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Abstract

Background: Alzheimer’s disease (AD) affects over 55 million people worldwide and
is projected to nearly triple by 2050, yet clinical diagnosis typically occurs after substan-
tial irreversible neuronal damage. Emerging evidence demonstrates that disruptions in
sleep-dependent memory consolidation—including alterations in sleep spindle-slow
oscillation coupling, rapid eye movement (REM) architecture, and circadian integrity—
serve as early biomarkers detectable years before clinical onset. Current Al approaches
predominantly rely on single-modality analyses and binary classification schemes, fail-

ing to capture the temporal dynamics of cognitive decline.

Methods: Following design science research methodology, we developed a multi-
agent Al framework integrating four data modalities through specialized agents: a
Sleep Electrophysiology Agent (EEG/polysomnography), a Wearable Data Agent (actig-
raphy, heart rate variability), a Cognitive Assessment Agent (neuropsychological and
digital biomarkers), and a Neuroimaging Agent (structural MRI volumetrics). A Cen-
tral Orchestrator Agent performs attention-based multimodal fusion and generates in-
dividualized decline trajectory predictions using neural ordinary differential equations
(Neural ODEs). A proof-of-concept (POC) implementation was evaluated on synthetic
data (N = 500 subjects, 10 timepoints over 5 years) calibrated to published biomarker
effect sizes.

Results: Comparative analysis against existing approaches demonstrates that no pub-
lished framework combines all four modalities with sleep biomarkers as the central
feature set within a trajectory prediction paradigm. The POC achieved 89.3% risk
staging accuracy across four decline categories, with RMSE of 0.037 and trajectory-

level Pearson correlation of 0.56. Misclassifications were predominantly adjacent-tier.
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Cross-modal attention analysis revealed clinically interpretable modality weighting:
the Cognitive Assessment Agent received highest attention (0.46-0.72), while the Neu-
roimaging Agent contribution increased progressively from cognitively normal to AD

groups, consistent with advancing structural neurodegeneration.

Conclusions: The proposed framework establishes an architecturally validated foun-
dation for sleep-based AD trajectory prediction. The POC demonstrates technical fea-
sibility, clinically meaningful modality prioritization, and actionable risk staging. Val-
idation on real clinical datasets following the proposed phased roadmap is essential to
establish clinical utility.

Keywords: Alzheimer’s disease, multi-agent system, sleep biomarkers, memory con-
solidation, cognitive decline prediction, EEG, wearable sensors, neuroimaging, trajec-
tory modeling, neural ODE, conceptual framework

1. Background

1.1. The Alzheimer’s disease burden

Alzheimer’s disease (AD) represents one of the most pressing neurodegenerative chal-
lenges of the 21st century. The World Health Organization estimates that over 55 mil-
lion people live with dementia globally, with approximately 10 million new cases an-
nually and AD accounting for 60-70% of all cases [1]. Projections indicate this burden
will reach 139 million by 2050, with annual global costs exceeding US$1.3 trillion [1, 2].
In the United States alone, 6.9 million individuals aged 65 and older live with AD de-
mentia, with costs totaling $360 billion annually [2].

Despite decades of research investment, clinical diagnosis of AD typically occurs at
a stage when substantial neurodegeneration has already taken place, severely limit-
ing the efficacy of available therapeutic interventions. Current gold-standard diag-
nostic approaches—including amyloid positron emission tomography (PET) scanning
($3,000-$6,000 per scan), cerebrospinal fluid (CSF) biomarker analysis, and compre-
hensive neuropsychological assessment—are costly, invasive, and inaccessible to most
populations globally [3]. The NIA-AA Research Framework acknowledges these limi-
tations while emphasizing the need for accessible, non-invasive biomarker alternatives
[3]. The emergence of plasma biomarkers such as phosphorylated tau-217 (p-tau217)
has shown promise (AUC 0.92-0.97 for AD pathology detection [4, 5]), yet these remain

laboratory-dependent and unsuitable for continuous monitoring.



1.2. Sleep disruption and Alzheimer’s disease pathophysiology

A growing body of evidence has established a bidirectional relationship between sleep
disruption and AD pathology (Fig. 2). During non-rapid eye movement (NREM) sleep,
the glymphatic system facilitates clearance of metabolic waste—including amyloid-3
(Ap) and tau proteins—from the brain interstitium. The glymphatic system, discov-
ered by Iliff et al. [6], operates via paravascular channels lined by astrocytic endfeet,
facilitating CSF-interstitial fluid exchange. Xie et al. [7] demonstrated that this clear-
ance is primarily active during sleep, with the interstitial space expanding by approxi-
mately 60% to enable convective flow. Chronic sleep disruption impairs this clearance,
promoting AB accumulation and tau phosphorylation, which in turn damages sleep-
regulating neural circuits, creating a pathological positive feedback loop [8, 9].

Sleep spindles—bursts of oscillatory activity at 11-16 Hz generated by thalamocortical
circuits—play a critical role in memory consolidation by facilitating hippocampal-to-
neocortical information transfer [10]. Helfrich et al. [11] demonstrated that precise
temporal coupling between slow oscillations and sleep spindles deteriorates with age
and medial prefrontal atrophy, predicting next-day memory failure. Mander et al. [10]
established the mechanistic cascade linking prefrontal atrophy to reduced NREM slow

waves and impaired hippocampus-dependent memory.

Lucey et al. [8] showed that decreased NREM slow-wave activity correlates with ele-
vated CSF tau and tau-PET uptake in cognitively normal and early AD individuals, po-
sitioning specific sleep oscillations as markers of tau-related neurodegeneration. Winer
et al. [9] provided evidence that sleep EEG features serve as non-invasive proxies for
PET-measured Ap and tau burden, with decreased prefrontal spindle density predict-
ing higher medial temporal tau.

From an epidemiological perspective, Pase et al. [12] reported in the Framingham
Heart Study (321 participants, mean age 67, 12-year follow-up) that each 1% reduc-
tion in REM sleep conferred a 9% increased dementia risk (HR 0.91, 95% CI 0.86-0.97).
Lim et al. [13] found that higher sleep fragmentation was associated with a 1.5-fold
increased risk of incident AD (HR 1.50, 95% CI 1.09-2.07) in a 6-year prospective study
of 737 older adults. Musiek et al. [14] demonstrated that circadian rest-activity rhythm
fragmentation occurs even in preclinical (amyloid-positive but cognitively normal)
AD.

These sleep-derived electrophysiological signatures thus serve as non-invasive proxies
for PET-measured AD pathology, forming the scientific foundation for the proposed

framework.



1.3. Existing Al approaches to AD prediction

Deep learning approaches to AD prediction have primarily focused on structural MRI
classification. Wen et al. [15] conducted a definitive reproducible evaluation of CNN
architectures for AD classification, revealing that over 50% of published studies suf-
fered from data leakage inflating accuracy. Under rigorous evaluation, performance
ranges are typically 75-90% accuracy for AD vs. normal classification and 65-80% for
MCI-to-AD conversion [16]. Qiu et al. [17] developed a multimodal deep learning
framework combining demographics, neuropsychological testing, and neuroimaging,

achieving performance comparable to practicing neurologists.

EEG-based approaches have been systematically reviewed by Tzimourta et al. [18]
(49 studies, 2009-2020) and Pérez-Valero et al. [19], highlighting EEG as a low-cost,
portable alternative for AD screening. However, sleep-specific EEG biomarkers re-
main underutilized in predictive models. Attention-based fusion mechanisms for mul-
timodal medical data have been reviewed by Li et al. [20], identifying cross-modal

transformers as the most promising direction.

Digital biomarkers measured via smartphones and wearables represent an emerging
paradigm. Dagum [21] demonstrated that 7 days of passive smartphone data could
predict neuropsychological test scores. Butler et al. [22] reported the largest consumer
wearable cognition study to date (23,004 participants, 24 months, Nature Medicine),
demonstrating feasibility of remote MCI classification with over 90% adherence at one
year. Kourtis et al. [23] mapped AD manifestations to consumer sensor capabilities

across gait, sleep, voice, and typing modalities.

1.4. Multi-agent systems in healthcare

Multi-agent systems (MAS) employ autonomous specialized agents that collaborate
to solve complex problems [24]. In healthcare, Fdez-Olivares et al. [24] proposed
multi-agent planning for comorbidity management where each agent encapsulates a
single-disease guideline. Bertoncelli et al. [25] developed PredictMed-epilepsy, a MAS
combining deep learning with patient observation agents for real-time neurological
monitoring (82% accuracy, 102 children). Ivascu and Negru [26] achieved 95.25% accu-
racy using multi-agent wearable sensor monitoring. Shaik et al. [27] proposed multi-
agent deep reinforcement learning for physiological signal monitoring, outperforming
single-agent baselines. Despite these precedents, no published MAS framework ad-

dresses sleep-based AD trajectory prediction.



1.5. Study aims and contributions

This paper presents a conceptual multi-agent Al framework addressing the limitations
identified above through four primary contributions:

1. Multimodal Integration Architecture: A novel multi-agent system integrating
four complementary data modalities—EEG/polysomnography (PSG), wearable
sensors, cognitive assessments, and structural neuroimaging—each processed by
a specialized Al agent with clearly defined inputs, processing pipelines, and out-
put specifications.

2. Sleep-Centric Biomarker Foundation: Centering sleep-dependent memory con-
solidation biomarkers as the primary predictive feature set, grounded in estab-

lished neurobiological mechanisms linking sleep disruption to AD pathogenesis.

3. Trajectory Prediction Paradigm: Generating individualized decline trajectory
predictions using Neural ODEs rather than binary classifications, providing clin-
ically actionable longitudinal risk profiles.

4. Proof-of-Concept Validation: A complete implementation demonstrating archi-
tectural feasibility on synthetic data calibrated to published biomarker distribu-
tions, achieving 89.3% risk staging accuracy with interpretable cross-modal at-
tention weights.

The framework targets individuals with subjective cognitive decline (SCD) [28] and
mild cognitive impairment (MCI) [29, 30] within a hybrid deployment model combin-

ing continuous home monitoring with periodic clinical assessment.

2. Methods

2.1. Framework development methodology

This conceptual framework was developed following design science research (DSR)
methodology [31], which is particularly suited for developing and evaluating IT ar-
tifacts intended to solve identified organizational problems. The problem space was
defined through systematic literature review across three domains: (1) sleep neuro-
science and AD pathophysiology, (2) existing Al-based AD prediction approaches, and
(3) multi-agent system architectures in healthcare. Key gaps identified include the ab-
sence of sleep-centric multimodal integration, predominance of binary classification
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over trajectory modeling, and lack of hybrid deployment architectures balancing clin-

ical accuracy with ecological validity.

Framework objectives were derived from clinical requirements analysis and technical

capability assessment. Clinical objectives include early detection in preclinical / prodromal

stages, actionable risk stratification, longitudinal monitoring capability, and interpretable

outputs for clinical decision-making. Technical objectives include multimodal data

integration, graceful degradation under missing data, scalable architecture, privacy-

preserving design, and modular agent updating.

2.2. Sleep biomarker evidence base

Table 1 summarizes the key sleep biomarkers associated with AD pathology and their

evidence base, forming the scientific foundation for the proposed framework’s feature

extraction.

Table 1: Summary of sleep and related biomarkers associated with Alzheimer’s disease

pathology.
Biomarker AD Association Evidence Agent References
Spindle-SO  cou- | Coupling predicts r = —0.46 to —0.54 SEA [8,9,11]
pling 1 tau burden with CSF tau
Sleep spindle den- | Prefrontal spindles Significant in MCI SEA [9, 11]
sity — 1T MTL tau and early AD
NREM slow-wave | SWA correlates Tracks tau > amy- SEA [8, 10]
activity with 1 tau-PET loid
REM sleep per- Each 1% | — 9% 1 HR 091 (95% CI SEA [12]
centage dementia risk 0.86-0.97)
Sleep fragmenta- 1 Fragmentation — HR 1.50 (95% CI SEA/WDA [13]
tion 1.5x AD risk 1.09-2.07)
Circadian ampli- | Amplitude in pre- Differentiates Apf+ WDA [14]
tude clinical AD from ApB-
Rest-activity sta- | Stabilityin MCIvs. Actigraphy- WDA [32]
bility controls measurable
HRV (parasympa- | HRV across de- g = -—0.36, meta- WDA [33, 34]
thetic) mentias analysis
Overnight mem- | Consolidation in Linked to spindle- CAA [10, 11]
ory retention MCI SO coupling
Hippocampal vol- | Volume predicts MCI—AD rate: NIA [3, 35]
ume conversion 16.5%/year




2.3. Proposed framework architecture

The proposed framework consists of five core components: four modality-specific pro-
cessing agents and one Central Orchestrator Agent (COA). Each processing agent in-
gests, preprocesses, and extracts predictive features from its designated data stream.
The COA performs cross-modal fusion, resolves conflicting signals, and generates tra-
jectory predictions. Figure 1 illustrates the overall system architecture.

Fig. 1. Overall Multi-Agent System Architecture for AD Trajectory Prediction
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Figure 1: Overall multi-agent system architecture for AD trajectory prediction, show-
ing the four modality-specific agents (SEA, WDA, CAA, NIA), the Central Orchestrator
Agent with attention-based fusion and Neural ODE trajectory prediction, the hybrid
three-tier deployment model, and the clinical output layer.

2.3.1. Sleep Electrophysiology Agent (SEA)

The SEA processes multi-channel EEG and polysomnography data acquired during
periodic clinical sleep studies, serving as the primary analytical component reflecting
sleep-dependent memory consolidation’s central predictive role.

Input: Multi-channel EEG (minimum 19 channels, 10-20 montage), electrooculogra-
phy (EOG), electromyography (EMG), and respiratory signals from attended polysomnog-
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raphy sessions conducted at 6-month intervals.

Feature extraction: The SEA implements hierarchical feature extraction. First-level au-
tomated sleep staging uses a temporal convolutional network (TCN) [36] trained on
American Academy of Sleep Medicine (AASM) criteria. Second-level microstructural
features include: sleep spindle density, frequency, amplitude, and duration; slow os-
cillation parameters; spindle-slow oscillation phase-amplitude coupling strength and
timing precision [11]; REM sleep duration, latency, density, and muscle atonia in-
tegrity; sleep fragmentation index, arousal frequency, and cyclic alternating pattern
parameters; and circadian rhythm metrics derived from sleep architecture across ses-

sions [14].

Agent model: A hybrid architecture combining a convolutional neural network (CNN)
for spatial feature extraction across electrode channels with a bidirectional long short-
term memory (BiLSTM) network [37] for temporal pattern recognition. The agent out-
puts a Sleep Consolidation Quality Vector (SCQV).

2.3.2. Wearable Data Agent (WDA)

The WDA processes continuous data from consumer-grade wrist-worn wearable de-
vices, providing ecological monitoring between clinical visits. Recent evidence demon-
strates the feasibility of large-scale remote cognitive health monitoring via such devices
[22, 23].

Input: Triaxial accelerometry, photoplethysmography (PPG)-derived heart rate and
heart rate variability (HRV), skin temperature, and ambient light exposure, collected

continuously.

Feature extraction: Actigraphy-derived sleep-wake classification and quality metrics;
nightly movement patterns; HRV time-domain (RMSSD, SDNN), frequency-domain
(LE/HEF ratio), and nonlinear measures (sample entropy, detrended fluctuation analy-
sis) [33, 34]; circadian rhythm stability via interdaily stability, intradaily variability, and
relative amplitude from 14-day windows [14]; and longitudinal trends over rolling 30-,
60-, and 90-day windows.

Agent model: A 1D temporal convolutional network (TCN) [36] with dilated causal
convolutions captures both short-term nightly patterns and long-term trends. Output:

Continuous Monitoring Vector (CMV).



2.3.3. Cognitive Assessment Agent (CAA)

Input: Standardized neuropsychological battery (MoCA, RAVLT, Trail Making Test,
digit span) administered at clinical visits, supplemented by smartphone-based cogni-
tive micro-assessments (reaction time, paired associates learning, spatial navigation)

performed 2-3 times weekly [21, 22].

Feature extraction: Age- and education-adjusted composite memory scores; sleep-
dependent memory consolidation efficiency (pre/post-sleep performance comparison);
overnight retention ratios; digital biomarkers including intra-individual variability,

learning curves, and longitudinal trends; morning—evening performance differentials.

Agent model: XGBoost gradient-boosted ensemble [38], selected for interpretability
with structured tabular data. Output: Cognitive Trajectory Vector (CTV).

2.3.4. Neuroimaging Agent (NIA)

Input: T1-weighted structural MRI scans acquired at 12-month intervals.

Feature extraction: Automated segmentation of bilateral hippocampal volume and
subfields (CA1, CA3, dentate gyrus, subiculum); entorhinal cortex thickness; medial
temporal lobe composite volume; ventricular volume; and cortical thickness of the de-
fault mode network. Volumes normalized to intracranial volume and z-scored against

age-matched normative databases [35, 39].

Agent model: 3D CNN pre-trained on large-scale datasets (ADNI [39], UK Biobank)
and fine-tuned for AD-relevant feature extraction [15]. Output: Structural Integrity
Vector (SIV).

2.3.5. Central Orchestrator Agent (COA)

Fusion mechanism: The COA implements an attention-based fusion architecture [20]
learning modality-specific weights dynamically based on data quality, recency, and
predictive relevance. This allows adaptive prioritization—weighting sleep electro-
physiology data more heavily when spindle-SO coupling degrades, or neuroimaging

when structural changes become pronounced.

Trajectory prediction: The fused multimodal representation is processed by a Neural
ODE architecture [40], modeling continuous-time dynamics of cognitive decline. Un-
like discrete-time models, Neural ODEs generate predictions at arbitrary future time
points and handle irregularly sampled longitudinal data [41]. The model outputs an
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individualized trajectory curve projecting decline over a 1-5 year horizon with confi-

dence intervals.

Output specification: Three outputs for clinical interpretation: (1) a predicted cogni-
tive trajectory curve on a standardized composite scale; (2) a risk staging classification
(stable, slow decline, moderate decline, rapid decline); and (3) a modality contribution
report detailing which biomarkers drive the prediction. Figure 4 illustrates example

trajectory outputs.

Table 2 provides complete technical specifications for all agents.

Table 2: Technical specifications of framework agents.

Agent Input Source  Key Features Model Ar- Output Schedule
chitecture Vector
SEA 19-ch Spindle-SO CNN + BiL- SCQV 6-
EEG/PSG coupling, STM month
REM, SWA,
CAP
WDA Wrist wear- Actigraphy, 1D TCN (di- CMV Continuous
able HRYV, circadian lated)
metrics
CAA NP battery + Memory XGBoost en- CTV Hybrid
app scores, re- semble
tention, RT
variability
NIA Tl-weighted  Hippocampal 3D CNN SIV 12-
MRI vol.,, EC thick- (pretrained) month
ness, DMN
COA Multimodal Attention + Trajectory Per
SCQV + CMV + fysion, conflict Neural ODE visit

CTV+SIV  resolution

2.4. Neurobiological foundation

The scientific rationale for centering sleep-dependent memory consolidation biomark-
ers in AD prediction rests on the bidirectional pathological cascade illustrated in Fig. 2.
Sleep disruption impairs glymphatic Af clearance [6, 7], promoting amyloid and tau
accumulation [8, 9], which damages thalamocortical circuits essential for sleep gener-
ation [10], creating a self-reinforcing cycle. The framework’s agents are positioned to

detect changes at each stage of this cascade.

10



Fig. 2. Bidirectional Relationship Between Sleep Disruption and Alzheimer's Disease Pathology
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KEY INSIGHT: Sleep biomarkers (SEA) can detect AD-related changes 10-20 years before clinical diagnosis,
while wearable monftoring (WDA) enables continuous tracking between clinical assessments.

Figure 2: Bidirectional relationship between sleep disruption and Alzheimer’s dis-
ease pathology, with proposed framework biomarker detection points mapped to the
disease continuum. Pathway A shows how sleep disruption drives AD pathology
through impaired glymphatic clearance. Pathway B shows how neurodegeneration
worsens sleep through thalamocortical circuit degradation.

2.5. Hybrid deployment architecture

The framework operates within a three-tier hybrid deployment model (Fig. 3) balanc-
ing data quality with practical feasibility.

Home Monitoring Tier: Participants wear a consumer wrist-based device continu-
ously, providing uninterrupted actigraphy, PPG, and temperature data. Smartphone
cognitive micro-assessments are administered 2-3 times weekly (~5 minutes each).
Data is transmitted via encrypted Bluetooth/Wi-Fi. This tier prioritizes minimal par-
ticipant burden and ecological validity [22, 23].

Clinical Assessment Tier: Participants attend a clinical facility at 6-month intervals
for attended PSG and neuropsychological assessment, and at 12-month intervals for
structural MRI. These sessions provide research-grade data anchoring the continuous
home monitoring.

Cloud Processing Tier: All computation occurs on HIPAA /GDPR-compliant cloud in-
frastructure. The cloud hosts trained agent models, performs real-time wearable pro-

11



cessing, batch clinical data processing, and generates updated trajectory predictions.
A clinical dashboard API provides longitudinal prediction visualization.

Fig. 3. Clinical Workflow and Longitudinal Data Acquisition Timeline
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Figure 3: Clinical workflow and longitudinal data acquisition timeline showing acqui-
sition schedules across all modalities and trajectory prediction updates.

2.6. Clinical workflow integration

Upon enrollment, baseline clinical data (PSG, neuropsychological battery, MRI) estab-
lishes an initial trajectory estimate. Between visits, the WDA and CAA continuously
update feature representations. An alert system monitors for significant deviations
from predicted trajectory; if detected decline exceeds the predicted rate by a clinically

meaningful threshold, an alert recommends expedited clinical assessment.

Following each clinical visit, the COA recomputes the full multimodal trajectory incor-
porating updated clinical-grade data. Clinicians receive longitudinal reports showing
trajectory evolution, deviation from prior predictions, and contributing biomarkers.

Figure 4 illustrates example trajectory outputs across four risk staging categories.

3. Results

3.1. Comparative analysis

Table 3 compares the proposed framework against existing approaches to AD predic-
tion, highlighting key differentiators in modality integration, prediction type, sleep
biomarker inclusion, and deployment model. No existing approach combines all four
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Fig. 4. lllustrative Trajectory Prediction Output Showing Four Risk Staging Categories

PRETICTION HORZON

Risk Staging Categories

Figure 4: Illustrative trajectory prediction output showing four risk staging categories
(stable, slow decline, moderate decline, rapid decline) with 95% confidence intervals
over a 5-year prediction horizon.

modalities with sleep biomarkers as the central feature set within a trajectory pre-
diction framework. The closest comparator—multimodal deep learning by Qiu et al.
[17]—does not incorporate sleep data and outputs categorical labels rather than tem-
poral trajectories.

Table 3: Comparative analysis of the proposed framework against existing approaches.

Approach  Modalities  Prediction Sleep Deploy.  Output Population
CNN-MRI  MRI only Binary/ternaryNo Clinical Class  ADvs.NC
[15, 16] label

EEG-ML EEG only Binary Partial Clinical ~ Class  AD vs. NC
[18, 19] label

Multimodal Multi-class ~ No Clinical ~ Class  AD spectrum
DL [17] MRI+NP+Demo label

Digital Wearable+AppMCI detec- Indirect Home Risk Community
biomarkers tion score

[22]

MAS- EEG+Clinical Detection No Hybrid Alert  Epilepsy
Epilepsy

[25]

Proposed EEG/PSG+  Trajectory Central Hybrid Curve+ SCD/MCI
framework Wear.+NP+MRI Stage
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3.2. Feasibility and implementation analysis
3.2.1. Data availability

The proposed framework can leverage several established datasets for initial develop-
ment and validation: ADNI (Alzheimer’s Disease Neuroimaging Initiative) [35, 39]
provides over 2,000 participants with longitudinal MRI, PET, CSF biomarkers, and
neuropsychological assessments; Sleep Heart Health Study (SHHS) provides over
6,000 participants with full PSG recordings and longitudinal health outcomes; UK
Biobank provides 500,000 participants with wearable accelerometer data, structural
MRI, and cognitive assessments; and National Sleep Research Resource (NSRR) pro-
vides aggregated PSG data from multiple studies, standardized for research use.

3.2.2. Privacy and regulatory considerations

The framework design incorporates privacy-preserving mechanisms: all data trans-
mission uses TLS 1.3 encryption; data at rest uses AES-256; cloud infrastructure is
designed for HIPAA /GDPR compliance. Federated learning approaches [42, 43] may
enable multi-site model training without centralizing raw patient data—Sheller et al.

[43] demonstrated 99% of centralized performance across 10 institutions.

3.3. Proof-of-concept evaluation

To demonstrate architectural feasibility and validate the multi-agent fusion design, we
implemented a complete proof-of-concept (POC) of the proposed framework using
synthetic data calibrated to published biomarker distributions.

3.3.1. Synthetic data generation

We generated longitudinal multimodal data for N = 500 subjects across T = 10 time-
points (6-month intervals, 5-year horizon), distributed across four diagnostic groups:
cognitively normal (CN; n = 150), subjective cognitive decline (SCD; n = 125), mild
cognitive impairment (MCL; n = 150), and early AD (n = 75). For each group,
biomarker trajectories were calibrated to published effect sizes: spindle-SO coupling
strength (r = —0.46 to —0.54 with CSF tau [8, 11]); REM sleep reduction (HR 0.91 per
1% decrease [12]); sleep fragmentation (HR 1.50 [13]); parasympathetic HRV reduction
(g = —0.36 [33]); and hippocampal atrophy rates (3-5% annual in MCI, 16.5%/year for
MCI—AD conversion [35]). Group-specific decline rates, baseline distributions, and

14



inter-feature correlations were derived from these published parameters. All features

were z-scored within modality.

3.3.2. Implementation details

All five agents were implemented in PyTorch with architectures matching the paper’s
specifications: the SEA uses Conv1D followed by bidirectional LSTM (8,176 parame-
ters); the WDA uses a three-layer dilated TCN (4,792 parameters); the CAA uses a two-
hidden-layer MLP (936 parameters; MLP substituted for XGBoost to enable end-to-end
differentiability); the NIA uses a single-hidden-layer MLP (476 parameters; MLP sub-
stituted for 3D CNN as synthetic data consists of extracted volumetric features). The
COA implements four-head cross-modal attention with learnable temporal encodings,
followed by a Neural ODE trajectory predictor using the torchdiffeq library’s dopri5
adaptive solver (34,850 parameters). Total framework: 49,230 trainable parameters.

Training used AdamW optimization (Ir = 103, weight decay = 10~°) with cosine
annealing over 150 epochs and early stopping (patience = 20). The loss function com-
bined MSE for trajectory fitting, heteroscedastic negative log-likelihood for uncertainty
estimation, monotonicity regularization (penalizing biologically implausible cognitive
score increases), and second-order smoothness regularization. Data was split 70/15/15
for train/validation/test. Training converged at epoch 133.

3.3.3. Trajectory prediction performance

Table 4 summarizes the test set performance. The framework achieved overall RMSE
of 0.037 (on a normalized 0-1 scale) and MAE of 0.029, with trajectory-level Pearson
correlation of 0.56. Per-group analysis reveals highest accuracy for CN (RMSE = 0.030)
and MCI (0.033), with larger error for AD (0.056), consistent with greater phenotypic
heterogeneity in the AD group.

Table 4: Proof-of-concept test set results (Niest = 75).

Metric Overall Per Group (RMSE)
RMSE 0.037 CN: 0.030
MAE 0.029 SCD: 0.039
Trajectory Correlation  0.563 MCI: 0.033
Risk Staging Accuracy  89.3% AD: 0.056
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3.3.4. Risk staging classification

The clinically critical risk staging task achieved 89.3% accuracy across four categories
(stable, slow decline, moderate decline, rapid decline). Figure 5 shows the confusion
matrix: misclassifications were predominantly adjacent-tier (e.g., moderate<slow de-
cline), with zero catastrophic errors (e.g., no rapid decline cases classified as stable).
Crisis-sensitive staging—correct classification of rapid decline cases—achieved 87.5%
sensitivity (14/16 correct), with the 2 misclassified cases assigned to the adjacent mod-

erate decline tier.

Risk Staging Classification (Final Timepoint)

30
Rapid |
Decline 14 2 0 0
25
Moderate |
Decline Y 9 1 0 20
)
o -
S €
. 3
g 15O
'_
Slow |
Decline 0 Y 12 4
r 10

Stable - 0 0 1
T T T —0
Rapid Moderate Slow Stable
Decline Decline Decline

Predicted Stage

Figure 5: Risk staging confusion matrix at the final timepoint (year 4.5). Misclassifica-
tions cluster along the diagonal, indicating adjacent-tier errors rather than catastrophic
misclassification.

3.3.5. Group-level trajectory prediction

Figure 6 displays predicted versus actual cognitive trajectories stratified by diagnostic
group. The framework successfully captures group-level decline dynamics: near-flat
trajectories for CN (mean decline ~2 points over 5 years), gradual decline for SCD (~5
points), clinically significant decline for MCI (~12 points), and rapid decline for AD
(~20 points). Individual trajectory predictions (dashed lines) track actual trajectories
(solid lines) with tightening confidence intervals for lower-variance groups (CN, SCD)

and appropriately wider intervals for higher-variance groups (AD).
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Predicted vs. Actual Cognitive Trajectories by Diagnostic Group

CN SCD

100 + 100 4

80 80 A

60

60

40 4 40

Cognitive Composite Score
Cognitive Composite Score

20 4 20 4

- Actual (n=32) Actual (n=16)
== = Predicted == = Predicted

0 1 2 3 a 0 1 2 3 a
Time (years) Time (years)
MCI AD

100 + 100 A

80 80

————

-_
. e

B —

60 60 4

40 40 4

Cognitive Composite Score
Cognitive Composite Score

20 4 20 4

Actual (n=18) m— Actual (n=9)
== = Predicted == = Predicted

0 1 2 3 4 0 1 2 3 4
Time (years) Time (years)

Figure 6: Predicted (dashed) versus actual (solid) cognitive composite score trajectories
by diagnostic group, showing group means + SD with individual traces. Color-coded
staging bands: green (stable), yellow (slow decline), orange (moderate), red (rapid).

3.3.6. Cross-modal attention analysis

Figure 7 presents the cross-modal attention weights learned by the COA, averaged
across subjects within each diagnostic group. The Cognitive Assessment Agent (CAA)
consistently receives the highest attention weight across all groups (0.46-0.72), reflect-
ing its direct correspondence with the prediction target. Notably, the Neuroimag-
ing Agent (NIA) contribution increases progressively from CN to AD groups, con-
sistent with the biological expectation that structural changes become more salient
as neurodegeneration advances. The Sleep Electrophysiology Agent (SEA) maintains
moderate attention across all groups, supporting the framework’s premise that sleep
biomarkers provide predictive information throughout the disease continuum.
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Cross-Modal Attention Weights by Diagnostic Group

CN SCD MCI AD 0.7
SEA4 0.11 0.07 gilFa 0.10 SEA4 0.08 0.12 ELNE 0.11 SEA4 0.12 0.12 ELE3E 0.15 SEA4 0.15 0.13 BLEVA 0.15 0.6
e
052
WDA4 0.21 0.12 FiEFE 0.16 WDA 4 0.18 0.12 BiE-TE 0.16 WDA4 0.20 0.11 F2TE 0.23 WDA4{ 0.19 0.19 0.43 0.16 g
0.4 <
CAA4 0.24 0.28 0.26 0.22 CAA4 0.22 0.28 0.21 0.29 CAA4 0.24 0.23 0.19 0.34 CAA4{ 0.20 0.17 0.31 0.25 03%E
g
02 <
NIA{ 0.29 0.23 0.24 0.24 NIA4{ 0.25 0.22 0.30 0.23 NIA4{ 0.19 0.15 0.22 NIA4{ 0.19 0.19 0.16
T T T T T T T T T T T T T T 0.1
SEA. WDA CAA NIA SEA  WDA CAA NIA SEA  WDA CAA NIA SEA  WDA CAA NIA

o
o

Figure 7: Cross-modal attention weight matrices by diagnostic group. Color intensity
indicates learned attention between modality pairs. The CAA column shows consis-
tently high weights, while NIA contribution increases from CN to AD.

3.3.7. Modality contribution dynamics

Figure 8 illustrates how modality contributions evolve over the 5-year prediction hori-
zon. In the AD group, the NIA contribution grows from ~20% at baseline to ~35%
at year 4.5, paralleling progressive structural atrophy. The CAA contribution shows
an inverse pattern—slightly decreasing over time—consistent with floor effects as cog-
nitive scores saturate at lower bounds. These dynamic attention shifts suggest the
framework learns clinically meaningful modality weighting rather than static feature
importance.

3.4. Validation roadmap

We propose a phased validation strategy:

Phase 1: Retrospective Feasibility (Months 1-12). Train individual agents on available
public datasets (ADNI, SHHS, UK Biobank); evaluate single-agent predictive perfor-
mance with cross-validation; develop fusion architecture with synthetic multimodal
data.

Phase 2: Prospective Pilot (Months 12-24). Recruit 100 SCD/MCI participants from
memory clinics; deploy hybrid monitoring protocol for 12 months; validate trajectory

predictions against observed outcomes.

Phase 3: Multi-Site Validation (Months 24-48). Expand to 3-5 clinical sites with di-
verse demographics; implement federated learning for privacy-preserving training;

conduct head-to-head comparison with standard clinical assessment.
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Modality Contribution Over Time by Diagnostic Group
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Figure 8: Modality contribution over the 5-year prediction horizon by diagnostic
group, showing relative importance of each agent as disease progresses.

Phase 4: Clinical Integration (Months 48-60). Develop clinical decision support inter-
face; conduct clinician usability studies; pursue regulatory pathway assessment (FDA
breakthrough device).

4. Discussion

The proposed framework represents a conceptual and architectural advance in several
dimensions. First, by centering sleep-dependent memory consolidation as the primary
predictive mechanism, it is grounded in the known neurobiology of AD—the bidi-
rectional relationship between sleep disruption and amyloid/tau pathology [6-9] pro-
vides a mechanistic rationale for why sleep biomarkers may detect AD-related changes
earlier than conventional clinical markers.

Second, the multi-agent architecture offers practical advantages over monolithic mod-
els. Modular design allows individual agents to be updated independently as algo-
rithms or sensor technologies advance. The system can operate with varying data

availability, from minimal wearable-only monitoring to full four-modality assessment,
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with the attention-based fusion mechanism adapting dynamically. The proof-of-concept
evaluation validates this design: the learned attention weights demonstrate clinically

meaningful modality prioritization that shifts with disease stage.

Third, the trajectory prediction approach provides more clinically useful output than
binary classification. The Neural ODE architecture [40] models continuous-time dy-
namics from irregularly sampled observations [41], enabling precise patient stratifi-
cation and optimal intervention timing. The POC staging accuracy of 89.3% with
adjacent-tier error patterns suggests this approach can generate actionable clinical out-
puts.

The POC demonstrates architectural feasibility with clinically interpretable outputs.
However, several limitations of the POC must be acknowledged. Synthetic data cal-
ibrated to published effect sizes validates architectural design but cannot establish
clinical predictive validity—the model partially recovers patterns embedded in the
data generation process. The moderate trajectory-level correlation (0.56) reflects both
stochastic noise in the synthetic data and the inherent difficulty of continuous trajec-
tory prediction versus discrete staging. Agent architectures are simplified relative to
tull specifications (MLP replaces XGBoost and 3D CNN for end-to-end differentiabil-
ity). The synthetic data lacks complex confounding structure of real clinical popula-
tions (comorbidities, medication effects, dropout patterns). Validation on real datasets

following the proposed roadmap is essential to establish clinical utility.

4.1. Limitations

Five broader limitations require acknowledgment: (1) while the POC demonstrates ar-
chitectural feasibility, agent performance and trajectory accuracy on real clinical data
must be established through prospective studies following the proposed validation
roadmap; (2) the reliance on periodic clinical PSG represents a practical barrier that
advances in home-based EEG devices may eventually mitigate; (3) five concurrent
agents with Neural ODE trajectory modeling require careful evaluation for real-world
scalability, though the POC implementation (49,230 parameters, sub-second inference)
suggests feasibility; (4) sleep architecture varies with age, sex, ethnicity, and comorbid
conditions, requiring diverse training data to avoid algorithmic bias; (5) generalizabil-

ity across healthcare systems with varying resources warrants investigation.
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4.2. Future directions

Building upon the proposed framework, several extensions merit investigation: (1) a
tifth agent incorporating plasma biomarkers (p-tau217 [4, 5]) as point-of-care assays be-
come available; (2) closed-loop interventions (e.g., auditory stimulation during slow-
wave sleep) based on detected consolidation deficits; (3) disease-specific adaptation
for Parkinson’s disease, Lewy body dementia, and other neurodegenerative conditions
with sleep-related prodromal markers; and (4) integration of emerging consumer EEG
headbands for continuous sleep electrophysiology monitoring.

5. Conclusions

This paper presents a multi-agent Al framework for predicting Alzheimer’s disease
trajectory through sleep-dependent memory consolidation biomarkers. By integrating
EEG/PSG, wearable sensor data, cognitive assessments, and structural neuroimaging
through specialized Al agents coordinated by an attention-based central orchestrator
with Neural ODE trajectory modeling, the framework addresses critical limitations
of existing single-modality, binary-classification approaches. A proof-of-concept im-
plementation on calibrated synthetic data demonstrates 89.3% risk staging accuracy,
clinically meaningful attention-based modality weighting, and interpretable trajectory
predictions across diagnostic groups. The hybrid deployment model balances clinical-
grade data quality with continuous ecological monitoring, and the trajectory predic-
tion output provides clinicians with individualized longitudinal risk profiles stratified
into actionable staging categories. While validation on real clinical data is essential,
this framework establishes a theoretically grounded, architecturally validated founda-
tion for the next generation of sleep-based AD prediction systems.
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