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ABSTRACT

The progression of Alzheimer's disease (AD) involves complex changes in brain structure and function that are driven by their
interaction, making structure—function coupling (SFC) a valuable indicator for early detection of AD. Static SFC refers to the
overall structure—function interaction, whereas dynamic SFC refers to transient coupling variations. In this study, we aimed to
assess the potential of combining static and dynamic SFC with machine learning (ML) for the early detection of AD. We analyzed
a discovery cohort and an external validation cohort, including AD, mild cognitive impairment (MCI), and healthy control (HC)
groups. Then, we quantified differences between static SFC and dynamic SFC at different stages of AD progression. Feature
selection was performed using ElasticNet. A Gaussian naive Bayes (GNB) classifier was used to test the ability of SFC to classify
AD stages. We also analyzed the correlations between SFC features and early AD physiological biomarkers. Static SFC increased
with AD progression, whereas dynamic SFC showed greater variability and decreased stability. Using SFC features selected by
ElasticNet, the GNB classifier achieved high performance in differentiating between the HC and MCI stages (area under the
curve [AUC]=91.1%) and between the MCI and AD stages (AUC =89.03%). Significant correlations were found between SFC
features and physiological biomarkers. The combined use of SFC features and ML has strong potential value for the accurate
classification of AD stages and significant potential value for the early detection of AD. This study demonstrates that combining
static and dynamic SFC with ML provides a novel perspective for understanding the mechanisms of AD and contributes to im-
proving its early detection.

| Introduction stage known as mild cognitive impairment (MCI), is cru-

Alzheimer's disease (AD) is a progressive neurological disor-
der that leads to the deterioration of cognitive ability and has
no definitive cure once diagnosed (Frizzell et al. 2022; Jack Jr.
et al. 2018). Early detection, particularly during its prodromal

cial because it provides an opportunity to implement timely
intervention and slow disease progression (Liu et al. 2024;
Rasmussen and Langerman 2019). At the MCI stage, struc-
tural connectivity (SC) experiences abnormal disruptions, and
the strength of functional connectivity (FC) begins to decline;
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both values worsen in the AD stage (Cha et al. 2013; Chen
et al. 2023; Grieder et al. 2018; Wang et al. 2021). However,
structural and functional changes in the brain are not indepen-
dent. Neuroimaging studies have shown that the anatomical
structure constrains and partly determines FC and neuronal
activity (Honey et al. 2010; Sun et al. 2014). Conversely, FC
shapes SC through neuromodulation and neuroplasticity pro-
cesses (Batista-Garcia-Ramo6 and Fernandez-Verdecia 2018;
Palop and Mucke 2016). The interaction between SC and FC
amplifies subtle pathological changes; therefore, the combina-
tion of SC and FC performs better in the detection of AD than
SC or FC alone does (Collin et al. 2017; Demirtag et al. 2017;
Jiang et al. 2019; Zhang et al. 2017).

Structure—function coupling (SFC) refers to the relationship
between SC and FC in the brain (Baum et al. 2020). SFC can
be divided into static and dynamic SFC. Static SFC refers to the
steady relationship between structure and function throughout
the entire scan, which reflects the overall structure-function re-
lationship (Vazquez-Rodriguez et al. 2019). In contrast, dynamic
SFC represents the time-varying relationship between SC and
FC. Unlike static SFC, dynamic SFC measures coupling varia-
tion within a time slice of the scanning session and can reveal
transient characteristics of structure—function relationships that
might be averaged out in static SFC (Liu, Vazquez-Rodriguez,
et al. 2022). In short, static SFC represents the overall structure-
function relationship, whereas dynamic SFC represents the
variability of that relationship.

Previous studies have focused mainly on static SFC and indi-
cated that static SFC increases as AD progresses but is un-
able to capture the time-varying nature of dynamic SFC (Cao
et al. 2020; Dai et al. 2019; Zhang et al. 2017). The primary
limitation of static SFC studies is their insensitivity to temporal
order, meaning that they provide only a snapshot of SFC at a spe-
cific moment, potentially overlooking critical temporal fluctua-
tions in the relationship between SC and FC. These fluctuations
may be essential for understanding the subtle changes in corti-
cal hierarchies and topological and geometric embedding in AD
(Liu, Vazquez-Rodriguez, et al. 2022; Liu, Wang, et al. 2022).
Therefore, combining static and dynamic SFC allows us to bet-
ter understand overall and transient abnormalities in SC and FC
and to carefully capture distinct and meaningful SFC patterns
during adaptation or deterioration as AD progresses.

Machine learning (ML) has emerged as a transformative tech-
nology in the field of medical imaging, revolutionizing diagnos-
tic processes and improving clinical decision-making (Mirzaei
and Adeli 2022). Feature selection and classifier training are
two core components of ML. ElasticNet is a classical feature
selection method that combines the strengths of least absolute
shrinkage and selection operator (LASSO) and ridge regression.
This module uses L1 regularization to prioritize features that are
most relevant to the target, whereas L2 regularization addresses
multicollinearity issues (Zou and Hastie 2005). This combina-
tion makes ElasticNet particularly suitable for high-dimensional
magnetic resonance imaging (MRI) data, as it effectively filters
out noisy features. Consequently, ElasticNet improves both
analysis stability and prediction accuracy in MRI tasks (Wu
et al. 2022; Xiao et al. 2021). The Gaussian naive Bayes (GNB)
algorithm serves as a probabilistic classifier commonly used in

neuroimaging. GNB is based on Bayes' theorem, which assumes
conditional independence among features and models each
feature using a Gaussian distribution (Anand et al. 2022). This
approach enables GNB to manage the complex features in MRI
data efficiently, computing conditional probabilities for each
class. By optimizing feature selection and reducing redundancy,
GNB achieves high-speed, accurate classification in MRI anal-
ysis (Madhusudhana et al. 2020). Our hypothesis is that using
static and dynamic SFC as features, combined with ElasticNet
for feature selection, may improve classification accuracy.

The aim of this study was to investigate whether SFC, when
combined with ML methods, can be used to effectively classify
different stages of AD. (1) We first calculated both the static and
dynamic SFC for all subjects to explore the interaction of struc-
ture-function changes throughout AD progression. (2) Next,
we combined SFC features with ML methods to evaluate their
performance in distinguishing between the HC and MCI stages
and between the MCI and AD stages. (3) We then analyzed the
SFC features to understand their distribution across brain re-
gions and how they change in different AD stages. (4) Finally,
we examined the correlation between these SFC features and
physiological biomarkers to assess their potential to reflect early
pathological changes associated with AD.

2 | Materials and Methods
2.1 | Participants

Data were obtained from two sources: the Alzheimer's Disease
Neuroimaging Initiative (ADNI) (http://www.adni-info.org),
which served as the discovery cohort, and the First Hospital
of Jilin University, China, which served as the external valida-
tion cohort (Table S1). Baseline MRI scans were collected from
the ADNI database for 221 participants, comprising 40 AD pa-
tients, 94 MCI patients, and 87 healthy controls (HCs). The First
Hospital of Jilin University contributed data from 94 partici-
pants, including 29 AD patients, 33 MCI patients, and 32 HCs.
All procedures were conducted in accordance with the Helsinki
Declaration. The inclusion criteria for participants in this study
were as follows: aged between 55 and 85years and a minimum
of 6years of formal education. There were no restrictions with
regard to sex. The participants were required to have no history
of neurological or psychiatric disorders. Prior to the experiment,
all participants provided written informed consent before the
experiment and participated in cognitive psychological evalu-
ations, including the Mini-Mental State Examination (MMSE),
Montreal Cognitive Assessment (MoCA) and Clinical Dementia
Rating Scale (CDR) (Morris 1993). Using the scale information,
the diagnosis and enrollment of the participants were performed
by experienced clinical neurologists. Additionally, participants
with a history of stroke, psychiatric disorders, substance abuse,
severe hypertension, systemic diseases, or intellectual disabili-
ties were excluded. Similar criteria were applied to the external
validation cohort to ensure the consistency and comparability of
the data across all groups (Zheng et al. 2019).

ADNI participants, sourced from multiple centers and encom-
passing a diverse range of ethnicities, were scanned using three
scanners: a Philips 3T MRI scanner, a GE 3T MRI scanner, and
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TABLE1 | Demographic information of ADNI cohort and external validation cohort.

Discovery cohort

AD MCI HC p
Male/female 15/25 41/53 41/46 0.60?
Age 73.56+5.89 72.31+6.93 71.61+£6.93 0.28°
Education 15.85+£2.19 16.36 £2.57 16.53£2.53 0.36°
MMSE 21.08£3.53 27.29x2.48 29.14+1.14 <0.001*b
MoCA 14.83+4.09 22.30+£3.23 27.26 £1.87 <0.001*b
External validation cohort

AD MCI HC p
Male/female 11/18 12/20 13/19 0.942
Age 66.99 +7.60 65.16 +8.11 62.85+6.99 0.11°
Education 8.97+£4.37 9.52+£3.49 9.93+£2.37 0.55"
MMSE 15.66+6.48 24.09+3.63 28.97+1.45 <0.001*®
MoCA 12.00+6.19 18.67+3.84 27.09+£1.97 <0.001*®

Note: Data are shown as the mean +standard deviation (SD).
2Denotes the y? test.

YDenotes one-way analysis of variance (ANOVA).

*Denotes significance.

a Siemens 3T MRI scanner. Structural diffusion tensor imag-
ing (DTI) data, T1-weighted (T1W) data, and functional MRI
(fMRI) data were collected from all participants. Notably, we
included only fMRI data with a repetition time (TR) of 3s. After
preprocessing corrections, all DTI, T1W, and fMRI scans under-
went quality assurance checks to exclude scans with excessive
motion and/or artifacts; all scans were included.

Participants recruited from the First Hospital of Jilin University
were scanned using a 3T field strength Siemens MRI scanner
equipped with a standard head coil. Prior to the scan, the par-
ticipants were instructed to keep their eyes closed and remain
awake during the acquisition process. MR images, including both
T1W and resting-state fMRI scans, were obtained. The fMRI pa-
rameters were as follows: TR =3000 ms, echo time (TE) =27 ms,
flip angle=90° and field of view (FOV)=230x230mm. The
T1W parameters were as follows: TR=8.5ms, TE=3.3ms, flip
angle=12° and FOV=256x256mm. The DTI parameters
were as follows: TR =8000ms, TE=97ms, flip angle =90°, and
FOV=256x133mm.

Detailed demographic information is presented in Table 1. In
both the discovery cohort and the external validation cohort,
there were no significant differences in sex, age, or years of edu-
cation among the AD, MCI, and HC groups (all p values>0.05).
As expected, scores on the MMSE and MoCA significantly de-
creased as AD progressed.

2.2 | Data Preprocessing
Preprocessing of DTI data was performed using the PANDA tool-

box (Cui et al. 2013). DICOM files were converted to the NIfTI
format, and a brain mask was generated to exclude nonbrain

tissue. Eddy current distortion and head motion corrections
were applied to the diffusion-weighted images, which were then
registered to the b0 reference image. The corrected DTI data
were aligned with T1W images to ensure spatial consistency.

fMRI scans were preprocessed using fMRIprep (Esteban
et al. 2019). The first 10 time points were discarded to mitigate
signal inhomogeneity. Motion correction was performed using
the Linear Registration Tool in FMRIB (MCFLIRT), followed
by slice-timing correction. Each subject’s functional images
were registered to the corresponding TIW structural image and
normalized to Montreal Neurological Institute (MNI) space
using FLIRT and FNIRT. Spatial smoothing was performed
with a full width at half maximum (FWHM) Gaussian kernel of
6mm. Linear detrending and bandpass filtering (0.01-0.08 Hz)
were used to remove slow signal drifts and retain the desired
frequency range. Six rigid-body motion parameters, as well as
white matter and cerebrospinal fluid signals, were regressed
out to minimize noise from nonneuronal sources. Finally, the
nilearn.signal.clean_image function was used to standardize
the data, yielding normalized blood oxygen level-dependent
(BOLD) time series data for further analysis.

2.3 | Network Construction

To construct the SC network, we employed Bayesian estimation
of diffusion parameters obtained by sampling techniques and
probabilistic tractography with crossing fibers. The following
parameters were applied: 5000 samples per voxel, a curvature
threshold of 0.2, a step length of 0.5 mm, and 2000 steps per sam-
ple. The SC matrix was generated by calculating the number of
probabilistic streamlines passing through 400 brain regions de-
fined by the Schaefer400 atlas (Schaefer et al. 2018).
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For the static FC network, Pearson correlation coefficients were
calculated for each pair of 400 brain regions using the BOLD
time series, as follows:

> (X0 -X) (X0 - X;)
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where X;(t) and X;(¢) represent the BOLD si_gnal in_tensities of
regions i and j at time point ¢, respectively; X; and X; represent
the mean BOLD signals for these regions, and is the length of
the time series (Dai et al. 2019). These coefficients were then
transformed using Fisher's z-transformation, resulting in the FC
matrix. In this network, the nodes represented brain regions,
whereas the edges reflected the strength of the FC between
those regions.

For the dynamic FC network, both a time cofluctuation matrix
(TCM) with a window length of 1 TR and sliding windows of 30,
45, and 60s were utilized, with all windows sliding by a step size
of 1 TR. The TCM was constructed by calculating the pointwise
product of the z score-normalized BOLD time series for each
pair of brain regions:

TCM (1) = Z(X,(1)) X Z(X;(1)) )

where Z(Xi(t)) and Z(Xj(t)) are the z score normalized BOLD
signals for regions i and j at time point ¢. This calculation re-
sults in a dynamic connectivity matrix for each time point.
Regions that fluctuated in the same direction presented pos-
itive cofluctuation values, whereas opposite fluctuations
yielded negative values. Averaging these matrices over time
yielded the Pearson correlation coefficient typically used to
define FC (Cao et al. 2020). We constructed sliding temporal
windows of 10, 15, and 20 TRs, a range that is reportedly able
to capture resting-state DFC fluctuations (Preti et al. 2017).
This window subsequently slid along the time course with a
step of 1 TR (3s). We then calculated FC in accordance with
SFC analysis in each window, resulting in a time series of
FC matrices (400x400, Fisher z-transformed) for the next
analysis.

2.4 | Static and Dynamic SFC Calculations

To calculate region-specific SFC, we developed a multiple linear
regression model to predict the FC of node i on the basis of the
SC profiles between node i and all other nodes j # i (Vazquez-
Rodriguez et al. 2019). The model incorporates several predic-
tors, including the Euclidean distance, shortest path length, and
communicability. The Euclidean distance was computed be-
tween the centroids of the nodes, while the shortest path length
referred to the minimal number of edges between two nodes.
The communicability C;; between nodes i and j was defined as
the weighted sum of all paths and walks between these nodes
(Estrada and Hatano 2008). For a weighted adjacency matrix
A, communicability was calculated as in Equation (3), where

D= diag(ZI;:l aik> is the diagonal matrix of the generalized

node degree (Crofts and Higham 2009). The SC matrix for
each individual was standardized, and before the shortest path
length was calculated, the structural connection weights were
transformed using a negative logarithm (Avena-Koenigsberger
et al. 2017).

Cy= (exp(D’l/zADfl/z))ij 3)

For each node i of subject s at time point ¢, the FC feature was
modeled using the linear regression as follows:

FC(s, t,i) = O + p1 x dist(i) + f2 X spl(s, i) + 3 x cmc(s, i) + €

@
where FC(s, t, i) represents the FC feature of brain region i for
subject s at time point ¢ with respect to all other brain regions.
This feature was predicted on the basis of the following vari-
ables: the Euclidean distance dist(i), the shortest path length
spl(s, i), and the weighted communicability cmc(s, i) of region i
with the other regions for subject s. The regression coefficients
p0, p1, f2, and p3 were estimated using ordinary least squares.
The strength of the structure-function relationship was quanti-
fied using the goodness-of-fit of the regression model, with the
coefficient of determination R? used as the measure of SFC, as
shown in Figure 1.

To calculate static SFC, a unique R? value was assigned to each
brain region without time, representing the coupling relation-
ship between SC and FC. This value is independent of time and
reflects the static SFC.

The dynamic SFC was calculated using the SFC values within
each time window for each brain region, thereby forming a time
series of dynamic SFC for all brain regions. Then, we established
two essential measures to examine the changes in dynamic SFC
associated with disease progression: (1) standard deviation (SD),
which quantifies the variability of dynamic SFC, is calculated as
the standard deviation of the SFC time series for each region.
A greater SD indicates greater fluctuations in the dynamic SFC.
(2) Recurrence rate (RR), which measures the stability of the
dynamic SFC. A greater RR reflects a more frequent recurrence
of states, indicating increased stability in dynamic SFC. RR was
calculated as the proportion of recurrent states in the time series
as in Equation (5), where © is the Heaviside function and where
€ is a threshold parameter.

RR:I%Z?; ZJI;@(G— ’xi—xj|> )

After static SFC and dynamic SFC were obtained, taking poten-
tial batch effects into consideration, we applied Combat harmo-
nization to SFC features using the neuroCombat algorithm to
the SFC features across the discovery cohort and the external
validation cohort. This algorithm can estimate and eliminate
scanner-related technical differences while preserving true bi-
ological signals, enhancing data comparability across different
scanners and improving the accuracy and generalizability of the
research findings (Fortin et al. 2017, 2018).
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FIGURE 1 | Dynamic SFC Calculation. (a) Calculation of dynamic FC; (b) multiple computational models of cortical communication used in
the regression model; (c) calculation of dynamic SFC. s represents the subject s, t represents the time point ¢, i represents the brain region i, dist(i)
represents the Euclidean distance between brain region i and other brain regions, spl(s, i) represents the shortest path length between brain region
i and other brain regions for subject s, cmc(s, i) represents the communicability between brain region i and other brain regions for subject s, and R[Zi

represents the SFC value of brain region i at time point ¢.

2.5 | Overlap Between SFC Features
and Braak Stages

To investigate whether SFC features can effectively reflect the
pathological changes caused by tau protein accumulation in AD
patients, we analyzed the overlap between brain regions exhib-
iting significant SFC feature changes and those defined by the
Braak stage template.

We performed an analysis of variance (ANOVA) followed by
multiple comparison correction and analyzed the overlap be-
tween SFC feature brain regions with significant group differ-
ences and the brain regions defined by the Braak stage template.
Overlap was identified when 60% of the voxels of the SFC fea-
ture brain regions coincided with the voxels of the Braak stage
regions.

2.6 | Feature Selection and Classification

Next, we used the SFC features combined with ML methods to
perform stage-specific classification of AD patients. To improve
the classification performance of the model and reduce overfit-
ting, we first used ElasticNet for feature selection, followed by
ML classifiers for classification. The ElasticNet objective func-
tion is as follows:

min{ = 3 (0-X8)’ +4 X0 |+ X B} ©

This objective function combines the L1 regularization term
A Zf=1 | B;|, which encourages sparsity, and the L2 regulariza-

tion term 4, 25:1 ﬂjz, which penalizes large coefficients, allowing

ElasticNet to select important features while maintaining model
robustness.

The specific steps are as follows: First, ANOVA with multiple
comparison correction was used to identify features with sig-
nificant differences among the HC, MCI, and AD groups. Then,
post hoc pairwise t tests (HC vs. MCI, MCI vs. AD) were con-
ducted to further refine these features and ensure their statis-
tical significance. Next, ElasticNet was used to perform feature
selection on the filtered features. Finally, a range of linear and
nonlinear classifiers were employed for classification.

Before classification, we adjusted the SFC features by remov-
ing the effects of covariates such as age, sex, and years of ed-
ucation. To account for these covariates, we applied a linear
regression model. The adjusted SFC feature, denoted as SFC’,
was calculated as the residual from this regression model in
Equation (7):

SFC’ = SFC - f; X age — f3, X sex — f, X education  (7)

where SFC represents the raw SFC feature values, and f,, #,, and
p; are the regression coefficients corresponding to age, sex, and
education, respectively.

The classifiers used included k-nearest neighbors (K-NN), GNB,
random forest (RF), support vector machine (SVM), and lo-
gistic regression with and without sparse regularization (Dadi
et al. 2019), and convolutional neural network (CNN). A grid
search was used to optimize the parameters of the K-NN, GNB,
RF, SVM, and logistic regression, while the CNN hyperparame-
ters were adjusted through systematic exploration on the basis of
the dataset characteristics to enhance model performance. The
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FIGURE2 | Whole-brain static and dynamic SFC results across HC, MCI, and AD groups. The whole-brain SFC values for the HC, MCI, and AD
groups are shown, with different colors representing each group, and significant differences are marked with stars (x % %p <0.001, % %p <0.01, and
*p<0.05). The t-test was used for statistical analysis for data with a normal distribution; otherwise, the Mann-Whitney U test was applied, with
Bonferroni post hoc correction for significance. TCM represents dynamic SFC with a 1 TR time window, and 30, 45, and 60s indicate dynamic SFC

at respective time window lengths.

models were trained on the discovery dataset and subsequently
applied to the external validation set.

2.7 | Analysis of Correlations With Physiological
Biomarkers of AD

To explore the potential of SFC features in reflecting the brain's
early regulatory response to pathological damage in AD and
their possible clinical application value, we examined their cor-
relation with early diagnostic biomarkers of the disease.

We investigated the physiological biomarkers TAU/Af42, PTAU/
ApB42, and AB42/AB40, which are core biomarkers belonging
to the initial-stage biomarker category, and were released by
NIA-AA in 2024. These biomarkers were all collected from the
cerebrospinal fluid samples of the subjects. The NIA-AA 2024
revised criteria affirm that these biomarkers reflect the patho-
logical processes involved in the initial stage of AD, and that
they can serve as a reliable basis for the early diagnosis of AD.
Using these physiological biomarkers, we conducted partial
correlation analyses to assess the relationships between SFC
features and these biomarkers. Specifically, Pearson correla-
tion analyses were performed between the mean values of each
feature and the biomarkers, controlling for covariates such as
age, sex, and years of education to ensure accurate correlation
measurements.

Additionally, considering the importance of cognitive function
in AD, we further explored the correlation between SFC features
and cognitive performance. This allowed us to investigate how
SFC features are related to cognitive decline in the context of AD
progression. We used averaging of SFC features to enhance data
stability and emphasize the most significant patterns, helping to
reduce variability and highlighting the core relationships rele-
vant to biomarkers and cognitive performance.

2.8 | Statistical Analysis
All the statistical analyses were conducted using Python, and

the demographic data were analyzed via one-way ANOVA
and chi-square tests. Pairwise comparisons of whole-brain

SFC values and SFC features used for classification were con-
ducted using pairwise tests, with Bonferroni correction applied
for whole-brain SFC values. For regional SFC values, one-way
ANOVA was first performed to identify regions with significant
differences, followed by pairwise tests with FDR correction.
These analyses were conducted utilizing the SciPy, Statsmodels,
and Scikit-learn libraries. Before pairwise tests were performed,
normality checks were conducted. For normally distributed
data, t-tests were applied: independent t tests for equal variance
and Welch's t tests for unequal variance. For nonnormally dis-
tributed data, the Mann-Whitney U test was used. Accuracy
(ACQ), specificity (SPC), and sensitivity (SEN) estimates were
calculated from the receiver operating characteristic (ROC)
curve according to the cutoff value that maximizes the Youden
index (sensitivity + specificity — 1). The area under the curve
(AUC) was used as the metric for comparing the performance
of all the models.

3 | Results
3.1 | Whole-Brain SFC

To explore the changes in SFC with the progression of AD, we
first compared the whole-brain static and dynamic SFC results
across the HC, MCI, and AD groups. Dynamic SFC was ana-
lyzed over four different durations, with the SD and RR used
to quantify its variability and stability. As shown in Figure 2,
whole-brain static SFC gradually increased with disease pro-
gression. The static SFC value for HCs ranged from 0.10 to 0.24,
that for the MCI group ranged from 0.15 to 0.25, and that for
the AD group ranged from 0.16 to 0.27. From HC to MCI, static
SFC significantly increased, with greater significance than that
observed from MCI to AD. The SD of dynamic SFC also showed
an increasing trend across all time windows. Except for TCM,
the increase in SD across all time window lengths was signifi-
cantly greater in the HC-MCI stage than in the MCI-AD stage.
In contrast, the RR of dynamic SFC gradually decreases with
disease progression. Except for the 30s time window, where the
significance of the decrease in RR was slightly greater in the
HC-MCI stage than in the MCI-AD stage, the changes in other
time window lengths were not significantly different between
the two stages. These results indicate that as AD progresses,
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static SFC gradually increases, and dynamic SFC variability in-
creases but stability decreases. Specific p-values for these results
are provided in Table S1.

Additionally, we presented the overlapping regions between the
brain regions characterized by SFC features with significant dif-
ferences across the three groups and the brain regions defined
by the Braak stage, demonstrating the correspondence between
these SFC features and Braak pathological stages (Figure 3,
Table 2).

We found that the feature regions for both static and dynamic
SFC significantly overlapped with the Braak stage regions.
The static SFC feature regions overlapped with one region of
Braak stage III, three regions of stage IV, two regions of stage
V, and three regions of stage VI. For dynamic SFC, the brain
regions where SD and RR showed significant group differences
across all time windows had the most overlap with Braak stage
V. Except for the RR feature at the 45 and 60s time windows,
no overlap was observed with Braak stage III brain regions.
Except for the 30s time window, the overlap between the dy-
namic SFC features and Braak stage IV features was less than
that between the static SFC features and the other time window
lengths. These results indicate that with the progression of AD,
static and dynamic SFC feature regions gradually overlap with
different brain regions defined by Braak stages, reflecting the

Statlc SFC

pe

af” e N -.5
R S ’;"_ oY X 7. 2
%, \%m,
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relationships between these features and the pathological stages
of AD. Notably, the lack of overlap with Braak stages I and II
may be because MCI and AD patients are mainly at Braak stages
I1I and above (Biel et al. 2021).

3.2 | Combination of SFC and ML in AD
Classification

To evaluate the classification performance of different classifi-
ers and SFC features in the HC-MCI and MCI-AD stages, we
compared the binary classification performance using SFC, SC,
and FC features across both stages. The models were trained on
the ADNI dataset and validated on an in-house dataset. Initially,
ANOVA was performed on regional SFC values to identify re-
gions with significant differences, followed by pairwise com-
parisons with FDR correction. The final feature selection was
carried out using the ElasticNet method. The results are pre-
sented in Figure 4 and Figure 5.

As shown in Figure 4, the GNB classifier consistently out-
performed all the other classifiers in both the HC-MCI and
MCI-AD classifications. In the HC-MCI stage, in terms of
classification performance, the static SFC consistently out-
performed the other features across all classifiers, whereas in
the MCI-AD stage, the SD feature of dynamic SFC generally

Braak IIT @ BraakIV @ BraakV @ Braak VI

FIGURE 3 | Overlapping brain regions between SFC features and Braak stage regions. The overlap between static and dynamic feature regions

and the Braak stage regions is shown, with different colors representing Braak stages III-VI, as indicated in the legend.

TABLE 2 | Overlapping brain regions.

Braak Static SFC TCM SD TCM RR 30s SD 30sRR 45sSD 45s RR 60s SD 60s RR
III 1 0 0 0 0 0 1 0 1
v 3 2 1 4 3 2 1 1 1
\Y 2 5 5 4 5 5 4 5 3
VI 3 1 0 1 1 1 3 4 4

Note: The numbers in the table represent the number of overlapping brain regions for each Braak stage. The SFC feature regions are defined as those showing

significant group differences in a one-way ANOVA with FDR post hoc correction.
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FIGURE 4 |

Performance of different classifiers represented by AUC values. Top image: Classification performance for the HC vs. MCI stage;

Bottom image: Classification performance for the MCI versus AD stage. The horizontal axis represents area under the curve (AUC) values, and the

vertical axis lists the different classification algorithms. The features used include static SFC, dynamic SFC metrics (with time windows of 30, 45, and
60s: Features SD, RR, and the TCM SD, RR features: TSD, TRR), communicability and the shortest path between brain region nodes (SC), functional
connectivity (FC). Different features are distinguished by the colors and symbols shown in the legend.

outperformed the other features across all classifiers. Notably,
except for the SD and RR features of the TCM, both the dy-
namic and static SFC features generally outperformed the SC
or FC features alone.

We also determined the ranking of classification performance
(measured by AUC) for all features using the GNB classifier in
both the HC-MCI and MCI-AD stages, along with the ROC
curves for the five features with the best classification perfor-
mance in each stage (Figure 5). Among the SFC features, static
SFC exhibited the best performance in the HC-MCI stage, with
an ACC of 87.69%, SEN of 90.91%, SPC of 84.38%, and AUC of
91.10%. In contrast, in the MCI-AD stage, the SD feature of dy-
namic SFC (with a 60-s time window) exhibited the best perfor-
mance, with an ACC of 83.87%, SEN of 82.76%, SPC of 90.01%,
and AUC of 89.03%. These results indicate that the GNB classi-
fier outperformed all other classifiers in both the HC-MCI and
MCI-AD stages, with SFC features consistently outperforming

single features in all stages. Specifically, static SFC demon-
strated the best classification performance in the HC-MCI
stage, whereas the SD feature of dynamic SFC (with a 60-s time
window) demonstrated the best performance in the MCI-AD
stage. These results indicate that the classification performance
of SFC features outperforms that of individual SC and FC fea-
tures and that the combination of ElasticNet and GNB yields the
best classification performance for SFC features.

3.3 | Brain Network of SFC Features in AD

We also analyzed the changes in static and dynamic SFC fea-
tures with the best classification performance across AD pro-
gression and their distributions across specific brain regions, as
shown in Figures 6 and 7. Static SFC features, derived from the
HC-MCI stage binary classification, include 18 regions, which
are primarily concentrated in the sensorimotor network (SMN),
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FIGURE 5 | Performance of classification features using GNB. Top image: Ranking of AUC values for all features classified using the GNB clas-
sifier in the HC-MCI stage, along with the ROC curves for the top five features with the best classification performance. Bottom image: Ranking of
AUC values for all features classified using the GNB classifier in the MCI-AD stage, along with the ROC curves for the top five features with the best
classification performance. Here, 30, 45, and 60 correspond to different time window lengths, and the gridlines represent the AUC values.

dorsal attention network (DAN), and default mode network
(DMN). Dynamic SFC features, represented by the SD of dy-
namic SFC within a 60-s time window from the MCI-AD stage
classification, include 14 regions distributed across all func-
tional networks. The specific brain regions corresponding to the
region numbers are provided in the Table S2.

Static SFC features exhibited significant changes during the
HC-MCI stage but tended to stabilize in the MCI-AD stage
(Figure 6). In contrast, dynamic SFC features showed minimal
significant changes in the HC-MCI stage but became signifi-
cantly variable in the MCI-AD stage. Additionally, we observed
that both static and dynamic SFC features included regions

within the right middle cingulum (Cingulum_mid_R), as de-
fined by the AAL atlas, as illustrated in Figure 7. These results
indicate that static and dynamic SFC features exhibit different
patterns of change during AD progression, and both show sig-
nificant changes in Cingulum_mid_R.

3.4 | Correlation of SFC With Early AD
Biomarkers

To explore the relationships between SFC features and physio-
logical biomarkers, we calculated the correlations between the
best-performing SFC classification features and TAU/AB42,
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black circles indicate overlap, with the left showing static and the right showing dynamic SFC features in the right middle cingulum.

PTAU/AR42, and AB42/AB40, as well as cognitive scales (MMSE
and MOCA), as shown in Figure 8.

After controlling for covariates such as age, sex, and years of edu-
cation, we found that both static and dynamic SFC features were
significantly correlated with early AD biomarkers and cognitive
performance. Static classification features were significantly
positively correlated with TAU/AB42 (r=0.430, p<0.001) and
PTAU/AB42 (r=0.429, p<0.001) and significantly negatively
correlated with AB42/AB40 (r=-0.356, p<0.001). Additionally,
static features showed strong negative correlations with MMSE
(r=-0.533, p<0.001) and MOCA (r=-0.601, p<0.001) scores,
indicating that greater SFC coupling is associated with worse

cognitive performance. Dynamic classification features were
significantly positively correlated with TAU/AP42 (r=0.289,
p<0.001) and PTAU/AB42 (r=0.257, p=0.001) and significantly
negatively correlated with AB42/AB40 (r=-0.271, p=0.003).

Furthermore, dynamic features were also significantly nega-
tively correlated with MMSE (r=-0.522, p<0.001) scores and
MOCA (r=-0.533, p<0.001), reinforcing the association be-
tween SFC features and cognitive decline. These results sug-
gest that both static and dynamic SFC features are significantly
correlated with early AD biomarkers and cognitive impairment,
with static features showing slightly stronger correlations than
dynamic features.
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4 | Discussion

Our findings indicate that the increase in static SFC is closely
associated with AD progression, suggesting that the brain in-
creasingly relies on existing structural connections to main-
tain function in AD. This finding is consistent with those of
previous studies (Cao et al. 2020; Dai et al. 2019), which also
highlighted the increased static SFC as AD progresses. This
reliance may result from the loss of neurons and synapses in
AD, gradually reducing the ability of the brain to establish
new functional pathways or compensatory connections (Terry
et al. 1991). This process is reflected in the progressive weak-
ening and disruption of the SC and FC. As AD progresses,
dynamic SFC shows greater variability and less stability, in-
dicating a reduced capacity of SC to maintain stable dynamic
connectivity. Gu et al. reported that decreased regional tem-
poral variability was significantly correlated with the cogni-
tive performance of AD patients (Gu et al. 2020). Additionally,
Nuifiez et al. reported that AD patients exhibited more unsta-
ble dynamic brain activity during the resting state (Nufez
et al. 2021). These findings suggest that as SC deteriorates, its
support for dynamic FC weakens, limiting the adaptability of
the brain under pathological stress.

The Braak staging system, which is based on the accumula-
tion and spread of tau protein during AD progression, outlines
the key affected brain regions. AD progression can be divided
into six stages, beginning with tau pathology in the entorhinal
cortex and hippocampus and later spreading to other areas of
the cerebral cortex (Braak and Braak 1991). Our study revealed
that brain regions exhibiting significant intergroup differences
in SFC overlapped with those defined in Braak stages ITI-VI.
This overlap may be related to the accumulation of the tau pro-
tein, which causes synaptic damage, thereby weakening FC
and ultimately affecting the SFC (Li et al. 2018; Wu et al. 2021).
Our findings suggest that these SFC abnormalities not only

statistically coincide but also reflect the potential value of SFC
features in AD.

In the HC-MCI stage, SC remains largely preserved, enabling
the brain to maintain functional stability through the support of
SC in functional processes (Filippi et al. 2020). This early-stage
compensation mechanism allows static SFC to capture the in-
creased reliance of the function on the structure. This increase
in static SFC serves as a reliable feature for distinguishing HCs
from MCI patients, highlighting the functional stability main-
tained by structural integrity during the early stage of AD. In the
MCI-AD stage, SC undergoes widespread damage, and the sta-
bility of dynamic FC significantly decreases (Qing et al. 2021).
Dynamic SFC is capable of capturing transient fluctuations in
brain activity that traditional static SFC cannot detect; these
fluctuations reflect the dynamic characteristics of SFC that con-
tinuously adjust as the disease progresses. The increase in dy-
namic SFC variability reflects the instability in SC capacity to
regulate dynamic brain activity, indicating a gradual disruption
of functional dynamic homeostasis during AD progression. The
high sensitivity of dynamic SFC makes it a key tool for study-
ing the adaptive mechanisms of the brain in the MCI-AD stage
while providing new insights into the pathological progression
of AD.

By integrating ElasticNet and GNB, the SFC features achieved
superior classification performance in distinguishing different
stages of AD, significantly outperforming the effectiveness of
single FC or SC features. In the external validation set, static
SFC features reached an AUC of 91.10% for HC versus MCI,
whereas dynamic SFC features attained an AUC of 89.03% for
MCI versus AD. SFC combines structural and functional pat-
terns to provide a more comprehensive reflection of the brain's
state, offering a more representative evaluation of cognitive abil-
ity and disease progression than SC or FC alone does (Fotiadis
et al. 2024). However, SFC shows relatively poor performance in
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terms of TCM time window features, possibly because the short
TCM time window limits the capture of neural complexity and
coupling interactions, mingles neural fluctuations with noise,
and increases data variability. The combination of ElasticNet
and GNB outperformed classifiers such as KNN, SVM, RF,
and logistic regression due to their complementary strengths.
ElasticNet effectively captures the most discriminative SFC
features through feature selection and regularization, minimiz-
ing overfitting and removing irrelevant information (Zou and
Hastie 2005). GNB, which assumes feature independence, aligns
seamlessly with the features selected by ElasticNet, enabling
efficient and accurate classification (Wickramasinghe and
Kalutarage 2021). In contrast, KNN relies on distance metrics,
making it sensitive to irrelevant features in high-dimensional
spaces, which reduces classification accuracy (Guo et al. 2003).
SVMs often struggle with small datasets due to overfitting and
require extensive hyperparameter tuning (Wien et al. 2007).
RF faces challenges with inconsistent feature importance rank-
ings and high computational demands, affecting classification
consistency (Parmar et al. 2019). Logistic regression, especially
without sparse regularization, fails to capture nonlinear rela-
tionships, limiting its generalizability in complex feature spaces
(Dreiseitl and Ohno-Machado 2002). CNN may be restricted
by the absence of a clear spatial structure in data features and
small dataset sizes, which undermines its classification perfor-
mance (Li et al. 2022). The synergy between ElasticNet's tar-
geted feature selection and GNB's efficient classification process
provides a streamlined and highly effective approach, offering
superior classification performance and generalization in SFC-
based tasks.

The static SFC features used for classification in the HC-MCI
stage are primarily concentrated in the SMN, DAN, and DMN.
AD patients experience progressive declines in sensorimo-
tor abilities, attention, and self-referential processing, which
correspond to disruptions in these networks (Kim 2012). The
DMN is widely acknowledged as a central functional network
in AD. Studies have shown that key nodes within the DMN,
such as Right_DefaultA_PCC_1 in the posterior cingulate cor-
tex, undergo significant functional and structural disruptions
in MCI, making them among the earliest affected regions (Lee
et al. 2020).

The dynamic SFC features used for classification in the MCI-
AD stage are widely distributed, which may be attributed to the
extensive myelin loss that occurs during the progression of AD
(Maitre et al. 2023; Nasrabady et al. 2018). Myelin, an insulat-
ing layer around nerve fibers, is essential for the normal trans-
mission of signals between neurons and the synchronization
of neuronal activities. A reduction in myelin impairs the con-
duction velocity of nerve impulses, disrupts neuronal firing pat-
terns, and weakens the correlation between brain structure and
function, which over time may exacerbate the deviation of this
correlation from its mean value, ultimately increasing the vari-
ability of dynamic SFC (Fotiadis et al. 2023; Wang et al. 2020).
The dynamic SFC features are most numerous in the regions
in the DMN and VAN. The VAN is closely related to AD and
plays a key role in attention allocation and response to salient
stimuli (Zhang et al. 2015). Research has shown that AD pa-
tients exhibit lower temporal stability in VAN regions, which is
significantly associated with cognitive decline, suggesting that

VAN instability may exacerbate cognitive deficits in AD patients
(Chumin et al. 2021). Additionally, both static and dynamic SFC
classification features involve the Cingulum_mid_R region, a
core hub for attention, emotional regulation, and memory in-
tegration. Multiple studies have reported significant changes
in this region during AD progression (Bozzali et al. 2012; Bubb
et al. 2018). These findings suggest that SFC features are sensi-
tive to changes in key brain regions, underscoring the impor-
tance of SFC in understanding AD progression.

According to the 2024 revised criteria from the National
Institute on Aging and Alzheimer's Association, TAU/Af42,
PTAU/AB42, and APB42/AR40 are important physiological bio-
markers for AD. These ratios reflect changes in cerebrospinal
fluid tau and @-amyloid levels, indicating early AD pathology.
The abnormal accumulation of tau protein, the accumulation of
phosphorylated tau, and the reduction in Af42 lead to increases
in the TAU/AB42 and PTAU/AB42 ratios and a decrease in the
AB42/AB40 ratio. Hyperphosphorylated tau accumulates in
Alzheimer's disease, forming neurofibrillary tangles. Moreover,
the reduction in AB42 signals the deposition of amyloid plaques
and is accompanied by neuroinflammation, leading to neuronal
damage and synaptic dysfunction. These pathological changes
ultimately result in neurodegenerative alterations, which often
appear in the early stages of AD (Jack et al. 2024). Our study
revealed that the SFC features were significantly positively
correlated with the TAU/AB42 and PTAU/AP42 ratios and
significantly negatively correlated with the AB42/AB40 ratio.
Additionally, they were negatively correlated with cognitive per-
formance, as reflected by the MMSE and MOCA scores. These
findings suggest that, in the early stages, the brain may adjust
the SFC to mitigate pathological damage, while also capturing
early cognitive decline, highlighting the potential value of SFC
features in the early diagnosis of AD.

This study has several limitations. First, it did not distinguish
between MCI subtypes, which may affect the understanding
of their distinct characteristics and progression. Future stud-
ies should explore these differences for a more comprehen-
sive analysis. Second, ML-based methods require large and
diverse datasets to extract features efficiently and ensure ro-
bust performance. However, the amount of data used in this
study was small, mainly consisting of Caucasian participants
(ADNI dataset) and Asian participants (in-house dataset),
which may limit the model's generalizability. Future research
should include more diverse datasets and more complex mod-
els to improve robustness and applicability across different
populations. Third, this study was a cross-sectional study. To
fully understand the interaction between structural and func-
tional abnormalities in AD, further longitudinal studies are
necessary.

5 | Conclusion

This study systematically examined the differences in static
and dynamic SFC features across AD progression, highlight-
ing their potential in neurological diseases. These findings
indicate that static SFC significantly increases, whereas dy-
namic SFC shows greater fluctuations and reduced stability as
AD progresses. Notably, the regions of interest with significant
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SFC differences overlap with Braak staging regions, under-
scoring the relevance of these features to AD pathology. By
integrating ElasticNet with GNB, we achieved high classifica-
tion performance in distinguishing the HC-MCI and MCI-AD
stages. Additionally, both static and dynamic SFC classification
features were significantly correlated with physiological and
cognitive performance, especially in the Cingulum_mid_R re-
gion. These features, as sensitive markers for early AD, offer
opportunities for timely intervention and personalized treat-
ments aimed at slowing disease progression and improving
quality of life. Overall, our findings underscore the impor-
tance of combining dynamic and static SFC in understanding
AD mechanisms and the potential of this method for the early
detection of AD.
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