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Abstract

Alzheimer’s Disease (AD) is a common neurodegenerative disorder impairing multiple domains.
Recent AD studies, for example, the Alzheimer’s Disease Neuroimaging Initiative (ADNI) study,
collect multimodal data to better understand AD severity and progression. To facilitate precision
medicine for high-risk individuals, it is essential to develop an AD predictive model that leverages
multimodal data and provides accurate personalized predictions of dementia occurrences. In this
article we propose a multivariate functional mixed model with longitudinal magnetic resonance
imaging data (MFMM-LMRI) that jointly models longitudinal neurological scores, longitudinal
voxelwise MRI data, and the survival outcome as dementia onset. We model longitudinal MRI
data using the joint and individual variation explained (JIVE) approach. We investigate two
functional forms linking the longitudinal and survival processes. We adopt the Markov chain
Monte Carlo (MCMC) method to obtain posterior samples. We establish a dynamic prediction
framework that predicts longitudinal trajectories and the probability of dementia occurrence. The
simulation study with various sample sizes and event rates supports the validity of the method.
We apply the MFMM-LMRI to the motivating ADNI study and conclude that additional ApoE-€4
alleles and a higher latent disease profile are associated with a higher risk of dementia onset. We
detect a significant association between the longitudinal MRI data and the survival outcome. The
instantaneous model with longitudinal MRI data has the best fitting and predictive performance.
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Introduction.

Alzheimer’s Disease (AD) is the most common neurodegenerative disorders impairing
multiple domains (e.g., cognition, memory, and behavior) and progresses heterogeneously
in time and across domains (Knopman et al. (2021), Gross et al. (2016)). Recent AD
studies collect data from multiple sources to better understand AD severity and progression
(Mila-Aloma et al. (2020)). For example, the Alzheimer’s Disease Neuroimaging Initiative
(ADNI) study (Veitch et al. (2022)) collects cross-sectional demographic and genomics
data as well as longitudinal clinical data (e.g., neuropsychological tests), biomarkers from
biospecimens (e.g., plasma AB42/AB40 ratio and pTau-181), and neuroimaging data (e.g.,
magnetic resonance imaging, MRI), together generating multimodal data. These multimodal
data are all predictive of AD progression and the dementia occurrence. For example, Kong
et al. (2015) first treated the time until dementia onset as the survival outcome and used
the cognition scores, single-nucleotide polymorphism (SNP) data, and the hippocampal
radial distance data to predict the risk of dementia onset. The prediction models were also
explored in many recent works (Li et al. (2018, 2019), Jiang, Xie and Colditz (2021)).
However, the prediction values of the multimodal data are mostly shown on a population
level instead of an individual level (de Wilde et al. (2017), van Maurik et al. (2017,

2019)). Thus, there exists a critical need to develop an AD predictive model that provides
accurate personalized predictions of the dementia occurrence so that clinicians may adopt
personalized treatments at patient’s early disease stages (e.g., mild cognitive impairment,
MCI) to slow AD progression (Petersen (2016), Albert et al. (2011)). In this article we

aim to develop a predictive model that leverages multimodal data, including multivariate
longitudinal clinical outcomes, longitudinal voxelwise MRI data, and the survival outcome
as the time until dementia onset.

The longitudinal outcomes collected from AD studies are sparse, nonlinear, and correlated
within subjects (Li, Xiao and Luo (2022)). Thus, a flexible nonparametric data-adaptive
functional regression approach can be used to account for the heterogeneity across the
longitudinal outcomes (Wang, Chiou and Miiller (2016), Morris (2015)). To model sparse
longitudinal functional data, Yao, Miiller and Wang (2005) adopted the functional principal
component analysis (FPCA) and developed the conditional expectation approach to estimate
the principal component scores. The univariate functional regression framework is further
extended to modeling multivariate correlated functional data (i.e., neuropsychological tests).
For example, Chiou, Chen and Yang (2014) developed the multivariate functional principal
component analysis (MFPCA) method to decompose multivariate functional data into the
mean function and linear combinations of orthonormal eigenfunctions. Li, Xiao and Luo
(2020) developed the multivariate fast covariance estimation (mFACE) approach to estimate
the auto- and cross-covariance matrices for multivariate functional data. The multivariate
functional regression framework has been extensively studied (Tang, Tang and Zhu (2017),
Hasenstab et al. (2017), Song, Xia and Zhu (2017), Zhu et al. (2017)). Bayesian methods
have been widely used in the estimation of functional components in the functional
regression model. For example, Morris and Carroll (2006) adopted the Markov chain Monte
Carlo (MCMC) algorithm to obtain posterior samples from the wavelet functional mixed
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model. Goldsmith and Kitago (2016) adopted the variational Bayes method for a bivariate
functional mixed effects model.

In the presence of the survival outcome (i.e., the dementia event in AD), the joint

model (JM) framework is a widely used method to model the longitudinal outcomes

(e.g., neurological tests) and survival data (Hickey et al. (2018), Papageorgiou et al.

(2019)). Yao (2007) proposed a univariate functional joint model, adopted B-spline basis
functions to model longitudinal functional data, and linked the correlation with the survival
outcome via the Cox model. Recent works extend the univariate joint model to multivariate
settings (Proust-Lima, Dartigues and Jacgmin-Gadda (2016), Long and Mills (2018), Mauff
et al. (2020)). For example, Rizopoulos and Ghosh (2011) developed a semiparametric
multivariate joint model, proposed three functional forms of the latent longitudinal mean,
and adopted the Bayesian approach for inference. Additionally, Li, Xiao and Luo (2022)
modeled the sparse and nonlinear longitudinal outcomes as functional data, developed a
nonparametric multivariate functional mixed model (MFMM), and adopted an expectation-
maximization (EM) algorithm for inference. Zou et al. (2023) extended the random effects
model in the MFMM to six functional forms to flexibly model the association between
multivariate longitudinal outcomes and survival data. One important application of the joint
model is in dynamic prediction (Goerdten et al. (2019), Wang, Luo and Li (2017), Li and
Luo (2019)). In contrast with static prediction, dynamic prediction updates an individual’s
survival probability (i.e., the probability of remaining stable MCI) whenever the individual’s
latest data are obtained, which facilitates clinical decision-making and treatment counseling.

Magnetic resonance imaging (MRI) is a widely used clinical tool to detect brain atrophy

in AD patients (Vlaardingerbroek and Boer (2013), Polzehl and Tabelow (2019)). The
structural MRI (sSMRI) provides a detailed anatomical structure of the whole brain as well as
regions of interest (ROI) and has been frequently used in large-scale AD studies, including
the ADNI study (Veitch et al. (2022)). Voxel-based morphometry (VBM) is a standard tool
to analyze the differences in voxel volumes for multiple groups of individuals (Ashburner
and Friston (2000)). For instance, the medial temporal lobe (MTL, the hippocampus region
included) atrophy has been detected in subjects with dementia diagnosis when compared

to healthy controls (Busatto et al. (2003), Pennanen et al. (2005)). Additionally, recent

AD studies collect longitudinal MRI data (e.g., the ADNI study), which provide clinicians
with rich information on the subject-specific longitudinal change of the voxel volumes. The
voxelwise longitudinal MRI data can be treated as longitudinal functional data, and the
functional regression approach can be used for modeling (Li and Luo (2019), Zou et al.
(2021)).

To model longitudinal functional data, Di et al. (2009) proposed a two-way functional
ANOVA model and decomposed the univariate longitudinal functional data into the
mean function, visit-specific shift, subject-specific deviation, and the subject- and visit-
specific random deviation functions. Greven et al. (2011) proposed a two-dimensional
semiparametric functional regression model, decomposed the longitudinal imaging data
into the fixed main effect, random functional intercept and slope, and subject- and visit-
specific random deviation, and adopted the FPCA to decompose the random components.
Additionally, Goldsmith et al. (2012) developed a parametric linear mixed model, treated
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the longitudinal diffusion tensor imaging (DTI) data as a functional predictor, and used the
FPCA to decompose the functional data. Moreover, Chen and Miller (2012) proposed a
nonparametric function-on-scalar regression model, based on a two-step Karhunen—Loeve
expansion, and modeled the random effect functions using the time and voxel-dependent
eigenfunctions and time-dependent principal component functions. Park and Staicu (2015)
proposed a parsimonious nonparametric functional mixed model and decomposed the
latent longitudinal functional data, using time-invariant orthogonal basis functions and time-
dependent basis coefficients, and adopted a flexible error structure. To provide an accurate
prediction of the risk of dementia, the longitudinal functional imaging data are frequently
modeled as functional predictors in the survival model by Shi et al. (2021), Jiang et al.
(2023), Kong et al. (2018). Recently, Kang and Song (2023) proposed the joint modeling
of the functional imaging data and survival data, developed a semiparametric functional
regression model, and included the random functional components as functional predictors
in the survival model.

In this manuscript we extend the multivariate functional mixed model (MFMM) proposed
by Li, Xiao and Luo (2022) to the MFMM-longitudinal MRI (MFMM-LMRI) that jointly
models multivariate sparse longitudinal outcomes (i.e., neurological scores), longitudinal
neuroimaging data (i.e., voxelwise MRI data), and the survival outcome (i.e., the dementia
event) and provides accurate personalized predictions of longitudinal trajectories and the
dementia occurrence. To account for the association between the longitudinal clinical

data and longitudinal MRI data, we extend Park & Staicu’s model and use the joint and
individual variation explained (JIVE) approach to decompose the longitudinal MRI data
(Lock et al. (2013)). To the best of our knowledge, no work has been done in leveraging
multivariate longitudinal data, longitudinal imaging data, and survival data in the AD
prediction model. Comparing with existing literature and our previous work of modeling
multivariate longitudinal and survival data (Zou et al. (2023)), our MFMM-LMRI model
is novel in three aspects. First, the longitudinal voxelwise MRI data are modeled using

a nonparametric functional mixed model, with a decomposition similar in nature to the
general JIVE approach. Second, we model the correlation between multivariate longitudinal
outcomes and longitudinal MRI data via the random functional joint variation based on
the latent functional principal component scores from multivariate longitudinal outcomes.
Third, we incorporate the longitudinal outcomes and longitudinal MRI data in the dynamic
prediction framework, which provides personalized predictions of longitudinal trajectories
and the probability of remaining stable MCI for healthcare professionals and patients. We
also assess the added predictive values from the longitudinal MRI data.

The article is organized as follows. In Section 2 we introduce the motivating ADNI study. In
Section 3 we propose the MFMM-LMRI model and the estimation approach. In Section 4
we conduct an extensive simulation study to validate our method. In Section 5 we apply our
model to the motivating ADNI study. In Section 6 we summarize the findings and discuss
the limitations and future directions.
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Motivation.

The motivation for this article comes from the ongoing Alzheimer’s Disease Neuroimaging
Initiative (ADNI) study (Veitch et al. (2022)). Based on a previous finding (Li et al.

(2017)), we select five longitudinal outcomes that are predictive of the dementia occurrence:
Alzheimer’s Disease assessment scale—cognitive subscale, 13 items (ADAS-Cog 13),

Rey auditory verbal learning test, immediate recall (RAVLT-immediate), RAVLT learning
curve (RAVLT-learning), Mini-mental state examination (MMSE), and clinical dementia
rating scale—sum of boxes (CDR-SB) (Rosen, Mohs and Davis (1984), Tombaugh and
Mclntyre (1992), Hughes et al. (1982)). We include subjects with mild cognitive impairment
(MCI) at baseline. We use a multivariate functional mixed model (MFMM) (Li, Xiao

and Luo (2022)) that automatically captures the heterogeneity and correlation among
multivariate longitudinal outcomes, as displayed in Figure 1. We preprocess the longitudinal
T1-weighted structural MRI data using the pipelines detailed in Zou et al. (2021). We use
the time from baseline to the first dementia diagnosis as the survival event time. Subjects
without dementia diagnosis during the follow-up are treated as right-censored.

Based on the data downloaded on November 19, 2019, we select 1018 subjects with mild
cognitive impairment (MCI) at baseline and remove 86 subjects with missing ApoE-e4
genotype and one subject with missing age. We exclude 189 subjects without valid MRI
data. The final analysis dataset consists of 742 subjects among whom 268 had dementia
diagnosed during the study. There are 3323 visits with longitudinal cognition scores and
2877 visits with MRI data. The mean follow-up time is 2.70 years with the standard
deviation being 2.47 years. The outcomes ADAS-Cog 13, RAVLT-immediate, RAVLT-
learning, MMSE, and CDR-SB have 29, 15, 15, 8, and 33 missing values, respectively.

3. Method.

Data used in the preparation of this article were obtained from the Alzheimer’s

Disease Neuroimaging Initiative (ADNI) database (adni.loni.usc.edu). The primary goal

of ADNI has been to test whether serial magnetic resonance imaging (MRI), positron
emission tomography (PET), other biological markers, and clinical and neuropsychological
assessment can be combined to measure the progression of mild cognitive impairment
(MCI) and early Alzheimer’s Disease (AD).

We assume that there are i = 1, ... N subjects, j = 1,...J longitudinal outcomes, k = 1, ..., K,
clinical visits for subject i. Let Y, () denote the subject 7's longitudinal outcome j at visit &
(or at time 7). We denote the missing outcome as Y (z,), the missing indicator as I,, (equals
to 1 if v,(z,) is missing), and we assume missing at random as the missingness mechanism.
Let m(v,,) be subject /s MRI data at visit time ¢, for voxel v, g = 1,..., G,, where G, is the
number of visits with MRI data for subjecti and v = 1, ..., V" is the voxel location. We denote
¥ as the number of selected voxels detailed in Section 3.1. For the survival outcome, we
denote T, = min(7;, C,) as the event time, &, = I(T; < C)) as the censoring indicator, where T;
is the failure time, C, is the censoring time, and I( -) is an indicator function. Note that for
subject i, time 1., and #;, are less than or equal to the event time T, because of truncation.
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3.1. Voxel selection.

The preprocessed SMRI data has a total of .S = 1,843,303 voxels. To reduce the computation
and memory burden, we use the logistic regression classifier (LRC) to select informative
voxels (Huang et al. (2017)). We also explore other voxel selection approaches (i.e.,

voxel averaging, baseline MRI, joint model, and univariate functional principal component
analysis), with details in Supplementary Material Section 8 (Zou et al. (2025a)). Let F, (z,)
be the volume of voxel s for subject i at visit g, where s =1,...,Sand g=1,...,G. We
denote the volume vector as F,, = {F, (1)), ..., F. ()}’ for subject i and voxel s. We fit

a logistic regression model to select voxels: logit(p,) = w,F, ,, where we use the survival
information (whether subjects convert to AD, §) as the outcome and w, = {w(1), ..., w(ts,)}’
is the regression coefficient vector. We use the cubic B-spline function to approximate

the weight function: w(t) = Y, _,a,b,(t), where b,(r) is the pth prespecified cubic B-spline
function evaluated at time  and g, is the regression coefficient. We set the number of
B-spline functions P as 15. The estimated weight vector is denoted as w, = {@(z)), ..., w(ts,)} .

We compute the predicted survival status for subject i and voxel

sasc, = 1/{1 +exp(—w,F,.)}. The concordance index is computed as

C.= X" I{I(c,>0.5)=6}/N, where I( - ) is an indicator function. We select 1000
informative voxels based on the rank of the concordance index. We also conduct a sensitivity
analysis using 3000 and 10,000 voxels and display the results in Supplementary Material
Table S7 (Zou et al. (2025a)).

Based on one reviewer’s comment, we conduct the voxel averaging using the S= 1,843,303
voxels from the whole brain. We average the volumes of all voxels within a three-voxel
radius, encompassing a 7 = 7 = 7 cubic (343 voxels) around each target voxel. After voxel
averaging, we have a total of 6562 ROIs in the whole brain. We display the results in
Supplementary Material Table S7 (Zou et al. (2025a)).

3.2. Model.

We assume the longitudinal outcome Y, (z,.) is measured with a random noise ¢, so that

Y. (ta) = Xi(t.) + €, Where X, (z,) is the latent mean of the longitudinal outcome Y,(z,). We
also assume the MRI data m,(v, r) is a noisy measurement of the latent MRI mean x,,(v, 1),
with a random noise e¢,,(v, 1), S0 that m,(v, 1) = x,.(v, ) + €..(v, ). Note that the subscript m
denotes the MRI data. In the following context, the random components U,(t), W, (1), U,.(t),
and f£,.(v,t) are separate terms. We denote the baseline covariate vector as Z,. We model the
longitudinal outcomes, longitudinal MRI data, and the survival process in the multivariate
functional mixed model,

Yi(tu) = ui(tu) + BLU(ta) + Witu)] + €ju
€

miv, 1) = fy(0, 1) + A(OUi() + [0, 1) + €,(0, 1),
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hi(1) = hy)exp(Z' 1@+ F(X;, 1) + 17 ) -

®)

In Model (1) we decompose the latent longitudinal outcome X (z) into the fixed mean
function g;(r), the shared random profile U(z), and the subject-outcome specific random
profile w,(r), with the association parameter g, The mean function y,(r) is assumed to be
dependent on time ¢, and an additive model can be adopted to account for the effect of some
baseline covariates. The random profile U(¢) is assumed to be shared across J multivariate
longitudinal outcomes and measures the shared latent disease profile. The subject-outcome
specific random profile W, (r) measures the subject-outcome specific disease profile. The
association parameter p; is the expected change of the outcome j in one unit increase of the
shared random profile U,(¢). Higher values of the shared random profile U,(¢) indicate worse
cognitive function because we set ADAS-Cog 13 as the first longitudinal outcome and set
its association parameter g, = 1 for model identifiability (refer to Supplementary Material
Section 2 for a detailed justification) (Zou et al. (2025a)). The random error is assumed to
follow ¢, ~ N(0,07).

In Model (2) we decompose the MRI data m,(v, t) into the mean function y,(v, ¢), the joint
variation (the time-dependent MRI component U,,(r) and a location-dependent coefficient
function 4,(v)), the individual variation (the MRI-specific variation £,.(v,1)), and the random
noise e,,(v, t). The mean function y,(v, ) is dependent on the voxel location » and time

t, and an additive model can be adopted to incorporate time-varying effects of baseline
covariates. The time-dependent MRI component U,.(¢) accounts for the correlation between
the longitudinal outcomes and MRI data via the latent functional principal component
scores ¢, detailed in Section 3.3. The location-dependent coefficient function 4,(v) measures
the strength of the correlation between the longitudinal outcomes and MRI data, that is,
4,(v) = 0 indicates independence. We assume the random error ¢,,(v, ) ~ N(0, 5,). We assume
U,i(0), £, 1), WD), €.(v, 1), and ¢, are independent.

In Model (3) h,(r) is the hazard function, and a.(?) is the baseline hazard function modeled
with a piecewise constant function (Lawless and Zhan (1998), Feng, Wolfe and Port (2005)).
The functional form F(X,,¢) is the contribution of J multivariate longitudinal outcomes to
the hazard function, which is detailed in Section 3.4. We denote the MRI-specific functional
principal component (FPC) score vector as 7,,, derived from the MRI-specific variation
f.(v,1) and is detailed in Section 3.3. The parameter vector y, denotes the association
between the latent MRI-specific FPC score vector 5,, and the risk of dementia onset.

In summary, the multivariate functional mixed model with longitudinal MRI data (MFMM-
LMRI) has four modeling advantages when compared with existing methods. First, the
longitudinal submodel (1) captures nonlinear and correlated longitudinal patterns via the
mean function () and random component functions U,(r) and W ,(¢), where the parametric
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multivariate joint model with functional data (MJM-FD), proposed by Zou et al. (2021), is
sensitive to model misspecification. Second, the longitudinal MRI data is decomposed via
the nonparametric joint and individual variation explained (JIVE) approach, which is more
robust than parametric modeling approaches (Goldsmith et al. (2012)). Third, we achieve
computational efficiency via modeling the latent MRI-specific FPC score vector 7,;;in the
survival model (3) and retain most of the MRI-specific variations. Fourth, the missing data
in the longitudinal outcomes are imputed based on the joint model (refer to Section 3.4),
which increases the robustness of the modeling framework.

3.3. Modeling of latent random processes.
For the longitudinal outcomes, we approximate the mean function using cubic B-spline
functions: u,(t)  Y,_, A,b,(t), where b,(r) is the prespecified cubic B-spline function p
measured at time ¢, 4,, is the regression coefficient, and P is the number of cubic B-spline
functions. We set P = 5 to approximate the mean function. We also explore other numbers of
B-spline functions: P = (5,6,7,8,9) and obtain very similar parameter estimates (not shown).
The random profile U(¢) and the subject-outcome specific random profile W, ,(¢) are assumed
to be two zero-mean Gaussian processes with the covariance functions Cy(z,#') and Cy(z, 1),
respectively, where r and ¢ are two different time points. For the subject-outcome specific
random profile W, (r), we assume that the covariance function C,(z,#') is the same for all J
longitudinal outcomes to reduce the computational burden and for a flexible interpretation.

\We decompose the covariance matrices C,(z,¢') and C,(z,¢') using the Mercer’s

Theorem: Cy(t,1") = Xio  dudp(Dd(t"), and Ci(1,1') = X7 duwi(Dw (1), Where d,, and d,, are
nonincreasing eigenvalues and ¢,(¢) and y(¢) are orthogonal eigenfunctions, that is,
[dOdundr = 1- I(1 = 1’). Using the Karhunen-Loéve expansion, the random profiles U,(r)
and W () are expressed as U(t) = Y;°  &,d(t) and W (1) = X7 Cuwi(t), where &, is the
functional principal component (FPC) score for the shared random profile U,(r) and ¢, is
the FPC score for the subject-outcome specific profile W (). We assume the FPC scores
& ~ N(0,dy) and ¢, ~ N(0,d,) and are independent across j and /.

We estimate the covariance matrix C,,(¢,t') = cov(X,,(¢), X,;(¢')) using the multivariate fast
covariance estimation (MFACE) approach (Li, Xiao and Luo (2020)) on a refined grid S,
where S is an equally spaced time grid. In Supplementary Material Section 1 (Zou et al.
(2025a)), we provide a detailed estimation procedure to estimate the covariance matrices
Cy(t,1") and Cy(z,1"). We perform an eigendecomposition on the estimated covariance matrices

Cy(1,1") and C,(1, ') to obtain the estimated eigenfunctions ¢,(r) and ,(r) and the estimated
eigenvalues d,, and d,. The number of eigenvalues is determined using the proportion of
variance explained (PVE) criteria (Di et al. (2009)), where we set L, and L, as the number
of eigenvalues for the shared random profile U,(r) and the subject-outcome specific random
profile w,(z), respectively.

For the MRI data, we first estimate the mean function u,(v, ¢), using the sandwich
smoother (Xiao, Li and Ruppert (2013)), and obtain the estimated mean function z,(v, 7).

Ann Appl Stat. Author manuscript; available in PMC 2025 June 29.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Zou et al.

Page 9

We denote the demeaned MRI data as m;(v, 1) = m(v,t) — %.(v, 1). We decompose the time-
dependent MRI component U,.(r) = Y72, &,¢,.(t) using the Karhunen—Loeve’s expansion,
where &, is the FPC score from the subject-specific disease profile U,(t) in Model (1) and
accounts for the correlation between the longitudinal outcomes and MRI data, and ¢,.(?)

are orthogonal eigenfunctions for U,,(¢) (refer to Supplementary Material Section 2 for a
detailed justification) (Zou et al. (2025a)). We estimate the coefficient function 7,(v) and
eigenfunctions ¢,,(v) detailed in Supplementary Material Section 2 (Zou et al. (2025a)).

Similarly, using the bivariate Karhunen—Loeve’s expansion, we decompose the MRI-
specific variation f,.(v,7) = X2 &.(Ow,.(v), @s in Park and Staicu (2015), where v, (v) are
voxel-specific orthogonal eigenfunctions and &,,(¢) are the corresponding time-dependent
coefficient functions, which determine the time-varying effects of the MRI-specific
variation. We assume the coefficient function &,_,(¢) is a univariate zero-mean stochastic
process with the covariance function %,(z,¢') = cov(&,;(1), &), for i = 1,..., 00, and is
correlated over time within the same subject i, but uncorrelated across subjects. By

the Mercer’s Theorem, we decompose Z(t,t") = Z% dy, @ (o (t’), Where w,,(t) are

the orthogonal eigenfunctions and 4,,, are the nonincreasing eigenvalues. Using the
Karhunen-Loeve’s expansion, we express the coefficient function &,,() = 37, @),
where 5, are the latent FPC scores for the coefficient function & ,(r) and we assume

- ~ N(0, dyy,) and are independent across / and r. Thus, we express the MRI-specific
variation f,,(v,1) = X0, 3% fu@n(Ow,.(v). We estimate the eigenfunctions y,,(v), @,.,(),
and eigenvalues d,,, detailed in Supplementary Material Section 2 (Zou et al. (2025a)). We
estimate the number of eigenfunctions L, for f,.(v,t) and R, for &,,(2), using the PVE criteria
detailed in Supplementary Material Section 2 (Zou et al. (2025a)). Thus, the MRI-specific
variation £,,(v, ) is approximated as £,.(0.1) & X", T @ (OW(0).

To reduce the dimension of the MRI data, we project the MRI data m,(v, ) onto

L, eigenfunctions y,,(v), and we obtain m,(t) = u,(t) + A,U,.1) + &,.(0) + €..(t), Where

Uni) = [ 10, O () AV, Ay = [, 2 OV (0)AV, Ei(D) = [, f o0, DW(0)AV & T B 0,(1), AN
) = [, €.(v, )y, (v)dv and is assumed to follow N(0, 5,,). We denote the latent MRI-
specific FPC score vector as n,, = (n,.,), for 1 = 1, ..., L,,, which is used to model the hazard
function in Model (3), where n,,, = (1,.,,), for r = 1, ..., R. By projection we transform the
high-dimensional longitudinal MRI data m,(v, r) with the dense voxel grid and the sparse time
grid to the low-dimensional MRI-specific FPC scores 5,,, which reduces the computational
burden while retaining most of the MRI-specific variations. To facilitate understanding of
the model structure, we display Figure 2.

3.4. Functional forms and likelihood expression.

We propose two functional forms of F(X,,7): Model 1 (the random effects model) and Model
2 (the instantaneous model).
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For Model 1 (the random effects model), the functional form
F(X,0)= X" veéi+ X020 35 viuCa- The association between the longitudinal and survival

outcome are quantified using the latent FPC scores &, from the shared disease profile
U, and ¢, from the subject-outcome specific disease profile W, (r). We approximate
FXot) = X, v+ X7 X, 7148, Where we denote the number of FPC scores for
Ur) and W (1) as L, and L,, respectively. We set the vector y, = (y,)./ =1, ..., L, and
v, =@u).l=1,...,L,andy, = (y.),j=1,....,J.

For Model 2 (the instantaneous model), the functional form F(X,, 1) = y,U.() + X/ 7, W, (D).
The association between the longitudinal and survival outcome are quantified using the
current values of the shared disease profile U,(r) and subject-outcome specific pattern w (1),
forj=1,...,J. We set the vector y, = (y,) and y, = (y,,).j = 1, ..., J.

We denote the parameter space as ® = (8, 6, 6., @, ¥, V1 ¥ & &, 11,,), Where
B= (ﬁj)/‘:Z ..... 5,0 = (0'/)/':1 ..... Js Om = (O'ml)l=1 ..... Lyn*

Based on Models (1) to (3), the logarithm likelihood is formulated as

N
1©) =log! J] LI™LM™'L*™P@®)}, where
i=1

J K
L’long - H H P(Yij(tlk) | @)1 - IiJkP(Y,-J(t,'k) | @)I/'jk, and
j =1lk=1
Lm G,-
IMRI H H P(ifi1;) | ©), and
I=1g=1

L}ww — h,‘(Ti | @)5'S,-(T,‘ | 9),

@)
Ly L,
Yty ~ N0+ 8| Y, &+ Y L) ,o%),
=1 =1
)
Ly R
t) ~ N| B D) + At D G+ Y Mei@ir(), 00
I=1 r=1
&~ N(0.do) Gy~ N(0,du), o ~ N(0, ),
(6)
( 2
B.a., v, Y1, ¥ ~ N0, 10 ) 0,6, ~ Inverse-Gamma(0.1,0.1) .
7
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We denote P(®) as the prior distribution and S(¢) as the survival probability at time . We
use noninformative priors for all parameters in equation (7). We use the Gaussian quadrature
to approximate the survival function S,(¢) (refer to Supplementary Material Section 3 for the
detailed derivation) (Zou et al. (2025a)).

We adopt the Markov chain Monte Carlo (MCMC) method based on the No-U-Turn
Sampling (NUTS) algorithm implemented in St an to obtain posterior samples (Hoffman
and Gelman (2014)). The missing outcomes are treated as unknown parameters and are
imputed from the posterior samples based on the distribution in equation (5). We use two
MCMC chains, each of which consists of 2000 warm-up iterations and 1000 postwarm-up
iterations. The improved scale reduction statistic R is used to diagnose the convergence of
the chains (Vehtari et al. (2021)), where an R < 1.1 indicates a satisfactory convergence.
From a total of 2000 posterior samples, we derive the mean, standard deviation, and

95% credible interval (Cl). For easy implementation the St an code for Model 2 (the
instantaneous model) with longitudinal MRI data is provided in Supplementary Material
Section 9 (Zou et al. (2025a,b)).

We use the two model assessment statistics to determine the model with the best

fit: the empirical Akaike information criterion (EAIC) and the empirical Bayesian
information criterion (EBIC). Smaller values of the two statistics indicate a better
model fit. We first compute the posterior deviation using Monte Carlo approximation;

D(@) ~ —2/0Y° 27=11,(®(4)), where 0@ s the gth posterior sample of the parameter
space ©. We compute EAIC = D(®) + 2 - p and EBIC = D(®) + log(N) - p, Where p is the
number of parameters in the parameter space ©.

3.5. Dynamic prediction.
Suppose a new subject B has longitudinal outcomes and MRI data until the landmark
time T; we predict the longitudinal outcomes and survival probability at a future time
T =T+6(T'>T). Let YT) = (Yu,(t);= 1.0k -1,k D€ @ vector of all longitudinal outcomes
until the landmark time T, where K is the number of clinical visits until time T for
subject B. Let my(v, t,) denote the MRI data at voxel v and time ¢, for subject B, where
g=1,...,Gzand G, is the number of MRI visits until the landmark time T. Let n,, = (,.5), for
I=1,..., L, denote the vector of the MRI-specific FPC scores.

We project the MRI data m,(v, t) onto the eigenfunctions w,,(v), for 1 = 1, ..., L,. We obtain
the projection vector my, = (g(1), ..., Mig(tc,)), Where my(t,) = f,mg(v, t )y, (v), fori=1,..., L,.
We use the MCMC method based on the NUTS algorithm to obtain the posterior samples of
the FPC scores &,, ¢;, and 5, based on the posterior distribution in the following equation:

P(Ep, Cps Mg | Y, fip(t), 65 = 0, 6)

< [T T2 P(Ynlt) 1 604 0)
: H,L:l H:i 1P<’231(fg) | €. g 6)53<T | Z5, &, S M 6)P(§B, St | 6>,
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where @ is the estimated mean of ©.

We compute the predicted longitudinal outcomes and survival probability detailed in the
following equations:

L, L,
E(Ys(T) | &0.69.0) ~ (T + | Y. &80T+ Y, (1),
I1=1 I=1

SB(T/ | Z's, 'f(fg), g)7 71:;11);, ®>
SB(T | Z'5, 5;& g)v 71:111)3’ 9) ’

SWT" T, 2", &, &0 15, ©) ~

where the superscript (g) denotes the gth posterior sample. We compute the mean of the
predicted longitudinal outcomes and survival probability based on the Q predicted values.

The prediction performance is measured using the discrimination (how well the model
discriminates event-free subjects and subjects with events) and calibration measurements
(how well the predicted survival probability agrees with the observed survival status). We
use the time-dependent area under the receiver operation curve (AUC) for the discrimination
measurement, where the time-dependent AUC is computed using the integration of the time-
dependent sensitivity and specificity values (Li, Greene and Hu (2018)). For the calibration
measurement, we compute the Brier score (BS) as the average of the weighted squared
difference between the predicted survival probability and the observed survival status (Graf
et al. (1999)). Higher values of AUC and lower values of BS indicate a better prediction
performance. For an illustration purpose, we compute the integrated AUC (iIAUC) and
integrated BS (iBS). For a fixed landmark time 7', we integrate the estimated AUC and BS
values over the dense prediction window &;using the Simpson’s rule.

4. Simulation study.

We conduct a simulation study to validate the proposed method. We simulate J = 3
longitudinal outcomes, MRI data, and survival data from the multivariate functional mixed
model with longitudinal MRI data (MFMM-LMRI),

Yi(ti) = uita) + BLUt) + Wi(ta)] + €

m(,1) = (0, 1) + Au(OU,i(0) + fi(0, 1) + €00, 1),
hi(t) = hy(t)exp(Z' i@ + F(X;, 1) + 1’ i¥) -

We set the functional form as Model 2 (the instantaneous model):

(X 1) = nUit) + X7_ 1 7,W.,(t), where y, = 0.4 and y, = (0.35,0.30, — 0.30). We explore four
settings with different sample sizes and event rates (ER): Setting 1 (N = 800 for the training
set, N = 300 for the testing set, baseline hazard ay(r) = exp(— 1.5) S0 ER = 35%); Setting

2 (N = 600 for the training set, N = 200 for the testing set, .(t) = exp( — 1.5)); Setting 3

(N = 800 for the training set, N = 300 for the testing set, a,(t) = exp( - 2) s0 ER = 25%);
Setting 4(N = 600 for the training set, N = 200 for the testing set, ay(¢) = exp( — 2)). Note that
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Settings 1 and 3 have sample sizes close to the real data with different event rates, and
Settings 2 and 4 have smaller sample sizes. For each setting we randomly split subjects

into the training and testing sets. We also explore another scenario where we intentionally
misspecify the functional form, with details and results in Supplementary Material Section 4
(Zou et al. (2025a)).

For the longitudinal outcomes, we set the true mean function ,(r) equal

to the estimated mean function from the real data analysis for the first

three longitudinal outcomes. The FPC scores are simulated from &, ~ N(0, dy)

and ¢, ~ N(0,d,), where d, = (3,1)//10and d,, = 1, for L,=2and L, = 1. The
eigenfunctions ¢,() = v/2sin(xt), ¢y(t) = y/2cos(xt), y(t) = y2cos(27t). We set the association
parameter g = (8, 8;) = (— 0.6, — 0.4) and the standard deviation for random errors

o =(1,0.6,0.4). For subject i we simulate longitudinal outcomes on a sparse time grid

S, =[0,1,1,+0.1,...,1,+ 0.9], where 7, is sampled from a multinomial distribution with equal
probabilities on [0.01,0.02, ...,0.1]. We simulate the missing probability logit(p,,) = 0.5(t, — 5)
and the missing status I, ~ Bernoulli(p;;,), thus achieving around a 2.5% missing rate for all
three longitudinal outcomes. The MAR assumption holds because the longitudinal outcome
Y, (s is dependent on time z,,.

We simulate the baseline MRI data m,(v, t) observed on a dense voxel grid

V =(1/v,2/V,...,1), where V = 1000 voxels. For subject i the MRI data are observed on

a sparse time grid (1,, 1, ..., 75,), where ¢, = 0, and #, is sampled from a multinomial distribution
with equal probabilities on (0.01,0.02, ...,0.10), and ¢, = t, + 0.1(g — 2), for g = 3, ..., 11.

The mean function g, (v, ) = 6 + 3sin(xv/2) + dcos(zv/2)t + 612. The coefficient function

(V) = sin(27v) + cos(2zv). The eigenfunctions ¢,,(r) = y/2sin((2/ - 1)zt/2), for 1 =1,..., L, =2
and y,,(v) = 2cos(x(21 - 1)v/2), for 1 = 1, ..., L, = 5. We simulate the MRI-specific variation
Ful0:1) = 27 O (v), Where £,,(5) = T 1,,0.,(1). The number of eigenfunctions R, =2,
fori=1,.... L, =5 and the eigenfunctions w,,(r) = /2sin((2r - 1)a1/2),for 1 =1,....,L, = 5 and
r=1,...,R = 2. We simulate the FPC scores #,,, ~ N(0, d,), Where d,,, = 0.6' ~10.5" = !, for
I=1,...L,=5and r=1,..., R, = 2. We simulate the random error from ¢,,(v,7) ~ N(0, 5,),
where ¢,, = 0.2.

For the survival outcome, we simulate Z, ~ Binomial(2,0.4) to mimic the number

of ApoE-¢4 alleles. We set a = 0.3 and y,, = (¥, ..., ¥..5)» Where y,, = (0.4,0.2),

Yoo = (0.30,0.15),7,, = (- 0.4, —0.2),7,. = (= 0.6, —0.3),7,s = (— 0.3, — 0.15). The survival
probability S, is simulated from U(0, 1), and we compute the event time 77 using

the bisection method by solving the equation log(S,) = — H(T7}). The censoring time

C ~ U(0,1.6).

We repeat the simulation 200 times. We obtain the posterior means, standard errors, and
95% credible intervals for each replication r, where r = 1, ...,200. From a total of R = 200
replications, we compute the bias (the difference between the averaged mean and the true
value), standard deviation (SD of R posterior means), standard error (SE, square root of
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the averaged variances), and coverage probability (CP, frequency of 95% credible intervals
covering the true value). To evaluate the estimation performance for the mean functions
and eigenfunctions, we compute the averaged mean-squared error (AMSE), defined as

AMSE= ¥, %7 (7(¢) - f(g))Z/(RG), where g is the grid location, G is the number of grid

points on the refined time grid .S = (0,0.01, ..., 1) or the dense voxel grid V, f(g) is the true
function, and ?,(g) is the estimated function at location g and replication r, forr = 1,..., R.

For dynamic prediction we apply our method to the testing dataset for R replications. We
compute the true and estimated iAUC and iBS for landmark times at 0.4,0.5,0.55, and 0.6
for each replication r. We set the prediction window §, = (0.1,0.11, ...,0.25). From a total of R
replications, we average and compute the true and estimated iAUC and iBS values.

Table 1 (upper panel) summarizes the mean, standard deviation (SD), standard error (SE),
coverage probability (CP), and average mean squared error (AMSE) for the simulation
Setting 1. Table 1 suggests that most parameters are estimated with small bias and CP
being close to the nominal level of 0.95, except for the parameter y,,»1. This is likely due
to the weakness of the signal (FPC scores) explained by the MRI data. The functions are
estimated close to the true functions, indicated by AMSE being close to zero. Table S3 in
the Supplementary Material summarizes the mean, SD, SE, CP, and AMSE for simulation
Settings 2 to 4 (Zou et al. (2025a)). Table S3 suggests that, for all simulation settings, the
parameters and functions are estimated with small bias with CP being close to the nominal
level of 0.95.

Table 1 (lower panel) summarizes the true and estimated iAUC and iBS for simulation
Setting 1. Table 1 suggests that the estimated iIAUC and iBS values are close to their

true values. Table S4 in the Supplementary Material summarizes the iIAUC and iBS for
simulation Settings 2 to 4 (Zou et al. (2025a)), which suggests that the estimated iAUC and
iBS are close to their true values for all settings with various sample sizes and event rates.

5. Real data application.

We apply the proposed multivariate functional mixed model-longitudinal MRI (MFMM-
LMRI) to the motivating ADNI study. For subject i at time #,, let Y, (z.), where j =1, ..., 5, be
ADAS-Cog 13 (higher worse), RAVLT-immediate (higher better), RAVLT-learning (higher
better), MMSE (higher better), and CDR-SB (higher worse) scores after the Box—Cox
transformation for normality. We use a 95% PVE and determine the number of the
functional principal component (FPC) scores for the shared random profile U,(¢) as L, = 2
and for the outcome-specific random profile W (r) as L, = 1. We select 1000 voxels based
on the rank of the concordance index in Section 3.1. We use a 95% PVE and determine

the number of FPC scores for the MRI-specific variation f,,(v,?) as L, = 5. The knots for

the baseline hazard function a.(¢) are set as (four, six, eight) years. We also explore other
knot locations and obtain very similar results (not shown). The baseline covariate vector

Z, = (Age,, Sex,, Education,, ApoE,)’, where the Male sex is set as the reference, Education, is the
education years for subject i, and ApoE, is the number of ApoE — &4 alleles for subject i.

Ann Appl Stat. Author manuscript; available in PMC 2025 June 29.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Zou et al.

Page 15

We fit the MFMM-LMRI for the two functional forms: Model 1 (the random effects model)
and Model 2 (the instantaneous model). For each functional form, we compare the model
assessment statistics for the five sets of models: (1) longitudinal whole-brain: the voxels
from the longitudinal whole-brain MRI data are selected using LRC, with V= 1000 voxels;
(2) baseline whole-brain: the voxels are from the baseline whole-brain MRI data, with the
same V= 1000 voxels; (3) longitudinal hippocampus: the longitudinal MRI voxels are
from the hippocampus region, with V= 9846 voxels; (4) baseline hippocampus: the MRI
voxels are from the baseline MRI data and hippocampus region; (5) MFMM: the model
does not include any MRI data. We compare the whole-brain model vs. the hippocampus
model because brain atrophy in the hippocampus region is associated with a higher risk of
dementia. We also compare the MFMM-LMRI model with the other four candidate models
(refer to Supplementary Material Section 6 for details) (Zou et al. (2025a)): (1) Model 3-2S
(the two-stage sequential estimation approach based on Model 2 with longitudinal whole-
brain voxels, to illustrate the necessity of joint modeling), (2) Model 3-MJM-MRI (the
parametric mixed model that treats the baseline MRI data as functional predictors detailed
in Zou et al. (2021), to display the advantage of modeling nonlinear longitudinal trajectories
using functional mixed models), (3) Model 3-bCox (the Cox model with baseline covariates
and five longitudinal outcomes at baseline, to show the strength of modeling longitudinal
trajectories in the survival model), and (4) Model 3-NM (the nonmixed functional model,
where the longitudinal model Y,(r) = u,(1) + €,(r) and the survival model (1) = hy(t)exp(Z.a),
to demonstrate the strength of modeling longitudinal outcomes using Model (1)).

Table 2 displays the model assessment statistics for all candidate models. Among the models
using the instantaneous model as the functional form (Model 2), the longitudinal whole-
brain MRI model has smaller EAIC and EBIC statistics when compared to the baseline
whole-brain MRI model, the longitudinal hippocampus model, the baseline hippocampus
model, the model without MRI data (MFMM), and the random effects model (Model 1).
Table 2 also suggests that the MFMM-LMRI model has substantially better assessment
statistics when compared to Model 3-2S (the two-stage approach), Model 3-MJM-MRI

(the parametric mixed model), Model 3-bCox (the Cox model with baseline longitudinal
outcomes), and Model 3-NM (the nonmixed functional model). The results indicate that
Model 2 with longitudinal whole-brain MRI data has the best model fitting performance and
it is selected as the final model.

Table 3 summarizes the mean, standard error, and 95% credible intervals from Model 2 (the
instantaneous model) with longitudinal whole-brain voxels. For the longitudinal outcomes,
one unit increase in ADAS-Cog 13 is associated with a 0.618 unit decrease in RAVLT-
immediate (95% CI: [-0.645, —0.594]), 0.680 unit decrease in RAVLT-learning (95% ClI:
[-0.715, —-0.645]), 0.037 unit decrease in MMSE (95% ClI: [-0.038, —0.035]), 0.176 unit
increase in CDR-SB (95% CI: [0.167, 0.185]), after their Box-Cox transformation. Thus,
higher scores of ADAS-Cog 13 (worse cognitive functions) are associated with lower scores
in RAVLT-immediate, RAVLT-learning, MMSE, and higher scores in CDR-SB (worse
memory and functional activities). Table S5 in the Supplementary Material summarizes the
estimated variances of the FPCs from Model 2 with longitudinal whole-brain voxels (Zou et
al. (2025a)). Figure S1 in the Supplementary Material summarizes the estimated mean and
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eigenfunctions for the longitudinal outcomes (Zou et al. (2025a)). For the survival outcome,
one additional ApoE-e4 allele is associated with a 37.3% increase in log hazard (95%

Cl: [0.176, 0.573]). One unit increase of the shared disease profile U;(# (worse cognitive
functions) are associated with a 69.7% increase (95% CI: [0.533, 0.861]) in log-hazard (a
higher risk of dementia onset). We also conclude that higher values of the subject-outcome
specific disease profiles in ADAS-Cog 13 and CDR-SB (worse memory and cognitive
functions) are associated with a higher risk of dementia onset, indicated by the significant 7,,
(0.266, 95% CI: [0.094, 0.449]) and 7,5 (0.292, 95% CI: [0.149, 0.442]).

The parameter y,, quantifies the association between the /-th latent FPC score vector and
the risk of dementia onset. For instance, the estimated 7,,,, suggests that a unit increase

in the first latent FPC score #,,,, is associated with a 0.290 unit (95% CI: [-0.050,0.618])
increase in the logarithm hazard rate of dementia onset. We perform a likelihood ratio test
to examine the significance of the association between the longitudinal MRI data and the
survival outcome: H,:y, = 0 and H,: at least one y,, does not equal to zero. The test statistic

d
T =22.6 — y; and the p-value is around 0.001, providing a strong evidence of the significant
association between the longitudinal MRI data and the risk of dementia onset.

We apply the dynamic prediction method to all candidate models. We randomly set

aside 556 subjects (75%) as the training set and the remaining 186 subjects (25%)

as the testing set. The landmark time T = (2,2.5, 3,3.5,4) and the prediction window

8, =(0.50,0.51, ..., 1.50). For each candidate model, we repeat the dynamic prediction 100
times and compute the mean of the integrated AUC (iIAUC) and integrated BS (iBS). Table 4
summarizes the mean of iAUC and iBS for all candidate models. In summary, Model 2 (the
instantaneous model) with longitudinal whole-brain voxels has the best overall predictive
performance in iIAUC and iBS values. Comparing with Model 3-2S (the two-stage approach
based on M2-Long-whole), Model 3-MJM-MRI (the multivariate joint model with MRI
data), Model 3-bCox (the Cox model with baseline longitudinal outcomes), and Model
3-NM (the nonmixed functional model), Model 2 with longitudinal whole-brain voxels
show a substantially better predictive performance, suggesting the improvement in predictive
performance using the joint modeling when compared to a two-stage approach, by modeling
longitudinal outcomes using functional mixed models, by modeling longitudinal trajectories
in the survival model, and by modeling random component functions in the multivariate
functional mixed model.

Table S7 in the Supplementary Material presents the iAUC and iBS results from various
voxel selection approaches (Zou et al. (2025a)), including voxel averaging, baseline

MRI, joint model, and univariate functional principal component analysis, detailed in
Supplementary Material Section 8 (Zou et al. (2025a)). A comparison between Table

4 and Table S7 indicates similar predictive performances across all five voxel selection
methods. Additionally, we compare the MFMM-MRI model to the tensor regression method
(Zhou, Li and Zhu (2013)) and three machine learning algorithms: Random Survival

Forest (Ishwaran et al. (2008)), Survival Deep Neural Network (Katzman et al. (2018)),

and Bayesian Additive Regression Trees (Sparapani et al. (2016)). The results, detailed

in Supplementary Material Table S7 (Zou et al. (2025a)), show that the MFMM-MRI
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model consistently achieves higher iIAUC values compared to both the tensor regression
method and the machine learning algorithms. Supplementary Material Table S8 details the
standard deviation of the iIAUC and iBS values for all candidate models (Zou et al. (2025a)),
providing insight into the variability of these metrics. Furthermore, Supplementary Material
Table S9 lists the p-values from the paired t-tests comparing the iIAUC and iBS values
between the final model, M2-Long-whole, and other models (Zou et al. (2025a)). Due to
potential violations of the independence assumption, these p-values should be interpreted
with caution.

To illustrate the model’s capability of dynamic prediction, we randomly select a subject C
with censoring time at 5.98 years. Figure 3 displays the prediction of the five longitudinal
outcomes and the survival probability for subject C given landmark times at two or three
years. Subject C has good cognitive and memory functions (low ADAS-Cog 13 scores and
high MMSE scores before three years) and the survival probability decreases slowly with a
high probability of remaining MCI at the censoring time (5.98 years).

6. Discussion.

In this article we propose the multivariate functional mixed model with longitudinal MRI
data (MFMM-LMRI) that leverages multimodal data, including the longitudinal clinical data
(i.e., neuropsychological test scores), the longitudinal neuroimaging data (i.e., longitudinal
voxelwise magnetic resonance imaging data), and the survival data (i.e., time until dementia
onset). We use the nonparametric functional mixed effects model that jointly models
multivariate longitudinal outcomes and longitudinal MRI data and adopt the decomposition
similar in nature to the joint and individual variation explained (JIVE) approach to
decompose these two outcomes. We investigate two functional forms (the random effects
model and the instantaneous model) linking the longitudinal and survival outcome. We

use the Markov chain Monte Carlo (MCMC) method based on the No-U-Turn Sampling
(NUTS) algorithm to obtain posterior samples. We also develop the dynamic prediction
framework that provides accurate personalized predictions of longitudinal trajectories and
the risk of dementia onset based on the subject’s latest data. We use the logistic regression
classifier (LRC) to select informative voxels from the whole brain and apply the MFMM-
LMRI to the motivating ADNI study. The instantaneous model (Model (2) with longitudinal
voxels from the whole brain has the best fitting and predictive performance. Comparing
Model 2 with or without longitudinal MRI data, we conclude that the longitudinal MRI data
from the whole brain significantly adds the prognostic value and improves the model fit.

We conclude that higher scores in ADAS-Cog 13 (worse cognition) are associated with
lower RAVLT-immediate, RAVLT-learning, MMSE, and higher CDR-SB scores (worse
memory and functional activities). Higher values of the shared disease profile U,(r) and

the subject-outcome specific disease profiles w,,(r) for ADAS-Cog 13 and CDR-SB are
associated with a higher risk of dementia onset. Despite the statistical insignificance of the
individual association parameters 7,,, a likelihood ratio test indicates a significant association
between the longitudinal MRI data and the survival outcome, with a p-value of 0.001. This
suggests that the collective effect of the latent functional principal component (FPC) scores,
derived from MRI-specific variations, significantly impacts the risk of dementia onset. We
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also explore other voxel selection approaches (i.e., voxel averaging, baseline MRI, joint
model, and univariate functional principal component analysis) and obtain very similar
predictive performance results. The simulation study with various sample sizes and event
rates supports the validity of the method.

There are a few limitations we may address as future directions. First, the longitudinal
submodel of the MFMM-LMRI may be extended to a generalized functional mixed model
to model multivariate longitudinal outcomes with distributions in the exponential family
(i.e., binary or ordinal outcomes). The generalized functional additive model with various
functional forms of the transformed mean function may be applied to model non-Gaussian
functional data (Scheipl, Gertheiss and Greven (2016)). Second, the MFMM-LMRI may
also be extended to incorporate relevant genetic markers from the genome-wide association
studies (GWAS). While ApoE-¢&4 is a major genetic risk factor for AD (Corder et al.
(1993)), GWAS identified more than 40 susceptible loci associated with AD risk (Andrews,
Fulton-Howard and Goate (2020)). Thus, the polygenic risk scores (PRS), based on the
weighted sum of the risk alleles for each invariant, may be included in the survival model
(Escott-Price et al. (2015), Chouraki et al. (2016)). Third, the missing at random (MAR)
assumption may not hold in the ADNI study, because subjects with deteriorating cognitive
functions are more likely to have missed visits, leading to missing data that is not at
random (MNAR). To address this, we may employ model-based imputation techniques, such
as selection or pattern-mixture models, which account for potential dependencies between
missingness and unobserved variables (Galimard et al. (2016), Hammon and Zinn (2020)).
By integrating these models into our MFMM-LMRI framework, we aim to adjust for
potential biases arising from MNAR data.

In this article we employ a sequential estimation procedure for statistical inference, wherein
the mean and eigenfunctions for the longitudinal outcomes and MRI data are initially
estimated independently of the survival data. During the MCMC procedure, we perform
posterior sampling of the parameters and functional principal component (FPC) scores using
these preestimated functions. This method is designed to balance computational efficiency
with feasibility. Although our simulation studies in various settings did not reveal any
sizable bias, we recommend that readers exercise caution when applying the provided

St an code. Developing a fully integrated joint estimation procedure represents a valuable
direction for future research.

In this study we employ logistic regression to select informative voxels from MRI data.

As alternatives, leveraging the entire brain’s volume information through high-dimensional
Functional Principal Component Analysis (FPCA) with singular value decomposition

could be considered (Zipunnikov et al. (2011)). Additionally, treating MRI data as three-
dimensional functional data and using a multivariate FPCA approach offers a promising
direction (Katina, Vittert and Bowman (2021)). To control the type-I error rate in voxel
selection effectively, methods, such as covariate adaptive techniques, could be utilized to
manage the false discovery rate (FDR) or the familywise error rate (FWER) (Zhang, Xia and
Zou (2019), Zhou, Zhang and Chen (2021)).
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In the ADNI dataset, various neuropsychological outcomes, such as the Trail Making Test
(TMT) Parts A and B, which assess executive function, are available. To incorporate
scores from distinct domains like executive function into our model, we could extend

the longitudinal submodel of the MFMM-LMRI framework to include multiple latent
shared variations. This approach aligns with recent advancements, for example, Li and
Xiao (2023), where the multivariate functional mixed model is expanded to a latent factor
model incorporating multiple independent latent processes U,(z) for I = 1, ..., L. However,
this extension significantly increases computational complexity, requiring the development
of more efficient algorithms.

Many AD studies, including the ADNI study, collect various types of medical imaging data,
that is, the structural MRI data, the diffusion tensor imaging (DTI) data, and the positron
emission tomography (PET) scans (Veitch et al. (2022), Alexander et al. (2007), Bailey

et al. (2005)). The proposed multivariate functional mixed model with longitudinal MRI
data (MFMM-LMRI) may be applied to model the longitudinal high-dimensional DTI or
PET data (Keihaninejad et al. (2013), Leuzy et al. (2022)). Moreover, the MFMM-LMRI
may be extended to a multivariate longitudinal imaging model that simultaneously models
multivariate longitudinal outcomes, multiple types of longitudinal imaging data (i.e., MRI,
DTI, and PET), and the survival outcome.

The multiomics data are commonly collected in AD studies to better understand the disease
mechanism (Hasin, Seldin and Lusis (2017)). For instance, the ADNI study (Veitch et al.
(2022)) collects metabolomics (i.e., the bile acid and purines), lipidomics, and proteomics
data, which provide a rich source of data to determine the effects of metabolites and
proteins in AD progression. Thus, the MFMM-LMRI may be extended to account for

the multiomics data. Specifically, the multiomics factor analysis (MOFA) approach that
integrates various types of omics data via factor analysis may be applied (Argelaguet et al.
(2018)). Alternatively, a Bayesian latent variable model that clusters multiomics data and
reduces the dimension using the latent variables may also be adopted (Mo et al. (2018)).

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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Spaghetti plot of ADAS-Cog 13, RAVLT-immediate, RAVLT-learning, MMSE, and CDR-

SB scores for randomly selected 15 subjects with MCI at baseline.
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Fig. 2.
A path diagram showing the structure of the multivariate functional mixed model with

longitudinal MRI data.
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represent the predicted longitudinal trajectories or survival probabilities, with the dashed
lines being 95% pointwise credible intervals.
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True values of parameters, bias, standard deviation (SD), standard error (SE), coverage probability (CP),

TABLE 1

Page 29

averaged mean-squared error (AMSE), and true and estimated iIAUC and IBS from 200 simulation replications

based on Setting 1(N = 800 for the training set, N = 300 for the testing set, with event rate around 35%)

Parameters Bias SD SE CP AMSE
Longitudinal outcomes
B =-06 -0.002 0.011 0.012 0.955 wm() 0011
B=04 -0.001 0.016 0.017 0.965 w()  0.003
o=1 0.010 0.010 0.012 0.890 () 0.005
0,=0.6 0.002 0.006 0.007 0.980 #1(d 0.007
o3=14 0.001 0.012 0.015 1.000 #(h 0.020
Survival outcome
a=03 -0.001 0.106 0.108 0.945 wi() 0.005
7 =04 0.023 0.130 0.090 0820 (v 0.044
711 =035 -0.032 0.087 0.083 0930  A,(W) 0.015
712=0.3 0.002 0.093 0.086 0.955  ga()  0.006
713=-0.3 -0.035 0.140 0.133 0.930  ¢p()  0.020
¥m1=0.4 -0.025 0.103 0.095 0.915 wm(¥) 0.013
V2= 0.2 -0.080 0.128 0.121 0.895  w,p() 0.019
V1= 0.3 -0.099 0.199 0.134 0.785  w,a() 0.016
V2 = 0.15 -0.068 0.153 0.138 0.885  w,u(1) 0.017
¥me1=—0.4 0.049 0.150 0.155 0.945 wus()  0.008
Vg2 = 0.2 -0.017 0.184 0.204 0970  wy() 0.007
Va1 = 0.6 0.127 0.233 0.210 0.870  wyp() 0.010
Ytz = 0.3 0.107 0.239 0.254 0.950  wyp() 0.009
¥ms1=—0.3 -0.004 0.250 0.260 0.950  wyp(h 0.011
V2 = —0.15 -0.028 0.313 0.336 0.950  wye(d) 0.007
wpga(D)  0.009
wpr()  0.007
wpup(d  0.009
() 0.007
wpsa() 0.009
Landmark time True iAUC  Est.iAUC  TrueiBS Est.iBS
T=04 0.788 0.741 0.061 0.064
T=05 0.757 0.718 0.057 0.059
T=0.55 0.739 0.705 0.055 0.056
T=06 0.712 0.678 0.053 0.054

Notations and abbreviations: iAUC: integrated area under receiver operating characteristic curve; iBS: integrated Brier score.
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The model performance statistics (A total of 1000 voxels are selected via the logistic regression classifier)

EAIC EBIC N. Parameters  Computation time (hrs)
Model 1—Longitudinal whole-brain 38,414 83,038 9681 0.7
Model 1—Baseline whole-brain 39,510 84,128 9680 0.4
Model 1—Longitudinal hippocampus 41,927 93,399 11,167 31
Model 1—Baseline hippocampus 42,484 93,943 11,164 0.3
Model 1—MFMM 39,502 84,097 9675 0.4
Model 2—Longitudinal whole-brain 38,411 83,030 9680 1.9
Model 2—Baseline whole-brain 39,533 84,147 9679 1.7
Model 2—Longitudinal hippocampus 41,490 93,408 11,166 2.1
Model 2—Baseline hippocampus 42,519 93,973 11,163 1.4
Model 2—MFMM 39,534 84,125 9674 1.7
Model 3-2S 41,611 86,229 9680 2.6
Model 3-MIM-MRI 43,548 88,543 9762 114
Model 3-bCox 39,554 84,122 9669 5.8
Model 3-NM 58,293 102,837 9664 1.0

Notations and abbreviations: EAIC: empirical Akaike information criterion; EBIC: empirical Bayesian information criterion. Model 1: the random

effects model; Model 2: the instantaneous model; MFMM: the multivariate functional mixed model; Model 3-2S: the two-stage approach; Model
3-MJIM-MRI: the parametric multivariate joint model with MRI data; Model 3-bCox: the Cox model with baseline covariates and five baseline

longitudinal outcomes; Model 3-NM: the nonmixed functional model. The computation was conducted on a 13th Intel i7-13,700 2.10 GHz CPU.
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Mean, standard error, and 95% credible intervals from Model 2 (the instantaneous model) with longitudinal

whole-brain voxels

Mean SE 25%  97.5%
Longitudinal outcomes
Bo: RAVLT-immediate -0.618 0.013 -0.645 -0.594
Bs: RAVLT-learning -0.680 0.017 -0.715 -0.645
Bs: MMSE -0.037 0.001 -0.038 -0.035
Bs: CDR-SB 0.176  0.005 0.167 0.185
Survival outcome
Age -0.004 0.010 -0.023 0.014
Female sex 0.158 0.155 -0.144 0.448
Education years 0.006 0.023 -0.041 0.051
ApoE-¢4 alleles 0.373 0.101 0.176 0.573
% 0.697 0.084 0.533 0.861
711: ADAS-Cog 13 0.266  0.090 0.094 0.449
712- RAVLT-immediate  0.111  0.095 -0.076  0.296
13- RAVLT-learning 0.024 0.092 -0.142 0.204
714: MMSE -0.172 0.063 -0.301 -0.057
715. CDR-SB 0.292 0.075 0.149 0.442
V1 0290 0.172 -0.050 0.618
Vo1 0.013 0139 -0.257  0.288
Va1 0.107 0119 -0.115  0.348
Y -0.050 0.205 -0.436  0.354
Y42 0.812 0471 -0196 1.710
Vsl 0.093 0176 -0.235  0.433

Notations and abbreviations: ADAS-Cog: Alzheimer’s Disease assessment scale—cognitive subscale; RAVLT: Rey auditory verbal learning test;
MMSE: minimental state examination; CDR-SB: clinical dementia rating scale—sum of boxes. The parameters y0 and y1 jare the association

parameters for the shared random profile U{# and subject-outcome specific random profile Wj{7) with the survival outcome, for j=1, ..., J=
5. The parameter vector ym= ym/, for /=1, ..., Lm=15, is the association parameter between the MRI-specific FPC score vector 7;/and the

survival outcome, where ym/= (ymip forr=1, ..., R/
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The estimated iIAUC and IBS (via the logistic regression classifier (we selected 1000 voxels)

TABLE 4

M1-Long-whole M1-Base-whole M1-Long-Hippo M1-Base-Hippo M1-MEMM
Landmark iAUC iBS iAUC iBS iAUC iBS iAUC iBS iIAUC  iBS
T=2 0.886 0.086 0.887 0.086  0.879 0.088 0.884 0.086 0.877 0.088
T=25 0.864 0.080 0.855 0.081  0.842 0.082 0.844 0081 0872 0.083
T=3 0.854 0.095 0.845 0.095 0.833 0.097 0.836 0.095 0.840 0.101
T=35 0.838 0.088 0.804 0.090 0.808 0.089 0.784 0.090 0.751 0.096
T=4 0.849 0.080 0.799 0.083  0.840 0.079  0.797 0.083 0774 0.084

M2-Long-whole = M2-Base-whole  M2-Long-Hippo M2-Base-Hippo M2-MEMM
Landmark iAUC iBS iAUC iBS iAUC iBS iAUC iBS iIAUC  iBS
T=2 0.882 0.087 0.884 0.088  0.876 0.087 0.881 0.088 0.873 0.088
T=25 0.872 0.079 0.878 0.078  0.859 0.078 0.866  0.077 0.871 0.079
T=3 0.858 0.095 0.860 0.094 0.848 0.094 0848 0.093 0.834 0.096
T=35 0.834 0.088 0.832 0.086 0.807 0.088 0.815 0.086 0.767 0.094
T=4 0.861 0.079 0.847 0.082  0.858 0.077  0.843 0.081 0.804 0.079

M3-2S M3-MJIM-MRI M3-bCox M3-NM

iAUC iBS iAUC iBS iAUC iBS iAUC iBS
T=2 0.854 0.091 0.870 0.097 0.863 0.087  0.697  0.102
T=25 0.843 0.078 0.867 0.089  0.810 0.086  0.675  0.092
T=3 0.826  0.092 0.843 0.107 0.799 0.096 0.682  0.107
T=35 0.807 0.085 0.795 0101  0.757 0.088 0565  0.102
T=4 0.833 0.078 0.829 0.088  0.762 0.083 0577  0.097

Notations and abbreviations: iAUC: integrated area under the receiver operation curve; iBS: integrated Brier score. M1: the random effects
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model; M2: the instantaneous model; Long-whole: longitudinal whole-brain MRI data; Base-whole: baseline whole-brain MRI data; Long-Hippo:
longitudinal hippocampus MRI data; Base-Hippo: baseline hippocampus MRI data; MFMM: the multivariate functional mixed model; M3-2S: the
two-stage approach; M3-MJM-MRI: the parametric multivariate joint model with MRI data; M3-bCox: the Cox model with baseline covariates and

five baseline longitudinal outcomes; M3-NM: the nonmixed functional model. M2-Long-whole is formatted bold indicating the final model
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