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ABSTRACT

Alzheimer’s disease (AD) is a complex and progressive neurodegenerative disorder, characterized by diverse cognitive and func-

tional impairments that manifest heterogeneously across individuals, domains, and time. The accurate assessment of AD’s severity
and progression requires integrating a variety of data modalities, including multivariate longitudinal neuropsychological tests and
multi-omics datasets such as metabolomics and lipidomics. These data sources provide valuable insights into risk factors associ-
ated with dementia onset. However, effectively utilizing omics data in dynamic risk estimation for AD progression is challenging

due to issues including high dimensionality, heterogeneity, and complex intercorrelations. To address these challenges, we develop

anovel joint-modeling framework that effectively combines multi-omics factor analysis (MOFA) for dimension reduction and fea-

ture extraction with a multivariate functional mixed model (MFMM) for modeling longitudinal outcomes. This integrative joint
modeling approach enables dynamic evaluation of dementia risk by leveraging both omics and longitudinal data. We validate the
efficacy of our integrative model through extensive simulation studies and its practical application to the Alzheimer’s Disease

Neuroimaging Initiative (ADNI) dataset.

1 | Introduction

Alzheimer’s disease (AD) is a progressively debilitating neurode-
generative disorder that poses significant challenges in diagnosis
and treatment. As of 2023, an estimated 6.7 million older Amer-
icans are afflicted with Alzheimer’s dementia, a figure increas-
ing each year [1]. This increasing prevalence underscores the
critical need for early diagnostic biomarkers and advanced pre-
dictive models for disease progression, particularly from the
mild cognitive impairment (MCI) stage, an intermediate stage
between the normal cognitive decline of normal aging and

the more severe decline of dementia [2]. Initiatives such as
the Alzheimer’s Disease Neuroimaging Initiative (ADNI) [3],
under the Accelerating Medicines Partnership-Alzheimer’s Dis-
ease (AMP-AD), provide multimodal datasets, including mul-
tivariate longitudinal neuropsychological tests and multi-omics
data (metabolomics [4, 5] and lipidomics [6]), offering new
insights into AD progression. We aim to leverage these mul-
timodal data resources to develop a modeling framework
for assessing dementia risk, which can support early and
personalized interventions, a critical step in altering disease
trajectories [7].
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The landscape of AD modeling has seen significant advance-
ments through the Joint Model (JM) framework, integrating
longitudinal and survival data [8, 9]. This framework, often
comprising a generalized linear mixed model coupled with a
Cox model, effectively captures the association structures within
the data [10, 11]. Recent developments include multivariate JMs
to accommodate multiple longitudinal outcomes [12, 13] and
versatile functional forms for modeling associations [11]. A novel
application of JMs is risk stratification over time, which contin-
ually updates survival probabilities and longitudinal trajectories
based on new data [14]. However, traditional approaches face
limitations, particularly in accommodating nonlinear patterns
and potential model misspecifications in longitudinal outcomes
[15]. To circumvent these issues, we apply a data-adaptive non-
parametric method from functional data analysis, treating longi-
tudinal measures as sparse functional data to naturally capture
outcome heterogeneity and correlations [16]. This article uses a
Multivariate Functional Mixed Model (MFMM) [17, 18], allow-
ing simultaneous analysis of multiple longitudinal outcomes and
the timing of dementia onset among individuals with MCI.

The incorporation of multi-omics data into AD research poses
distinct challenges. The high dimensionality of omics data, often
surpassing sample sizes, introduces the “Curse of Dimensional-
ity,” complicating the analysis of molecular feature combinations
due to computational limits and data sparsity [19]. Furthermore,
the inherent heterogeneity and variability of omics data, com-
pounded by redundancies among covarying data points, hinder
diagnostic precision and reproducibility. To address these

issues, our modeling framework incorporates Multi-Omics Fac-
tor Analysis (MOFA) [19], a robust approach that systematically
decomposes key sources of variation within multi-omics datasets.
MOFA effectively disentangles principal variation sources in
multi-omics datasets, identifying heterogeneous axes shared
across multiple modalities and those unique to individual data
types. The resultant factors from MOFA, which predominantly
capture variation across data modalities, are capable of address-
ing the correlations within diverse omics datasets. These factors
are subsequently utilized as covariates in our model to effectively
represent and analyze the influence of multi-omics data.

In this article, we develop a joint modeling framework that
integrates the baseline multi-omics data with multivariate lon-
gitudinal neuropsychological outcomes into a comprehensive
risk assessment tool for dementia onset. We first incorporate
the cross-sectional multi-omics data, employing MOFA for
dimension reduction and feature extraction. Subsequently, we
model a range of longitudinal neuropsychological outcomes
using MFMM and integrate them with survival data, thereby
enabling the evaluation of dementia risk among individuals
with MCI. Figure 1 illustrates the steps required to implement
the proposed approach. Our approach offers three significant
contributions: (1) it is a pioneering effort in integrating compre-
hensive AD profiles, including omics data, neuropsychological
measures, and survival outcomes, (2) it facilitates individualized
risk assessment over time to support clinical decision-making,
and (3) it delivers computational efficiency through Python [20],
Stan [21], and R [22], streamlining the analysis process.
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FIGURE1 | Workflow of the proposed integrative modeling approach for risk assessment, showing data inputs, processing steps, and final outputs.
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The remainder of this article is structured as follows: Section 2
introduces the motivating ADNI study. Section 3 details our mod-
eling framework and implementation. Section 4 presents a com-
prehensive simulation study, followed by the application of our
approach to the ADNI dataset in Section 5. We conclude with
remarks and discussions in Section 6.

2 | A Motivating Data

Our work is motivated by the ADNI study, an extensive, ongo-
ing multicenter study aimed at understanding early detection
and prevention of Alzheimer’s Disease (AD) through clinical,
genetic, cognitive, and biochemical markers. Our primary objec-
tive is to assess the contribution of baseline multi-omics data
in enhancing the accuracy of AD progression risk assessment,
in conjunction with multiple longitudinal neuropsychological
outcomes, to estimate dementia risk over time. The clinical and
omics data were accessed on February 28, 2022, comprising
681 subjects with MCI at baseline, spanning across the ADNI1,
ADNI2, and ADNI-GO phases.

For our analysis, we select four types of omics data, each pro-
viding a unique “view” or “modality” of biological information:
p180, bile acids, and two sets of lipidomics data generated from
distinct platforms. Here, “view” or “modality” refers to each dis-
tinct type of data capturing different biological aspects, while fea-
ture counts represent the number of individual measurements
within each view, indicating the dimensionality and detail level
of the data. A comprehensive description of each omics modal-
ity and data preprocessing steps is provided in Section S1. Table 1
provides an overview of these omics datasets, including the num-
ber of analytes before and after preprocessing, alongside their
respective quantification techniques.

In addition to the omics data, we select five longitudinal neu-
ropsychological assessment tests for the MCI group, as informed
by prior studies [17, 18]. These include the Alzheimer’s Disease
Assessment Scale-Cognitive 13 items (ADAS-Cog 13), Rey Audi-
tory Verbal Learning Test immediate recall (RAVLT-immediate),
Rey Auditory Verbal Learning Test learning curve
(RAVLT-learning), Mini-Mental State Examination (MMSE),
and Clinical Dementia Rating Scale-sum of boxes (CDR-SB).

TABLE1 | Summary of multi-omics data in the ADNI study.

Analytes Quantification
Modality initial/final technique
p180 179/124 UPLC-MS/MS; Biocrates
Life Sciences AG [4, 23]
Bile Acids 15/15 Biocrates Bile Acids kit |5,
24]
Lipidomics 250/236 NMR platform [25]
(NMR)
Lipidomics 578/578 Baker lipidomics platform

(Baker) [6]

Abbreviations: Baker, Baker Heart and Diabetes Institute; NMR, the Nightingale
Health Platform; UPLC-MS/MS, ultraperformance liquid chromatography tandem
mass spectrometry.

Higher ADAS-Cog 13 and CDR-SB scores, and lower scores on
the remaining tests, correlate with more severe cognitive and
functional impairments and increased dementia risk [26].

‘We also consider four baseline clinical variables as covariates in
our survival model: age, sex (1 for females, 0 for males), educa-
tion (in years), and Apolipoprotein E (ApoE) e4 alleles (counted
as 0, 1, or 2 alleles). The primary survival event of interest is the
time from study baseline to dementia diagnosis, allowing us to
assess risk factors associated with dementia onset. Ultimately, our
analysis includes 607 individuals and 2908 visits (278 dementia
events, 45.8%), all with valid and complete omics and longitudi-
nal data and MCI at baseline.

The mean age at baseline is 73.07 years (SD = 7.45 years), with
250 females (41.18%). The mean years of education is 16.03 (SD
= 2.81). For ApoE-e4 allele distribution, 281 individuals (46.29%)
have 0 alleles, 253 individuals (41.68%) have 1 allele, and 73 indi-
viduals (12.03%) have 2 alleles. The mean follow-up period is 2.85
years (SD = 2.41 years). We did not display the percentage of
dropouts due to truncation; longitudinal visits at or after demen-
tia onset were truncated in our analysis.

3 | Methods

In this section, we outline our data structure and describe
methodologies to extract pertinent information from multi-omics
and multivariate longitudinal outcomes, which are integral for
assessing the risk of AD dementia. We summarize the data com-
ponents as follows:

1. Omics Data: The cross-sectional multi-omics data con-
sist of M distinct data matrices (views), each containing
D,, view-specific features. We denote these data as Y =
{Y,}=1.... .m> Where Y, represents measurements on N
subjects for the m-th omics view (e.g., M = 4 as shown in
Table 1).

2. Survival Data and Baseline Covariates: Each subject i (i =
1,...,N) has an observed event time T = min{T,,C,},
where T7; is the true failure time and C; is the indepen-
dent censoring time. The censoring indicator is 6, = I(T; <
C;), where I(-) is an indicator function. Baseline covari-
ates for each subject are represented by a length-P vector,
o, = {w;,} -, _p>which may include demographic or clin-
ical variables.

3. Longitudinal Neuropsychological Outcomes: For each sub-
jectiatvisitj (j =1, ..., J;), multivariate longitudinal out-
YYYY x are observed, where L, represents
the k-th longitudinal outcome recorded at time 7;; (7;; <
T7). Here, K represents the total number of longitudinal
outcomes. For simplicity, we define L;;, = L;(t;;) and use
these notations interchangeably.
- Missing longitudinal outcomes, denoted as L, (z;,), and
their missing status, indicated by /,;, (equal to 1if L;;(#;)
is missing), are assumed to follow a missing at ran-
dom (MAR) mechanism. It is not necessary that all ele-
ments of the vector L;(#;) are observed at time 7.
We impute the missing elements under the missing at
random (MAR) mechanism, which is discussed later in
Section 3.4.

30f13

85U8017 SUOLILLIOD @A 18810 3cedldde ayy Aq peusencb o e sajoiLe VO ‘8sn Jo Se|ni Joj Afeiq178UlUO A8]IAA U (SUORIPUOD-PUR-SLURIALI0O" A3 IM"A g U UO//SANY) SUORIPUOD pUe SWiB | 8U 88S *[5202/80/50] U0 AkeidiTaulluo Ao|Im ‘saireiq i AisieAlun @na Aq SOTOZ WIS/Z00T 0T/I0p/L00" A3 |IM AIq Ul |uoy/sdny Wouy papeojumod ‘2T-0T ‘SZ0Z ‘8520260T



In the subsequent sections, we detail the models for each data
modality within a joint modeling framework that integrates
multi-omics and longitudinal neuropsychological data. The base-
line multi-omics data undergo decomposition via latent factor
analysis, enabling the extraction of significant information. The
resultant latent factors are then used as features within the sur-
vival model. This methodology facilitates the joint modeling
of longitudinal and survival data, enabling risk estimation for
dementia progression while efficiently capturing the inherent
correlations among these data components. For an overview of
the data flow and modeling process, please refer to Figure 1.

3.1 | Multi-Omics Data Submodel

We first address the modeling of cross-sectional omics data, con-
sidering the inherent challenges of high dimensionality, hetero-
geneity, and intermodality correlations. In this context, an “ac-
tive view” refers to a specific omics layer or type of data (e.g.,
transcriptomics or proteomics) that significantly contributes to
explaining biological variation. An “active factor” is a latent vari-
able derived from MOFA that captures key sources of variation
across different omics views or within specific views. We apply
MOFA [19] to decompose the omics data Y as

Y, =ZW. +¢,,Z € RVF W, € RPF,
€, ERVPn m=1,., M (1)

Here, Z = [z;,] € RV denotes the low-dimensional factor
matrix common to all Y,,, and W, = [w, ;| € RP»F repre-
sents the weight matrices for each data matrix m, linking the
high-dimensional space to a low-dimensional representation by
F latent factors. The term e, = [¢,, | € RN*P» denotes the
view-specific residual noise.

The flexible decomposition of omics data Y accommodates
diverse data types, including continuous, binary, and count
data, with noise term €, varying according to the data dis-
tribution. Specifically, for continuous data, we adopt a Gaus-
sian noise model €, , ~ N(0,1/z, ), with the precision param-
eter 7, . For binary data, we assume a Bernoulli likelihood
Y|Z, W ~ Ber(a(ZWT
tic link function. Lastly, for Poisson data, we employ the Pois-
son likelihood Y|Z, W ~ Poisson(/l(ZVVT , where the rate

function A(c) = log(1 + ¢°) [19]. Efficient variational inference
with non-Gaussian likelihoods is achieved via local varia-
tional bounds, approximating non-Gaussian data with Gaussian
pseudo-data through a second-order Taylor expansion [19, 27].

, where o(c) = (1 + e)™" is the logis-

The proposed model sufficiently addresses three primary chal-
lenges encountered in omics data analysis and contributes to risk
assessment in AD. First, MOFA facilitates dimensional reduction
by deriving an interpretable low-dimensional representation
with the learned factors Z. These factors considerably reduce
the dimensionality of the original high-dimensional omics data.
Second, the view-specific weight matrix W,, enables MOFA to
capture the unique contribution of each factor within each data
modality and to distinguish factors that are shared across multi-
ple modalities from those that explain variation in only a subset
or a single modality. This process effectively unravels both shared

and unique variations among the various omics layers. Lastly,
the application of MOFA results in learned factors Z that are
common to different omics views. These factors predominantly
capture the variation across data modalities, thereby facilitating
their integration into the model for risk estimation in AD.

3.2 | Longitudinal Submodel
for Neuropsychological Outcomes

For the multiple longitudinal neuropsychological outcomes, we
assume that each observed L, (7;,) is a proxy measurement for the
true latent process X, (;;), modeled via the Multivariate Func-
tional Mixed Model (MFMM) [18]. Specifically, L, (t;;) is decom-
posed as:

= Xt (1)) + e X (1) = m(ty))
+ B {Uit) + Wy} @

Ly (1)

where X, (¢) consists of three components: (1) the fixed mean
function y, (¢) for outcome k, which depends solely on time; (2)
the shared latent profile U,(t), capturing subject-specific devi-
ations from u,(f) and reflecting the overall disease risk trajec-
tory; and (3) the subject- and outcome-specific random effect
W, (1), characterizing unique progression patterns for subject i in
each outcome. The scaling parameter g, quantifies the expected
change in outcome k per unit increase in U,(¢), with differing
signs of f, across outcomes indicating negative correlations. For
identifiability, g, is set to 1, as ADAS-Cog 13 serves as the first lon-
gitudinal outcome. A higher value of U, () indicates a more severe
disease status. The noise terms e, ;, follow a normal distribution
N(0, a,f). We assume that U, (t), W, (1), and ¢, are mutually inde-
pendent and also independent across subjects.

To model the latent processes U,(-) and W.(-), we treat
them as two distinct zero-mean Gaussian processes with
covariance functions Cy(s,7) = Cov{U,(s),U;()} and Cy(s,1) =
Cov{ W, (s), W, (1) }, respectively. Here, C, (s, 1) is common across
all longitudinal markers, allowing for a unified representa-
tion of covariance within the outcome-specific deviations. Uti-
lizing spectral decomposition, these functions are expressed
as Cy(s,1) = Y, do (), (1) and C\(s,1) = Y, dy,y; (9w, (1), with
ordered eigenvalues d, >dy, >--- and d;; >d;, >---. The
corresponding orthogonal eigenfunctions ¢,(-) and y;(:) sat-
isfy the conditions /"¢, (), (t)dt = [y, (), (1)dt =1;,_,. The
Karhunen-Loeve expansions for U,(f) and W, (¢) are then repre-
sented as U, (1) = Y5, ¢,(D&; and W, (1) = X5, wi(t)Sy» Where
&, ~ N(0,dy,) are the functional principal component (FPC)
scores for U,(t), independent over /, and ¢, ~ N'(0, d,,) are the
FPC scores for W, (7), independent over k and /. The eigen-
functions ¢,(¢) and y,(¢) delineate the evolution patterns of the
latent disease profiles, with &; and {;,, indicating the degree to
which subject i’s latent disease profile aligns with these patterns.
The covariance matrix between the latent processes is denoted
as Cy = cov(X, (s), X;v(s)). We employ the multivariate fast
covariance estimation method [28] for its estimation. After esti-
mating C, and C;, as detailed in Section 3.5, eigendecomposition
is performed on €, and C, to obtain ¢,(t) and ,(¢). In practice, we
truncate the series to a finite number of patterns, approximating
Uit = X2, ¢,(0DE; and Wy (1) ~ ¥ wi()Cy,» where L, and L,
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are the selected number of patterns for U,(r) and W, (t), respec-
tively, chosen based on the proportion of variance explained
(PVE) criteria [29].

3.3 | Survival Submodel Incorporating Omics
and Longitudinal Data

To model survival data, we employ a Cox model that integrates
signals from baseline omics and longitudinal neuropsychological
measurements. This joint model includes estimated latent factors
ZIT from the omics data, baseline covariates, and subject-specific
longitudinal profiles as predictors. The hazard function for sub-
ject i at time ¢ is specified as

hy(1) = hy(t) exp {wiTy +2 a+F(X,1) } 3)

where h(7) is the baseline hazard, modeled as a piecewise con-
stant function [30, 31]. The coefficient vector y corresponds to the
baseline covariates ;, while a quantifies the association between
the omics-derived latent factors Z, and the risk of dementia. The
term F(X;,?) captures the influence of multivariate longitudi-
nal outcomes X; on the hazard at time ¢ through subject-specific
latent functional processes. It is defined as F (X, 1) = Zfslfi,%, +
Zlezlelgik,elk,, where &, and ¢, are the FPC scores from the
shared and outcome-specific latent profiles, respectively, and 6,
and 6,,, are the corresponding regression coefficients. This for-
mulation enables the model to account for latent features driving
the association between longitudinal cognitive decline and sur-
vival outcomes [32, 33]. Alternative functional forms for F(X, 1),
such as those proposed in prior work [34], can also be employed
depending on the application context.

3.4 | Formulation of the Full Likelihood

The full likelihood formulation integrates the longitudinal,
omics, and survival components for each subject i, incorporating
both observed and imputed data across these modalities. The
parameter vector, denoted as O = (A,dy,d;, 0,7, a.p, O)T,
parameterizes specific aspect of the model. Here, A=
(A,A,, ...,Ag) represents the basis functions for the
longitudinal outcomes detailed in Section 3.5, where each
A, = (Ay. ..., A,) is specific to outcome k. The components
dy = (doy» -+, dop,) and d, = (dyy, ... dy; ) are the eigenvalues
for the shared and outcome-specific random profiles. Additional

model parameters include g = (f,, ....0x), 6 = (01, ...,0x),
and 0= (6,,0,,,...,0,x), where 6= (6, ...,600,) cap-
tures shared profile effects and 6, = (614, ..., 0, ) captures

outcome-specific effects for outcome k. For subject i, the
FPC scores for the shared latent profile U,(r) are denoted by
& = (&1, ---»&1,), and the FPC scores for each outcome-specific
latent profile W, (1) by & = (Suas -+ > Cur, ) fork =1, ..., K.

The full likelihood is expressed as
1©) = Y log( L @) L™ (012,) L™ (©)
i=1

f(&.¢h. ... Cikldy.d) P(©)), with 4)

K J
L) = [TT17 (L (1)1€: €)™

ey
(L) 16.20) "™

L1®) = hy(T31€. 6,40 Z,)" S (T &, €10 Z,), and

Ly (1) ~ NQu(t) + B AU ) + Wt} 62). 5

In this notation, Liong(G)) represents the likelihood function
for the longitudinal data, accommodating both observed and
imputed values L,, (1 j) for missing outcomes. The omics likeli-
hood Lo™i(@|Z,) incorporates the learned latent factors Z,, and
the survival likelihood L{"™(®) includes both hazard and sur-
vival components. The survival probability .S;(¢) at time ¢ is com-
puted with the baseline hazard function h,(f). To approximate
the cumulative hazard function, we used a 15-point Gaussian
Legendre quadrature, balancing computational efficiency with
accuracy. The prior distribution P(®) is assigned to the entire
parameter set ©, and the missing longitudinal outcome L, (1 j)
is imputed from the posterior distribution in Equation (5).

3.5 | Model Estimation

Our model estimation process involves first deriving latent factors
from the multi-omics data model (1) and subsequently incorpo-
rating these into the Cox regression model (3). Below, we detail
the estimation procedures for each component.

For the multi-omics data, we implement a two-level regulariza-
tion on the weights W,, [19]. The first level of regularization
promotes view- and factor-wise sparsity, allowing the model to
distinguish active factors across different omics levels. The sec-
ond level targets feature-wise sparsity, under the assumption that
biological variability is typically sparse, leading to a few features
with significant weights. This dual sparsity is achieved by com-
bining an Automatic Relevance Determination (ARD) prior for
view- and factor-wise sparsity with a spike-and-slab prior for
feature-wise sparsity. Further details on these prior distributions
are discussed in Section 3.6.

The inference for omics data employs a variational Bayesian
framework [19], utilizing mean field approximation for approx-
imate inference [35]. This approach approximates the complex
posterior distribution by minimizing the Kullback-Leibler diver-
gence, or equivalently, maximizing the evidence lower bound
(ELBO). Algorithm convergence is monitored via the ELBO. A
comprehensive overview of this variational inference and its spe-
cific implementation in MOFA is available in Argelaguet et al.
[19]. The estimated latent factors, denoted as Z, are subsequently
utilized in the Cox model (3).

For longitudinal biomarkers, we estimate the fixed mean func-
tion y,(¢) using cubic B-spline functions, represented as y, (1) ~
Z;;lbp(t)Ak »» where b, is the p-th cubic B-spline function at time
1, and A, is the corresponding regression coefficient for out-
come k. We then apply a fast covariance estimation method for
multivariate sparse functional data [28] to estimate auto- and
cross-covariance functions Cy,, (s, 1) = cov(X,,(s), X,/ (¢)) and the
error variances 6i using bivariate penalized splines. These esti-
mated covariance functions are used to obtain f,, the scaling
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parameters for each outcome, following the procedure in Zou
et al. [18]. Subsequently, we compute C, and C, by solving
least squares equations. Any negative eigenvalues are discarded
to ensure positive semidefiniteness of the estimated covariance
operators. Finally, we perform eigendecomposition of éo to
obtain the eigenfunctions ¢,(r) and w;(f). The number of eigen-
functions retained for each component is determined using the
PVE criterion, with a threshold set at 95%.

3.6 | Bayesian Inference Implementation

Fitting the proposed model involves three main steps: first,
MOFA is applied to the omics data to derive latent factors; sec-
ond, eigenfunctions are estimated from the longitudinal out-
comes; and third, posterior samples are obtained via the Markov
Chain Monte Carlo (MCMC). Following model construction, pos-
terior means derived from these samples are used to estimate
subject-specific risk probabilities. This workflow forms the basis
for dynamic risk estimation and is implemented consistently
across both simulation and real data analyses.

The model fitting is executed using the No-U-Turn Sampling
(NUTS) algorithm, implemented in Stan [21], to obtain poste-
rior samples. For both the simulation study and real data analysis,
we run multiple independent MCMC chains (two for simula-
tion and four for data analysis), each with 3000 burn-in itera-
tions and 1000 post-warm-up iterations, yielding a total of 2000
or 4000 posterior samples. Convergence of the MCMC samples
is diagnosed using the scale reduction statistic R, with R < 1.1
indicating satisfactory mixing [21]. We calculate the Effective
Sample Size (ESS) using all post-warm-up samples combined
across chains, accounting for both within-chain autocorrelation
and between-chain variation. ESS reflects the number of effec-
tively independent draws from the posterior distribution. When
samples are independent, ESS equals the total number of sam-
ples; however, due to correlation, ESS can vary. Notably, the
NUTS sampler can produce negatively correlated samples, which
may result in ESS values exceeding the nominal sample size
per chain [36]. In both our simulation and data analyses, such
ESS values (e.g., exceeding 2000 or 4000) indicate efficient sam-
pling and support the reliability of posterior inference. From
these samples, we compute the posterior mean, standard devi-
ation, and 95% equal-tailed credible interval for each parameter.
The corresponding Stan codes are provided in Section S5. We
also uploaded the codes on Zenodo: https://zenodo.org/records/
14969084 with a GitHub release.

All computations were conducted on the Duke Computing Clus-
ter facility, utilizing four cores on a single computing node
per simulation. The software rstan automatically parallelizes
MCMC chains, efficiently leveraging available computational
resources. Among the steps, MCMC posterior sampling required
the most computational time, particularly as the sample size
increased, as displayed in Table 3. The time required for risk esti-
mation depends on both the number of subjects and the resolu-
tion of the time grid within the estimation window.

In terms of prior specifications, each chain starts with overdis-
persed initial values and noninformative priors for all param-
eters in the MCMC estimation. For the omics data model

(Equation (1)), we assign standard normal priors for the factors
p(z;5) = N'(z;£]0,1) and conjugate Gamma priors to the residual
noise precision parameter p(z, ) = G(z, la.,b,) with a, = b, =
1 x 107'%. The weight matrices W,, incorporate two levels of spar-
sity: view- and factor-wise, and feature-wise. Each weight i, , =
54 7 - Wy 7 is modeled through a spike-and-slab prior, combin-
ing a Bernoulli-distributed indicator s, , ~ Ber(9,,,) and a nor-
mal component i, , ~ N(©,1/a rm)- Regularization parameters
ay, and 9, which control the sparsity levels across factors and
views, follow Gamma (p(a,,,) = G(a,,|a,, b,) with a, = b, = 1 X
107'*) and Beta (p(9,,,) = Beta(8,,|ay, by) With ay = by = 1) pri-
ors, respectively.

For the longitudinal MFMM model (Equation (2)), regres-
sion parameters (A, B) are assigned normal priors N'(0,10%)
while variance parameters (d,, d,, o) have Inverse-Gamma
priors (Inv-Gamma(0.1,0.1)). Similarly, the survival model
(Equation (3)) uses normal priors N'(0,10%) for the regression
parameters y, «, and 6,,, 0,. These noninformative priors ensure
that regularization is data-driven, fostering unbiased estimation
across model components. The baseline hazard function h(?) is
modeled using a piecewise constant function with knot locations
at 4, 6, and 8 years.

To further validate the quality of our MCMC sampling, we
present convergence diagnostics, including ESS and R, for key
parameters in the simulation study in Table S13. Detailed expla-
nations of the ESS computation, its interpretation across multiple
chains, and the implications for sampling efficiency and con-
vergence are provided in Section S3. This supplemental section
confirms that all R values are below 1.1 and ESS values are suffi-
ciently large, supporting the reliability of posterior inference.

3.7 | Dynamic Risk Estimation Methodology

The dynamic risk estimation process involves initially deriv-
ing estimated parameters Z from multi-omics data, followed by
fitting Model (3) to obtain @. This fitting uses the estimated
scores and accounts for new observations to update f-‘(X[, t). Since
F(X,, 1) reflects the evolving relationship between a subject’s lon-
gitudinal outcomes and dementia onset risk, updates are made
to refine risk assessment as new observations become available.
These updated functions are then applied to estimate an individ-
ual’s probability of remaining event-free at future time points.
Specifically, for a new subject I, event-free until a landmark time
s, we estimate their evolving dementia risk at a future time s’ =
s+ At € T, where At is the estimation window. We define the
collection of the k-th longitudinal outcome until time s as Ly, =
(L), -, Ly (t;5)), where J is the total number of observa-
tions until time s. We first use the MCMC algorithm to obtain
the posterior samples of the FPC scores &; = (&;,) and & = ($pp)
using the distribution

P& ¢ ikl Ly - Lig.s' > 5,0,2))
« P(Lyy, ... Liglér.Cpp. o 81k ©)
P(s' > SIEpCrpe o L1k ©.2)) - P&y Epye -2 1k O,
where P(L;y, ..., Liglér.Crpo - E1x @)
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K J
= [T TP @ ntpIEr ¢ 00,
k=1

J=1

P(s' > 5|1, Cpps - 1 ©,.Z)) = exp [—/Ahl(t)dt],and
0
K
PELEns - Eikl0) = PEIO] [ P& 141©)
k=1

The latent longitudinal process for the kth outcome is estimated

as Xlk(sf) ~ (s + ﬁk{2f21d31(3')3u + ZIL=11V71(5’)511<1 }

Additionally, the conditional probability of remaining event-free
until time s’ is given by

Si(s's) =p(T} 2 5'|T* > s,0,, 2, F})

So (s') } exp {@] 7427 a+7(X,.1) }

Q

where S‘O(s) = exp {— fos izo(t)d t} is the baseline survival function.

Risk estimation performance is assessed through the integrated
area under the curve (iAUC) and the integrated Brier score (iBS),
which respectively measure the model’s discrimination (its abil-
ity to differentiate between subjects with and without the event)
and calibration (alignment between estimated and actual sur-
vival status) over the estimation window. The iAUC over the
estimation window 6 for a given landmark time 7 is defined as
IAUC(T, 8) = 1/(z, — ) ? AUC(T, 1)dt, where AUC(T. ) is the
time-dependent AUC at time ¢ based on estimates made at the
landmark time 7', and 7, and 7, are the bounds of the estimation
window §. This provides an aggregate measure of discrimination
over time. Similarly, the iBS aggregates the time-dependent Brier
score over the window, providing a comprehensive measure of
calibration and accuracy. In our simulation study and real data
application, we explore various landmark times and estimation
windows, calculating iAUC and iBS for a fixed landmark time
across a dense estimation window using Simpson’s rule to approx-
imate the integrals accurately [18].

The computational aspects of our analysis utilize various soft-
ware tools. B-spline functions are derived using the splines
package (v4.1.1), while Bayesian inference is facilitated by the
rstan package (v2.21.3). To estimate the Area Under the Curve
(AUC) and Brier Score (BS), the tdROC (v1.0) and ipred
(v0.9.12) packages are employed, respectively.

4 | Simulation Study

4.1 | Data Generation Process

To assess the proposed method’s risk estimation performance,
we conduct extensive simulations across four settings (Settings
A, B, C, and D). Each setting comprises 100 simulated datasets
with a total sample size of 400 subjects, split into 300 subjects for
training and 100 for testing. For setting A, we replicate for 200
datasets, further validating the estimation method. In Section S2,
we also examine simulation scenarios with varying missing data

probabilities, sample sizes, event rates, correlations between lon-
gitudinal outcomes, and distribution assumptions.

In the simulation of omics data, we employ the MOFA generative
model (1) across three views (M = 3) incorporating five factors
(F = 5). The factor matrix Z and weight matrices W are con-
structed to demonstrate view- and factor-wise sparsity, as detailed
in Section 3.6. Specifically, W is generated through element-wise
multiplication (W = S, * W), where the number of active views
is randomly selected from the range 1 to M. The sparsity matrix
S,, is sampled from a Bernoulli distribution Ber(0.5), and the
matrix W follows a normal distribution N (0, v/1/a,,), with each
a,, element randomly chosen from the set {1, 1000}. The factor
matrix Z is simulated similarly. To generate the omics datasets Y,
we consider different data types and feature counts. For Gaussian
omics data, the noise term e is modeled with a normal distribu-
tion N(0,/1/7,), setting 7, to 10. We explore a range of feature
counts, varying D,, from 1000 to 5000. Four distinct simulation
settings are examined to replicate real-world data settings: Set-
ting A: all views follow a Gaussian distribution with D,, = 1000;
Setting B: all views are Gaussian with D,, = 5000; Setting C: the
views are, respectively, simulated from Gaussian, Poisson, and
Bernoulli distributions with D,, = 1000; and Setting D: a simi-
lar mix of Gaussian, Poisson, and Bernoulli distributions for the
views, but with D,, = 5000.

For the generation of longitudinal data, we simulate three out-
comes (K = 3) as

Lijk = Xik(tij) + €jk» X () = (1) + ﬁk{Ui(t) + W/ik(t)}

where the true mean functions are set as p,(f) =10+ 5¢+
12, j,(t) = 10 + \/;, and p,(7) = sin(2f) + cos(27) + log(¢ + 1). The
eigenfunctions for the shared latent process U,(f) are set as
$,(1) = V/2sin(xt) and ¢,(t) = /2 cos(xt), with L, =2. The
eigenfunctions for the outcome-specific process W, () are
defined as y,(¢) = \/Ecos(an), with L, =1. Parameter set-
tings include d, = (5,2), d; =5, f, =-1.5, f; =04, and o =
(1.2,1,1). Observation times for longitudinal outcomes are gen-
erated on a sparse grid, S; =[0,7,,¢, +0.1,....,¢; + 0.9], where
t; is sampled from a multinomial distribution over the inter-
val [0.01,0.02,...,0.1]. Missingness is modeled with a logistic
probability logit(p;;;) = 0.5(;;; — 5), and the missing indicator
1;;, follows a Bernoulli distribution Ber(p;;;,). We also explore
another simulation scenario Al with the missing probability as
logit(p; ;) = 0.5(t;;; — 5) + 0.2w; in Section S2. We further evalu-
ate the model’s performance by exploring simulation scenarios
with varying sample sizes, event rates, correlations between lon-
gitudinal outcomes, distribution assumptions, and the missing-
ness assumption in Section S2.

For the survival outcome, we utilize the Cox model with the func-
. L K L .
tional form 7 (X, 1) = X% &80 + Xy 202y i Ora:

hy(1) = hy(t) exp {col.Ty +2 a+ F(X,1) }

The baseline hazard function is set as log(h,(¢)) = —3. Covariates
w; are simulated from a binomial distribution Binom(2, 0.4), and
parameters are set as y = 0.4, 6,; = 0.4, 6,, = 0.3,and 0,;; = 0.3,
0,5, = —0.3, 0,5, = 0.3. The parameter vector for omics data, a, is
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assigned as (0.5,0.5,1,1,1)". Censoring times are uniformly dis-
tributed to achieve an approximate event rate of 30%.

We assess the proposed method’s risk estimation performance in
both inference and risk quantification. For inference accuracy,
we compute the bias, standard deviation (SD), standard error
(SE), and coverage probability (CP) of the estimated parame-
ters. To evaluate the precision of function estimations, we cal-
culate the Average of Mean Squared Error (AMSE), defined as
AMSE = $ f; D (f,(s) — f(s))?. Here, r represents the rep-
etition index, .S is the number of points in a refined grid with s €
[0,0.01,0.02, ...,1],and f,(s) and f(s) are the estimated and true
function values at time s, respectively. For risk estimation perfor-
mance, we set specific landmark times 7 = [0.3,0.4, 0.5,0.55, 0.6]

and define an estimation window ranging from 0.1 to 0.25.

Following the approach detailed in Section 3.7, we calculate the
estimated iAUC and iBS for these intervals, comparing them
against the true iAUC and iBS values.

4.2 | Results From Simulation Studies

Table 2 presents the results of Simulation Setting A, character-
ized by 1000 features across each of the three continuous out-
come views. The findings confirm the robustness of our method:
parameter estimates show minimal bias, and variance estimates
align well with standard deviations, closely approximating stan-
dard errors (SE). Coverage probabilities consistently approach
the nominal 0.95 level, highlighting the reliability and statistical
validity of the approach. Additionally, the upper panel of Table 2
shows that the average mean squared errors (AMSEs) for the

TABLE 2 | Bias, standard deviation (SD), standard error (SE), coverage probability (CP), average mean squared error (AMSE), and true versus

estimated iAUC and iBS in Simulation Setting A across 200 replications.

Parameters Bias SD SE CPp AMSE

Longitudinal outcomes

dy =5 0.053 0.387 0.534 0.990 1y (1) 0.019
dy, =2 —0.058 0.217 0.211 0.925 R0 0.035
dy, =5 —0.089 0.307 0.291 0.930 Hs(1) 0.005
p,=-15 —0.002 0.022 0.022 0.955 b, (1) 0.009
p;=04 0.001 0.011 0.011 0.920 b, (1) 0.012
o, =12 0.014 0.026 0.023 0.875 y, (1) 0.003
o, =1 0.023 0.026 0.021 0.785

o3=1 0.004 0.018 0.018 0.950

Survival outcome

y =04 —0.001 0.230 0.230 0.965

a; =0.5 0.029 0.081 0.074 0.930

a, =0.5 0.012 0.080 0.080 0.945

az; =1 0.037 0.102 0.097 0.920

a,=1 0.028 0.096 0.103 0.950

as=1 0.050 0.109 0.109 0.925

0y, =04 0.005 0.109 0.099 0.935

0,,=0.3 0.034 0.189 0.172 0.940

0,,, =03 0.011 0.090 0.091 0.945

6,, =—0.3 -0.029 0.084 0.089 0.955

6,5, =03 0.013 0.101 0.097 0.935

Landmark time True iAUC Est. iIAUC True iBS Est. iBS

T=0.3 0.904 0.889 0.040 0.042

T=04 0.905 0.897 0.041 0.044

T=0.5 0.908 0.889 0.043 0.047

T =0.55 0.920 0.898 0.042 0.046

T=0.6 0.920 0.894 0.033 0.036

Note: In Setting A, all three omics views follow a Gaussian distribution with D,, = 1000 features per view, 300 subjects in the training set, 100 in the testing set, and a 30%
event rate. Parameter definitions: d;, and d,, are variances of the first two functional principal components (FPCs) &, of the shared random process U, (1); d,, is the variance
of the FPC ¢, for subject- and outcome-specific random profiles W;, (r) across three longitudinal outcomes (k = 1, 2, 3); f,, f; are association parameters in the longitudinal
model; y is the regression coefficient for a subject-specific covariate in the survival model; a, are regression coefficients for the latent factors Z in the omics model
(f=1,...,5); 0, and 0,,, are regression coefficients for &, and ¢;,, respectively, in the survival model. Mean functions: y, (t), u,(1), u5(1). Eigenfunctions: ¢, (1), ¢, (1), w, (7).
Abbreviations: AMSE, average mean squared error; iAUC, integrated area under the curve; iBS, integrated Brier score.
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TABLE 3 | Average computational times (in seconds) for each step of the proposed method: MOFA, eigenfunction estimation (EFE), posterior

sampling (MCMC), and dynamic risk estimation (DRE), across varying sample sizes n € 100, 200, 300.

MOFA EFE MCMC DRE
100 200 300 100 200 300 100 200 300 100 200 300
48.63 48.38 63.94 19.83 38.16 65.75 1013.26 2440.39 4143.82 17815.22 19178.98 17534.35

Note: Computational times are reported in seconds and averaged over multiple runs. Dynamic risk estimation was conducted over a 101-point time grid for 100 subjects.

mean functions (u; (¢), #,(¢), and p,(¢)) and eigenfunctions (¢, (7),
¢,(1), and y (1)) are close to zero, indicating excellent inference
performance. Similar results are observed across Simulation Set-
tings B, C, and D, as detailed in Section S2, Tables S1 to S3, demon-
strating consistent performance across diverse data settings.

The accuracy of risk estimation is assessed in the lower panel of
Table 2, which compares the true and estimated values of iAUC
and iBS. The close agreement between estimated and true values
confirms the robustness of the method for estimating risk proba-
bilities, supporting its practical applicability in personalized risk
assessment.

Table 3 presents the average computational times for each step of
the proposed method across varying sample sizes. As expected,
posterior sampling via Markov Chain Monte Carlo (MCMC) con-
stitutes the most time-consuming step, particularly as sample size
increases. Dynamic risk estimation (DRE) also requires substan-
tial computation due to its dependence on both the number of
subjects and the resolution of the prediction time grid. These
results underscore the importance of parallel computing and effi-
cient resource utilization in high-dimensional Bayesian model-
ing. The detailed computational workflow and setup are provided
in Section 3.6.

5 | Application to the ADNI Dataset: Integrated
Omics Analysis

In line with the methodology described in Section 2, our anal-
ysis integrates four distinct omics data modalities: p180, bile
acids, and lipidomics on two distinct platforms. Addressing
feature-wise missingness prevalent in these datasets, we apply
a comprehensive preprocessing protocol. This involved exclud-
ing features with complete missingness, performing logarithmic
transformations, and scaling for normality. Features deviating
significantly (more than five standard deviations) from the mean
were also excluded to ensure data integrity. Employing MOFA,
we adapt various likelihood models to effectively integrate these
omics modalities, aiming to capture their major sources of vari-
ance. The MOFA analysis identifies five key factors accounting
for 95% of the variance, each characterized by largely orthogonal
attributes indicative of independent sources of variation.

For longitudinal neuropsychological outcomes, our focus
is on five key measures: ADAS-Cogl3, RAVLT-immediate,
RAVLT-learning, MMSE, and CDR-SB scores. To achieve nor-
mality, we apply the Box-Cox transformation to all outcomes
(i.e., A =1(0.6,0.4,0.8,0,0) in the Box-Cox transformation). A
PVE threshold of 95% guided the retention of FPCs for both U,(r)
and W, (1), for k =1, ...,5, at levels of 2 and 1, respectively. In

addition, our survival model includes four baseline predictors:
age, sex, education level, and the number of ApoE-4 alleles.
This model also integrates the latent factors and longitudinal
neuropsychological outcomes to facilitate risk estimation as
illustrated in Model (3).

5.1 | Comparative Analysis of Risk Estimation
Performance in the ADNI Study

In this section, we present a comparative analysis of two mod-
els applied to the ADNI dataset. Our primary model, Model 1,
integrates multi-omics data with longitudinal neuropsychologi-
cal outcomes and survival information to enhance risk estima-
tion. For comparison, we introduce Model 2, a reduced model
that relies solely on longitudinal and survival data without
multi-omics data, excluding multi-omics features. In Section S4,
we also examine two additional models: Model 3, which includes
baseline covariates and MOFA-derived latent factors from omics
data, and Model 4, which includes only non-omics baseline
covariates.

The evaluation of these models is based on two critical metrics:
iAUC and iBS. To ensure robust and unbiased assessment, we cal-
culate the average of iAUC and iBS based on 100 replicates. For
each replication, we randomly select 30% of individuals from the
ADNI data as the testing set, with the remaining 70% forming
the corresponding training dataset. This process involves param-
eter estimation from training datasets, followed by application
and validation of the models on the testing set. Specifically, we
estimate the conditional probability of each subject remaining
event-free within a specified timeframe (s, s + Ar]. In alignment
with the semiannual assessment intervals of the ADNI study, we
select landmark times at 2, 2.5, 3, 3.5, and 4 years, with an esti-
mation window At ranging from 0.5 to 1.5 years.

Results in Table 4 indicate that the risk estimates from Models 1
and 2 do not differ significantly, as 95% confidence intervals over-
lap in each case. However, at larger landmark times (> 3 years),
Model 1 demonstrates superior performance, with higher iAUC
and lower iBS, suggesting improved discrimination and calibra-
tion. Thus, incorporating baseline omics data enhances risk esti-
mation in ADNI, supporting the preference for Model 1 in further
analyses.

5.2 | Model Fitting and Parameter Estimation
in the ADNI Study

In Table 5, we present the estimated means, standard errors
(SE), 95% credible intervals (CIs), effective sample size (ESS),
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TABLE4 |

nal outcomes and survival data) Model 2 (Baseline Model: is limited to longitudinal outcomes and survival data) in the ADNI study (values within

parenthesis represent 2.5% and 97.5% quantiles, respectively).

Comparison of estimated iAUC and iBS between Model 1 (Integrated Model: includes multi-omics information alongside longitudi-

iAUC iBS
Landmark time Model 1 Model 2 Model 1 Model 2
T=2 0.861 (0.801,0.917) 0.872 (0.822,0.924) 0.106 (0.076,0.136) 0.104 (0.074,0.134)
T=25 0.823 (0.705,0.906) 0.832 (0.720,0.925) 0.090 (0.051,0.127) 0.091 (0.054,0.130)
T=3 0.819 (0.713,0.896) 0.815 (0.729,0.891) 0.099 (0.054,0.146) 0.100 (0.057,0.148)
T=3.5 0.836 (0.644,0.965) 0.821 (0.642,0.944) 0.092 (0.042,0.140) 0.094 (0.048,0.143)
T=4 0.851 (0.621,0.966) 0.837 (0.621,0.961) 0.085 (0.048,0.125) 0.087 (0.048,0.127)

Abbreviations: iAUC, integrated area under the curve; iBS, integrated Brier score.

TABLE5 | Estimated Parameters from Model 1 in the ADNI Study: Mean, Standard Error (SE), 95% Credible Intervals (CI), Effective Sample Size
(ESS), and R.
95% credible intervals
Parameters Mean SE 2.5% 97.5% ESS R
Longitudinal outcomes
b, —0.523 0.016 —0.556 —0.492 339.265 1.009
RAVLT-immediate
ps: —0.580 0.020 —0.621 —0.542 468.498 1.006
RAVLT-learning
p, : MMSE —0.034 0.001 —0.036 —0.032 553.662 1.006
ps : CDR-SB 0.159 0.005 0.149 0.169 498.679 1.005
Survival outcomes
Age —0.002 0.009 —0.021 0.016 1181.608 1.004
Female sex 0.019 0.162 —0.290 0.336 2990.358 1.002
Education (years) 0.023 0.022 —0.021 0.066 2234.574 1.002
ApoE-e4 allels 0.313 0.100 0.114 0.505 3555.143 1.000
a 0.045 0.033 —0.019 0.110 4716.401 1.001
a, 0.076 0.038 0.004 0.151 4278.274 1.000
a —0.021 0.044 —0.107 0.061 4422.416 1.000
a, —0.078 0.054 —0.185 0.029 4299.047 1.000
as —0.103 0.063 —0.227 0.022 5159.989 1.000
0y, 0.642 0.049 0.549 0.742 2480.161 1.000
(75 0.892 0.111 0.678 1.113 1896.174 1.002
0111 0.192 0.053 0.090 0.298 1135.554 1.003
0,9, 0.069 0.051 —0.030 0.169 1043.298 1.005
015, 0.030 0.049 —0.062 0.131 1191.870 1.002
0,41 —0.048 0.041 —0.127 0.032 885.670 1.003
0,51 0.177 0.043 0.092 0.264 689.450 1.005

Note: 6,,, the regression coefficient associated with the FPC scores &;, from the shared latent trajectory U, (7), indicative of common patterns across multiple outcomes; 6,;,
regression coefficient linked to the FPC scores ¢;,, from the subject- and outcome-specific FPC latent trajectory W;, (1), reflecting individual variations for outcome k, where
k=1,....,5and [ =1.

Abbreviations: ApoE, Apolipoprotein E; CDR-SB, Clinical Dementia Rating Scale-sum of boxes; MMSE, Mini-mental State Examination; RAVLT-immediate, Rey Auditory
Verbal Learning Test immediate recall; RAVLT-learning, RAVLT learning curve.
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and R from Model 1. For the longitudinal outcomes, the coef-
ficients /3, through fi5 show statistical significance while using
transformed (Box-Cox) data. Specifically, a one-unit increase
in the shared random profile U,(r), which reflects worsening
cognitive function, correlates with a decrease of 0.523 units
in RAVLT-immediate (95% CI: [—0.556, —0.492]), 0.580 units in
RAVLT-learning (95% CI: [—0.621, —0.542]), and 0.034 units in
MMSE (95% CI: [—0.036, —0.032]), all on the transformed scale.
Conversely, the same increase is associated with a 0.159 unit rise
in CDR-SB scores (95% CI: [0.149,0.169]) on the transformed
scale. These associations are significant, controlling for the effects
of other covariates. This pattern suggests that, after Box—Cox
transformation and conditional on other factors, a worsening
cognitive function (reflected by higher values of U,(?)) is associ-
ated with elevated ADAS-Cog 13 and CDR-SB scores, and lower
RAVLT-immediate, RAVLT-learning, and MMSE scores, all of
which denote declining memory and functional capabilities.

In the domain of omics data, significant regression coefficients
are observed for the second latent factor. Specifically, a unit
increase in it corresponds to a 7.9% increase in the hazard
rate (95% CI: [1.004, 1.163]). We conduct a chi-square test to
examine the significance of the regression coefficient vector a =

d
(ay, ..., as) = 0. The test statistic T = 12.4— 2, with a p-value

less than 0.029, provides evidence that baseline omics data signif-
icantly contribute to risk estimation for AD progression.

Lastly, within the survival model, the ApoE-e4 allele from the set
of baseline covariates emerges as the only significant predictor.
Each additional ApoE-e4 allele correlates with a 36.75% increase
in hazard rate (95% CI: [1.121, 1.657]), indicating its influence
on the survival outcome, conditional on other covariates. Results
also indicate that subject-specific characteristic U,() influences
the survival outcome significantly as both the scores, &, and &,
are significant in the survival model. The hazard rate increases
with an increase in both of these scores. For a one-unit increase,
the increment in hazard rate is 90% (95% CI: [1.732,2.100]) for
the former, whereas it is 144% (95% CI: [1.970, 3.043]) for the
latter. Besides the subject-specific component, our analysis finds
scores that correspond to longitudinal features ADAS-Cog 13 and
CDR-SB significant for the risk of AD dementia. Hazard changes
in the same direction of the change in these scores. For example,
the hazard rate increases by 21% (95% CI: [1.094, 1.347]) and 19%
(95% CI: [1.096, 1.302]) due to a one-unit change in these scores,
respectively. This finding is consistent with the literature [26].

5.3 | Dynamic Risk Estimation Using Model 1
in the ADNI Study

To demonstrate the capability of Model 1 for individualized
dynamic risk estimation, we examine nine patients with varying
baseline ages and ApoE-e4 allele counts. Specifically, we con-
sider three age groups: 60-65, 70-75, and 80-85 years, with
each group comprising three subjects who have zero, one, or two
ApoE-e4 alleles. While baseline age is not a statistically signifi-
cant predictor in our survival model, we stratify by age group to
facilitate interpretation of how ApoE-e4 status affects risk pro-
files across age ranges. For this analysis, we construct a validation
dataset using only these nine subjects while fitting our proposed

model to the remaining ADNI participants. We perform dynamic
risk estimation at four landmark times: 18, 24, 30, and 36 months,
estimating each subject’s event-free probability up to 60 months
beyond each landmark time.

Figure 2 presents results for the 60-65 age group, showing esti-
mated probabilities of remaining in the Mild Cognitive Impair-
ment (MCI) state. The subject in the bottom panel, who car-
ries two ApoE-e4 alleles, has a consistently lower probability of
remaining event-free than those in the middle (one allele) and
top (no alleles) panels, indicating a higher risk of progression
to dementia. This pattern illustrates the utility of our method in
delivering detailed, personalized risk assessments—an essential
component for tailoring management and preventive strategies
in AD. Each plot includes 95% credible intervals for event-free
probabilities, with black vertical lines marking landmark times
and red vertical lines indicating individual censoring times. Cor-
responding results for the 70-75 and 80-85 age groups are pre-
sented in the Section S4.

6 | Discussion

In this study, we develop a comprehensive framework that
integrates multi-omics data, longitudinal neuropsychological
outcomes, and survival analysis to improve prognostic mod-
eling in Alzheimer’s disease (AD). The increasing availability
of multi-omics data, enabled by high-throughput profiling
technologies, introduces analytical challenges, including high
dimensionality, heterogeneity across different omics assays, and
complex interdependencies among biological features. Our
methodology addresses these challenges by leveraging
multi-omics factor analysis (MOFA) [19] for dimensional
reduction and incorporating multivariate longitudinal neu-
ropsychological outcomes, survival data, and baseline clinical
covariates to construct a comprehensive patient profile. Sim-
ulation studies confirm the robustness of this approach,
demonstrating accurate parameter estimation with mini-
mal bias across diverse data settings. The application of this
method to the ADNI dataset underscores its practical value
in personalized risk assessment, allowing clinicians to quan-
tify disease progression probabilities and identify individuals
at high risk of transitioning from MCI to more advanced
stages of AD. This integration improves risk estimation and
holds promise for early intervention and targeted treatment
planning.

Despite these strengths, several limitations suggest directions
for future improvement. First, while MOFA effectively reduces
dimensionality and extracts key biological signals, it primarily
captures linear patterns of variation, potentially overlook-
ing complex nonlinear relationships within and across omics
datasets. This limitation arises from trade-offs between model
complexity, computational efficiency, and interpretability [37].
Advanced nonlinear dimensionality reduction methods, such
as deep learning or kernel-based approaches, could better
capture intricate biological interactions and improve risk esti-
mation accuracy. Additionally, our current framework treats
baseline omics data as fixed covariates, without modeling their
evolving influence on neuropsychological trajectories over
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FIGURE2 | Estimated event-free probability curves with 95% credible intervals for three patients from the ADNI study, each aged 60-65 years at

baseline. Gray vertical lines represent the landmark times used for dynamic risk estimation, and red vertical lines denote individual censoring times.

time. Incorporating omics data into the longitudinal model-
ing process could better reflect the dynamic nature of disease
progression and provide a more holistic understanding of the
relationships between baseline molecular profiles and cognitive
decline.

Another methodological limitation lies in our reliance on pos-
terior means for risk estimation, which, while computationally
efficient, does not fully capture uncertainty within the Bayesian
framework. Future work should incorporate predictive poste-
rior distributions to rigorously quantify estimation uncertainty
and support more robust and interpretable risk assessments.
Furthermore, our two-stage modeling approach treats estimated
latent factors and eigenfunctions as fixed in subsequent modeling
stages, disregarding their estimation uncertainty. This may lead
to error propagation, potentially introducing bias into final risk
estimates. A fully joint modeling strategy that propagates esti-
mation uncertainty across all analytical stages would improve
both precision and reliability in AD risk estimation. Address-
ing these limitations will enhance the framework’s accuracy
and applicability, ultimately supporting more effective clinical
decision-making in AD.
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