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Abstract

Alzheimer's disease (AD) is a neurodegenerative disorder with
limited treatment options. While transcranial magnetic stimu-
lation (TMS) has demonstrated therapeutic potential, its under-
lying mechanisms and personalized applications are not yet
fully explored. This study integrates deep learning with neuro-
dynamics, employing a pretrained resting-state AD self-super-
vised model to constrain dynamic training and simulate TMS-
induced neural dynamics in AD patients. The results reveal re-
gional heterogeneity, showing enhanced excitability in stimu-
lated regions, in contrast to reduced global neural dynamics.
We identified significant differences in brain responses be-
tween AD patients and healthy controls, which provide critical
theoretical support for developing TMS treatment strategies.
These insights advance the understanding of AD pathophysiol-
ogy and highlight the potential of TMS interventions, which
may lead to more effective therapeutic approaches.

Keywords: Alzheimer's disease; neurodynamics; MAE; pre-
training model

Introduction

Alzheimer's disease (AD), the most prevalent neurodegener-
ative disorder (Self & Holtzman, 2023), is characterized by
progressive neuronal degeneration in the cerebral cortex and
hippocampus, leading to cognitive decline and various non-
cognitive symptoms. Current clinical management of AD pri-
marily relies on pharmacological interventions, including
cholinesterase inhibitors and NMDA receptor antagonists.
However, these therapeutic approaches have demonstrated
limited efficacy in halting disease progression (Marucci et al.,
2021). Given these limitations, there is an increasing focus on
exploring novel non-pharmacological strategies to ameliorate
clinical symptoms and potentially decelerate disease progres-
sion in AD patients.

Among emerging non-invasive interventions, transcranial
magnetic stimulation (TMS) has garnered significant atten-
tion in the field of neurodegenerative disease treatment. Re-
search indicates that TMS can effectively modulate cortical
neural activity, demonstrating substantial improvements in
cognitive functions and emotional states, particularly in AD
interventions (Koch et al., 2022). The therapeutic mecha-
nisms of TMS primarily involve the enhancement of cortical
synaptic plasticity and the improvement of inter-regional
brain connectivity, thereby offering potential benefits in

addressing cognitive dysfunction and emotional disturbances
in AD patients. Despite promising clinical trial outcomes,
several critical issues remain unresolved, including the need
for long-term efficacy data, optimization of personalized
treatment parameters, and comprehensive safety evaluations.

For instance, Xiu et al. (2024) conducted a systematic eval-
uation of high-frequency repetitive transcranial magnetic
stimulation (rTMS) in treating cognitive and emotional dis-
orders in AD patients. Their findings revealed that while
high-frequency rTMS significantly improved cognitive func-
tions in certain AD patients, substantial inter-individual vari-
ability in treatment response was observed. These results un-
derscore the necessity for further research to elucidate TMS's
potential therapeutic value in AD treatment and to address the
challenges posed by individual response variability.

In parallel with these developments, innovative computa-
tional approaches are being explored. The Masked Autoen-
coder (MAE), an advanced self-supervised learning frame-
work, has demonstrated remarkable capabilities in recon-
structing complete data distributions through random input
masking and deep feature extraction (He et al., 2022). This
methodology has shown particular promise in image pro-
cessing and computer vision applications, and is increasingly
being adapted for neurological data analysis to uncover latent
patterns and enhance diagnostic and therapeutic strategies.

Building upon these advancements, pre-training and fine-
tuning strategies, which form the cornerstone of modern deep
learning approaches, have been extensively applied across
various domains including natural language processing (NLP)
and computer vision (CV) (Brown et al., 2020; Chen et al.,
2023). These strategies typically employ a cascaded training
paradigm, where models first acquire general feature repre-
sentations through large-scale dataset pre-training, followed
by task-specific fine-tuning. In the context of electroenceph-
alogram (EEG) signal processing for AD diagnosis, this ap-
proach can be effectively implemented by first pre-training
models on resting-state EEG data from both AD patients and
healthy controls (HC), followed by fine-tuning on larger AD-
specific EEG datasets to enhance model performance in re-
constructing AD-related neural patterns.

These neural activity patterns can be effectively captured
through non-invasive neuroimaging techniques, reflecting
the functional state of the nervous system (Bricault et al.,
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2024; Griffiths et al., 2021). Whole-brain modeling (WBM)
conceptualizes the brain as a complex network of intercon-
nected functional regions (Elam et al., 2021), where each
node represents a neuronal population in a specific brain area,
generating observable signals through electrophysiological
activity. The connection weights between nodes are deter-
mined based on neuroimaging or anatomical data, with dy-
namic models simulating potential changes that are inte-
grated into a comprehensive whole-brain network through
connection matrices. This modeling approach not only simu-
lates the propagation of local neuronal activity across the
brain but also replicates whole-brain response patterns to ex-
ternal stimuli.

Building upon these advancements, this study introduces
an innovative AD neural dynamics modeling framework
DynAD-net. This framework employs masked autoencoders
(MAES) to construct a pre-trained model of AD resting states
and establishes a dynamic neural model through fine-tuning
strategies, enabling accurate simulation of TMS effects on the
cerebral cortex, particularly in the M1 region associated with
cognitive function. The framework effectively reduces the
characteristic distance between stimulation intervals and AD
resting states by implementing resting state connection con-
straints, thereby generating TMS stimulation interval func-
tional connections that more accurately reflect real AD neural
dynamics. During the evaluation phase, the framework suc-
cessfully simulates personalized AD-TMS response data
through the incorporation of individualized AD functional
connectivity matrices.

The primary contributions of this study can be summarized
as follows:

1.This study presents DynAD-net, a pre-trained model op-
timizing resting-state data and error constraints to improve
AD analysis. It addresses traditional limitations and advances
disease mechanism exploration.

2.We adopted a whole-brain transfer modeling approach,
trained on normal subjects and applied to AD patients. It tack-
les data scarcity and enables cross-population research and
precision interventions.

3.We implemented personalized TMS response simulation
and dynamic feature analysis. This innovation enhances TMS
understanding and facilitates individualized therapy design.

The structure of this paper is organized as follows: Section
2 provides a comprehensive review of relevant research; Sec-
tion 3 details the implementation methodologies for pre-
training and fine-tuning models, along with dynamic model
constraint strategies; Section 4 presents experimental results
and analyses; and the final section summarizes research find-
ings and outlines future research directions.

Related Works

Whole-brain modeling integrates multimodal neuroimaging
data (e.g., DTI, fMRI) with computational models to bridge
neuroimaging and brain function mechanisms (Lavanga et al.,
2023; Mindlin et al., 2024). Using differential equations and
anatomical networks, these models simulate brain activity,
enabling hypothesis testing and investigation of

counterfactual scenarios like structural lesions or functional
perturbations. This approach is valuable for understanding
brain disorders and developing therapies.

Whole-brain models fall into two categories: (1) simplified
models focusing on universal neural dynamics, ideal for ex-
ploring general network properties (Lopez-Gonzalez et al.,
2021); and (2) complex models incorporating detailed bio-
physical mechanisms, such as neurotransmitter distributions
and transcriptomic data, offering higher biological fidelity
(Sanchez-Rodriguez et al., 2018; Burt et al., 2021). These
complementary approaches balance computational efficiency
and accuracy for diverse neuroscience research.

Methods

This section outlines the DynAD-net framework, including
neural dynamics modeling, pretraining, and constraints.
MAE pretrains on AD resting-state data to extract key fea-
tures. Figure 1 illustrates the entire architecture of our frame-
work. Neural dynamics optimization minimizes differences
between TMS intervals and AD resting states, enabling pre-
cise AD dynamics simulation. In the evaluation phase, indi-
vidualized AD connectivity matrices are used to simulate
whole-brain TMS responses, comparing AD patients and
healthy controls. This reveals TMS-induced brain activity
differences and supports personalized AD-TMS therapy de-
velopment.

Dynamics Module

This study constructs structural connectivity matrices from
DWI data using fiber bundle counts. The Parcel Schaefer at-
las divides the brain into 200 functional regions The Parcel
Schaefer atlas divides the brain into 200 functional regions
(Burt et al., 2021) , covering major cortical networks. Each
region is represented by an equivalent dipole, with neuronal
activity simulated by a neural dynamics model that captures
TMS-induced depolarization and perturbation effects.By in-
tegrating neuronal activity with fiber connectivity, we built a
network model simulating whole-brain TMS perturba-
tions.The Neural Mass Model (NMM) simulates postsynaptic
potential dynamics across 200 regions, while EEG source im-
aging maps these potentials to the scalp (Kaur et al., 2022),
enabling cross-scale simulation from neuronal activity to
EEG signals. This approach precisely models TMS-induced
EEG responses and supports TMS neuromodulation optimi-
zation.

To enhance biological plausibility and clinical relevance,
we integrated a self-supervised MAE model, trained on AD
resting-state data, into the DynAD-net framework. AD rest-
ing-state features constrain model optimization, ensuring
functional connectivity patterns reflect AD characteristics.
This enables precise simulation of personalized TMS strate-
gies and advances AD neuromodulation research.

The Jansen-Rit model, a core component, uses coarse-
grained modeling to simulate three neuronal populations: py-
ramidal cells, inhibitory interneurons, and excitatory inter-
neurons. Three coupled differential equations describe their
interactions and responses to TMS.
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Figure 1: DynAD-Net framework, including pre-training module, fine-tuning model, dynamics training
module, constraint module and AD migration mode.
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In the JR model, parameters A and B represent the maxi-
mum postsynaptic potential amplitudes of excitatory and in-
hibitory neuronal populations, respectively, whilet,andt;de-
note the synaptic time constants for excitatory and inhibitory
neuronal populations, respectively. C;,C,,C5,and C, are key
parameters describing the connection strengths between dif-
ferent neural populations. The parameter g represents the
global gain factor, and u TMS denotes the external input
stimulus signal (such as TMS stimulation).

The JR model employs a sigmoid activation function to
convert membrane potentials into neuronal firing rates, which
are then transmitted as input signals to adjacent neuronal pop-

ulations:
v,

max
7
1+ exp(r(vy — ) )
Vmax Tepresents the maximum firing frequency of neuronal
populations, v, denotes the activation threshold of the sig-

moid function, and r characterizes the response slope of the

o(x) =

sigmoid function. Specifically, r),,7z, and 1; correspond to
the firing rate parameters of Pyramidal Cells (PC), Excitatory
Interneurons (EIN), and Inhibitory Interneurons (IIN), re-
spectively

The Delayed Input mechanism is employed to simulate the
time delay characteristics of neuronal activity signal trans-
mission between different functional regions of the brain.
This physiologically realistic modeling approach can more
accurately reflect the biological processes of neural infor-
mation transmission:

N
LEd = Z wij - Ej(f—‘rij) (8)
j=1
w;jrepresents the value of the structural connection matrix,

T = dij / p delay is determined by the fiber bundle length d
and the global axonal conduction velocity v. Finally, the
channel-level EEG signal is calculated in the model. the dif-
ference between the excitatory and inhibitory interneuron ac-
tivities of each cortical block is taken r(t) = v, (t) — v,(t),
the obtained source signal is multiplied by the leading matrix
L, and then noise is added to obtain more realistic simulated

data:
Yoy =L*xX+e€ ©))

Masked Autoencoder

signals from partial observations. Its asymmetric encoder-de-
coder design maps masked signals to a latent space and re-
constructs complete signals, enabling high-accuracy EEG re-
construction through deep learning.
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This study focuses on learning resting-state EEG features
from Alzheimer's Disease (AD) patients. Given dataset D €
{X1,X,,+-,X,}, where each EEG sample X; € R¢*T has C
channels and T time points, we use partial masking to process
signals. During fine-tuning, the model learns AD resting-
state EEG characteristics, ensuring robust feature extraction
when transitioning from masked (X) to real (X_real) signals.

In pretraining, the MAE reconstructs masked EEG data
X; € R°*T from visible data X; € R%*”, where Cgand C;
represent visible and masked channels. This initializes the
feature extractor and recovers masked channel information.
Using EEG data from both AD patients and Healthy Controls
(HC), the model extracts shared features, improving general-
ization.

During fine-tuning, the pretrained model is optimized with
AD resting-state EEG data. Specific masking strategies help
capture AD-related patterns, enhancing feature extraction.
This enables precise reconstruction and characterization of
AD resting-state signals, supporting AD diagnosis and re-
search.

The phased optimization approach ensures robust learning:
pretraining captures general features across populations (AD
and HC), while fine-tuning refines AD-specific features. This
strategy enables efficient and accurate EEG signal processing,
providing reliable tools for AD diagnosis and pathology stud-
ies.

Constraint loss

During the pretraining phase, the model learns shared fea-
tures from both Alzheimer's Disease (AD) and Healthy Con-
trols (HC) datasets, thereby acquiring the capability to recon-
struct complete original signals from partially observed EEG
signals (i.e., masked signals). The pretraining phase employs
a reconstruction loss function to quantify the difference be-
tween the model's predictions and the original signals. For

each EEG sample Xj, given its partial observation X, qsk

and the model's reconstructed signal X, the reconstruction
loss can be expressed as:

N
1 . .
Lyag = ﬁleXieaz - Xl”Z
i=1

where N represents the total number of samples in the da-
taset, X.,q; denotes the true EEG signal of the i-th sample,
and X' indicates the reconstructed EEG signal of the i-th
sample by the model. During the fine-tuning phase, we ex-
clusively utilize resting-state EEG datasets from AD patients
for model optimization, enhancing the model's feature learn-
ing capability by masking partial EEG signals. Specifically,
the pretrained model is further optimized using the AD da-
taset, and through the reconstruction and enhancement of
AD-specific features, the model's ability to learn and charac-
terize AD-related pathological patterns is significantly im-
proved. Notably, during fine-tuning, we maintain the same
reconstruction error calculation method as in the pretraining
phase, ensuring the continuity and consistency of the model

(10)

optimization process.

To extract dynamic feature patterns from EEG data and in-
corporate them as prior knowledge constraints in the optimi-
zation process of the Jansen-Rit (JR) dynamical model during
the formal training phase, the loss function for formal training
is defined as:

L=2Lagy+ 25 Lpro (1)

The reconstruction loss L _dy of the JR dynamics model
mainly includes the mean square error (MSE) between the
simulated EEG data and the real EEG data and the complex-
ity of the model (Momi et al., 2023):

Nt Nch
1 1 1
Loy = E;(N—m;(m) YO + o+ = (0~ *(12)

Where N, is the time point, N, is the number of electrode
channels, and the model parameter 6 is assumed to be a
Gaussian distribution with a mean p and a standard deviation
c.

Lypro is defined as the AD constraint loss function, whose
primary objective is to ensure a high degree of similarity be-
tween the functional connectivity patterns of brain regions
during TMS inter-stimulus intervals and AD resting-state
functional connectivity. To achieve this constraint objective,
we optimize model parameters by minimizing the functional
connectivity differences between TMS inter-stimulus inter-
vals and AD resting states, thereby effectively reducing the
functional connectivity distance between them. However, it
is important to note that £, is specifically designed to nar-
row the functional connectivity gap between healthy controls
(HC) and AD patients, serving as a functional constraint dur-
ing training. Despite this, the model's output remains focused
on HC data, as Ly, is intentionally kept small to avoid over-
fitting to AD patterns while still guiding the model to learn
relevant features. This approach ensures that the model re-
tains its ability to generalize to HC data while incorporating
AD-related insights for improved TMS response simulation.

M
1 . )
[’pro = MZ”C;MS—ISI - C.ALlD”Z (13)
i=1

Where Ctys_;s; is the brain region correlation matrix un-
der TMS stimulation interval of the i-th sample, and C}j, is
the AD resting state brain region correlation matrix of the i-
th sample. The correlation can be calculated by the Pearson
correlation coefficient:

Cij _ cov(Xl,X]) (14)
Ox,0x;

Here, cov(X i,Xj) represents the covariance between the i-

th and j-th brain regions, while oy, and aX].denote the stand-

ard deviations of the i-th and j-th brain regions, respectively.
During this process, the parameters of the pre-trained model,
which have already been optimized and fixed in the pre-train-
ing phase, are not updated further.

During the formal training phase, we utilize the functional
connectivity matrices of Healthy Controls (HC) as input, with
the corresponding output labeled as Y7, qin = Ygc-
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Table 1: Performance comparison of models.

Fold/ACC 1 2 3 4 5 Mean
BEIT 54.20 49.64 74.30 71.05 62.09 62.25
MAE 55.73 52.55 76.46 72.75 66.24 64.75

Finally, in the model evaluation phase, the trained Jansen-
Rit (JR) dynamical model is applied to the structural connec-
tivity matrices of AD patients to directly predict the input
data, with the output being the simulated neural response pat-
terns of AD patients. This phased training strategy ensures
that the model first learns the neural dynamic characteristics
of healthy brains and then transfers this knowledge to simu-
late pathological states in AD patients.

(15)

Yiest = Yap
Experiment

Datasets

Three public datasets were mainly used in this study:

1.The TMS-EEG open dataset provided by Rogasch et al.
(2019) contains TMS-EEG recordings from 20 healthy par-
ticipants aged 20-30 years (14 females). All data were col-
lected with stimulation at the Primary Motor Cortex (M1) and
have undergone preprocessing.

2.The OASIS-3 (Open Access Series of Imaging Studies 3)
dataset is a publicly available, multimodal brain imaging da-
taset focusing on Alzheimer's Disease (AD) and normal aging
processes. This study selected EEG data from 15 AD patients
for analysis (LaMontagne et al., 2019).

3.The resting-state EEG dataset collected by the Second
Department of Neurology at AHEPA University Hospital in
Thessaloniki includes records from 88 participants. This
study selected data from 36 AD patients (13 males) and 29
Healthy Controls (HC, 11 males) for analysis (Miltiadous et
al., 2023).

Pre-trained AD Resting State Results

This study evaluated the accuracy of self-supervised EEG
signal reconstruction using the Masked Autoencoder
(MAE) framework, with BEIT serving as a comparative
baseline. We compared their performance on resting-state
EEG datasets from Alzheimer's Disease (AD) patients, using
the Structural Similarity Index Measure (SSIM) to assess re-
construction quality. SSIM evaluates luminance, contrast,
and structure, providing a comprehensive performance met-
ric.

The experiment involved pretraining both MAE and BEIT
on a mixed dataset of AD patients and Healthy Controls (HC),
followed by fine-tuning on AD data. Pretraining enabled the
models to learn common EEG features, with MAE achieving
an SSIM of 0.53, outperforming BEIT (SSIM = 0.48). While
demonstrating basic reconstruction capability, these results
highlighted the need for fine-tuning to capture AD-specific
patterns.

Fine-tuning on AD resting-state EEG data significantly im-
proved MAE's ability to extract AD-related neural features.
The SSIM increased to 0.65 (p<0.05), surpassing BEIT's
fine-tuned performance (SSIM = 0.58). This improvement
underscores the superiority of MAE in medical applications,
enabling precise extraction of AD-specific neural patterns
and supporting AD research and clinical diagnosis.

Dynamics simulation
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Figure 2: Simulated AD abnormal excitement value.

To evaluate neural response differences between Alzheimer's
Disease (AD) patients and Healthy Controls (HC) under sim-
ulated Transcranial Magnetic Stimulation (TMS), we con-
ducted paired-sample t-tests on neural activity data from 200
brain regions across 400 time points (12 AD vs. 12 HC). Re-
sults revealed significantly weaker neural responses in AD
patients (t =-9.99, p = 7.48 x 1077), supporting reduced cor-
tical excitability in AD. After False Discovery Rate (FDR)
correction, widespread neural response differences were ob-
served between groups.

Building on these findings, we quantified cortical excita-
bility differences using normalized neural activity: (AD-HC
(mean))/HC (variance). Positive values indicate stronger neu-
ral activity in AD patients, reflecting enhanced excitability in
specific regions or time windows. Figure 2 shows AD pa-
tients exhibited significantly increased excitability within a
70ms post-stimulation window, particularly in the sen-
sorimotor cortex. Compared to controls, AD patients dis-
played prolonged localized neural activity (30-60ms) in stim-
ulated regions, suggesting abnormal local circuit enhance-
ment despite stronger motor cortex responses.

Our results align with research linking motor cortex hyper-
excitability to AD patients and disease progression (Albers et
al., 2015). Unlike traditional TMS methods, our TMS-EEG
approach provides systematic cortical source-level analysis,
revealing that motor cortex hyperexcitability may enhance
local circuits while reducing overall network activity and
connectivity.

These findings are supported by studies showing amyloid-
B (AB) deposition in the motor cortex, similar to hippocampal
damage (O'Leary et al., 2020). AB plaques disrupt synaptic
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transmission, causing abnormal local circuits and network
dysfunction (Koffie et al., 2009; Punzi et al., 2024), con-
sistent with our observed localized activity enhancement. AD
patients' distinct motor cortex activation patterns further sug-
gest functional remodeling.

The pathological disinhibition observed, characterized by
confined yet enhanced local responses, aligns with findings
of non-target muscle activation in AD patients due to excita-
tory-inhibitory imbalance (Ferreri et al., 2011). This imbal-
ance, driven by glutamatergic overactivation and weakened
GABA inhibition (Sciaccaluga et al., 2021), explains the lo-
calized hyperexcitability in our results.

PCI Simulate AD VS HC

- HC TMS PCI
——AD TMS PCI

Subject

Figure 3: Perturbation complexity index (PCI) values to
extracted from simulated TMS-EEG time series of AD and
HC.

Furthermore, we compared the perturbation complexity in-
dex (PCI) between Alzheimer's disease (AD) patients and
healthy controls (HC) to assess differences in neural respon-

siveness and consciousness levels under simulated conditions.

This analysis complements our earlier findings on localized
neural activity enhancement and cortical excitability differ-
ences, providing a broader perspective on how AD affects
global brain dynamics. Figure 3 illustrates the simulated PCI
values for both groups across various experimental condi-
tions or individual subjects. The horizontal axis represents
different subjects, while the vertical axis displays the corre-
sponding PCI values. The blue line indicates PCI_sim AD
for AD patients, and the green line represents PCI_sim HC
for healthy controls.

As shown, the PCI values of the healthy control group are
generally higher and exhibit greater fluctuations, reflecting
the complex neural activity and higher level of consciousness
in healthy brains when responding to external stimuli. This
contrasts sharply with the patterns observed in AD patients,
who show lower and less variable PCI values, likely due to
neurodegenerative changes that reduce the brain's respon-
siveness to stimuli and impair consciousness levels
(Parhizkar & Holtzman, 2022). These results align with our
earlier observations of localized hyperexcitability and func-
tional remodeling in AD patients, further underscoring the
widespread impact of AD pathology on both local and global
neural dynamics.

Conclusions

This study integrates deep learning with neural dynamics
models to simulate and explore the dynamic responses of the
nervous system in Alzheimer's disease (AD) patients under
transcranial magnetic stimulation (TMS). By employing a
masked autoencoder (MAE) to develop an AD-specific rest-
ing-state model and utilizing individualized functional con-
nectivity matrices, the study enabled simulations and analysis
of brain region responses to TMS. The results highlight re-
gional heterogeneity in AD patients, showing increased ex-
citability in stimulated specific regions. This localized hyper-
excitability, accompanied by a global reduction in neural dy-
namics, is linked to AD pathological features, such as abnor-
mal B-amyloid deposition and excitatory-inhibitory imbal-
ance (Pichet Binette et al., 2024; Targa Dias Anastacio et al.,
2022), offering new insights into the neural mechanisms of
AD. AD patients exhibited enhanced cortical excitability in
stimulated regions but lower perturbational complexity index
(PCI) values, reflecting a dissociation between local hyper-
activity and global network dysfunction. This pattern indi-
cates impaired brain integration and responsiveness to stimuli,
further supporting the notion of pathological disinhibition
and excitatory-inhibitory imbalance in AD. These findings
provide a novel perspective on AD neuropathology and un-
derscore the potential of TMS as a tool for both understand-
ing and treating AD.
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