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Alzheimer’s disease (AD) is a neurodegenerative disorder characterized by impairments in memory, cognition, and13

behavior. Resting-state functional magnetic resonance imaging (rs-fMRI) is one of the valuable techniques for study-14

ing brain function in AD, providing insights into neural mechanisms and aiding early diagnosis. Traditional rs-fMRI15

analyses, such as dynamic functional connectivity and time series analysis, aim to explore spatiotemporal relationships16

between brain regions. However, the short duration of real-world rs-fMRI data often limits their ability to capture17

nonlinear features that are critical for early-stage AD detection. To overcome these obstacles, this study develops a18

surrogate model based on the techniques of reservoir computing and compressed sensing (CS-RC), which expands19

data through time series predictions and extracts nonlinear dynamical characteristics of AD. Two indicators are further20

proposed based on the developed model, the maximum Lyapunov exponent and the phase locking values, indicating a21

reduced dynamical complexity in AD and the key AD-affected brain regions in the frontal and parietal lobes, respec-22

tively. The classification accuracy based on these two indicators can reach as high as 87% across different datasets,23

validating the CS-RC analysis approach. Our framework improves the use of rs-fMRI data and may support further24

theoretical investigations in neurodegenerative disease research.25

Introduction26

Alzheimer’s disease (AD) is a neurodegenerative disorder27

and the most prevalent form of dementia. Its primary charac-28

teristics include memory impairment, cognitive decline, and29

alterations in behavior, which ultimately result in the inabil-30

ity to carry out daily activities. AD has a devastating im-31

pact, adversely affecting patients, their families, and society32

as a whole. Investigating the underlying mechanisms of AD33

and improving early detection methods are crucial to timely34

intervention and treatment. Such advances can improve pa-35

tients’ quality of life, which in turn mitigates social and eco-36

nomic burdens, and ultimately accelerates scientific research37

and drug development.1–5
38

Recent advances in imaging techniques have provided com-39

prehensive tools for investigating the mechanisms underlying40

AD.6 Magnetic resonance imaging (MRI) has unveiled that41

AD is accompanied with atrophy in various brain regions, in-42

cluding the hippocampus, the entorhinal cortex, and the tem-43

poral lobes.7 The positron emission tomography (PET) imag-44

ing technique employs various tracers to identify the atypi-45

cal aggregation of β -amyloid and tau proteins.8 These imag-46

ing modalities provide significant insight into the pathophys-47

iology of AD from the aspects of structural, metabolic, and48

molecular changes.49

In parallel to other imaging modalities, resting-state func-50

tional magnetic resonance imaging (rs-fMRI) characterizes51

the spatiotemporal properties of spontaneous low-frequency52

oscillations (0.01-0.1Hz) in brain activity through a moderate53

temporal resolution (TR=0.5–3s). It captures functional con-54

nectivity between different brain regions by measuring blood55

oxygen level-dependent (BOLD) signals in the absence of56

specific tasks.9,10 Existing rs-fMRI studies have provided sig-57

nificant insight into the disrupted connectivity patterns asso-58

ciated with AD.11–17 Using seed-based analysis, researchers59

have identified disrupted connectivity in the hippocampus,60

which is closely related to early memory impairments. In-61

dependent component analysis has been used to reveal ab-62

normalities in large-scale networks, particularly the default63

mode network, a hallmark of AD.18 Graph-theoretical ana-64

lyzes further demonstrate that the AD brain exhibits reduced65

clustering, increased path lengths, and a degradation of the66

small world topology, indicating a shift toward a more ran-67

dom and inefficient network structure.19 These findings are68

strongly correlated with cognitive decline and provide valu-69

able information on the progression of AD.70

Dynamic analysis based on rs-fMRI data is another promis-71

ing approach for AD diagnosis. Compared to static-image-72

based methods, it better characterizes the brain’s temporal dy-73

namics and reveals pathological mechanisms.20 Current anal-74

yses of dynamic information in rs-fMRI predominantly rely75

on two methodological approaches: dynamic functional con-76

nectivity (dFC) and time series analysis46. The dFC approach,77

typically implemented using sliding window correlation tech-78

niques, captures time-varying connectivity patterns between79

brain regions. However, since it relies on linear correlation80

metrics, dFC may fail to capture nonlinear interactions in neu-81

ral activity. In contrast, time series analysis methods, such as82

spectral analysis, Granger causality analysis, and higher-order83

statistics, offer complementary insights, but they require high-84

quality, long-duration scans to provide reliable estimates due85
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FIG. 1. The modeling process of CS-RC for rs-fMRI data. The brain image (upper left) highlights regions of interest (ROIs), with

corresponding time series shown above. During the training phase, the time series are mapped through the input layer to the reservoir layer and

compression layer. The output matrix is obtained through ridge regression, the model enters a closed-loop evolution, continuously generating

new data. The output time series (bottom right) not only reproduce the training data in the short term but also generate long time series data,

while preserving the original functional relationships in the data.

to their sensitivity to data characteristics.86

In this paper, we propose reservoir computing23 (RC) as87

a novel computational framework for characterizing the spa-88

tiotemporal complexity of brain functional dynamics, with89

specific applications to neurodegenerative disorders such as90

AD. RC is a type of recurrent neural network that can be91

directly trained on physiological and behavioral data, effec-92

tively approximating the dynamics of an underlying system93

of differential equations.24,25 In this way, it extracts the un-94

derlying dynamical representations from temporal observa-95

tions and generates realiable following evolutions.26–29 The96

high-dimensional state space of RC makes it particularly suit-97

able for modeling complex spatiotemporal data30. Further-98

more, research indicates that the design of RC inherently pos-99

sesses the ability to overcome noise interference and data100

missing problems.31 After training from temporal observa-101

tions, the dynamics of the RC serves as a digital twin of the102

unknown system32, from which one can calculate various dy-103

namic indicators from RC to characterizing the original un-104

known system26.105

In this study, we employ Reservoir Computing with Com-106

pressed Sensing(CS-RC) for dynamical analysis within the rs-107

fMRI time series of individuals diagnosed with AD. Upon108

completion of the CS-RC learning process, the model per-109

forms proficiently as an equation-based surrogate for the rs-110

fMRI data. The surrogate model provides two notable advan-111

tages. Firstly, it establishes a well-defined equation that facil-112

itates nonlinear dynamic analysis and the derivation of global113

dynamical metrics. By calculating the maximum Lyapunov114

exponent, we find that the overall complexity in individuals115

with AD is lower than in healthy individuals. Secondly, the116

CS-RC approach enables long-term autonomous evolution,117

which allows for the generation of extended data sets, thereby118

supporting more robust time series analysis. By quantifying119

inter-regional synchronization using the phase locking value120

(PLV), we find key AD-affected brain regions. Both our pro-121

posed method and the two indicators derived from CS-RC are122

validated through their performance in an AD classification123

task.124

Results125

Reconstructing dynamics from rs-fMRI data. The data126

used in this study included 489 participants (including 253127

AD patients and 236 healthy comparison individuals) from128

the Multi-Center Alzheimer Disease Imaging Consortium129

(MCADI) dataset. Detailed information regarding data ac-130

quisition and processing protocols can be found in the Meth-131

ods section. For each subject, the preprocessed rs-fMRI data132
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FIG. 2. The dynamic reconstruction results of CS-RC for rs-fMRI data. Including the short-term time series reconstruction errors and the

maintenance of long-term functional correlations, are obtained from the dataset of Center 1. a shows the reconstruction result of one specific

time series from the rs-fMRI data of an individual, here, the black solid line represents the real data, and the red dashed line represents the data

generated by the model. b is a heatmap depicting the reconstruction errors of all time series in the rs-fMRI data of an individual. c presents

the distribution maps of short-term time series reconstruction errors of NC and AD data. d is the functional connectivity matrix obtained by

performing Pearson correlation on the real data. e is the functional connectivity matrix obtained from the long-term time series generated

by CS-RC. f shows the distribution maps of the correlation fitting of the functional connectivity matrices between the long-term time series

generated by CS-RC and the real time series.

S ∈ R
N×L is represented as a matrix in which the k-th col-133

umn corresponds to the variations in blood oxygenation for134

the k-th brain region over the scanning period of L = 230 time135

points. Subsequently, the matrix S is input into the reservoir136

and subsequently processed through the compression layer, as137

illustrated in Fig. 1. The characteristics of the original reser-138

voir state r are extracted to produce rc, which is utilized to139

train the output layer as described in Methods. The size of140

CS-RC is calculated as cn = 0.1×500 = 50. All other param-141

eters are optimized during validating stage, with the valida-142

tion criterion being that the functional connectivity between143

predicted sequences from CS-RC must closely match that of144

the ground-truth rs-fMRI data. For each subject, an individu-145

alized model was independently trained and evaluated using146

subject-specific data, with hyperparameters separately opti-147

mized for each case.148

After training the output weigths Wout , we substitute the149

input vector u with the output vector v and get the surrogate150

model for rs-fMRI as151

r(t +∆t) = (1−α)r(t)+α tanh[Ar(t)+Winv(t)]

v(t +∆t) =Wout [u(t);ΦΨ ·r(t +∆t)]
. (1)

The initial state of the reservoir is set to zero and is subse-152

quently driven by the actual data for a time step of τ = 1.153

Then, CS-RC can begin self-evolution with Eq. (1), as shown154

in Fig. 1, not only reproducing the training data but also gen-155

erating new data. As illustrated in Fig. 2(a)-(c), these results156

suggest that CS-RC effectively reconstructs the temporal dy-157

namics of the rs-fMRI data. Furthermore, the reconstruction158

of the time series demonstrates that CS-RC effectively cap-159

tures the temporal features present in the training data.160161

Since the rs-fMRI data reflect functional connectivity be-162

tween different regions of the brain, we further examine163

whether CS-RC has captured interactive relationships be-164

tween these brain regions. CS-RC is capable of performing165

closed-loop self-evolution to generate data of arbitrary length166

during the prediction stage. As shown in Fig. 1, after repro-167

ducing the first 230 data points, CS-RC can autonomously168

evolve to generate additional data, extending the time series169

by 2000 steps, thereby generating a new functional connec-170

tivity network. As shown in Fig. 2(e), the functional connec-171

tivity network refers to a correlation matrix obtained by com-172

puting the Pearson correlation between the newly generated173

time series. To evaluate how accurately CS-RC reproduces174
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FIG. 3. Lyapunov exponent analysis of reservoir computing in normal control and Alzheimer’s disease groups, are obtained from the

dataset of Center 1. a and c, evolution of the first three largest Lyapunov exponents across iterations in the NC group a and AD group c,

with corresponding reservoir outputs shown as inset plots. b and d, the Lyapunov exponent spectra for NC b and AD d groups, illustrating

differences in stability properties. e Distribution of the maximum Lyapunov exponents across all datasets. The blue and red colors represent

the distribution of the maximum Lyapunov exponents for the AD and NC datasets, respectively, computed using CS-RC. The green and pink

colors correspond to the results obtained by estimating the Lyapunov exponents for real rs-fMRI data using Rosenstein’s method.

brain functional connectivity, we compute the Pearson cor-175

relation between the functional connectivity matrices derived176

from CS-RC-generated time series and those from the original177

training data. As shown in Fig. 2(f), for all subjects, the corre-178

lation exceeds 0.9, further illustrating that CS-RC captures the179

temporal characteristics and interaction patterns in the fMRI180

time series data.181

The results demonstrate that the CS-RC characterized the182

inherent dynamics of the time series, particularly regarding183

the variation patterns and interactions among different regions184

of the brain. These results imply that the derived surrogate185

equation could potentially represent some aspects of the un-186

derlying dynamics in the rs-fMRI data. Using the dynamics187

of CS-RC Eq. (1), we can investigate AD from a dynamic per-188

spective, thereby deepening our understanding of AD.189190

The dynamic indicators of Alzheimer’s disease. We have191

developed a surrogate model Eq. (1) for rs-fMRI using CS-192

RC, a dynamical system described by explicit equations,193

which facilitates the extraction of underlying dynamical char-194

acteristics. Most prior studies on AD have employed data-195

driven approaches. However, these approaches are con-196

strained by the limitations of rs-fMRI data, which mainly sup-197

ports correlation analyses with statistical significance. In con-198

trast, with the acquisition of a surrogate equation, various dy-199

namic analyses become feasible.200

For complicated non-linear dynamical systems, the Lya-201

punov exponents is a quantitative measure of chaotic behav-202

ior, system complexity, and dynamic stability.40,41 In the con-203

text of AD, calculating Lyapunov exponents from a surro-204

gate model enables the detection of subtle yet informative205

changes in brain dynamics, reflecting alterations in both sta-206

bility and complexity associated with disease progression.207

These changes reflect impaired brain information processing208

and loss of dynamical complexity, which are hallmark fea-209

tures of AD pathophysiology. Moreover, the dynamic analysis210

of Lyapunov exponents provides insight into the pathological211

progression of AD, offering a more nuanced perspective on212

the disease’s underlying mechanisms compared to traditional213

correlation-based analyses.214

From the surrogate model Eq. (1), the reservoir represents215

a discrete-time dynamical system of dimension Dr. To com-216

pute the Lyapunov exponents, we first derive the evolution217

equations for the corresponding tangent map, as described in218

Eq. 2219

δr(t +∆t) = J ·δr(t). (2)

Here, J represents the Jacobian matrix of the system evo-220

lution equation (see Methods for details). A set of m221
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FIG. 4. Phase-Locking Value (PLV) Analysis Between AD and NC Groups (Center 1 Dataset). (a1-b1) Original BOLD signals from two

brain regions (PLV = 0.82) and corresponding CS-RC signals (PLV = 0.90), showing enhanced synchronization. (a2-b2) Phase comparison

using Hilbert transform for original and CS-RC signals. (a3-b3) Phase difference over time for original vs. CS-RC signals, with CS-RC

showing more stable phase synchronization. c PLV matrix for the AD group, where blue indicates stronger synchronization and green weaker;

red box highlights high-synchronization regions. d PLV matrix for the NC group using the same color scale. e PLV difference matrix (AD-

NC), with black and white indicating the magnitude of differences in synchronization. f Bar plot of PLV differences between AD and NC

groups across several brain regions: Inferior Frontal Gyrus, Middle Frontal Gyrus, Orbital Gyrus, Parietal Lobe, and Superior Frontal Gyrus.

mutually orthogonal tangent vectors is denoted by R(t) =222

[δr1(t),δr2(t), . . . ,δrm(t)], where each δr j(t) represents a223

tangent vector at time t. The largest m Lyapunov exponents224

of the reservoir dynamical system are computed by analyzing225

the time evolution of the matrix R(t) using a standard QR de-226

composition algorithm42. Specifically, at each time step, the227

matrix R(t) is decomposed into an orthogonal matrix Q(t)228

and an upper triangular matrix U(t). The Lyapunov expo-229

nents are extracted by examining the diagonal elements of the230

matrix U(t), with the largest exponents corresponding to the231

divergence rates of the tangent vectors. These exponents pro-232

vide information about the stability and chaotic behavior of233

the system.234

The analysis of Lyapunov exponents derived from CS-RC235

highlights significant reductions in brain dynamic complexity236

among Alzheimer’s disease patients compared to normal con-237

trols. The convergence of the three largest Lyapunov expo-238

nents indicates that both the NC and AD groups reach stable239

dynamic states after sufficient iterations (Fig. 3a, c). However,240

the stable Lyapunov exponent values differ significantly, with241

the AD group exhibiting systematically lower values. Quan-242

titative comparisons of the maximum Lyapunov exponents243

(MaxLE) clearly illustrate that AD patients possess signifi-244

cantly lower dynamic complexity compared to NC (Fig. 3e).245

These dynamical characteristics are aligned with the patho-246

logical progression of AD, reflecting reduced network com-247

plexity.43 The MaxLE serves as a sensitive dynamical marker248

to capture neural alterations related to AD.249

In addition to dynamic indicators, the surrogate model250

could be used to generate more data to analyze. The origi-251

nal rs-fMRI time series typically have around 100−200 time252

steps, and such short time series are susceptible to random253

noise or individual variability, resulting in instability and re-254

duced reliability in statistical analyzes. Many of the synchro-255

nization metrics traditionally used in functional connectivity256

analyzes are also limited by these short time series, which of-257

ten lack sufficient data to yield reliable results. However, by258

using CS-RC, we can generate new data that extend the length259

of the original time series by at least tenfold, making the com-260

puted synchronization metrics more reliable.261

In this paper, we take the Phase Locking Value (PLV) as an262

example, which is the key synchronization metrics that quan-263

tifies the degree of phase synchronization between different264

regions of the brain44. PLV is particularly valuable because265

it provides a direct, robust measure of temporal coherence266

in brain activity, helping to identify regions with abnormal267



6

FIG. 5. Influence of Time Series Length on Phase Locking Value.

The PLV stabilizes with increasing sequence length, demonstrating

that longer time series provide more reliable phase synchronization

measurements.

synchronization patterns. These regions may exhibit reduced268

complexity, which can be indicative of dysfunction or patho-269

logical changes. As a synchronization metric, PLV serves as270

a reliable tool for pinpointing abnormal areas with reduced271

complexity, offering deeper insights into the dynamics of the272

brain network.273

PLV is calculated by first extracting the instantaneous phase274

of each signal using the Hilbert transform, as illustrated in275

panels Fig. 4(a2) and (b2). After obtaining the instantaneous276

phases, the phase difference between the two signals is com-277

puted at each discrete time point. As illustrated in Fig. 4(a3)278

and (b3), the use of CS-RC allows extension of the data.279

Longer time series provide more signal features, allowing the280

PLV to more accurately reflect synchronization, as shown in281

Fig. 5. Consequently, the calculated phase difference is more282

stable compared to that derived from shorter data sets. These283

phase differences are then represented as complex exponen-284

tials ei∆φ(t), where ∆φ(t) denotes the phase difference between285

signals at time t. The PLV is subsequently computed as286

PLV =

∣

∣

∣

∣

∣

1

N

N

∑
t=1

ei∆φ(t)

∣

∣

∣

∣

∣

, (3)

with a range spanning from 0 to 1, reflecting the incoherence287

to synchrony. N-dimensional channels can be divided into M288

brain regions, as shown in Fig. 4(c-d). The PLV matrix is ob-289

tained by calculating the average of the PLV among all sub-290

ject signals. As shown in Fig. 4(e-f), the PLV values of AD291

in the frontal and parietal lobes are significantly higher than292

those of NC, reflecting the decrease in complexity of these293

regions. The reduction in joint complexity may indicate func-294

tional changes in the multiregional networks of the brains of295

AD patients. This decline in complexity is likely closely asso-296

ciated with a deterioration in cognitive functions, particularly297

in terms of memory, spatial navigation, and executive func-298

tions.299

Based on the surrogate model for rs-fMRI data through300

CS-RC, we obtain the dynamical indicator MaxLE for the301

global measure of complexity and the statistic indicator PLV302

for phase synchronization at a local scale. The CS-RC offers a303

versatile framework for studying complex brain dynamics of304

rs-fMRI data.305

Classification of Alzheimer’s disease. The validation of the306

CS-RC-based indicators could be checked through the AD307

classification task. Recently developed methods for AD clas-308

sification using rs-fMRI data have shown varying degrees of309

success with various methods. Focusing on rs-fMRI data, per-310

mutation entropy (PE) as a computationally efficient measure311

to detect changes in brain dynamics has been used in previous312

studies45. Due to the limitation of rs-fMRI data, although PE313

has demonstrated potential for AD detection, its performance314

in classification tasks remains limited, as shown in our exper-315

iments, where PE achieved a classification accuracy of only316

51.7% (Fig.6 a). In addition, deep learning models46, such as317

C3D-LSTM47, which process 4D spatio-temporal data using318

3D CNNs for spatial feature extraction and LSTMs for tempo-319

ral modeling, offer higher accuracy (97.4%). However, these320

models are computationally intensive and lack interpretability,321

which presents challenges for their clinical adoption, where322

transparency is vital for decision-making. Moreover, unsu-323

pervised models like DMACN48 analyze static functional con-324

nectivity using multi-kernel autoencoders and achieve moder-325

ate accuracy (71.9%), but suffer from limited clustering accu-326

racy due to the lack of label guidance.327

In this paper, we extend PE by incorporating the MaxLE328

and PLV extracted from prefrontal regions (Superior Frontal329

Gyrus, SFG) as additional classification features. These in-330

dicators effectively capture the dynamic temporal patterns331

of brain activity, providing an efficient and interpretable ap-332

proach for AD classification. The classification procedure333

involves three steps:(1) feature normalization to standardize334

input features; (2) model training using a support vector ma-335

chine with a radial basis function kernel, where hyperparam-336

eters are automatically tuned via Bayesian optimization; and337

(3) performance evaluation was conducted using leave-one-338

out cross-validation.339

The classification results, shown in Fig.6(b), demonstrate340

that the proposed CS-RC-based indicators achieve classifica-341

tion accuracies ranging from 60.0% to 87.5% across datasets342

from six centers. Although the accuracy is lower than343

that of more complex models such as C3D-LSTM (which344

achieved 97.4%), our method offers competitive performance345

while maintaining lower computational cost and greater inter-346

pretability. Notably, our results are obtained from data col-347

lected across six centers, involving a total of 489 subjects,348

which is substantially larger than most existing studies that349

typically include only 100 to 200 participants. This broader350

dataset enhances the robustness and generalizability of our351

findings, suggesting its potential as an auxiliary diagnostic352

tool for AD.353
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FIG. 6. Evaluation of the Classification Performance of the Dy-

namic Indicator. a The bar plot shows the classification accuracy

of the two indicators on the dataset from Center 1. The accuracy

based on PE reaches 51.7%, whereas the proposed dynamic indica-

tor achieves a significantly higher accuracy of 87.5%. b The bar plot

shows the classification accuracy of the proposed dynamic indicator

for AD vs. CN across datasets from six centers. Each bar repre-

sents one center, and the height corresponds to the achieved accu-

racy, while the color indicates the sample size used for classification.

Discussions354

In this study, we introduced a surrogate modeling approach355

based on the CS-RC framework to analyze resting-state func-356

tional MRI data in patients with Alzheimer’s Disease and nor-357

mal controls. The CS-RC model demonstrates significant po-358

tential as a diagnostic tool by offering both interpretability359

through explicit dynamical equations and robust data exten-360

sion capabilities, which collectively enhance the reliability of361

downstream statistical inference.362

Two key dynamical features were extracted using the CS-363

RC model: MaxLE and PLV. MaxLE serves as an index364

of global dynamical complexity, while PLV quantifies local365

phase synchronization. We observed a significant reduction366

in MaxLE in the AD group, indicating a lower degree of com-367

plexity in their neural dynamics. This aligns with previous368

findings suggesting that AD is associated with the degradation369

of large-scale integrative dynamics and a shift toward more370

rigid or hypo-complex brain states. Such reduced complexity371

reflects a loss of adaptability and functional variability, hall-372

marks of neurodegeneration.373

In parallel, PLV analysis revealed abnormally elevated374

phase synchronization in specific cortical regions within the375

AD group, notably in the Inferior Frontal Gyrus, Middle376

Frontal Gyrus, Orbital Gyrus, Parietal Lobe, and Superior377

Frontal Gyrus. These regions are critically involved in exec-378

utive control, working memory, emotional regulation, spatial379

cognition, and self-referential processing, respectively. The380

observed increases in local synchrony may reflect maladaptive381

hyper-synchronization resulting from neuronal loss, disrupted382

inhibitory-excitatory balance, or impaired long-range connec-383

tivity, which in turn leads to reduced network flexibility and384

functional segregation.385

These regional abnormalities occur alongside the observed386

reduction in MaxLE, which reflects a global decline in the387

brain’s dynamical complexity and integrative capacity. This388

dual pattern suggests that Alzheimer’s disease involves not389

only widespread disruption of global neural dynamics but also390

focal reorganization of cortical synchrony, particularly in re-391

gions subserving key cognitive and affective functions. Taken392

together, the complementary roles of MaxLE and PLV offer a393

more nuanced and comprehensive account of AD-related neu-394

rophysiological dysfunction, spanning from macroscale net-395

work desynchronization to regional hyper-coupling.396

Compared to traditional and deep learning methods, the397

CS-RC model demonstrates two key advantages. Theoreti-398

cal Interpretability: Unlike deep neural networks, which often399

operate as black-box models, the CS-RC framework provides400

explicit equations that can be analyzed for stability, nonlin-401

earity, and bifurcation behavior. This makes the model par-402

ticularly valuable for hypothesis generation and clinical ex-403

planation. Computational Efficiency: The model offers sub-404

stantially lower computational cost, allowing fast inference405

and easier deployment in real-time or near real-time settings,406

which is especially important in clinical applications where407

computational resources and latency are constrained.408

Despite these advantages, the CS-RC-based indicators409

(87.5% accuracy) are not as high-performing as deep learning410

models like C3D-LSTM (97.4%). However, the trade-off is411

favorable when clinical feasibility, interpretability, and model412

simplicity are considered. Compared to traditional complex-413

ity measures like permutation entropy (PE, 51.7%) or unsu-414

pervised architectures like DMACN (71.9%), CS-RC clearly415

outperforms in both discriminative power and generalizabil-416

ity.417

The considerable variation in classification accuracy across418

centers (ranging from 60.0% to 87.5%) highlights critical lim-419

itations in the model’s cross-site generalizability. These dis-420

crepancies may arise from differences in data acquisition pro-421

tocols, sample sizes, and population characteristics, under-422

scoring the need for robust domain adaptation strategies and423

multi-center harmonization techniques. Future work should424
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explore advanced techniques such as cross-site validation,425

domain-invariant representation learning, and center-specific426

normalization to mitigate site-related biases. Furthermore,427

incorporating uncertainty quantification and interpretability428

analysis will enhance model reliability and foster clinical trust429

across diverse deployment environments.430

Conclusion431

This study used the CS-RC-based surrogate model to an-432

alyze rs-fMRI data from AD and NC. The model exhibits433

two major advantages, as the explicit dynamical equations434

that enable theoretical analysis, and the data extension capa-435

bility substantially improving the reliability of statistical in-436

dicators. Using this model, we computed the MaxLE index437

reflecting global complexity and PLV values that characterize438

local phase synchronization. The significantly lower MaxLE439

is found in AD patients compared to NC, indicating reduced440

dynamical complexity of the brain. Furthermore, PLV anal-441

ysis reveals abnormal patterns of synchronization in specific442

brain regions in the AD group. While the proposed indica-443

tors (87.5%) are less accurate than C3D-LSTM (97.4%), their444

computational efficiency and interpretability make them more445

suitable for clinical deployment. In contrast, traditional meth-446

ods such as PE achieve only 51.7% accuracy, and unsuper-447

vised models (e.g., DMACN) perform moderately (71.9%).448

The CS-RC-based method presents a new approach to AD449

auxiliary diagnosis, balancing dynamic feature analysis, com-450

putational efficiency, and clinical interpretability.451

Methods452

Participants, data and measurement. This section provides453

an overview of rs-fMRI acquisition, preprocessing, and qual-454

ity control. The detailed description of the rs-fMRI data455

used in this study can be found elsewhere as part of a study456

investigating altered spontaneous activity in AD.33,34 The457

data used in this study included 489 participants (including458

253 AD patients and 236 healthy comparison individuals)459

from the Multi-Center Alzheimer Disease Imaging Consor-460

tium (MCADI) dataset. The rs-fMRI were reprocessed us-461

ing the Brainnetome Toolkit (http://brant.brainnetome.org)35,462

which included the following steps: (1) slice timing correc-463

tion; (2) realignment to the first volume; (3) spatial normal-464

ization to the Montreal Neurological Institute (MNI) space465

at 2mm × 2mm × 2 mm, (4) regression of nuisance sig-466

nals, including linear trends, six motion parameters and their467

first-order differences, and signals representing white matter468

and cerebrospinal fluid; (5) temporal bandpass filtering (0.01-469

0.08 Hz) to reduce high-frequency noise. Detailed data pre-470

processing can be found in our previous work36,37.471

The cortex and subcortex were parcellated based on the472

Brainnetome Atlas. The above preprocessing steps resulted473

in a set of 246 regional areas of the Brainnetome Atlas, which474

were used in all further analyses. We derived a regional rs-475

fMRI signal for each region by averaging the rs-fMRI signal476

across all voxels included in the region. This process was re-477

peated for all individuals and regions.478

Reservoir Computing with Compressed Sensing. CS-RC,479

proposed by Zhang38 et al. in 2021, combines compressed480

sensing and reservoir computing. It can be applied to fields481

such as time series prediction, and stock data prediction39.482

The CS-RC consists of four modules: input layer, reservoir,483

compression layer, and output layer. The input layer is charac-484

terized by the matrix Win ∈R
n×d , whose function is coupling485

the input vector u(t) ∈ R
d to the reservoir. The elements of486

Win are randomly drawn from a uniform distribution within487

the range [−σ ,σ ]. The reservoir is represented by a complex488

network of n dynamical nodes, with the initial states of the489

nodes randomly chosen from the interval [−1,1]. The state of490

the reservoir network, r(t) ∈ R
n, is updated as491

r(t +∆t) = (1−α)r(t)+α tanh[Ar(t)+Winu(t)]. (4)

Here, ∆t is the time step for updating the reservoir, α is the492

leaking coefficient, and A ∈ R
n×n is a weighted adjacency493

matrix characterizing the coupling relationship between the494

nodes in the reservoir. The adjacency matrix A is constructed495

as a sparse random Erdös-Rényi network: with the probability496

p, each element of the matrix is arranged with a nonzero value497

randomly drawn from the interval [−1,1]. The matrix A is498

rescaled to make its spectral radius equal to λ .499

An additional compression layer is added in the RC. The500

compressed layer can facilitate the ability of the RC to cap-501

ture these sparse features by concentrating on the most sig-502

nificant time intervals and brain regions, thereby uncovering503

shared characteristics among diverse samples. In addition, it504

also reduces the dimensionality of the reservoir network, thus505

enhancing the stability and speed of the model predictions.506

We assume that the dimension of the original reservoir net-507

work is n, and the reduced dimension of CS-RC is cn, where508

c is the compression ratio. The state of the reservoir network509

of CS-RC, rc(t) ∈ R
cn is obtained by510

rc(t +∆t) = ΦΨ ·r(t +∆t), (5)

where Φ is the measurement marix and Ψ is the sparse ma-511

trix. The measurement matrix Φ is constructed by selecting512

specific rows and columns from the Hadamard matrix to meet513

the sparse measurement requirements of compressed sensing.514

The sparse transform matrix Ψ is generated using the discrete515

wavelet transform, utilizing its multiscale analysis to highlight516

the sparsity characteristics of the signal, thus optimizing the517

performance of reconstruction. After the compression layer,518519

rc is used to train the output layer. The output layer is char-520

acterized by the matrix Wout ∈ R
d×cn, which generates the521

output vector, v(t) ∈ R
d , according to the equation522

v(t +∆t) =Wout [u(t);rc(t +∆t)] . (6)

Unlike A and Win, the elements of Wout are not given in523

the construction, but to be "learned" from the input signals524

through the training process. The purpose of training is525

to find the proper elements for Wout such that the output526

vector v(t + ∆t) is as close as possible to u(t + ∆t) for t527

=(τ + 1)∆t, · · · ,(τ +T )∆t,with T0 = τ∆t the transient period528
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TABLE I. Hyperparameters of reservoir computing

Parameter Description Range

n the size of the reservoir network [100, 1000]

p the connectivity of the reservoir network [0, 1]

λ the spectral radius of the reservoir network [0, 3]

σ the range defining the input matrix [0, 3]

α the leaking coefficient [0, 1]

η the ridge regression coefficient [10−8, 10−3]

to avoid the impact of the initial states of the reservoir and T529

the length of training time series.530

We employ the mean squared error as the evaluation metric531

whose optimal value can be obtained by ridge regression. The532

output weights Wout can be analytically given by533

Wout =UV T (V V T +ηI)−1
. (7)

Here, V ∈ R
(d+cn)×T is the state matrix whose kth column534

is [u(τ + k−1)∆t;rc(τ + k)∆t], U ∈ R
d×T is a matrix whose535

kth column is u[(τ + k)∆t], I is the identity matrix, η is the536

ridge regression coefficient for overfitting prevention. All hy-537

perparameters (as shown in Table 1) are fixed in the algo-538

rithm construction, and each set of hyperparameters generates539

a unique output matrix. Once the output matrix is obtained,540

the training phase is completed. The set of hyperparameters541

and the output matrix together define a specific CS-RC, which542

will be used later for validation and prediction purposes.543

After model training is completed, we optimize the hyper-544

parameters through the following validation process: the sim-545

ilarity between the predicted and true FC matrices is used as546

the optimization objective. Specifically, the negative correla-547

tion coefficient is employed as the validation loss function:548

Lval(θ) =−ρ
(

Cpred(θ),Ctrue

)

(8)

Here, θ denotes the set of hyperparameters to be optimized.549

Cpred(θ) represents the predicted FC matrix generated with550

the current hyperparameters θ, and Ctrue is the ground-truth551

FC matrix derived from real rs-fMRI data. The function ρ(·, ·)552

computes the Pearson correlation coefficient between two ma-553

trices. The optimization criterion is to minimize the negative554

correlation (i.e., maximize the consistency between predicted555

and true FC), guiding the hyperparameter search.556

Jacobian Matrix in CS-RC. The dynamical equations of557

the reservoir computing with compressed sensing in the self-558

feedback evolution stage are:559

{

r(t +∆t) = (1−α)r(t)+α tanh [Ar(t)+Winv(t)]

v(t +∆t) =Wout [v(t);ΦΨ ·r(t +∆t)]
. (9)

Based on the above dynamical equations, we obtain the Jaco-560

bian matrix as follows:561

J =

(

∂r(t+∆t)
∂r(t)

∂r(t+∆t)
∂v(t)

∂v(t+∆t)
∂r(t)

∂v(t+∆t)
∂v(t)

)

562

=

(

(1−α)+α ·d f ·A α ·d f ·Win

Wout,2 ·ΦΨ [(1−α)+α ·d f ·A] Wout,1 +Wout,2 ·ΦΨα ·d f ·Win

)

. (10)

Here, d f = 1− tanh2[Ar(t)+Winv(t)].563
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