLSS
models could be found in Muniz-Terrera et al. (14) where beta-
binomial distribution is used and in Brati (15) where lognormal
distribution is used. More examples of applications of GAMLSS
could be found in Von Heimburg et al. (16) and Tu et al. (17).

To model change in MMSE over time, due to the longitudinal
character of the data, we included random effects in the models to
account for the correlation between the observations on the same
subject. We considered both parametric and non-parametric
distribution for the random effects. In the parametric case,
we considered random intercept binomial model with normal
distribution of the random term. Then we considered random intercept
model, and random intercept and slope models for binomial and beta-
binomial distribution with 1-10 mass points for the non-parametric
random effects. We decided on the best model depending on the BIC
values of the models. The GAMLSS models that we considered in this
work are implemented in R in two packages: the gamlss package® (12)
and the gamlss.mx package.! We implemented R code for the
calculation of the randomized quantile residuals (18), to explore if the
model assumptions are satisfied.

3 Results

The results for the BIC for the different models fitted to the data
are presented in Table 3. The models with the smallest values of BIC

3 https://cran.r-project.org/package=gamlss
4 https://cran.r-project.org/package=gamilss.mx
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TABLE 3 Model comparison based on the Bayesian information criterion (BIC).

Models
Response Model 1 Model 2 Model 3 Model 4 Model 5
distribution Binomial Binomial Binomial Beta-Binomial Beta-Binomial
Random effects Normal Non-parametric Non-parametric Non-parametric Non-parametric
intercept random intercept random intercept random intercept random intercept
and slope and slope
Number of points*
1 28,664 28,664 28,664 26,607 26,607
2 25,447 25,447 25,270 25,253 25,110
3 25,237 25,048 24,784 25,012 24,777
4 24,983 24,933 24,642 24,926 24,651
5 24,976 24,918 24,609 24,917 24,626
6 24,922 24,904 24,597 24,908 24,605
7 24,910 24,925 24,629 24,928 24,626
8 24,890 24,937 24,630 24,939 24,639
9 24,881 24,961 24,657 24,962 24,666
10 24,876 24,970 24,679 24,976 24,681
20 24,867 NA NA NA NA

*For Model 1 we consider normal distribution of the random intercept and the number of points designates the number of the Gauss-Hermite quadrature points, while for Models from 2 to 5
the number of points represents the number of the mass points of the non-parametric random effect(s).

within each model are in red. Comparing among all models,
we observe that the best model fit is binomial random intercept and
slope model with 6 mass points.

The following Equation 1 describes the model:

loglt(p,]) = biO + b,'lTime,'j + ﬂo + ﬂlTlme,] + ﬂzI(CN),}
+p;YearsEduc;; + fgAPOE4;; + fol(Male);;
+ﬂ101(Married),~j + ﬂl 1I(CN),] * Tlme,j

+ P12 l(EMCI);; * Time;; + £ 31(LMCI);; * Time;; (1)
+ﬂ14I(SMC),] * Tlmey + ﬁlSAgeij * Tlmel]
+ﬂZII(CN)ij * Age,] + ﬂzzI(EMCI)l] * Age,]
+ﬂ23I(LMCI)l] * Agelj + ﬂ24I(SMC)U * Age,J

+ﬂ1 1 II(CN)IJ * Tlme,] * Age,] + ﬂl lzl(EMCI),J

*Time;; * Age; + S1131(LMCI);; * Time;; * Age;;

+ﬂ1 14I(SMC)IJ * Tlme,] * Age,]
j=1,2,3,4;i=1,...,1945,

where the index i is for the individual, the index j is for the time
point - baseline, 6 months, 12 months and 2 years after the baseline
measurement and pj; is the probability the individuali to give a correct
answer at time point j. In the original notation, the parameter on the
left-hand side of the above equation is denoted by u. However,
we denote the parameter by p to emphasize the fact that it comes from
Bernoulli trials. In our case we consider the distribution of the MMSE
score to be binomial distribution with parameters Bi(30, p). The
random effects for each individual (bio,hil) are among the 6 possible
mass points.

Indicator variables I(x) for diagnosis at baseline are

o CN - cognitively normal;
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o EMCI - early mild cognitive impairment;
o LMCI - late mild cognitive impairment;
« SMC - signiﬁcant memory concern;

o AD - Alzheimer’s disease, reference level.

The best-fitting model estimates are shown in Table 4.

The three-way interaction between time, age at baseline and
diagnosis is statistically significant. There are also significant two-way
interactions between time and age, age and diagnosis, and time and
diagnosis. Males and people with copies of allele 4 have worse cognitive
functioning while more educated people have better cognitive functioning.

The random effects are also presented in Table 4 in a section of the
table after the fixed effects. For the mass points from the second to the
sixth, the coefficients presented in Table 4 are the differences between
the respective mass point and the first mass point. The first mass point
is directly presented in the table. The calculations of the values of the
rest of the mass points is also explained in Muniz-Terrera et al. (14).
These calculations are valid both for random intercept and the random
slope, i.e., the second mass point has values (—0.379 + 0.416) = 0.037
for the random intercept and (—0.692 + 0.279) = —0.413 for the random
slope. The values of the rest of the mass points can be calculated similarly.

The estimated distribution of the random effects shows that the
third, fourth and fifth random effects account for 88% of random
effects across all subjects (34% for the third, 27% for the fourth and
26% for the fifth). Then the second random effect accounts for almost
8%, the sixth - for 4% and the first - for <1%.

Several figures aim to better illustrate the results. In
particular, Figure 2 shows the predicted values of MMSE for the
five groups of individuals at the most probable random effects
(the third mass point), at three different ages at baseline (mean
age of 73, 66 years and 80 years which are the mean age minus/
plus one standard deviation of the age), for females who are not
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TABLE 4 Estimates, standard errors, test statistics, and p-values for the fixed and random effects in the final binomial model with six mass points for the
random effects.

Predictor Estimate Standard error P-value
Fixed effects
Intercept —0.379 0.095 —3.98 <0.0001
Time —0.692 0.047 —14.69 <0.0001
Diagnosis

Alzheimer’s disease (Ref)

Control normal 2.077 0.046 45.59 <0.0001

Early mild cognitive impairment 1.468 0.040 36.87 <0.0001

Late mild cognitive impairment 0.956 0.028 34.02 <0.0001

Subjective memory concern 1.951 0.066 29.67 <0.0001

Age (centered) —0.003 0.002 -1.16 0.246

Years of education 0.053 0.003 19.06 <0.0001

APOE (number of copies of allele 4) —0.115 0.012 —9.87 <0.0001
Gender

Female (Ref)

Male —0.103 0.017 —6.10 <0.0001
Married

No (ref)

Yes —0.026 0.021 -1.25 0.210
Time x Diagnosis

Time x Alzheimer’s Disease (Ref)

Time x Control Normal 0.236 0.020 11.62 <0.0001

Time x Early Mild Cognitive Impairment 0.193 0.018 10.64 <0.0001

Time x Late Mild Cognitive Impairment 0.094 0.013 7.24 <0.0001

Time x Subjective Memory Concern 0.231 0.028 8.39 <0.0001

Time x Age (centered) 0.006 0.001 5.54 <0.0001
Age (centered) x Diagnosis

Age (centered) x Alzheimer’s Disease (Ref)

Age (centered) x Control Normal —0.022 0.007 -3.15 0.002

Age (centered) x Early Mild Cognitive Impairment —0.026 0.005 —4.97 <0.0001

Age (centered) x Late Mild Cognitive Impairment —0.001 0.004 -2.76 0.006

Age (centered) x Subjective Memory Concern —0.020 0.010 -1.98 0.047
Time x Age (centered) x Diagnosis

Time x Age (centered) x Alzheimer’s Disease (Ref)

Time x Age (centered) x Control Normal —0.009 0.003 —-3.01 0.003

Time x Age (centered) x Early Mild Cognitive Impairment —0.007 0.002 -2.79 0.005

Time x Age (centered) x Late Mild Cognitive Impairment —0.006 0.002 -3.50 <0.001

Time x Age (centered) x Subjective Memory Concern —0.017 0.004 -3.99 <0.0001
Random effects

Intercept mass point 1 —0.379 0.095 —3.98 <0.0001

Intercept mass point 2 0.416 0.089 4.68 <0.0001

Intercept mass point 3 0.677 0.084 8.04 <0.0001

Intercept mass point 4 1.212 0.086 14.15 <0.0001

Intercept mass point 5 1.528 0.087 17.52 <0.0001

Intercept mass point 6 2.458 0.165 14.92 <0.0001

Time mass point 1 —0.692 0.047 —14.69 < 0.0001

Time mass point 2 0.279 0.049 5.74 <0.0001

Time mass point 3 0.436 0.047 9.25 < 0.0001

Time mass point 4 0.477 0.048 10.01 <0.0001

Time mass point 5 0.659 0.049 13.56 <0.0001

Time mass point 6 0.971 0.104 9.31 <0.0001
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Predicted values of Mini Mental State Examination (MMSE) for the five different diagnosis groups: AD, Alzheimer's disease; LMCI, late mild cognitive
impairment; EMCI, early mild cognitive impairment; SMC, significant memory concern; CN, cognitively normal at three different ages - 66, 73 and
80 years. The ages are the mean age and the mean age plus/minus one standard deviation (the mean age at baseline is 73 years and the standard
deviation is 7 years). The AD and CN groups are presented on the left panel, the LMCI, EMCI and SMC groups - on the right-hand side.

married, have no copies of allele 4 of the APOE gene and have
16 years of education (i.e., at the mean years of education).
We notice the different speed of decline of the diagnosis groups
which is due to the statistically significant interaction between
age, diagnosis group and time. People who are diagnosed with
AD earlier in life have a much steeper decline than people who
are diagnosed at the mean age of the sample and even at age that
is one standard deviation above the mean age of the sample
subjects, i.e., 73 and 80 years. Another observation is that people
with subjective memory concern are very similar to cognitively
normal people. We see some difference between these two
groups only for the oldest subgroup. We also notice that the
LMCI group has relatively steep negative slope. The interaction
effect between age and time is most pronounced for the
AD group.

We illustrate the discrete structure of the six random effects
in Figure 3. We compare the trajectories of married EMCI and
LMCI females with a side-by-side plot. Again, we focus on
73 years old females who are not married, who have no copies of
allele 4 of the APOE gene and who have 16 years of education,
although the predicted lines for other types of individuals at
mean age will be parallel to the corresponding lines shown in
Figure 3. The thickness of the lines corresponds to the estimated
probability of the random effects (the thicker the line the more
probable the random effect is). The trajectories are very similar
with one exception - EMCI individuals with the third or fourth
random effects show almost no change over time while LMCI
individuals with the same random effects show decline over time.
This is due to the statistically significant interaction between
time and diagnosis.

We performed statistical tests to compare all pairs of
diagnosis groups at three different ages (mean age and one
standard deviation above and below the mean age). These

Frontiers in Applied Mathematics and Statistics

comparisons were performed at baseline, at two-year follow-up,
and for the change from baseline to two years. Because there are
90 tests, we performed Benjamini-Hochberg correction for
multiple comparisons (19). The results from the statistical tests
are presented in Figure 4. They show that the AD group is
different from the other groups in all considered settings. No
statistically significant differences between the cognitively
normal and the SMC groups were found in the data.

To perform the tests described above we needed the covariance
matrix of the estimates which was not provided by the build-in R
function that fitted the model. For this reason, we applied a bootstrap
method to estimate the covariance matrix. The algorithm implemented
is the following:

1. Random draw for the random effect for each individual using
the estimated probability distribution.

2. Binomial draw according to the fitted probability from the
model calculated using the predictors of the observed data and
the sampled random effect in Step (1).

3. Estimation of the model coefficients given the data generated
for the outcome in Step (2) and the observed predictors.

4. Repetition of Step (1) to Step (3) 1,000 times.

5. Calculation of the covariance matrix of the estimated coeflicients.

We used randomized quantile residuals to examine if the
assumptions of the model are met. Figure 5 shows a Q-Q plot
(left-hand side) and a plot of the residuals versus the fitted values
(right-hand side). We notice that some residuals are smaller than
expected (visible on the left-hand side of the Q-Q plot).
We identified the individual observations they correspond to and
noticed that these residuals are for individuals for which
we observe unexpected steep decline in the score of MMSE that
cannot be captured by the model.
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FIGURE 3
probability of the random effect (RE)- the thicker the line the more probable the random effect is.

4 Discussion

The aim of our work was to identify and recommend an
appropriate longitudinal model for cognitive performance data that
exhibit both ceiling effects and left skewness. We were motivated by
the MMSE data of individuals with different levels of cognitive
difficulties from the ADNI studies over a two-year period and used
these data to demonstrate our approach. We considered the effects
of diagnosis at baseline, age at baseline, time, all possible
interactions of these predictors, the number of copies of allele 4 of
gene APOE, marital status, gender, and the years of education.

From literature review we identified the GAMLSS class of models
as the most appropriate class of models but there were several choices
of possible distributions for the outcome from that class. Since MMSE
data are discrete and show characteristics of ceiling effect and left
skewness, the binomial and beta-binomial models provide suitable
options to capture the nature of the response distribution and they
guarantee that the fitted and predicted scores are in the range of the
original scale. They also accommodate both ceiling effects and
negative skewness. The beta-binomial model compared to the
binomial model allows to accommodate bigger population variance
which to some degree may take into account the effect of the
correlations of the answers within one MMSE test. Both models are
easy to fit with the R packages gamlss and gamlss.mx and provide
interpretable results that are illustrated in this data example.
We believe that substantial improvement could be made to
applications in medical discrete data with ceiling and/or floor effect
by using the GAMLSS class of models instead of LMM. The normal
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distribution (assumed in LMM) is likely to produce fitted values
outside the range of the MMSE due to the ceiling effect and introduces
a dependence between residuals and fitted values which is a violation
of the model assumptions (14). The GAMLSS approach includes many
distributions under its umbrella and can provide a better fit to MMSE
type data.

Since MMSE testing in ADNI is repeated over time, with GAMLSS
we can also capture the rate of decline in cognitive performance while
taking into account the features of the data described in the previous
section. Random effects are necessary to capture the correlation
between repeated MMSE measurements on the same individual over
time. The random effects could be parametric (usually assumed to
be normally distributed) or non-parametric. Most often researchers
make assumptions that the effects are parametric, however for MMSE
data that are discrete, non-parametric framework is more appropriate.
More detailed and technical discussion about the advantages of the
non-parametric approach is provided in Muniz-Terrera et al. (14). In
this application we considered both parametric and non-parametric
random effects and the statistical criteria indicated that models with
non-parametric effects fit better. We note that between the two
statistical criteria used most often to find a best-fitting model among
candidate models (i.e., AIC and BIC) we selected the BIC because it
emphasizes model parsimony. We compared binomial and beta-
binomial models using BIC which on its own may not fully capture
overdispersion, especially when random effects are present. As a
result, we assessed the potential overdispersion in an indirect manner.
Formal residual diagnostics or overdispersion tests could be useful
aspects for exploration in future research.
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The idea of models with finite number of mass points, i.e.,
non-parametric random effects, is similar to latent class growth
analysis (LCGA) (20). The latter is a class of models that assumes that
individuals are grouped into latent classes with the same trajectories
over time within class. In this respect, binomial and beta-binomial
non-parametric random effects models are similar to latent class
growth analysis for discrete data because the individuals who have the
same random terms, i.e., random effects (among a finite number of
possible options), belong to the same latent class and have the same
pattern over time. Having a fixed number of random effects (in our
case 6) implies that we have the same number of basic trajectories for
the population of individuals over time. These trajectories can
be further varied due to the values of the additional fixed covariates in
our model. Thus, we have both flexibility and parsimony in modeling
patterns of change over time. It is important to note that our framework
does not estimate individual group membership. While the random
effects distribution is modeled nonparametrically to flexibly capture
individual variability, our approach differs from traditional latent class
models, which assign individuals to specific latent classes.

The basic trajectories could be regarded as latent subgroups as
encountered in latent class growth modeling. However, rather than
modeling the effect of covariates on subgroup membership as is
typically done in latent class models, we model the effects of covariates
directly on the outcome. Since we have only 4 time points, we focus
on linear trends over time although our approach could be extended
to higher order terms (e.g., quadratic). Typically, latent glass growth
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modeling considers standard response distributions (e.g., normal,
Poisson) whereas the GLAMSS provide more flexibility in modeling
For the data set that
we considered the model with binomial distribution and six

data with non-standard distributions.

non-parametric random effects fit the data the best. Our model
identified a significant three-way interaction between age at baseline,
time and diagnostic group thus indicating that cognitive deterioration
proceeds at different speeds depending on diagnosis at baseline and
age. Especially worrisome is the steep decline in the AD group, most
pronounced for individuals who are younger at baseline. This is
consistent with the literature on the severity and the poor prognosis
of early-diagnosed Alzheimer measured as rate of change in MMSE
(21). More recent article claims that trajectory of a single outcome fails
to capture disease progression comprehensively and there is
substantial heterogeneity in the AD progression (22).

Possession of at least one copy of allele 4 of apolipoprotein E
(APOE) is known to be the strongest risk factor for developing
sporadic form of AD (23). It is known that it is associated with
an increase in the levels of amyloid deposition and an early age
of onset of AD (24). Emrani et al. (23) identifies AD patients
carriers of allele 4 APOE as patients with more amnestic cognitive
profile than the non-carriers AD patients. Gharbi-Meliani et al.
(25) finds that individuals with 2 copies of allele 4 of APOE have
poorer global cognitive score starting from 65 years. We found
that individuals who are carriers of one copy of allele 4 of the
gene APOE 4 have worse cognitive performance on the MMSE
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compared to non-carriers. Also, the model assumes that the effect
is double for carriers of two copies of this allele and this is the
same across all diagnosis groups of individuals. Note that in this
example we did not consider whether there are interactions
involving the APOE gene with other predictors in the model.
This is because we were focused on demonstrating the process of
identifying a well-fitting model but exploring interactions of
other factors is certainly a possible avenue for further research.

Our emphasis was also on illustrating how the model results,
including interactions between baseline factors and time, can be better
interpreted via additional tests and figures. Figures of predicted
responses over time at different levels of the model variables using
features such as thickness of the lines illustrating the likelihood of
observing a particular trajectory are helpful in conveying results to a
wider audience. Using heat maps to simultaneously present the
significance of multiple comparisons is also a handy way to present
important points. Finally, we suggest that researchers always examine
residual plots as they give indication whether the model fits the data
well and for what kind of observations or outliers it may not provide
a good fit.

MMSE is a cognitive test widely used for screening of
AD. Still, for example there are no strict thresholds for the
classification of cognitively normal individuals depending on the
MMSE score. A main result of a systematic review (26) on the
subject is about the specificity and sensitivity of two widely used
cutoff points - 24 and 25. For example in ADNI the normal
subjects are those with MMSE score equal to or greater than 24.
In Muniz-Terrera et al. (14) the cognitively normal individuals
are in the range 25-30 whereas individuals with scores between
24 and 10 are said to be cognitive impaired, whilst scores below
10 are indicative for dementia. Our model allows for prediction
of future responses and this way may be used to predict when
individuals cross a certain threshold and are expected to move in
another cognitive group. We want to point out that the diagnosis
of AD is very complex and may require blood tests, MRI, CT or
PET brain imaging. Thus, MMSE is only indicative about the

Frontiers in Applied Mathematics and Statistics

cognitive skills of the individual. The predictions provided by our
model in addition to other clinical data could be used to inform
intervention strategies.

A limitation of the R function when applied to our data was that
the function that fitted the model did not provide the covariance
matrix of the estimates. In cases in which we need the covariance
matrix of the estimates we propose a bootstrap method for its
estimation. Such cases are for example in situations in which we want
to compare some groups of individuals and the hypothesis test
involves more than one parameter of the model.

In our work we did our analyses on the available data without
exploring in detail the missing data mechanism. The chi-squared
test for comparing the proportion of dropout at the last time
point among the five diagnosis groups was statistically significant
(p-value < 0.0001). If anything, our results are more conservative
because the dropout in the AD group is higher and the
differences between the groups would be even greater. But also,
due to the AD group’s higher dropout rate, there is a possibility
that dropout is linked to unobserved cognitive decline. If the
missingness is indeed associated with unmeasured deterioration,
bias from a Missing Not at Random (MNAR) mechanism could
arise. Given that we have random effects in the model and use
maximum likelihood estimation, our approach produces
unbiased and efficient estimates when the missing data
mechanism is Missing at Random (MAR) (27). However, if the
mechanism is MNAR then we might expect some bias in the
estimation, however we cannot distinguish MAR and MNAR
mechanisms from the observed data (28). There is vast literature
on the different approaches to cope with missing data and under
what assumptions the conclusions from the analysis on the
available data are valid (28). Future direction of research is to
apply statistical methods designed for coping with missing
data.

The model is limited by our goal to be able to make
predictions about future cognitive functioning as early as
possible and therefore use only information on the diagnosis at
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baseline. Modelling the change of diagnosis over time and maybe
its effect on functioning will be a different problem and may
require a different statistical model (e.g., Markov model).
Additionally, some individuals initially classified as having MCI
may later revert to normal cognitive status or fail to consistently
meet the criteria for impairment. This limitation, inherent to the
ADNI study design, may affect how baseline group comparisons
are interpreted. It is worth noting the potential for
misclassification when using a single time-point MCI diagnosis.
Diagnostics for influential observations were not performed in
this analysis. MMSE scores are bounded and susceptible to
ceiling and floor effects and a few extreme observations could
significantly influence the results, hence identifying influential
observations is an important topic for future research.

Our work was motivated by repeatedly measured cognitive
test data. The discreteness, skewness and ceiling effect of the data
require the use of an appropriate model. We found that the
GAMLSS class of models are well-suited to the data, very flexible
and easy to fit with freely available software. To aid in
interpretation of results we supplemented statistical testing and
estimation with graphical illustrations. In conclusion,
we recommend that GAMLSS models are used more widely for
this type of data and interpreted with the aid of statistical
estimates and visualizations. This paper is one of the few studies
to use GAMLSS with non-parametric random effects for
longitudinal cognitive data, demonstrating that this approach

offers advantages compared to conventional linear mixed models.

5 Conclusion

The aim of our research was to find an appropriate longitudinal
model for modeling cognitive function data on individuals with different
cognitive abilities at baseline and to provide visualization methods to
complement statistical testing and inference. In the motivating data,
we found that AD individuals had the steepest cognitive decline among
all groups, especially in younger individuals. Furthermore, males and
APOEH4 carriers had worse cognitive performance, while more educated
people had better cognitive performance compared to less educated. The
importance of this work is that with GAMLSS models we both respect
the nature of the data (discrete left-skewed with ceiling effect) and are
able to interpret and illustrate the findings from a sophisticated statistical
model to practitioners in the field.
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