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Abstract

Amidst a rising global incidence of Alzheimer’s Disease (AD) and an aging popula-

tion, the search for predictive structural brain biomarkers and effective treatments is

critical. Traditional multi-task learning (MTL) methods for predicting AD progres-

sion often focus on single cognitive scores across multiple time points. In contrast,

our innovative approach, the Adaptive Multi-Cognitive Objective Temporal (AMCOT)

mechanism, predicts AD progression by leveraging multiple cognitive assessments.

This method not only integrates diverse cognitive data but also captures temporal cor-

relations between different cognitive tasks, enhancing the model’s ability to forecast

disease progression. Unlike conventional MTL approaches that focus on isolated cog-

nitive scores or single-time series predictions, AMCOT dynamically identifies tempo-

ral correlations across various cognitive-objective scores at different time points. We

developed a novel MTL methodology using sparse group lasso techniques to pinpoint

biomarkers linked to cognitive assessments accurately. A robust algorithm designed

for large datasets significantly outperforms existing models in both overall and task-

specific performance. Moreover, we applied stability selection to determine stable MRI
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biomarkers, analyzing their temporal patterns to deepen our understanding of AD pro-

gression. This comprehensive approach offers significant advancements in predictive

accuracy and biomarker identification for AD. The implementation source can be found

at https://github.com/XuanhanFan/AMCOT.

Keywords:

Alzheimer’s Disease, disease progression, cognitive score, multi-task learning,

identification of biomarkers

1. Introduction

Alzheimer’s disease (AD) [1] is a prevalent neurodegenerative disorder character-

ized by severe dementia symptoms. According to the World Alzheimer’s Disease In-

ternational Report [2], 75% of global dementia cases are undiagnosed. As populations

age, the incidence of dementia is expected to rise sharply, potentially affecting 152.8

million people by 2050. AD is irreversible, and no cure exists, making early interven-

tion crucial. Definitive diagnosis often requires invasive procedures like brain biopsies

or autopsies, limiting early diagnosis and treatment efforts. Consequently, identifying

biomarkers of AD progression and developing predictive models are essential. Previ-

ous studies have employed various cognitive assessment tools such as the Clinical De-

mentia Rating Scale-Sum (CDR-SB) [3], Mini-Mental State Examination (MMSE) [4],

Alzheimer’s Disease Assessment Scale-Cognitive Subscale (ADAS-Cog) [5], Rey Au-

ditory Verbal Learning Test (RAVLT) [6], Functional Activity Questionnaire (FAQ) [7],

and Trail Making Test Part B (TRABSCOR) [8]. These tools [9] aid clinicians in mon-

itoring cognitive function and daily activities and, when combined with AD-specific

MRI biomarkers [10], improve early diagnosis and progression prediction. Moreover,

advanced machine learning techniques are increasingly applied to analyze MRI [11]

and cognitive data, enhancing AD research toward more accurate and operational ap-

proaches.

Deep learning methods face interpretability challenges and rely heavily on large

amounts of data [12, 13]. Despite significant correlations between cognitive assess-

ments at different time points due to disease progression, traditional single-task re-

2



Fig 1: Flowchart of the AMCOT method, which integrates target scores and temporal smoothness into a co-

hesive multi-task learning framework. This method combines temporal dynamics with correlations between

targets at each time point to establish a target-temporal correlation matrix. The temporal progression of these

associations and their representation through chord diagrams are detailed in Fig. 2.

gression models tend to ignore temporal correlations in cognitive states. Multi-task

learning (MTL) frameworks [14, 15] address this issue by analysing these temporal re-

lationships, significantly improving model performance. The core principle of MTL is

to improve model generalisation by exploiting relationships between related tasks [16].

Recent advances have shown that MTL can effectively predict disease progression, but

challenges remain in identifying task relevance and developing effective models. Yet

these frameworks predominantly treat each cognitive instrument as an independent pre-

diction target, ignoring a clinically important asymmetry: MMSE scores decrease with

disease progression whereas ADAS-Cog 13 scores increase, yet both reflect the same

underlying neurodegeneration and exhibit systematic co-deterioration. A model pre-

dicting either score in isolation cannot exploit this complementary cross-score struc-

ture.

Clinically, physicians rely on diverse cognitive tests and MRI scans to tailor AD

treatment plans, yet existing MTL methods often overlook the evolving longitudinal

dependencies among multiple cognitive assessment scores simultaneously. To address

this gap, we propose a new MTL framework that incorporates multi-target temporal
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domain correlations. Specifically, we implement a temporal smoothness strategy to

regularise consecutive cognitive score predictions and construct an adaptive correlation

matrix via Pearson coefficients to capture inter-score dependencies at each time point

(Fig. 1).

Given the nonsmooth regularization term in the objective function, which renders

it non-differentiable, we adopt the widely used ADMM algorithm [17, 18]. This al-

gorithm partitions the original problem into subproblems that can be solved in parallel

across multiple computing nodes and exhibits robust parameter tuning (e.g., penalty

parameters). Building on this property, we introduce a distinctive dynamic adjustment

strategy for the quadratic penalty coefficient [19], specifically designed to mitigate the

slow convergence and excessive iteration issues frequently encountered in ADMM. Ex-

tensive evaluations on the latest Alzheimer’s Disease Neuroimaging Initiative (ADNI)

dataset [20] confirm the approach’s superior predictive performance and robustness,

especially under stringent demands for high accuracy and rapid convergence.

We summarize our contributions as follows:

• We propose MTL-AMCOT, an innovative multi-task learning framework that

overcomes the limitations of prior longitudinal studies [14, 21, 22, 23, 24] on

AD, which typically consider only a single cognitive score at a time. Our ap-

proach adaptively integrates multiple cognitive objectives along with their tem-

poral dynamics, enabling a more comprehensive modeling of the multidimen-

sional evolution of cognitive states. Crucially, MTL-AMCOT explicitly exploits

the complementary directional asymmetry among scores (e.g., MMSE decreases

while ADAS-Cog 13 increases with disease progression), a structure that prior

single-score MTL methods ignore.

• We designed an ADMM-based dynamic adjustment strategy for the quadratic

penalty coefficient, designed to alleviate the high iteration count and slow con-

vergence commonly observed in MTL optimization on large-scale AD datasets,

particularly during hyperparameter tuning. Compared to conventional ADMM

methods without this strategy, our approach achieves a 43.61% reduction in the

average number of iterations and improves computational efficiency by 19.22%.
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• To enhance model decision transparency and reliability, we emphasize inter-

pretability and leverage interrelations among multiple scoring tasks. Analysis

of MRI biomarkers from different target scores shows that our model high-

lights both well-established key regions (e.g., hippocampus, entorhinal cortex,

middle temporal lobe) and potential biomarkers requiring further medical val-

idation (e.g., isthmus of the cingulate, inferior parietal lobule, cerebellar cor-

tex). Notably, the model’s focus on cerebrospinal fluid (CSF) aligns with recent

findings[10] on cognitive recovery, offering deeper insight into AD pathogenesis.

Organization:The structure of the remainder of this paper is as follows: Section

2 reviews related literature. Section 3 introduces our approach for managing multi-

objective temporal task relationships. Section 4 details the relevant optimization algo-

rithms. Section 5 presents experimental results. Section 6 concludes the paper.

2. RELATED WORK

2.1. Multiple Cognitive Scores for Assessing the Progression of AD

Several cognitive assessment instruments have been widely used to evaluate differ-

ent aspects of cognitive decline in AD, including the Clinical Dementia Rating Scale-

Sum of Boxes (CDRSB) [3], the Alzheimer’s Disease Assessment Scale-Cognitive

Subscale (ADAS-Cog) [5], the Mini-Mental State Examination (MMSE) [4], the Rey

Auditory Verbal Learning Test (RAVLT) [6], the Functional Activities Questionnaire

(FAQ) [7], and the Trail Making Test Part B (TRABSCOR) [8]. These instruments as-

sess complementary cognitive domains, including global cognition, memory, executive

function, and activities of daily living.

To improve sensitivity to early cognitive changes, Skinner et al. [25] proposed

ADAS-Cog-Plus by augmenting ADAS-Cog with measures of executive functioning

and functional ability. This development highlights an important observation: no single

cognitive score can fully characterise the multifaceted nature of cognitive deterioration

in AD. Instead, different cognitive assessments capture complementary and evolving

manifestations of disease progression. Consequently, jointly modelling multiple cog-
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nitive scores has the potential to provide a more comprehensive representation of AD

progression and improve longitudinal prediction.

2.2. Multi-task Learning Methods for AD Progression Prediction

Multi-task learning (MTL) has emerged as an effective framework for modelling

longitudinal disease progression by exploiting relationships among related prediction

tasks. Zhou et al. [21] proposed the Temporal Group Lasso (TGL), which assumes

that different time points share a common set of predictive biomarkers and performs

joint feature selection across all longitudinal tasks. However, TGL cannot adequately

capture temporal variations in biomarker relevance. To address this limitation, cFSGL

[26] introduced a sparse group Lasso regularisation strategy [27], enabling both shared

and task-specific feature selection.

Most early longitudinal MTL methods are built upon the temporal smoothness

assumption [14, 21, 26], which assumes that cognitive states and model parameters

change gradually between consecutive follow-up visits. Along this direction, Longitu-

dinal Stability Adjustment (LSA) [22] and Automatic Temporal Relationship (AutoTR)

[24] was proposed to adaptively learn global temporal dependencies from longitudinal

observations. Similarly, Liu et al. [23] incorporated a Laplacian sparse group Lasso

model to capture weighted dependencies among tasks through a graph-regularised for-

mulation. Despite their methodological differences, these approaches primarily focus

on relationships within the temporal domain and treat each cognitive assessment as an

independent prediction target.

Recognising that different cognitive scores often reflect complementary aspects of

the same underlying neurodegenerative process, Liang et al. [28] proposed the Bi-

Graph guided self-paced Multi-Task Feature Learning (BGP-MTFL) framework to

jointly model multiple cognitive objectives and exploit inter-task relationships. Never-

theless, existing approaches either model temporal relationships or exploit correlations

among cognitive objectives, but rarely consider that the relationships between different

cognitive assessments may themselves evolve over time during disease progression.

Consequently, a unified framework capable of simultaneously modelling temporal dy-

namics and the evolving interdependencies among multiple cognitive objectives re-
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mains largely unexplored.

2.3. Deployment of Machine Learning Systems for AD Prediction

Recent deep learning approaches have substantially advanced AD prediction by

leveraging large-scale multimodal datasets and highly expressive architectures, includ-

ing structured knowledge alignment for diagnosis [29], hybrid federated learning for

multi-centre detection [30], generative adversarial frameworks with foundation mod-

els for risk prediction [31], and contrast-enhanced hierarchical attention networks on

structural MRI [32]. Owing to their ability to automatically learn hierarchical repre-

sentations directly from raw MRI, PET, and clinical data, deep learning methods have

achieved impressive performance on benchmark datasets [33, 34, 35]. These capabil-

ities make deep learning particularly attractive for automated diagnostic pipelines and

large-scale cloud deployment.

Nevertheless, clinical deployment involves considerations that extend beyond pre-

dictive performance and computational efficiency alone. Longitudinal AD cohorts

frequently exhibit distribution shifts arising from variations in imaging scanners, ac-

quisition protocols, patient populations, and irregular follow-up schedules. Although

deep learning methods often achieve state-of-the-art performance under in-distribution

settings, their reliability and robustness under out-of-distribution scenarios remain dif-

ficult to characterise and monitor in real-world clinical practice [36]. Furthermore,

despite considerable advances in explainable artificial intelligence, the highly param-

eterised and nonlinear nature of deep neural networks makes their decision-making

processes inherently difficult to fully interpret from a clinical perspective. Such lim-

ited transparency may impede physician trust, hinder model validation, and ultimately

restrict routine clinical adoption [37, 38]. More recently, the rapid progress of large

language models has stimulated growing interest in incorporating agentic AI into clini-

cal diagnostic workflows, which is increasingly viewed as a promising direction for the

next generation of AI for healthcare [39]. However, substantial barriers remain before

such systems can be deployed in real-world settings. In particular, their safe and ef-

fective integration into healthcare systems requires adaptive oversight mechanisms and

flexible deployment pathways [40].

7



In contrast, MTL-AMCOT was explicitly designed around clinically meaningful

concepts that are already familiar to physicians. The proposed framework operates

directly on anatomically interpretable MRI biomarkers and routinely collected cogni-

tive assessments while explicitly modelling temporal progression and interdependen-

cies among cognitive objectives. Every model coefficient can be directly associated

with a specific brain region and cognitive score, enabling transparent biomarker-level

analyses and longitudinal stability investigations. More broadly, intrinsically inter-

pretable machine learning methods have been successfully deployed in numerous med-

ical applications. For example, LASSO, one of the most influential statistical machine

learning methods, has been successfully applied to dyslipidaemia and cardiovascu-

lar disease risk assessment [41] and to predicting interbody cage subsidence following

OLIF surgery [42]. Therefore, rather than competing directly with recent deep learning

approaches, MTL-AMCOT represents a complementary method that prioritises trans-

parency, robustness, and clinical interpretability, all of which are particularly important

for real-world deployment and decision-support systems in AD research.

3. METHODS

3.1. Problem Formulation

We formulate AD progression prediction as a MTL problem in which each cogni-

tive objective at each longitudinal time point constitutes one task. Table 1 summarises

the notation used throughout this paper.

Table 1: Summary of key notation.

Symbol Description Symbol Description

t Number of longitudinal time points O Set of cognitive objectives (scores)

o ∈ O A single cognitive objective i ∈ {1, . . . , t} Time-point index

ni Number of subjects at time point i p Number of MRI features (biomarkers)

Xo
i
∈ Rni×p Feature matrix yo

i
∈ Rni Cognitive score vector

Wo
i
∈ Rp Regression weight vector WO ∈ Rp×(t·|O|) Full weight matrix

H ∈ Rt×(t−1) Temporal difference matrix Mτ Adaptive target-correlation matrix

ℜ AMCOT penalty term λ1, λ2, λ3 Regularisation hyperparameters
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Fig 2: Variation in correlational information between scores on different cognitive objectives at different time

points.

The squared loss over all tasks and objectives is

L(Y, X,W) =
1

2

t
∑

i=1

∑

o∈O

∥

∥

∥Xo
i Wo

i − Yo
i

∥

∥

∥

2

2
. (1)

The input Xo
i

contains baseline MRI features; each row corresponds to one subject and

each column to one biomarker. The output Yo
i

is the vector of cognitive scores for

objective o at a future time point.

3.2. Temporal Domain Task Relationships±Temporal Smoothness Regularisation

Given the gradual progression of AD, task-specific model parameters at adjacent

follow-up time points are expected to change smoothly. Accordingly, we impose an ℓ1

penalty on the differences between regression weights at successive time points:

Ωtemp(Wo) =

t−1
∑

i=1

∥

∥

∥wo
i+1 − wo

i

∥

∥

∥

1
=
∥

∥

∥WoH
∥

∥

∥

1
, (2)

where H ∈ R
t×(t−1) denotes the temporal difference matrix, with Hi j = −1 if i = j,

Hi j = 1 if i = j+1, and Hi j = 0 otherwise. This regularisation promotes local temporal

smoothness and is consistent with the slow, progressive nature of AD, as well as prior

MTL formulations [21, 14].
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3.3. Adaptive Target-Temporal Correlation and AMCOT Penalty

Different cognitive target scores are pivotal for monitoring the progression of AD.

We utilise a comprehensive set of cognitive objectives O:

O =



































CDRSB,ADAS11,ADAS13,MMSE,TRABSCOR,

RAVLT_immediate,RAVLT_learning,FAQ,

RAVLT_forgetting,RAVLT_perc_forgetting



































(3)

To address scale differences, all targets are standardised via z-scores. We then

compute the Pearson correlation between objective pairs at each time point τ:

c
i, j
τ =

cov(yi
τ, y

j
τ)

σyi
τ
σ

y
j
τ

, i, j ∈ O. (4)

As shown in Fig. 2, significant temporal variations in correlations (both positive and

negative) exist among different cognitive objectives. These coefficients populate the

adaptive correlation matrix at each time point:

Mτ =





















































c
1,1
τ −c

1,2
τ · · · −c

1,o
τ

−c
2,1
τ c

2,2
τ · · · −c

2,o
τ

...
...

. . .
...

−c
o,1
τ −c

o,2
τ · · · c

o,o
τ





















































(5)

The sign convention Ð positive diagonal, negated off-diagonal Ð ensures that WMτ

yields pairwise residuals W i − c
i, j
τ W j for each objective pair (i, j), which are stacked

across pairs and time points to form the association matrix R (Algorithm 1).

Combining temporal smoothness (Eq. (2)) with the adaptive inter-objective corre-

lation, the AMCOT penalty is:

∥ℜ∥ = ∥WR∥ =

T
∑

τ=1

(

W i − M
(i, j)
τ ·W j) +

T−1
∑

τ=1

(Wτ+1 −Wτ), (6)

where R is the temporal±target association matrix constructed in Algorithm 1. The

first term penalises inconsistency between weight vectors of correlated objectives at

the same time point; the second term (cf. Eq. (2)) penalises large changes across con-

secutive time points. The full derivation of the penalty term ℜ is provided in Ap-

pendix B. The regularisation term ∥WR∥ thus penalises inter-task prediction inconsis-

tency weighted by correlation strength (Fig. 3).
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Numerical illustration. Consider two objectives (CDRSB, ADAS13) at two time points

(M00, M06), with observed Pearson correlations c
CDRSB,ADAS13
M00

= 0.7494 and c
CDRSB,ADAS13
M06

=

0.782. The per-time-point blocks are:

M
(2×2)
M00
=





















1 −0.749

−0.749 1





















, M
(2×2)
M06
=





















1 −0.782

−0.782 1





















.

Stacking the target-consistency blocks and the temporal difference H yields the associ-

ation matrix:

R(4×4) =



















































1 0 1
2
·0.749 0

−1 1 − 1
2
·0.749 − 1

2
·0.782

1
2
·0.749 0 1 0

− 1
2
·0.749 − 1

2
·0.782 −1 1



















































.

When wCDRSB deviates from 0.749 wADAS13 at M00, or from 0.782 wADAS13 at M06, the

corresponding off-diagonal entries in R generate a large penalty, directing the optimiser

to maintain weight vectors consistent with the evolving correlation structure across

time. The sign and magnitude of each R entry thus translate empirical correlations

directly into a structured regularisation signal.

Remark on correlation measure. The inter-target relationship in AMCOT is modelled

via Pearson correlation, which is straightforward to estimate and integrates directly

into Mτ without additional computational overhead. As this linear measure may be

insufficient for weakly coupled or nonlinear objective pairs, nonlinear alternatives such

as distance correlation are identified as a future extension (see Section 6).

3.4. One Novel MTL Method ÐÐ MTL-AMCOT

We employ sparse group Lasso regularisation Ð combining the ℓ1-norm for individual-

feature sparsity and the ℓ2,1-norm for group sparsity across tasks Ð to enable both joint

and task-specific biomarker selection [27]. The AMCOT penalty (Eq. (6)) further en-

codes the adaptive temporal±target structure. A novel MTL framework with AMCOT

penalty (MTL-AMCOT) is defined as:
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Fig 3: The target-temporal task relationship association matrix R used by AMCOT. Each 10 × 10 block

corresponds to one time point; diagonal blocks encode temporal smoothness weights, and off-diagonal

blocks encode the Pearson-correlation-weighted inter-target penalties M
(i, j)
τ . Colour scale: red= positive,

blue= negative association. Target associations visibly evolve across time points, motivating the adaptive

construction of Mτ.

min
W

1

2

t
∑

i=1

O
∑

j=1

∥X
j

i
W

j

i
− Y

j

i
∥22 + λ1

O
∑

j=1

∥W j∥1 + λ2

O
∑

j=1

∥W j∥2,1 + λ3∥ℜ∥1.

s.t.ℜ = WR. (7)

Where λ1, λ2, λ3 are fine-tuned parameters.

4. OPTIMIZATION ALGORITHMS

In this section, we design a quadratic penalty strategy incorporating an adaptive dy-

namically tuned ADMM to optimize the objective function-solving process for MTL-

AMCOT.

4.1. The ADMM-Based Algorithm

According to (7), it can be equivalently transformed into the following constrained

problem:

min
W,Θ,ℜ

O
∑

j=1

1

2
∥XW j − Y j∥2F + λ1∥Θ∥1 + λ2∥Θ∥2,1 + λ3∥ℜ∥1

s.t. W = Θ,ℜ = WR. (8)
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Unlike conventional MTL models where tasks decouple across time and target do-

mains, MTL-AMCOT introduces coupling through the AMCOT penalty, which we

handle via Cholesky decomposition of the resulting positive-definite system for nu-

merical stability.

Algorithmic flexibility is further enhanced by a dynamic adjustment of the quadratic

penalty coefficient combined with a linearisation technique, yielding an inexact ADMM

scheme. The corresponding augmented Lagrangian (Eq. 8) is defined as follows.

Lρ(W,Θ,ℜ,U,V) =

O
∑

j=1

1

2
∥XW j − Y j∥2F + λ1∥Θ∥1 + λ2∥Θ∥2,1 + λ3∥ℜ∥1

+ Tr(UT (W − Θ)) +
ρ

2
∥W − Θ∥2F + Tr(VT (ℜ−WR)) +

ρ

2
∥ℜ −WR∥2F .

(9)

Update for W:

Wk+1 = arg min
W

1

2
∥XW − Y∥2F + Tr(CT (W − Θ)) +

ρ

2
∥W − Θ∥2F

+ Tr(DT (WR −ℜ)) +
ρ

2
∥WR −ℜ∥2F .

(10)

The closed-form update for W is obtained by setting the gradient of Eq. (10) to zero

(full derivation in Appendix D):

XT XW + ρW + ρWF = XT Y − U + ρΘ − VG + ρℜG, (11)

where F = HHT and G = HT .

In the ADMM framework, iterative updates for the variables Θ, ℜ, U, and V are

critical for algorithmic convergence. The update rules are adapted from the standard

ADMM to fit our model’s specific regularization and structural requirements. Here, we

briefly present the update equation for each variable:

1. Update for Θ: The update for variable Θ at the k + 1 iteration is governed by the

optimization problem:

Θ(k+1) = arg min
Θ

1

2
∥Θ − (W (k) +

U(k)

ρ
)∥2F +

1

ρ
(λ1∥Θ∥1 + λ2∥Θ∥2,1) (12)

2. Update for ℜ: Similarly, the update for ℜ integrates a sparsity-inducing ℓ1-

norm, formulated as:
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ℜ(k+1) = arg min
ℜ

1

2
∥ℜ − (W (k)R +

V (k)

ρ
)∥2F +

λ3

ρ
∥ℜ∥1 (13)

3. Update for U: The update for U incorporates a dual ascent step, which is crucial

for adjusting the dual variables appropriately:

U(k+1) = U(k) + τρ(W (k+1) − Θ(k+1)) (14)

where τ is a step-size parameter that influences the rate of convergence of the dual

updates.

4. Update for V: Finally, the update for D is specified as:

V (k+1) = V (k) + τρ(W (k+1)R −ℜ(k+1)) (15)

This equation aligns with the dual update strategy, facilitating the alignment between

the primal and dual variables.

4.2. Dynamic Adjustment of Quadratic Penalty Coefficients

Static choices of ρ lead to an inherent trade-off: a large ρ reduces primal residuals

quickly but slows dual convergence, while a small ρ has the opposite effect. To balance

both, we dynamically adjust ρ at each iteration based on the primal and dual residuals:

rk = (Wk − Θk) + (WkR −ℜk), (16)

sk = (Θk − Θk−1) + (ℜk −ℜk−1)R⊤. (17)

If the two residuals are imbalanced by more than a factor of µ, ρ is scaled up or down

accordingly:

ρk+1 =











































γpρ
k, if ∥rk∥ > µ∥sk∥,

ρk/γd, if ∥sk∥ > µ∥rk∥,

ρk/2, otherwise.

(18)

Each change to ρ requires recalculating the cached Cholesky decomposition. When

the loss function begins to oscillate after initial stabilisation, a backtracking strategy

reverts to the previous iteration parameters, halves ρ, and suspends further dynamic
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Table 2: One-at-a-time sensitivity analysis of the ADMM dynamic penalty hyperparameters on the CDRSB

prediction task. For each scan, the other two hyperparameters are fixed at their selected values.

µ scan γp scan γd scan

Val. Iter. nMSE wR Time Val. Iter. nMSE wR Time Val. Iter. nMSE wR Time

1.5 416 0.5084 0.7049 7.0 1.2 139 0.5096 0.7051 3.7 1.2 416 0.5084 0.7049 6.9

2.0 416 0.5084 0.7049 7.0 1.5 161 0.5089 0.7054 3.3 1.5 416 0.5084 0.7049 6.9

5.0 416 0.5084 0.7049 6.9 2.0∗ 416 0.5084 0.7049 6.9 2.0∗ 416 0.5084 0.7049 6.9

10.0∗ 416 0.5084 0.7049 6.9 5.0 1000† 0.8565 0.5748 15.7 5.0 416 0.5084 0.7049 7.0

20.0 416 0.5084 0.7049 6.9 10.0 1000† 0.5069 0.7057 15.3 10.0 416 0.5084 0.7049 6.9

Note: ∗ Selected value used in the main experiments. † Reached the maximum iteration budget and was

therefore not regarded as a reliably converged configuration. For the µ scan, γp = 2 and γd = 2 were fixed;

for the γp scan, µ = 10 and γd = 2 were fixed; for the γd scan, µ = 10 and γp = 2 were fixed.

adjustment until stable convergence is confirmed. The full procedure is outlined in

Algorithm 2.

The hyperparameters µ, γp, and γd were selected via a one-at-a-time sensitivity

analysis on CDRSB (Table 2). µ and γd are entirely insensitive: all tested values yield

identical performance (416 iterations, nMSE= 0.5084), so µ∗ = 10 and γ∗
d
= 2 are

adopted following [43]. γp is the only parameter with meaningful influence: small

values (≤1.5) under-adjust ρ and yield higher nMSE; large values (≥5) cause diver-

gence or maxIter termination. γ∗p = 2 achieves the lowest nMSE among all convergent

configurations and is therefore selected.

4.2.1. Complexity of the ADMM-based Algorithm

Each iteration requires T Cholesky decompositions of matrices in R
p×p, giving a

per-iteration cost of O(T × (np2 + p3)) [17, 18]. Combined with the O(1/ϵ) iteration

count, the overall complexity isO(1/ϵ×T×(np2+p3)). Empirical validation with a fixed

500-iteration budget confirms fitted exponents of O(p1.96) and O(T 1.69) (Table 3): the

former closely matches the dominant O(np2) term; the slightly super-linear T scaling

reflects the growth of H and F=HH⊤ beyond a strict linear multiplier.
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Table 3: Empirical runtime scaling under a fixed 500-iteration budget (mean ± std over 3 runs).

p scaling (T = 6) T scaling (p = 314)

Value Time (s) Value Time (s)

50 0.09 ± 0.01 2 0.51 ± 0.02

100 0.25 ± 0.02 3 0.98 ± 0.05

150 0.69 ± 0.01 4 1.59 ± 0.06

200 1.08 ± 0.02 5 2.39 ± 0.01

250 2.01 ± 0.01 6∗ 3.22 ± 0.01

314∗ 3.22 ± 0.04

Note: ∗ Setting used in the main experiments. Fitted exponents are approximately O(p1.96) and

O(T 1.69).

5. Experimental Result

In this study, we repeated experiments ten times using 90% of the data for train-

ing, supplemented by 10-fold cross-validation to refine regularization parameters. We

normalized all data using z-scores.The dataset is derived from the ADNI [20]. We

excluded patients without baseline MRI data, removed MRI images failing quality

standards, and imputed missing features using mean values. After preprocessing, the

dataset consisted of 314 features across six-time points. Due to high attrition rates in

the ADNI Long-Term Research Project, our analysis was restricted to the initial six

time points to concentrate on the early stages of AD and its implications for interven-

tions. The progressive reduction in sample size from n = 1,532 at baseline to n = 289

at M48 (Table 4) reflects selective attrition, whereby patients with more severe cogni-

tive decline are disproportionately lost to follow-up; the implications of this for model

bias and future mitigation strategies are discussed in Section 6.

Table 4: Demographic information of subjects at different time points

Attribute Baseline (M00) M06 M12 M24 M36 M48

Sample Size 1532 1317 1375 1099 432 289

(AD, MCI, CN) (315, 817, 400) (265, 669, 383) (366, 768, 241) (132, 653, 314) (0, 277, 155) (0, 172, 117)

(Female, Male) (688, 844) (570, 747) (606, 769) (487, 612) (169, 263) (127, 162)

APOE4 (0, 1, 2) (795, 567, 160) (675, 493, 149) (721, 508, 146) (597, 399, 103) (259, 142, 31) (175, 92, 22)
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Fig 4: The convergence behavior of ADMM algorithms with a dynamically adjusted quadratic penalty coef-

ficient.

5.1. Comparison of accelerated algorithms and non-accelerated algorithms

We compared dynamic and static ADMM in MATLAB on ADNI with λ1 = 10,

λ2 = 100, λ3 = 100; trends were consistent across other parameter settings. Fur-

thermore, we applied stopping and backtracking strategies to mitigate oscillations near

convergence points. As shown in Fig. 4, these strategies expedited the reduction of the

loss function in early iterations and aided in achieving closer convergence upon termi-

nation. Although the dynamic adjustment increases per-iteration overhead due to fre-

quent recomputation of the Cholesky decomposition, it substantially improves overall

convergence. As shown in Table 5, across a broad range of hyperparameter configura-

tions the dynamic strategy boosts iteration efficiency by 43.61% and reduces execution

time by 19.22%, supporting its effectiveness for complex multi-objective MTL.

Table 5: Comparison of ADMM Performance With and Without Dynamic Adjustment

Metric Dynamic Non-Dynamic Improvement

Average Iterations 255,663.7 453,376.5 43.61% ↑

Average Execution Time (s) 7,616.59 9,428.66 19.22% ↑

Note: Results are based on 10-fold cross-validation with hyperparameters (10−2, 10−1, 1, 10, 50, 100, 500, 1000).

5.2. Assessment Metrics

For our quantitative evaluation, we utilized Root Mean Squared Error (rMSE) to

measure the discrepancy between predicted and actual cognitive scores for task-specific
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Table 6: Comparison of various methods for predicting the progression of longitudinal cognitive scores in

AD

Data Metric TGL cFSGL AutoTR RMTL LSA

CDRSB
nMSE 0.546 ± 0.026 0.535 ± 0.027 0.683 ± 0.017 0.672 ± 0.013 0.798 ± 0.044

wR 0.681 ± 0.018 0.688 ± 0.019 0.548 ± 0.019 0.553 ± 0.017 0.523 ± 0.019

ADAS11
nMSE 0.486 ± 0.021 0.477 ± 0.021 0.516 ± 0.026 0.526 ± 0.032 0.607 ± 0.039

wR 0.724 ± 0.012 0.729 ± 0.012 0.708 ± 0.015 0.695 ± 0.019 0.655 ± 0.021

ADAS13
nMSE 0.461 ± 0.023 0.453 ± 0.022 0.498 ± 0.013 0.505 ± 0.008 0.595 ± 0.018

wR 0.737 ± 0.014 0.742 ± 0.014 0.720 ± 0.005 0.707 ± 0.005 0.664 ± 0.006

MMSE
nMSE 0.551 ± 0.023 0.540 ± 0.025 0.594 ± 0.029 0.596 ± 0.027 0.692 ± 0.033

wR 0.676 ± 0.014 0.685 ± 0.015 0.659 ± 0.014 0.642 ± 0.021 0.600 ± 0.017

RAVLT_i
nMSE 0.600 ± 0.020 0.581 ± 0.017 0.615 ± 0.022 0.611 ± 0.021 0.715 ± 0.021

wR 0.637 ± 0.014 0.650 ± 0.012 0.634 ± 0.014 0.625 ± 0.018 0.568 ± 0.013

RAVLT_l
nMSE 0.752 ± 0.014 0.734 ± 0.015 0.790 ± 0.016 0.757 ± 0.016 0.910 ± 0.033

wR 0.504 ± 0.014 0.520 ± 0.015 0.463 ± 0.018 0.496 ± 0.017 0.407 ± 0.019

RAVLT_f
nMSE 0.973 ± 0.009 0.962 ± 0.011 0.996 ± 0.009 0.977 ± 0.011 1.208 ± 0.030

wR 0.176 ± 0.027 0.205 ± 0.026 0.104 ± 0.024 0.151 ± 0.028 0.072 ± 0.016

RAVLT_pf
nMSE 0.720 ± 0.031 0.701 ± 0.028 0.748 ± 0.024 0.706 ± 0.027 0.888 ± 0.033

wR 0.532 ± 0.027 0.549 ± 0.026 0.497 ± 0.027 0.538 ± 0.029 0.443 ± 0.029

FAQ
nMSE 0.580 ± 0.031 0.566 ± 0.029 0.598 ± 0.017 0.601 ± 0.013 0.698 ± 0.022

wR 0.655 ± 0.019 0.665 ± 0.018 0.648 ± 0.012 0.638 ± 0.011 0.587 ± 0.016

TRABSCOR
nMSE 0.694 ± 0.019 0.682 ± 0.022⋆ 0.735 ± 0.018 0.723 ± 0.020 0.886 ± 0.052

wR 0.557 ± 0.019 0.568 ± 0.020⋆ 0.525 ± 0.011 0.536 ± 0.012 0.457 ± 0.016

Note: bold font is used to mark the best result for the average of each indicator, while a star indicates that the indicator

has a better generalisation in the case of a better average.

assessments. Additionally, we assessed overall performance across all tasks using nor-

malized mean squared error (nMSE) and the weighted r-value (wR), both standard in

MTL and medical research [14, 21, 24, 27]. Lower nMSE and rMSE values indicate

better performance, while a higher wR reflects more favourable outcomes.

nMSE(Y, Ŷ) =

∑t
i=1

∥

∥

∥Yi − Ŷi

∥

∥

∥

2

2
/σ2(Yi)

∑t
i=1 ni

, (19)

wR(Y, Ŷ) =

∑t
i=1 Corr(Yi, Ŷi)ni
∑t

i=1 ni

, (20)

rMSE(y, ŷ) =

√

∥y − ŷ∥22

n
, (21)
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Table 7: Comparison of various methods for predicting the progression of longitudinal cognitive scores in

AD (continued)

Data Metric FL-SGL MinimalRNN LSTM AMCOT (Ours)

CDRSB
nMSE 0.579 ± 0.020 0.957 ± 0.086 0.956 ± 0.245 0.519 ± 0.020⋆

wR 0.656 ± 0.016 0.215 ± 0.133 0.226 ± 0.122 0.704 ± 0.012⋆

ADAS11
nMSE 0.523 ± 0.019 0.482 ± 0.110 0.493 ± 0.139 0.466 ± 0.020⋆

wR 0.695 ± 0.014 0.718 ± 0.084 0.716 ± 0.183 0.735 ± 0.012⋆

ADAS13
nMSE 0.492 ± 0.014 0.484 ± 0.092 0.490 ± 0.131 0.451 ± 0.018⋆

wR 0.715 ± 0.010 0.722 ± 0.066 0.720 ± 0.183 0.744 ± 0.013⋆

MMSE
nMSE 0.600 ± 0.014 0.740 ± 0.126 0.708 ± 0.202 0.521 ± 0.025⋆

wR 0.640 ± 0.010 0.508 ± 0.138 0.510 ± 0.158 0.695 ± 0.015⋆

RAVLT_i
nMSE 0.638 ± 0.014 0.616 ± 0.116 0.623 ± 0.176 0.573 ± 0.012⋆

wR 0.604 ± 0.011 0.669 ± 0.074 0.676 ± 0.175 0.657 ± 0.007⋆

RAVLT_l
nMSE 0.751 ± 0.015 0.948 ± 0.105 0.959 ± 0.242 0.707 ± 0.015⋆

wR 0.503 ± 0.015 0.176 ± 0.135 0.181 ± 0.117 0.542 ± 0.014⋆

RAVLT_f
nMSE 0.979 ± 0.007 1.032 ± 0.035 1.058 ± 0.273 0.953 ± 0.014⋆

wR 0.138 ± 0.016 0.097 ± 0.086 0.071 ± 0.081 0.220 ± 0.025⋆

RAVLT_pf
nMSE 0.728 ± 0.026 0.523 ± 0.087 0.535 ± 0.139 0.669 ± 0.023⋆

wR 0.517 ± 0.028 0.728 ± 0.058 0.711 ± 0.181 0.581 ± 0.020⋆

FAQ
nMSE 0.611 ± 0.020 0.582 ± 0.143 0.591 ± 0.175 0.534 ± 0.023⋆

wR 0.628 ± 0.016 0.623 ± 0.106 0.615 ± 0.165 0.685 ± 0.016⋆

TRABSCOR
nMSE 0.736 ± 0.028 0.608 ± 0.100 0.583 ± 0.164 0.689 ± 0.019⋆

wR 0.525 ± 0.023 0.695 ± 0.049 0.709 ± 0.181 0.563 ± 0.017⋆

Note: Table 7 is a continuation of Table 6.

5.3. Comparison of Models

We conducted an extensive evaluation of our proposed method by comparing it

against several leading models, including RMTL [44], TGL [21], cFSGL [26], FL_SGL

[23], LSA [22], and AutoTR [24]. We varied parameter settings across a range λ ∈

{10−2, 10−1, 1, 10, 50, 100, 500, 1000} to ensure robust testing. Our experimental setup

involved analyzing ten distinct cognitive assessment score datasets, applied system-

atically to study the changes and progression in various stages of AD, as indicated

by Eq. 3. Additionally, we compared the efficacy of our model against deep learn-

ing approaches, specifically MinimalRNN [45] and LSTM [46], to further validate its

performance.

Our AMCOT method exhibited robust performance in predicting various cognitive

scores, consistently outperforming established methods. AMCOT demonstrated excep-

tional predictive accuracy, achieving the lowest nMSE of 0.519 ± 0.020 and the highest
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Fig 5: The average root Mean Squared Error (rMSE) compared to the baseline model is presented. Our

method (AMCOT) involves multiple target cognitive scores. Therefore, when comparing single-target score

tasks, we focus on optimizing the single-target scores.

wR of 0.704 ± 0.012 for CDRSB scores. It achieved the best performance among all

compared methods in ADAS11 prediction, with an nMSE of 0.466 ± 0.020 and a wR

of 0.735 ± 0.012. For ADAS13, it recorded the best nMSE of 0.451 ± 0.018 and wR

of 0.744 ± 0.013. In MMSE evaluations, AMCOT showed superior performance with

an nMSE of 0.521 ± 0.025 and a wR of 0.695 ± 0.015. Although its wR was lower

than LSTM’s for RAVLT_i and RAVLT_pf scores, AMCOT maintained robust gener-

alization. For RAVLT_pf scores, it achieved an nMSE of 0.669 ± 0.023, slightly higher

than MinimalRNN and LSTM models. In FAQ score predictions, AMCOT achieved

the lowest nMSE of 0.534 ± 0.023 and a competitive wR of 0.685 ± 0.020. Though it

did not outperform cFSGL in TRABSCOR scores, its results remained highly compet-

itive, surpassing LSTM and RNN in generalization performance.

Fig. 5 depicts the rMSE performance of various models across different time points.

Due to their non-interpretable weight structures, deep learning models such as LSTM
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Table 8: Ablation study of AMCOT on global cognitive scores.

Variant
CDRSB ADAS11 ADAS13 MMSE

nMSE wR nMSE wR nMSE wR nMSE wR

Temp. only 0.525 ± 0.022 0.694 ± 0.017 0.485 ± 0.034 0.727 ± 0.015 0.443 ± 0.011 0.749 ± 0.008 0.540 ± 0.013 0.681 ± 0.010

Tgt. Rel. only 0.581 ± 0.024 0.653 ± 0.020 0.540 ± 0.037 0.689 ± 0.016 0.494 ± 0.012 0.714 ± 0.010 0.594 ± 0.015 0.640 ± 0.011

Full AMCOT 0.510 ± 0.022 0.704 ± 0.016 0.475 ± 0.036 0.735 ± 0.016 0.431 ± 0.011 0.757 ± 0.008 0.528 ± 0.017 0.690 ± 0.012

Sig. ∗∗∗/†∗∗∗ ∗∗∗/†∗∗∗ ∗∗/†∗∗∗ ∗∗∗/†∗∗∗ ∗∗∗/†∗∗∗ ∗∗∗/†∗∗∗ ∗∗/†∗∗∗ ∗∗/†∗∗∗

Note: The ªSig.º row reports one-tailed significance for Full AMCOT against the two ablation variants

over 10 folds. Plain superscripts denote comparisons with w/o target relationship, and † superscripts

denote comparisons with w/o temporal smoothness. ∗∗∗p < 0.001, ∗∗p < 0.01, ∗p < 0.05, and ns denotes

not significant. Exact p-values are reported in Table E.11 ( Appendix E).

Table 9: Ablation study of AMCOT on RAVLT-related scores.

Variant
RAVLTi RAVLTl RAVLT f RAVLTp f

nMSE wR nMSE wR nMSE wR nMSE wR

Temp. only 0.588 ± 0.016 0.641 ± 0.012 0.728 ± 0.013 0.524 ± 0.015 0.965 ± 0.008 0.203 ± 0.019 0.660 ± 0.021 0.585 ± 0.017

Tgt. Rel. only 0.639 ± 0.014 0.600 ± 0.012 0.773 ± 0.013 0.479 ± 0.015 1.008 ± 0.011 0.121 ± 0.020 0.722 ± 0.026 0.531 ± 0.021

Full AMCOT 0.564 ± 0.017 0.660 ± 0.012 0.713 ± 0.015 0.538 ± 0.014 0.959 ± 0.012 0.224 ± 0.017 0.652 ± 0.022 0.593 ± 0.016

Sig. ∗∗∗/†∗∗∗ ∗∗∗/†∗∗∗ ∗∗/†∗∗∗ ∗∗∗/†∗∗∗ ns/†∗∗∗ ∗/†∗∗∗ ∗∗/†∗∗∗ ∗∗/†∗∗∗

Note: Same significance notation as in Table 8.

and MinimalRNN complicate feature selection based on interpretability. These models

require initial cognitive scores as inputs, limiting the meaning of early predictions.

Our analysis for these models concentrates on later time points, using half of

the longitudinal dataset for inputs and the remainder for outputs. These deep mod-

els showed optimal performance only during the first three time points of RAVLT_pf

scores, with error rates for other scores increasing over time. Their reliance on com-

plete datasets poses challenges for effective training, as they often overlook correla-

tions between features and cognitive scores over time. In contrast, MTL approaches,

Table 10: Ablation study of AMCOT on functional scores.

Variant
FAQ TRABSCOR

nMSE wR nMSE wR

Temp. only 0.557 ± 0.022 0.668 ± 0.016 0.715 ± 0.019 0.544 ± 0.015

Tgt. Rel. only 0.613 ± 0.020 0.625 ± 0.016 0.753 ± 0.020 0.511 ± 0.015

Full AMCOT 0.542 ± 0.024 0.679 ± 0.017 0.707 ± 0.022 0.555 ± 0.017

Sig. ∗∗∗/†∗∗∗ ∗∗∗/†∗∗∗ ns/†∗∗ ∗∗/†∗∗∗

Note: Same significance notation as in Table 8.
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which analyze inter-task correlations, adapt more flexibly to available data. Notably,

while cFSGL excelled in predicting TRABSCOR scores, it demonstrates that com-

bining multiple objectives does not always yield optimal results for specific targets.

The limited performance of AutoTR and LSA, which only analyzed six-time points,

hinders their ability to fully leverage global temporal relationships. The selected task

relevance level for LSA, α = 0.2, may not have been optimal, affecting model perfor-

mance. RMTL’s variable performance across tasks highlights the impact of anomalous

tasks on overall results, emphasizing the need to address these to enhance model ro-

bustness and accuracy. These results highlight AMCOT’s effectiveness. It consistently

outperforms other MTL methods by achieving lower nMSE and higher wR across cog-

nitive scores. Its success is due to dynamic adjustments and effective integration of

multi-temporal and cognitive data, enhancing predictive accuracy and model stability.

In this section, we conduct a comprehensive and in-depth ablation study to eval-

uate the contribution of each task relationship component within our model. To eval-

uate the individual contributions of the temporal smoothness constraint and the adap-

tive target relationship modeling in AMCOT, we conducted a comprehensive ablation

study across all cognitive targets. As shown in Table 8, we compare three variants: (i)

with temporal smoothness only, (ii) with target relationship modeling only, and (iii)

with both components integrated. For each cognitive outcome, the results consistently

demonstrate that jointly incorporating both the temporal smoothness constraint and

the adaptive target relationship modeling leads to the best predictive performance, as

evidenced by lower nMSE and higher wR values. Specifically, removing the target re-

lationship modeling results in a significant performance decline for most targets (e.g.,

the nMSE for CDRSB increases from 0.510 to 0.525, and for ADAS13 from 0.431 to

0.443). Similarly, excluding the temporal smoothness constraint leads to even larger

prediction errors (e.g., the nMSE for CDRSB increases from 0.510 to 0.581, and for

ADAS13 from 0.431 to 0.494), underscoring its critical role in capturing longitudinal

progression patterns. For all cognitive targets, introducing temporal smoothness regu-

larization consistently improves both nMSE and wR compared to the baseline without

target relationship modeling. This indicates that enforcing temporal consistency en-

ables the model to better capture disease progression trends over time. Furthermore,
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compared to using temporal smoothness alone, modeling the adaptive longitudinal in-

terdependencies across multiple cognitive targets yields substantial performance gains,

highlighting the importance of leveraging inter-target dependencies when predicting

multidimensional cognitive trajectories. The combination of these two task perspec-

tives not only improves the accuracy of task time point prediction, but also enhances

temporal task consistency and cross-objective correlation learning, which is reflected

in the consistent improvement of wR across all metrics. Notably, for cognitive assess-

ments such as MMSE, RAVLT, and TRABSCOR, the combined multi-cognitive score

task analysis achieved a significant reduction in nMSE, demonstrating the robustness

of AMCOT across diverse cognitive domains. These findings validate the complemen-

tary effects of temporal smoothness and adaptive target dependency modeling in our

framework and emphasize the necessity of simultaneously incorporating temporal and

inter-task structural information when modeling longitudinal cognitive progression in

AD.

It should be noted that deep learning approaches offer distinct advantages in data-

rich settings. Models such as LSTM and MinimalRNN can capture highly nonlin-

ear temporal dynamics and benefit from end-to-end feature learning when training

data are abundant. As shown in Table 7, MinimalRNN achieves competitive perfor-

mance on RAVLT_pf, suggesting that recurrent architectures may better exploit non-

linear co-progression patterns for certain cognitive scores when sufficient longitudinal

observations are available. In the present clinical setting, however, sample sizes are

limited (n ≤ 1,532, reducing to 289 at M48), cognitive targets are heterogeneous,

and biomarker interpretability is a primary requirement Ð conditions under which the

structured inductive biases of MTL-AMCOT provide practical advantages over black-

box deep models. From a deployment perspective, MTL-AMCOT additionally runs

on a standard CPU, has a convex objective amenable to systematic cross-validation,

and produces directly interpretable weight matrices Ð in contrast with recurrent base-

lines such as LSTM and MinimalRNN, which are typically trained on GPUs, require

joint tuning of architecture and optimisation hyperparameters, and rely on black-box

internal representations.
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Fig 6: The stability vectors of the 25 stable MRI features generated by AMCOT. Longitudinal stability

selection was performed by combining ten target scores. The larger the value, the more stable the feature.

Fig 7: AMCOT uses stability selection to choose the brain maps with the highest ROIs. (a) - (d) are the

selected cortical ROIs, and (e) - (g) are the selected subcortical ROIs.

5.4. Multiple Targets Stabilize Temporal Patterns of Biomarkers

The 25 most stable biomarkers identified by MTL-AMCOT (Fig. 6) can be divided

into two categories based on existing clinical evidence.

Confirmed biomarkers. Several identified regions are well-established in the AD

literature. The left hippocampus volume is a recognised stable biomarker across nu-

merous studies [47, 48], with significant atrophy linked to short-term memory loss and

particular vulnerability during the prodromal phase. Dysfunction in the entorhinal cor-

tex [49] frequently manifests early in disease progression, while the inferotemporal

cortex [50] is associated with memory performance. The inferior lateral ventricles [51]
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are frequently enlarged in AD and serve as a sensitive metric for assessing MCI and

AD progression. These findings are consistent with prior neuroimaging studies and

validate the biological plausibility of the MTL-AMCOT framework.

Potentially novel findings. In addition, MTL-AMCOT highlights several regions

that have received less systematic attention in longitudinal AD biomarker research, in-

cluding the isthmus of the cingulate gyrus, inferior parietal lobule, and cerebellar cor-

tex. The model’s consistent selection of cerebrospinal fluid (CSF) components aligns

with recent findings on cognitive recovery [10, 52], though the specific CSF features

identified here warrant further clinical validation. These findings should be interpreted

as hypothesis-generating rather than confirmatory, and prospective studies with inde-

pendent cohorts are needed to establish their prognostic relevance.

Fig. 7 showcases the stable MRI features identified by AMCOT in various brain

views, highlighting regions with high stability based on our selection methodology.

These mapped regions offer crucial insights into AD’s pathological changes, serving as

key biomarkers for monitoring progression and evaluating treatment efficacy, thereby

facilitating advancements in early diagnosis and targeted therapies

6. CONCLUSION

This study introduces MTL-AMCOT, a multi-task learning framework that jointly

models longitudinal dynamics and cross-score dependencies across ten heterogeneous

cognitive objectives for AD progression prediction. By structuring inter-task associa-

tions into an adaptive multi-cognitive target temporal matrix and incorporating sparse

group lasso regularisation, MTL-AMCOT surpasses multiple baseline models on the

ADNI dataset. A dynamic ADMM penalty strategy further reduces average iterations

by 43.61% and execution time by 19.22% compared with static ADMM, enabling prac-

tical use on large-scale longitudinal cohorts. Stability selection across multiple targets

simultaneously identifies established biomarkers (hippocampus, entorhinal cortex, in-

ferotemporal cortex) and potentially novel ones (isthmus cingulate, cerebellar cortex),

providing directly interpretable clinical insights.

Several limitations remain. Inter-task constraints can induce negative transfer when
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objectives are weakly coupled; the ablation study shows that RAVLTf and TRABSCOR

yield non-significant improvements from the target-relationship component (p = 0.096

and p = 0.064 respectively; Tables 9±10), consistent with their low inter-task corre-

lations in Fig. 2. This is partly attributable to the use of Pearson correlation, which

captures only linear dependencies; nonlinear measures such as distance correlation or

kernel-based metrics are a natural extension. Furthermore, mean imputation may bias

parameter estimates under informative missingness at later time points, where attrition

is most pronounced (n declines from 1,532 at baseline to 289 at M48; Table 4). Ro-

bust MTL formulations, inverse-probability weighting, and missingness-aware MTL

are identified as priorities for future work. Recent work has begun to address infor-

mative missingness explicitly Ð for instance, adaptive latent disease-state learning for

biomarker detection under missing modalities [13] Ð and integrating such mechanisms

into the AMCOT framework is a concrete direction for future work.

Beyond AD, AMCOT offers a general mechanism for capturing temporal correla-

tions between heterogeneous targets. Future investigations will assess its utility in other

neurodegenerative diseases such as Parkinson’s disease and non-neurological disorders

such as depression, to confirm its effectiveness and adaptability across different disease

contexts.
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Appendix A. Cholesky Decomposition

For (10), the Cholesky decomposition technique is employed due to its numerical

robustness in solving linear systems, especially for positive definite matrices. Within

the multi-task learning framework, this decomposition efficiently addresses regular-

ization challenges related to coupling terms by enabling fast matrix factorization and

inversion. The solution is formulated as:

XT
i Xiwi + ρwi + ρW fi = XT

i yi − ui + ρθi − Vgi + ρℜgi, (A.1)

where Xi is the feature matrix for the i-th task, wi denotes the parameter vector, yi

is the response vector, and ρ is the regularization parameter.

For simplification, define:

Hiwi = qi, ∀i ∈ {1, . . . , t}, (A.2)

where:

Hi = XT
i Xi + ρ(1 + Fii)Ip×p, (A.3)

qi = XT
i yi − ui + ρθi − ρVgi + ρℜgi − ρ

t
∑

k=1,k,i

wkFki. (A.4)

Appendix B. Derivation of the AMCOT Penalty Termℜ

The combined temporal±target error decomposes as follows. Assuming minimal

differences between adjacent time points (yi
n,τ+1

≈ y
j

n,τ+1
) and that highly correlated

tasks share similar scores (yi
n ≈ c(i, j) · y

j
n):

ℜ =

O
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∑
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
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, (B.1)

which is exactly the AMCOT penalty ∥ℜ∥ in Eq. (6).
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Appendix C. Algorithm Pseudocode

Algorithm 1: Construction of the R Matrix for Temporal±Target Task Associations

1: Input: e1, e2, e3, T (temporal and target relevance between tasks)

2: Output: R

3: Initialize H1, . . . ,Ho ← 0 ∈ RT×(T−1)

4: for i = 1→ T − 1 do

5: Set H1,H2, . . . ,Ho to [e1,−e1]

6: end for

7: Initialize matrix M as a zero matrix of size |O| × |O|

8: for τ = 1→ |T | do

9: M
i, j
τ = c

i, j
τ

10: end for

11: for i = 1→ |O| do

12: for j = 1→ |O| do

13: if i , j then

14: R
i, j
τ = M

i, j
τ × Hτ

15: else

16: R
i, j
τ = |O| × M

i, j
τ × Hτ

17: end if

18: end for

19: end for

Algorithm 2: ADMM-Based Algorithm with Dynamic Adjustment of Quadratic Penalty Coefficient

1: Input: X, Y, λ1, λ2, λ3

2: Output: W

3: Initialize W0,Θ,ℜ,U,V ← 0, τ← 1, ρ0 ← 0.01

4: repeat

5: if iter > 1 then

6: Compute rk+1, sk+1 via (16),(17)

7: Update ρk+1 via (18)

8: end if

9: Update Wk+1,Θk+1,ℜk+1,Uk+1,Vk+1 via (10)±(15)

10: if Lk > Lk−1 then

11: Backtrack to (k − 1)th, stop adjusting ρk , set τ← 1.618

12: end if
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13: until convergence

Appendix D. Derivation of the W-Update Step

Starting from Eq. (10), the augmented Lagrangian sub-problem for W can be written in scaling form as:

Wk+1 = arg min
W

1

2
∥XW − Y∥2F +

ρ

2

∥

∥

∥W −
(

Θ + U
ρ

)

∥

∥

∥

2

F
+
ρ

2

∥

∥

∥WR −
(

ℜ + V
ρ

)

∥

∥

∥

2

F
. (D.1)

Setting the gradient with respect to W to zero yields the linear system:

XT XW + ρW + ρWF = XT Y − U + ρΘ − VG + ρℜG, (D.2)

where F = HHT and G = HT . This system is solved efficiently per task using Cholesky decomposition,

exploiting the positive-definiteness of the coefficient matrix XT
i

Xi + ρ(1 + Fii)Ip×p.

Appendix E. Full Statistical Significance Results for Ablation Study

Table E.11 reports the exact one-tailed p-values for all comparisons in the ablation study (Table 8). Tests

were conducted across the 10 cross-validation folds using a paired t-test when per-fold differences satisfied

Shapiro±Wilk normality (p ≥ 0.05), and the Wilcoxon signed-rank test otherwise.

Table E.11: Exact one-tailed p-values for Full AMCOT vs. each ablation variant.

w/o Tgt. Rel. w/o Temp. Sm.

Score nMSE wR nMSE wR

CDRSB 5.60 × 10−4 ∗∗∗ 7.30 × 10−4 ∗∗∗ 1.19 × 10−7 ∗∗∗ 9.77 × 10−4 ∗∗∗

ADAS11 2.83 × 10−3 ∗∗ 6.61 × 10−4 ∗∗∗ 1.40 × 10−7 ∗∗∗ 3.06 × 10−8 ∗∗∗

ADAS13 2.18 × 10−4 ∗∗∗ 2.96 × 10−4 ∗∗∗ 1.53 × 10−8 ∗∗∗ 5.15 × 10−8 ∗∗∗

MMSE 8.21 × 10−3 ∗∗ 2.60 × 10−3 ∗∗ 3.42 × 10−6 ∗∗∗ 8.48 × 10−7 ∗∗∗

RAVLTi 9.35 × 10−7 ∗∗∗ 2.56 × 10−7 ∗∗∗ 9.77 × 10−4 ∗∗∗ 6.51 × 10−11 ∗∗∗

RAVLTl 1.65 × 10−3 ∗∗ 4.56 × 10−4 ∗∗∗ 8.16 × 10−7 ∗∗∗ 7.93 × 10−8 ∗∗∗

RAVLTf 9.64 × 10−2 † 1.06 × 10−2 ∗ 2.65 × 10−8 ∗∗∗ 2.11 × 10−8 ∗∗∗

RAVLTpf 8.62 × 10−3 ∗∗ 1.27 × 10−3 ∗∗ 1.22 × 10−7 ∗∗∗ 9.77 × 10−4 ∗∗∗

FAQ 7.98 × 10−4 ∗∗∗ 3.39 × 10−4 ∗∗∗ 2.02 × 10−8 ∗∗∗ 1.34 × 10−8 ∗∗∗

TRABSCOR 6.40 × 10−2 † 6.23 × 10−3 ∗∗ 4.18 × 10−5 ∗∗∗ 3.98 × 10−6 ∗∗∗

∗∗∗p < 0.001, ∗∗p < 0.01, ∗p < 0.05, and †p ≥ 0.05.

Paired t-test was used when per-fold differences passed Shapiro±Wilk

normality; otherwise, the Wilcoxon signed-rank test was used. All tests

were one-tailed.
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