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Abstract
Background  Subjective cognitive decline (SCD) has been recognized as a preclinical stage of Alzheimer’s disease. 
However, the identification of early functional brain changes remains challenging. This study investigated the 
functional brain changes in SCD using longitudinal EEG and evaluate the feasibility of EEG features as scalable 
biomarkers for identifying amyloid burden and cognitive decline using an interpretable machine learning framework.

Methods  We analyzed 120 individuals with SCD enrolled in a multicenter prospective cohort (the CoSCo study) at 
baseline and after a 2-year follow-up. Participants were classified as amyloid-positive (A + SCD) or amyloid-negative 
(A − SCD). Spectral power and graph theory-based network analyses were conducted. Also, we trained machine 
learning classifiers to distinguish between the groups and interpreted the predictions of classifiers using SHAP.

Results  At both baseline and follow-up, the A + SCD group exhibited elevated low-frequency (delta and theta) 
activity and reduced alpha activity compared to the A − SCD group. The EEG-based classifiers distinguished A + SCD 
from A-SCD individuals with high performance, outperforming a classifier based on demographic data. The results of 
SHAP analysis confirmed the importance and relative contribution of selected EEG features.

Conclusions  Longitudinal EEG, when combined with interpretable machine learning, can detect and track the 
functional alterations of brain related to amyloid pathology in preclinical AD. Our findings support the feasibility 
of EEG as a non-invasive, scalable, and sensitive biomarker for risk stratification, before overt cognitive impairment 
emerges.

Trial registration  This study was registered at the Clinical Research Information Service (CRIS) (cris.nih.go.kr/cris; # 
KCT0003397, Registration Date: December 21, 2018).
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Background
Subjective cognitive decline (SCD) refers to a self-per-
ceived decline in cognitive ability despite normal perfor-
mance on standardized neuropsychological assessments. 
Over the past decade, SCD has emerged as a potential 
preclinical stage of Alzheimer’s disease (AD), offering a 
critical window for early intervention and prevention 
[1, 2]. Longitudinal studies have consistently shown that 
individuals with SCD are at an increased risk of progres-
sion to mild cognitive impairment (MCI) and dementia, 
including AD, compared to cognitively unimpaired indi-
viduals without subjective complaints [3].

Despite its clinical relevance, the pathological hetero-
geneity of SCD poses challenges for its early detection 
and stratification. Current biomarker modalities such 
as amyloid positron emission tomography (PET), cere-
brospinal fluid (CSF) analysis, and magnetic resonance 
imaging (MRI) have significantly contributed to our 
understanding of the AD continuum [4, 5]. However, 
these techniques are often limited by their invasiveness, 
high cost, and limited accessibility, particularly for longi-
tudinal monitoring in routine clinical settings [5].

Electroencephalography (EEG) has emerged as a prom-
ising alternative modality owing to its non-invasiveness, 
high temporal resolution, cost-effectiveness, and scal-
ability [6]. EEG captures functional brain activity that 
may reflect early synaptic and network-level disruptions 
[7]. We employed spectral power analysis to test the ‘EEG 
slowing’ hypothesis, which links the synaptic dysfunction 
in AD continuum to a characteristic elevation in low-
frequency (delta and theta) power [6, 7]. While this pat-
tern is well-established in MCI and AD, there have been 
notable discrepancies across studies in SCD [8]. Also, 
there is a scarcity of longitudinal studies tracking how 
these spectral alterations change over time in SCD [8]. 
Furthermore, along with the ‘EEG slowing’ hypothesis, 
AD has been widely recognized as a ‘disconnection syn-
drome’, which indicates the pathology of AD targets brain 
networks disrupting the balance between local process-
ing and global brain communication [9]. While spectral 
power analysis reflects isolated regional neural activity, 
graph theory-based network analysis with EEG can quan-
tify these network-level functional alterations of brain 
as a global system. Although, several studies have inves-
tigated widespread network disintegration in MCI and 
AD [10], few studies have investigated the ‘disconnec-
tion syndrome’ with EEG in SCD. Therefore, it remains 
unclear whether the initial signs of network dysfunction 
of brain can also be detected in SCD and how these EEG 
phenomena evolve longitudinally at the preclinical SCD 

stage. Our study specifically addresses this gap by exam-
ining both spectral and network measures over a two-
year follow-up in SCD individuals.

In this study, we aimed to investigate the functional 
brain changes in SCD using resting-state EEG measure-
ments over a 2-year period. Specifically, we analyzed 
differences in spectral power and graph theory-based 
network activity between amyloid-positive (A + SCD) and 
amyloid-negative (A–SCD) individuals. Furthermore, 
we applied machine learning techniques to evaluate the 
utility of EEG-derived features for discriminating against 
amyloid status and assessed the potential of EEG as a 
non-invasive early biomarker for AD risk stratification.

Methods
Study design and participants
This study was part of the Cohort Study to Identify Pre-
dictors for the Clinical Progression to Mild Cognitive 
Impairment or Dementia from Subjective Cognitive 
Decline (CoSCo), a multicenter prospective longitudi-
nal study conducted across six academic medical centers 
in South Korea. Recruitment was conducted between 
November 2018 and December 2021. At baseline, the 
participants underwent demographic profiling, compre-
hensive neuropsychological testing, apolipoprotein epsi-
lon 4 (APOE4) genotyping, structural brain MRI, amyloid 
PET imaging with 18F-florbetaben, and resting-state EEG. 
These assessments were repeated after 2 years of follow-
up (Fig. 1). Detailed information regarding the study 
design has been described previously [11].

A total of 120 individuals aged >60 years with SCD 
were enrolled. All participants reported persistent cog-
nitive complaints despite normal performance on stan-
dardized cognitive assessments, as determined by the 
Seoul Neuropsychological Screening Battery (SNSB) 
[12]. The inclusion criteria were a Clinical Dementia 
Rating (CDR) score of 0 and delayed recall scores on the 
Seoul Verbal Learning Test (SVLT) within the 7th to 50th 
percentiles adjusted for age, sex, and education [13]. The 
exclusion criteria were a history of neurological or psy-
chiatric disorders, significant brain lesions, or abnormal 
laboratory results. Amyloid status was determined using 
18F-florbetaben PET scans, and participants were classi-
fied into A + SCD and A − SCD groups based on brain 
amyloid plaque load scoring [14, 15].

Neuropsychological assessments
Cognitive assessments included the Korean version of 
the Mini-Mental State Examination (K-MMSE), CDR, 
Digit Span Test–Forward (DST-F), Korean version of 
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the Boston Naming Test (K-BNT), Rey Complex Figure 
Test–Copy (RCFT-C) and Delayed Recall (RCFT-DR), 
SVLT, Digit Symbol Coding (DSC), Controlled Oral 
Word Association Test (COWAT), Korean Trail Making 
Test B (K-TMT-B), and Korean Color Word Stroop Test 
(K-CWST) [12]. All test scores were normalized using 
large-scale Korean normative data (n = 1,100), with the 
16th percentile used as the cutoff for cognitive impair-
ment. The severity of subjective complaints was assessed 
using the Korean version of the Everyday Cognition 
questionnaire.

Neuroimaging procedures
The MRI data were acquired using a 3.0 T scanner with 
three-dimensional T1-weighted fluid-attenuated inver-
sion recovery, and susceptibility-weighted imaging 
sequences. White matter hyperintensities, lacunes, and 
cerebral microbleeds were visually assessed by a neu-
rologist blinded to clinical data, using established rating 
criteria [13–16]. Experienced nuclear medicine physi-
cians interpreted the PET images. Standardized uptake 
value ratios (SUVRs) were calculated using the cerebel-
lar cortex as the reference region, and global SUVRs were 
derived from 28 AD-signature cortical regions. The PET 
and MRI images were co-registered and aligned using an 
automatic anatomical labeling atlas [15].

EEG acquisition and processing
Resting-state EEG recordings were obtained using 19 
scalp electrodes following the international 10–20 sys-
tem. Participants were instructed to rest with their eyes 
closed for at least 3  min during the recording session. 
EEG recordings were conducted in an electromagneti-
cally shielded and sound-attenuated room. EEG data 
were collected at baseline and follow-up assessments.

The EEG data were preprocessed using MATLAB 
R2021b (MathWorks, Natick, MA, USA) and the 
EEGLAB toolbox. Signals underwent bandpass filtering 
between 1 and 55 Hz, with additional artifact rejection 
applied through the CleanLine plugin, artifact subspace 
reconstruction, and independent component analysis 
based on ICLabel classification [17–19]. EEG data were 
segmented into 2-s epochs, and a random selection of 60 
artifact-free epochs was retained for each participant.

The relative spectral power was estimated using Welch’s 
method with a Hamming window across five frequency 
bands: delta (1–4 Hz), theta (4–8 Hz), alpha (8–12 Hz), 
beta (12–30 Hz), and gamma (30–55 Hz). To evaluate 
functional brain connectivity, weighted phase-lag index 
matrices were constructed. Functional brain network 
metrics, including global and nodal clustering coefficient 
(CC), node strength (NS), and global efficiency (E), were 
extracted using the Brain Connectivity Toolbox [20]. CC 
refers to the tendency of nodes to cluster with its neigh-
boring nodes, reflecting segregated clusters within the 
network, and NS indicates the strength of its connections 

Fig. 1  Flowchart of participant selection and study design
Solid line, participant selection; dashed line, study design; SCD, subjective cognitive decline; A + SCD, amyloid-positive SCD; A–SCD, amyloid-negative 
SCD; ML, machine learning
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with other nodes. Finally, E measures the efficiency of 
information exchange across the entire network, signify-
ing its capacity for global integration [21]. Proportional 
thresholding ranging from 5% to 35% in 5% increments 
was applied to mitigate spurious connections [22]. Fur-
ther details regarding the EEG preprocessing and analysis 
procedures are available in Supplementary Paragraph 1.

Statistical analysis
Statistical analyses were conducted using SPSS 27 (SPSS, 
Inc., Chicago, IL, USA). The normality of distributions 
was verified using skewness and kurtosis thresholds (< 
2 and < 7, respectively) [23]. Group differences in demo-
graphic and cognitive variables were assessed using inde-
pendent t-tests and chi-square tests. In addition, paired 
t-tests were conducted to compare cognitive test scores 
between baseline and follow-up for both groups. Dif-
ferences in EEG features were analyzed using analysis 
of covariance with age as a covariate. Effect sizes were 
reported as Cohen’s d and partial eta squared (ηp

2). Par-
tial correlation analyses were conducted between EEG 
features and cognitive test scores, adjusting for age, and 
using bootstrapping with 5,000 iterations. Statistical sig-
nificance was set at P < .05 (two-tailed).

Machine learning classification
To evaluate the classification potential of the EEG fea-
tures, we used an adaptive boosting (AdaBoost) classifier 
with sequential forward feature selection (a maximum 
of 20 features). The AdaBoost was selected for its effec-
tiveness in handling class imbalance through its adap-
tive weighting mechanism and inherent robustness to 
overfitting in high-dimensional data [24, 25]. Models 
based on EEG features (spectral and network indices 
and age) were compared with those using demographic 
and cognitive data. All features were z-score-normalized. 
The model performance was assessed using stratified 
10-fold cross-validation, reporting accuracy, sensitiv-
ity, specificity, Matthews correlation coefficient (MCC), 
and F1-score [26]. Hyperparameter tuning was not con-
ducted to ensure generalization of the model and to avoid 
the risk of overfitting as much as possible. Permutation 
test with repetition of 5,000 (Pperm) was adopted to assess 
whether the model performances were statistically signif-
icant, rather than being driven by chance. To mitigate the 
bias from class imbalance, Borderline Synthetic Minor-
ity Over-sampling Technique (Borderline-SMOTE) was 
used in the training data within each 10-fold cross-vali-
dation [27]. Additionally, Shapley Additive exPlanations 
(SHAP) analysis was adopted in models based on EEG 
features to evaluate their importance [28]. SHAP, a coop-
erative game-theory-based explanatory model, has been 
widely used to interpret artificial intelligence models. It 
assigns a SHAP value to each feature, representing the 

impact of the feature and its contribution to the model’s 
prediction. In this study, positive SHAP values indicated 
that the corresponding features contributed to the pre-
diction of the A + SCD group.

Ethics approval and consent to participate
This study was approved by the Institutional 
Review Board of Seoul St. Mary’s Hospital (IRB No. 
KC18ONDI0394, 2018-10-19). The study was conducted 
in accordance with the ethical standards of the Decla-
ration of Helsinki and its later amendments or compa-
rable ethical standards. Written informed consent was 
obtained from all participants.

Results
Demographic and clinical characteristics
Among the 120 participants, 25 were classified as 
A + SCD and 95 as A − SCD; 1  A + SCD was excluded 
because of incomplete data. Also, 13 A-SCD participants 
who failed to complete the study were excluded to ensure 
consistency between baseline and follow-up participants. 
During the 2-year follow-up, a total of 9 participants 
progressed to MCI or dementia: 5 participants from the 
A + SCD and 4 participants from A-SCD. These 9 partici-
pants were retained in all of our analyses. At baseline, no 
significant differences were observed between the groups 
in terms of sex distribution or educational level. How-
ever, participants in the A + SCD group were significantly 
older (P = .011) and had a higher proportion of APOE4 
carriers (P < .001). In contrast, the A − SCD group exhib-
ited a significantly higher body mass index (P = .003), 
body fat percentage (P = .030), visceral fat (P = .001), and 
waist circumference (P = .004) (Table 1).

Cognitive performance did not differ significantly 
between the two groups at baseline. However, at follow-
up, the A + SCD group showed greater cognitive decline, 
with significantly lower scores on the K-MMSE (P = .001, 
d = 0.83), K-BNT (P = .022, d = 0.54), SVLT (P < .001, 
d = 0.86), and K-TMT-B (P < .001, d = 0.92) than the 
A − SCD group (Table 2).

Within-group comparisons showed several improve-
ments in A-SCD. The K-MMSE (P = .001, d = -0.40), 
K-BNT (P < .001, d = -0.42), RCFT-DR (P < .001, d = 
-0.44), SVLT (P < .001, d = -1.09), and DSC (P = .012, d 
= -0.29) scores were significantly increased during the 
study period in A-SCD. In contrast, the A + SCD showed 
significant decrease in K-TMT-B (P = .020, d = 0.51) at fol-
low-up compared to baseline (Table S1).

EEG differences by amyloid status
EEG analyses at baseline revealed 31 features with sig-
nificant differences between the A + SCD and A − SCD 
groups (Table 3). In the A + SCD group, the relative spec-
tral power was significantly elevated in the delta (n = 10) 
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and theta (n = 1) bands. Additionally, the CC (n = 3) and 
NS (n = 1) were higher in the delta band. In contrast, the 
A − SCD group demonstrated significantly greater rela-
tive spectral power in the alpha (n = 2) and beta (n = 1) 
bands, along with higher CC (n = 10) and NS (n = 3) in 
the alpha band. These results suggest increased low-fre-
quency activity and reduced alpha network activity in the 
A + SCD group at baseline.

Bold indicates a significant P-value (P < .05); A + SCD, 
amyloid-positive subjective cognitive decline; A–SCD, 
amyloid-negative subjective cognitive decline; CC, 
clustering coefficient; NS, node strength
At follow-up, similar trends persisted, with 31 EEG fea-
tures significantly different between the groups (Table 4). 
In the A + SCD group, the relative spectral power in the 
theta band markedly increased (n = 17). The A − SCD 
group exhibited higher network activity, particularly in 
the alpha (CC, n = 5; NS, n = 5) and gamma (CC, n = 2; NS, 
n = 2) bands. These findings indicated ongoing functional 
network degradation in the A + SCD group, particularly 
within the theta and alpha oscillatory domains.

Correlations between EEG and cognitive performance
Partial correlation analyses controlling for age were per-
formed between EEG features and cognitive test scores 
(Tables S2 and S3). At baseline, the global SUVR was 
positively correlated with delta and theta activities and 

negatively correlated with alpha and beta activities. In 
the follow-up phase, similar relationships were observed, 
with theta activity showing positive correlations and 
gamma activity showing negative correlations with the 
SUVR (Fig. S1).

Delta and theta power were negatively correlated with 
performance on the K-MMSE, DST-F, K-BNT, SVLT, 
DSC, and K-CWST at baseline. In contrast, alpha power 
was positively correlated with K-MMSE, K-BNT, and 
COWAT scores. At follow-up, theta power remained 
negatively associated with the DST-F, K-BNT, DSC, 
COWAT, and K-TMT-B, whereas alpha and gamma 
power were positively correlated with the K-MMSE, 
K-BNT, RCFT-DR, COWAT, and K-CWST (Fig. S2).

Classification performance and interpretation
Machine learning classification using EEG features dem-
onstrated higher discriminative performance than demo-
graphic features in both phases (Table 5). At baseline, the 
EEG-based classifier achieved an accuracy of 0.917 (Pperm 
< 0.001), sensitivity of 0.867 (Pperm < 0.001), specificity 

Table 1  Baseline demographic characteristics of the study 
participants

A + SCD
(N = 24)

A–SCD
(N = 82)

P

Age (years) 73.42 ± 5.64 69.82 ± 6.05 0.011
Sex, male (n, %) 14 (58.3) 32 (39.0) 0.093
Education (years) 12.71 ± 4.07 11.04 ± 3.88 0.069
APOE4 carrier (n, %) 12 (50.0) 9 (11.0) < 0.001
Global SUVR 1.64 ± 0.28 1.18 ± 0.09 < 0.001
BMI 23.14 ± 2.67 25.35 ± 3.20 0.003
Body fat (%) 26.10 ± 7.71 30.12 ± 7.90 0.030
Body muscle (%) 23.81 ± 5.01 24.52 ± 6.64 0.626
Visceral fat (%) 6.92 ± 2.77 9.77 ± 3.82 0.001
Waist circumference (cm) 81.61 ± 8.94 87.84 ± 9.16 0.004
Framingham cardiovascular 
risk score

10.98 ± 8.78 8.39 ± 7.06 0.139

K-ECOG 68.92 ± 20.92 70.68 ± 22.02 0.727
Periventricular WMH (grade 
1/2/3)

18/3/3 53/17/12 0.792

Deep WMH (grade 1/2/3) 21/3/0 58/18/6 0.172
Lacune (n, %) 7 (8.5) 1 (4.2) 0.476
Cerebral microbleed (n, %) 3 (12.5) 5 (6.1) 0.296
Bold indicates a significant P-value (P < .05); A + SCD, amyloid-positive subjective 
cognitive decline; A–SCD, amyloid-negative subjective cognitive decline; 
APOE4, apolipoprotein epsilon 4; SUVR, standardized uptake value ratio; BMI, 
body mass index; K-ECOG, Korean version of Everyday Cognition; WMH, white-
matter hyperintensity

Table 2  Cognitive tests of study participants at baseline and 
follow-up

A + SCD
(N = 24)

A–SCD
(N = 82)

Cohen’s d
(95% CI)

P

Baseline
K-MMSE 26.88 ± 2.36 27.28 ± 1.85 0.20 (-0.25, 0.66) 0.379
DST-F 58.69 ± 33.12 63.25 ± 29.28 0.15 (-0.30, 0.61) 0.517
K-BNT 54.02 ± 30.71 59.71 ± 26.28 0.21 (-0.25, 0.66) 0.371
RCFT-C 60.83 ± 21.73 57.00 ± 22.24 -0.17 (-0.63, 0.28) 0.458
RCFT-DR 43.88 ± 26.44 47.79 ± 23.80 0.16 (-0.30, 0.62) 0.491
SVLT 23.13 ± 15.10 28.02 ± 13.06 0.36 (-0.10, 0.82) 0.122
DSC 52.82 ± 33.17 64.04 ± 24.06 0.43 (-0.03, 0.88) 0.070
COWAT 53.03 ± 31.62 52.98 ± 27.69 0.00 (-0.46, 0.45) 0.994
K-TMT-B 58.42 ± 22.86 63.86 ± 21.10 0.25 (-0.20, 0.71) 0.278
K-CWST 51.04 ± 29.87 56.97 ± 24.79 0.23 (-0.23, 0.68) 0.328
Follow-up
K-MMSE 26.42 ± 2.78 28.10 ± 1.75 0.83 (0.36, 1.30) 0.001
DST-F 57.75 ± 32.73 69.63 ± 27.39 0.41 (-0.04, 0.87) 0.077
K-BNT 52.91 ± 36.56 68.32 ± 25.88 0.54 (0.08, 1.00) 0.022
RCFT-C 53.15 ± 24.22 52.37 ± 25.44 -0.03 (-0.49, 0.42) 0.894
RCFT-DR 48.67 ± 32.65 59.30 ± 27.40 0.37 (-0.09, 0.83) 0.113
SVLT 30.69 ± 26.00 52.21 ± 24.91 0.86 (0.38, 1.32) < 0.001
DSC 57.83 ± 32.43 69.56 ± 24.89 0.44 (-0.02, 0.90) 0.061
COWAT 54.25 ± 28.11 57.11 ± 29.77 0.10 (-0.36, 0.55) 0.676
K-TMT-B 47.33 ± 25.90 67.73 ± 21.02 0.92 (0.45, 1.39) < 0.001
K-CWST 50.96 ± 26.87 61.61 ± 28.79 0.38 (-0.08, 0.83) 0.109
Bold indicates a significant P-value (P < .05); A + SCD, amyloid-positive 
subjective cognitive decline; A–SCD, amyloid-negative subjective cognitive 
decline; CI, confidence interval; K-MMSE, Korean version of the Mini-Mental 
State Examination; DST-F, Digit Span Test: Forward; K-BNT, Korean version of 
the Boston Naming Test; RCFT-C, Rey Complex Figure Test–Copy; RCFT-DR, Rey 
Complex Figure Test–Delayed Recall; SVLT, Seoul Verbal Learning Test; DSC, 
Digit Symbol Coding; COWAT, Controlled Oral Word Association Test; K-TMT-B, 
Korean version of the Trail Making Test B; K-CWST, Korean version of the Color 
Word Stroop Test
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of 0.929 (Pperm < 0.001), MCC of 0.784 (Pperm < 0.001), 
and F1-score of 0.821 (Pperm < 0.001) using 15 selected 
features. In contrast, the best-performing demographic-
based classifier yielded a specificity of 0.964 (Pperm < 
0.001) but had lower accuracy of 0.895 (Pperm < 0.001), 
sensitivity of 0.633 (Pperm < 0.001), MCC of 0.650 (Pperm < 
0.001), and F1-score of 0.676 (Pperm < 0.001) using 9 fea-
tures (Table S4).

At the follow-up, the EEG classifiers continued to 
outperform the demographic models. The EEG-based 
classifier achieved an accuracy of 0.907 (Pperm < 0.001), 
sensitivity of 0.817 (Pperm < 0.001), specificity of 0.928 
(Pperm < 0.001), MCC of 0.765 (Pperm < 0.001), and 
F1-score of 0.794 (Pperm < 0.001) using 13 selected fea-
tures. The demographic-based classifier achieved an 

Table 3  EEG spectral and network features showing significant 
differences between the A + SCD and A–SCD groups at baseline
Fre-
quen-
cy
band

Feature A + SCD
(N = 24)

A–SCD
(N = 82)

Effect size
(Partial 
η2)

P

Delta Fp1 34.42 ± 14.80 26.99 ± 12.14 0.07 0.009
F7 41.49 ± 12.97 33.22 ± 14.23 0.05 0.018
Fz 27.85 ± 13.93 21.84 ± 11.70 0.04 0.031
F4 32.15 ± 15.19 25.11 ± 13.80 0.04 0.048
T5 22.16 ± 12.45 16.80 ± 11.18 0.04 0.048
Pz 28.95 ± 15.04 22.85 ± 10.40 0.04 0.038
T6 23.31 ± 13.88 16.27 ± 10.99 0.06 0.012
O1 26.39 ± 14.30 16.68 ± 11.82 0.10 0.001
O2 24.41 ± 12.61 17.05 ± 12.66 0.05 0.026
Global 28.99 ± 12.08 23.05 ± 10.16 0.05 0.022
T3 (CC) 0.28 ± 0.03 0.26 ± 0.02 0.04 0.050
C3 (CC) 0.28 ± 0.02 0.26 ± 0.02 0.05 0.027
P3 (CC) 0.28 ± 0.02 0.27 ± 0.02 0.06 0.011
T4 (NS) 4.80 ± 0.62 4.45 ± 0.74 0.04 0.044

Theta O1 17.62 ± 10.27 12.24 ± 8.02 0.04 0.044
Alpha O1 35.01 ± 19.74 48.02 ± 22.28 0.06 0.015

O2 36.46 ± 20.77 49.24 ± 23.35 0.05 0.025
Fp1 (CC) 0.28 ± 0.07 0.32 ± 0.09 0.04 0.043
F7 (CC) 0.27 ± 0.06 0.31 ± 0.09 0.04 0.043
F3 (CC) 0.27 ± 0.07 0.31 ± 0.09 0.04 0.040
Fz (CC) 0.28 ± 0.07 0.32 ± 0.09 0.04 0.043
F4 (CC) 0.28 ± 0.07 0.32 ± 0.09 0.04 0.045
Cz (CC) 0.27 ± 0.06 0.32 ± 0.10 0.04 0.032
C4 (CC) 0.27 ± 0.07 0.32 ± 0.09 0.05 0.017
T5 (CC) 0.27 ± 0.07 0.31 ± 0.09 0.04 0.050
Pz (CC) 0.28 ± 0.07 0.32 ± 0.10 0.04 0.048
Global 
(CC)

0.27 ± 0.06 0.31 ± 0.09 0.04 0.050

C4 (NS) 4.60 ± 1.96 5.63 ± 2.08 0.04 0.035
Pz (NS) 4.93 ± 1.54 5.94 ± 2.23 0.04 0.037
O2 (NS) 5.07 ± 1.40 5.98 ± 1.90 0.05 0.026

Beta T3 18.89 ± 8.27 24.53 ± 9.73 0.04 0.048

Table 4  EEG spectral and network features showing significant 
differences between the A + SCD and A–SCD groups at 2-year 
follow-up
Fre-
quency 
band

Feature A + SCD
(N = 24)

A–SCD
(N = 82)

Effect size
(Partial 
η2)

P

Theta Fp1 17.19 ± 6.52 13.12 ± 6.74 0.05 0.020
F3 19.92 ± 7.32 14.86 ± 8.47 0.06 0.014
Fz 24.17 ± 9.30 17.66 ± 9.40 0.08 0.004
F4 19.29 ± 7.70 14.86 ± 7.36 0.05 0.020
T3 19.85 ± 10.23 14.81 ± 7.04 0.05 0.017
C3 17.66 ± 7.26 13.62 ± 6.04 0.05 0.020
Cz 19.19 ± 7.46 15.12 ± 6.01 0.06 0.012
C4 17.64 ± 8.80 13.73 ± 6.36 0.04 0.032
T4 18.74 ± 11.16 14.21 ± 6.42 0.05 0.030
T5 20.20 ± 12.07 12.56 ± 7.16 0.07 0.006
P3 17.96 ± 9.22 12.88 ± 6.18 0.06 0.009
Pz 18.45 ± 8.38 13.70 ± 6.38 0.06 0.010
P4 18.44 ± 10.00 12.72 ± 6.10 0.08 0.003
T6 19.53 ± 11.54 12.99 ± 7.29 0.07 0.005
O1 18.40 ± 9.81 12.08 ± 7.11 0.08 0.004
O2 18.13 ± 10.93 11.87 ± 7.10 0.07 0.005
Global 18.66 ± 7.82 13.83 ± 6.15 0.07 0.006

Alpha F7 (CC) 0.27 ± 0.06 0.31 ± 0.08 0.04 0.032
F3 (CC) 0.28 ± 0.06 0.31 ± 0.08 0.04 0.037
Fz (CC) 0.28 ± 0.06 0.31 ± 0.08 0.04 0.048
C3 (CC) 0.27 ± 0.06 0.31 ± 0.08 0.04 0.036
P4 (CC) 0.28 ± 0.07 0.32 ± 0.08 0.04 0.040
Fp1 (NS) 4.82 ± 1.36 5.61 ± 1.62 0.05 0.027
Fp2 (NS) 4.72 ± 1.58 5.55 ± 1.65 0.04 0.033
T5 (NS) 4.97 ± 1.21 5.67 ± 1.62 0.04 0.040
P4 (NS) 5.12 ± 1.36 5.99 ± 1.93 0.04 0.038
T6 (NS) 4.88 ± 1.35 5.67 ± 1.59 0.05 0.022

Gamma Fp1 (CC) 0.10 ± 0.01 0.11 ± 0.01 0.04 0.037
T6 (CC) 0.10 ± 0.01 0.11 ± 0.01 0.05 0.016
Fz (NS) 1.75 ± 0.41 1.99 ± 0.39 0.05 0.023
P4 (NS) 1.76 ± 0.25 1.91 ± 0.32 0.04 0.048

Bold indicates a significant P-value (P < .05); A + SCD, amyloid-positive subjective 
cognitive decline; A–SCD, amyloid-negative subjective cognitive decline; CC, 
clustering coefficient; NS, node strength

Table 5  Best classification performance at baseline and 
follow-up
Case Accuracy Sensitivity Specificity MCC F1-score
Baseline 
(EEG)

0.917
± 0.076

0.867
± 0.208

0.929
± 0.076

0.784
± 0.210

0.821
± 0.175

Baseline 
(Demog-
raphy)

0.895
± 0.055

0.633
± 0.296

0.964
± 0.055

0.650
± 0.263

0.676
± 0.259

Follow-
up (EEG)

0.907
± 0.071

0.817
± 0.229

0.928
± 0.095

0.765
± 0.166

0.794
± 0.146

Follow-
up 
(Demog-
raphy)

0.850
± 0.072

0.717
± 0.334

0.892
± 0.083

0.588
± 0.281

0.643
± 0.248

MCC, Matthews correlation coefficient; EEG, electroencephalography
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accuracy of 0.850 (Pperm < 0.001), sensitivity of 0.717 
(Pperm < 0.001), specificity of 0.892 (Pperm < 0.001), MCC 
of 0.588 (Pperm < 0.001), and F1-score of 0.643 (Pperm < 
0.001) using 9 features (Table S5). Notably, age, although 
included in the EEG feature set, was not selected by the 
classifier in either phase, underscoring the independent 
discriminatory value of the EEG metrics.

To evaluate the importance and contribution of the fea-
tures, SHAP values were investigated for models based 
on EEG features. Among selected features, top five fea-
tures with the highest mean absolute SHAP values are 
shown (Fig.  2). At baseline, EEG features in alpha and 
gamma showed relatively higher SHAP values. Among 
the top five features, the alpha CC in P4 exhibited the 
highest mean absolute SHAP value of 0.041. The SHAP 
violin plot for the alpha CC in P4 was clustered on the 
positive side of the SHAP value, indicating that a lower 
alpha activity in P4 influenced the model’s prediction 
toward the A + SCD group (Fig. 2A). The feature with the 
highest mean absolute SHAP value was gamma CC in T6 
at follow-up, with a statistically significant group differ-
ence (P = .016, ηp

2 = 0.05). The SHAP values of gamma 
CC in T6 were largely concentrated in the positive range, 
confirming that lower gamma activity pushed the model’s 
prediction toward the A + SCD group (Fig. 2B).

EEG differences by APOE4 status
To investigate whether genetic risk of APOE4 influenced 
EEG characteristics in our study and to explore EEG dif-
ferences according to APOE4 status, we additionally 
divided the participants into two groups: APOE4 car-
rier (n = 21), APOE4 non-carrier (n = 85). There was only 
significant difference in global SUVR (P < .001) between 
the groups at baseline (Table S6). The global SUVR was 
included as a covariate for further analysis. While cog-
nitive performances were not different at baseline, 
K-MMSE (P = .038, d = 0.51) was shown to be higher in 
the APOE4 non-carrier (Table S7). In group comparisons 
of EEG features, the APOE4 carrier showed higher delta 
power (n = 1), alpha power (n = 1), beta network activity 
(CC, n = 5; NS, n = 2), and gamma power (n = 1), as well as 
lower theta power (n = 1) at baseline. In addition, at fol-
low-up, theta power (n = 1), beta network (CC, n = 18; NS, 
n = 9; E, n = 1), and gamma network (NS, n = 2) were sig-
nificantly higher in the APOE4 carrier, while delta power 
(n = 1), theta network (NS, n = 1), beta power (n = 1), and 
gamma power (n = 1) were decreased in the APOE4 car-
rier (Table S8).

Fig. 2  Violin and bar plots of SHAP in the top five features at (A) baseline and (B) follow-up
SHAP, SHapley Additive exPlanations; CC, clustering coefficient; NS, node strength

 



Page 8 of 12Ryoo et al. Alzheimer's Research & Therapy          (2025) 17:265 

Discussion
Main findings: longitudinal EEG alterations in SCD
In this study, we identified significant differences in 
EEG characteristics according to amyloid burden status 
in individuals with SCD. The A + SCD group exhibited 
increased low-frequency activities (delta and theta) and 
decreased alpha network activities at baseline and after 2 
years of follow-up, despite no significant cognitive differ-
ence detected at baseline by standard neuropsychological 
testing. These findings suggest that EEG may detect early 
functional brain changes along the AD continuum that 
are not captured by traditional cognitive assessments.

This observation aligns with prior studies suggesting 
that functional neural changes, such as altered oscilla-
tory dynamics, can precede clinically detectable cognitive 
impairments [7, 29]. EEG abnormalities, particularly in 
the low-frequency and alpha bands, have been reported 
in both amnestic MCI and SCD populations, indicating 
sensitivity to early synaptic disruption [30, 31]. Further-
more, standard neuropsychological assessments may lack 
sensitivity in capturing subtle cognitive decline in the 
preclinical stages of AD, underscoring the need for physi-
ological biomarkers, such as EEG [32].

While these results support the general utility of EEG, 
a crucial test for any potential biomarker is its ability to 
translate group-level differences into reliable single-sub-
ject classification. Although several prior longitudinal 
and cross-sectional studies have investigated EEG altera-
tions in SCD [8], they have primarily focused on group-
level statistical trends. A key contribution of our study, 
therefore, is the demonstration of the feasibility of amy-
loid status classification using a machine learning frame-
work. Furthermore, by employing SHAP, we could infer 
the neurophysiological drivers of the model’s predic-
tions, adding a layer of interpretability. By showing that 
the multivariate patterns within an individual’s EEG can 
predict the amyloid status, our findings provide a stron-
ger foundation for the use of EEG as a practical and scal-
able tool for early risk stratification. By detecting neural 
changes before the onset of clinical symptoms, EEG can 
facilitate timely intervention and stratification for clinical 
trials targeting the earliest stages of AD.

Alterations in EEG activity
Our statistical results showed coherent patterns of 
increased delta activity at baseline and increased theta 
activity at follow-up. These results align with previ-
ous findings that low-frequency activities increase with 
amyloid accumulation and cognitive decline along the 
AD continuum [7, 33, 34]. Also, our analyses confirmed 
that the ‘EEG slowing’ phenomenon in the MCI and AD 
exists in preclinical SCD. Interestingly, the elevation of 
delta activity was detected even before objective cogni-
tive decline became evident. This increment of delta 

at baseline might reflect the amyloid-induced synaptic 
dysfunction, which is the earliest change in the pathol-
ogy of AD before cognitive decline occurs [35, 36]. Sub-
sequently, the emergence of widespread theta increment 
may represent a progression of initial dysfunction. The 
temporal shift from delta to theta pattern of slowing over 
time could signify that the initial synaptic dysfunction 
and instability has evolved to disrupt attentional func-
tion, which is known to be linked to theta oscillations 
[37]. The significant difference in the K-TMT-B at follow-
up, a test reliant on attentional control processes, also 
supports the interpretation of emergent theta activity.

In parallel with spectral changes, our results also pro-
vide clear evidence for the ‘disconnection syndrome’ 
hypothesis. The A + SCD exhibited reduced network 
activity in alpha at both baseline and follow-up. This 
reduced network pattern suggests that the segregation 
of the overall brain network, which is critical for cogni-
tive processing, has been compromised persistently from 
the early of the disease process [36]. Notably, alpha oscil-
lations have been known to be associated with memory 
function [38], and its reduction may indicate an early 
breakdown of cognitive systems.

The importance of longitudinal alterations in EEG pat-
terns underscores the potential of EEG, notably delta 
and theta activity, as well as alpha network efficiency, as 
accessible, noninvasive biomarkers of early AD risk and 
amyloid-induced neural dysfunction. This suggests that 
EEG can capture the evolving functional impact of amy-
loid pathology, offering a scalable method for monitor-
ing clinical progression before cognitive decline becomes 
evident.

Furthermore, we also investigated the EEG differences 
between the APOE4 carrier and APOE4 non-carrier to 
explore whether the APOE4 influenced EEG characteris-
tics in our study and to examine EEG differences accord-
ing to APOE4 status. Interestingly, the APOE4 carrier 
exhibited a distinct EEG pattern, most notably charac-
terized by an overall increment in beta network activity. 
While these findings are preliminary, it is plausible that 
they reflect an early state of network hyperexcitability. 
The results might suggest that this increased beta net-
work activity could be a manifestation of APOE4-driven 
neuroinflammatory processes altering the brain’s exci-
tation-inhibition balance and leading aberrant neural 
firing [39]. In other words, this exploratory finding sug-
gests possibility that beta networks are over-activated by 
APOE4-driven neuroinflammatory processes. To validate 
this hypothesis, regarding neuroinflammation and beta 
network, further study of preclinical stages of AD is war-
ranted. Finally, the EEG pattern associated with APOE4 
status was distinctly different from the patterns driven 
by amyloid burden, suggesting that these two AD risk 
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factors impact the brain through at least partially inde-
pendent mechanisms.

SHAP-based interpretation of neural dysfunction
To move beyond group-level statistics and identify the 
feasibility of EEG features as biomarkers, the SHAP anal-
ysis was employed in the machine learning analysis (Fig. 
2). At baseline, the most salient features were primarily 
related to the organization of high frequency networks 
(alpha and gamma) in frontal, temporal, and parietal 
hubs of the default mode network (DMN) [40]. Although 
regional alterations in scalp level might not be sufficient 
to explain source activity in specific brain areas, these 
consistent results with previous studies for abnormal 
DMN in cognitive decline might suggest that the earliest 
functional impact of amyloid may be a subtle destabili-
zation of the brain’s circuits responsible for memory and 
attention [40].

After two years, the discriminative pattern evolved. 
While network alterations in high frequency remained, 
there was a notable emergence of disruptions in low-
frequency networks. One plausible interpretation is that 
this emergence reflects a maladaptive compensatory 
response to the ongoing disruption of alpha network. As 
the efficient and long-range communication supported 
by the alpha network continues to degrade, the brain may 
attempt to compensate by over-recruiting slower oscilla-
tions. This pattern of increased low-frequency synchro-
nization with reductions in high frequency connectivity 
has been previously reported in MCI and AD [41, 42]. 
It could lead to a state of pathological hypersynchrony, 
where local circuits become excessively synchronized but 
functionally isolated. Computational models support this 
hypothesis, linking amyloid-induced neural hyperactivity 
to both oscillatory slowing and excessive local clustering, 
which ultimately drives network fragmentation and a loss 
of global integration [34]. Therefore, the new emergence 
of low-frequency network features may represent the 
electrophysiological result of shift from initial impaired 
long-range communications to a more advanced state of 
widespread network breakdown.

A particularly interesting finding highlighted by our 
SHAP analysis was the early and persistent emergence 
of gamma network activity. While gamma alterations, 
such as increased power, have typically been reported in 
later stages like MCI or AD, often interpreted as a sign 
of compensatory hyperactivation [43], our results suggest 
their potential relevance even at the preclinical SCD. This 
observation raises the possibility that gamma dysfunc-
tion may not exclusively be a ‘late marker’ of the disease. 
Alternatively, we hypothesize that this early emergence 
of gamma could reflect the high vulnerability of GAB-
Aergic interneurons to early amyloid toxicity. As these 
interneurons are critical for generating and regulating 

gamma oscillations, their disruption could represent one 
of the initial neurophysiological consequences of amyloid 
pathology, ultimately leading to network hypersynchrony 
[44]. This hypothesis is conceptually supported by an ani-
mal study demonstrating a close and bidirectional rela-
tionship between amyloid pathology and gamma activity, 
where manipulating gamma oscillations has been shown 
to impact amyloid burden [45].

Classification performances and clinical implications
We also evaluated the feasibility of EEG features in clas-
sifying the amyloid status at both baseline and follow-up 
using machine learning models (Table 5). To overcome 
the significant class imbalance in our data, we employed 
Borderline-SMOTE technique within our cross-valida-
tion framework. The results showed that the EEG-based 
models consistently outperformed those based on demo-
graphic data, particularly on balanced metrics such as 
MCC and F1-score that are especially crucial for evalu-
ating performance on imbalanced data [46]. This superi-
ority strongly supports that EEG captures a unique and 
powerful neurophysiological signal of amyloid pathology 
that is not present in standard clinical variables.

While the demographic model at baseline retained 
a marginally higher specificity, this was offset by a sig-
nificantly lower sensitivity. In contrast, the EEG-based 
model demonstrated a much more balanced perfor-
mance, showing a superior ability to correctly identify 
the challenging, clinically crucial, and minority A + SCD. 
This balanced strength is reflected in its higher MCC and 
F1-score, identifying the EEG-based models as the more 
reliable and effective classifier overall.

Taken together, these results support the feasibility of 
EEG, particularly when combined with machine learning, 
as a non-invasive, scalable, and sensitive approach for 
early AD diagnosis and risk stratification in SCD popu-
lations. Its potential application in routine screening or 
trial enrichment strategies could improve the identifica-
tion of preclinical AD cases prior to the onset of clinical 
symptoms.

Lastly, in our study, the A-SCD demonstrated modest 
but statistically significant improvements in several cog-
nitive tests over the study period. This pattern is most 
plausibly explained by practice effect from repeated 
testing, a well-documented phenomenon in longitudi-
nal studies of cognitively unimpaired individuals. Such 
improvements should therefore not be interpreted as true 
cognitive gains. The presence of these expected learning 
gains in the A-SCD underscores their relative cognitive 
stability, despite their subjective complaints. In con-
trast, the A + SCD failed to show a similar phenomenon, 
exhibiting declining instead. Additionally, as a recent 
study suggests, this absence of practice effects in individ-
uals with SCD may be a subtle but clinically informative 
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marker, as it has been associated with a higher risk of 
progression to MCI [47].

Limitations and future directions
This study had several limitations. First, although this 
study included 106 participants, only 24 were amyloid-
positive. This limits the statistical power and may also 
influence the classification model evaluation, as our pro-
cedure did not employ nested cross-validation, meaning 
the reported classification performances might be inter-
preted as potentially optimistic. Second, the significance 
of EEG features from our pattern-generating statistical 
tests should be considered preliminary and interpreted 
with caution, as the analyses were not adjusted for mul-
tiple comparisons. Third, our analysis was restricted to 
the 1–55 Hz frequency range to avoid potential artifacts 
and the technical constraints imposed by our sampling 
rate. Future studies are necessary to investigate potential 
alterations in high gamma range (> 60  Hz). Finally, the 
hospital-based recruitment and 2-year follow-up period 
may not fully capture the long-term trajectory of the gen-
eral population. Larger, population-based, and longer-
duration cohort studies are warranted to validate these 
findings and to establish the prognostic value of EEG for 
predicting progression to MCI or AD.

Despite these limitations, this study demonstrated the 
feasibility and clinical potential of EEG as a sensitive bio-
marker for early AD-related changes in individuals with 
SCD. EEG offers several advantages over traditional bio-
markers; it is non-invasive, cost-effective, and amenable 
to repeated measurements. Moreover, the combination 
of EEG with machine learning provides a powerful plat-
form for the early detection, risk stratification, and moni-
toring of disease progression or treatment response. 
Future studies should focus on integrating multimodal 
EEG markers and employing deep learning methods to 
enhance the predictive accuracy and clinical applicability.

Conclusions
This longitudinal multicenter study demonstrates that 
resting-state EEG can sensitively capture early and 
evolving functional brain alterations linked to amyloid 
pathology in subjective cognitive decline. Beyond con-
firming the classical phenomenon of ‘EEG slowing’, we 
identified a temporal shift from delta to theta elevation, 
persistent alpha network disruption consistent with an 
early disconnection syndrome, and the unexpected early 
emergence of gamma abnormalities, likely reflecting the 
vulnerability of GABAergic interneurons to amyloid tox-
icity. Importantly, these findings remained robust after 
addressing key confounders, including class imbalance 
and APOE4 status, through rigorous statistical con-
trols and sensitivity analyses. Machine learning models 
using spectral and network EEG features consistently 

outperformed demographic models, and SHAP-based 
interpretation highlighted distinct electrophysiologi-
cal signatures of amyloid burden. Furthermore, cogni-
tive trajectories underscored that the absence of practice 
effects in amyloid-positive individuals may represent an 
additional subtle clinical marker at the preclinical stage.

Taken together, our results extend the current under-
standing of preclinical Alzheimer’s disease by revealing 
novel electrophysiological markers—such as early gamma 
dysfunction and progressive oscillatory slowing—and 
by demonstrating the interpretability and robustness of 
EEG-based machine learning. Given its accessibility, scal-
ability, and sensitivity, EEG holds promise as a practical 
biomarker for individualized risk stratification, longi-
tudinal monitoring, and trial enrichment in the earliest 
phases of the Alzheimer’s disease continuum.

Abbreviations
Abbreviation	� Full Term
SCD	� Subjective Cognitive Decline
AD	� Alzheimer’s Disease
MCI	� Mild Cognitive Impairment
PET	� Positron Emission Tomography
CSF	� Cerebrospinal Fluid
MRI	� Magnetic Resonance Imaging
EEG	� Electroencephalography
A + SCD	� Amyloid-Positive Subjective Cognitive Decline
A–SCD	� Amyloid-Negative Subjective Cognitive Decline
APOE4	� Apolipoprotein Epsilon 4
SNSB	� Seoul Neuropsychological Screening Battery
CDR	� Clinical Dementia Rating
SVLT	� Seoul Verbal Learning Test
K-MMSE	� Korean Version of the Mini-Mental State Examination
DST-F	� Digit Span Test–Forward
K-BNT	� Korean Version of the Boston Naming Test
RCFT-C	� Rey Complex Figure Test–Copy
RCFT-DR	� Rey Complex Figure Test–Delayed Recall
DSC	� Digit Symbol Coding
COWAT	� Controlled Oral Word Association Test
K-TMT-B	� Korean Trail Making Test B
K-CWST	� Korean Color Word Stroop Test
SUVRs	� Standardized Uptake Value Ratios
MCC	� Matthews Correlation Coefficient
SHAP	� Shapley Additive exPlanations

Supplementary Information
The online version contains supplementary material available at ​h​t​t​p​s​:​​​/​​/​d​o​​i​.​​o​r​​
g​​/​​1​0​​.​1​1​​​8​6​​/​s​1​3​​1​9​5​-​​0​2​5​-​0​​1​8​7​5​-​8.

Supplementary Material 1

Acknowledgements
Not applicable.

Author contributions
NR interpreted the data and wrote the manuscript. JYP analyzed the data 
and wrote the manuscript. CL, SHH, YJH, JHJ, KHP, MJW, SHC, SYK, and YCY 
performed major roles in the acquisition of the data. EJK validated the 
methodology. SK reviewed and revised the manuscript. DWY designed the 
study, performed a major role in the acquisition of the data, and reviewed the 
manuscript. All authors read and approved the final manuscript.

https://doi.org/10.1186/s13195-025-01875-8
https://doi.org/10.1186/s13195-025-01875-8


Page 11 of 12Ryoo et al. Alzheimer's Research & Therapy          (2025) 17:265 

Funding
This work was supported by the National Research Foundation of Korea 
(NRF) grant funded by the Korean Government (MSIT) (RS-2024-00350834), 
the Ministry of Health and Welfare (HI18C0530), the Korea Creative Content 
Agency grant funded by the Ministry of Culture, Sports, and Tourism in 2023 
(RS-2023-00224524), and the research grant funded by the Korean Dementia 
Association.

Data availability
The data supporting these findings are available from the corresponding 
author upon reasonable request.

Declarations

Consent for publication
Not applicable.

Competing interests
The authors declare no competing interests.

Ethics approval and consent to participate
This study was approved by the Institutional Review Board of Seoul St. Mary’s 
Hospital (IRB No. KC18ONDI0394, 2018-10-19). The study was conducted in 
accordance with the ethical standards of the Declaration of Helsinki and its 
later amendments or comparable ethical standards. All participants provided 
written informed consent prior to participation in the study.

Author details
1Department of Neurology, Eunpyeong St. Mary’s Hospital, The Catholic 
University of Korea, Seoul, South Korea
2Department of Applied Artificial Intelligence, Hanyang University, Ansan, 
South Korea
3Department of Neurology, Seoul St. Mary’s Hospital, The Catholic 
University of Korea, Seoul, South Korea
4Department of Neurology, Uijeongbu St. Mary’s Hospital, The Catholic 
University of Korea, Uijeongbu City, South Korea
5Department of Neurology, Ewha Womans University Seoul Hospital, 
Ewha Womans University School of Medicine, Seoul, South Korea
6Department of Neurology, Gachon University Gil Medical Center, 
Incheon, South Korea
7Department of Neurology, Roa Neurology Clinic, Seongnam, South 
Korea
8Department of Neurology, Inha University College of Medicine, Incheon, 
South Korea
9Department of Neurology, Seoul National University College of Medicine 
and Seoul National University Bundang Hospital, Seongnam, South Korea
10Department of Neurology, Chung-Ang University College of Medicine, 
Seoul, South Korea
11Department of Human-Computer Interaction, Hanyang Univercity, 
Ansan, South Korea

Received: 16 June 2025 / Accepted: 25 September 2025

References
1.	 Jessen F, Amariglio RE, van Boxtel M, Breteler M, Ceccaldi M, Chételat G, et 

al. A conceptual framework for research on subjective cognitive decline in 
preclinical alzheimer’s disease. Alzheimers Dement. 2014;10:844–52.

2.	 Molinuevo JL, Rabin LA, Amariglio R, Buckley R, Dubois B, Ellis KA, et al. 
Implementation of subjective cognitive decline criteria in research studies. 
Alzheimers Dement. 2017;13:296–311.

3.	 Mitchell AJ, Beaumont H, Ferguson D, Yadegarfar M, Stubbs B. Risk of demen-
tia and mild cognitive impairment in older people with subjective memory 
complaints: meta-analysis. Acta Psychiatr Scand. 2014;130:439–51.

4.	 Jack CR Jr, Bennett DA, Blennow K, Carrillo MC, Dunn B, Haeberlein SB, et al. 
NIA-AA research framework: toward a biological definition of alzheimer’s 
disease. Alzheimers Dement. 2018;14:535–62.

5.	 Hampel H, O’Bryant SE, Molinuevo JL, Zetterberg H, Masters CL, Lista S, et 
al. Blood-based biomarkers for alzheimer disease: mapping the road to the 
clinic. Nat Rev Neurol. 2018;14:639–52.

6.	 Babiloni C, Lizio R, Marzano N, Capotosto P, Soricelli A, Triggiani AI, et al. Brain 
neural synchronization and functional coupling in alzheimer’s disease as 
revealed by resting state EEG rhythms. Int J Psychophysiol. 2016;103:88–102.

7.	 Jeong J. EEG dynamics in patients with alzheimer’s disease. Clin Neuro-
physiol. 2004;115:1490–505.

8.	 Perez V, Duque A, Hidalgo V, Salvador A. EEG frequency bands in subjective 
cognitive decline: a systematic review of resting state studies. Biol Psychol. 
2024;191:108823.

9.	 Seeley WW, Crawford RK, Zhou J, Miller BL, Greicius MD. Neurodegenerative 
diseases target large-scale human brain networks. Neuron. 2009;62:42–52.

10.	 Stam CJ, Jones B, Nolte G, Breakspear M, Scheltens P. Small-world net-
works and functional connectivity in alzheimer’s disease. Cereb Cortex. 
2007;17:92–9.

11.	 Ho S, Hong YJ, Jeong JH, Park KH, Kim S, Wang MJ, et al. Study design and 
baseline results in a cohort study to identify predictors for the clinical pro-
gression to mild cognitive impairment or dementia from subjective cognitive 
decline (CoSCo) study. Dement Neurocogn Disord. 2022;21:147.

12.	 Jahng S, Na DL, Kang Y. Constructing a composite score for the Seoul 
neuropsychological screening battery-core. Dement Neurocogn Disord. 
2015;14:137–42.

13.	 Hong YJ, Ho S, Jeong JH, Park KH, Kim S, Wang MJ, et al. Impacts of baseline 
biomarkers on cognitive trajectories in subjective cognitive decline: the 
CoSCo prospective cohort study. Alzheimers Res Ther. 2023;15:132.

14.	 Sabri O, Sabbagh MN, Seibyl J, Barthel H, Akatsu H, Ouchi Y, et al. Florbetaben 
PET imaging to detect amyloid beta plaques in alzheimer’s disease: phase 3 
study. Alzheimers Dement. 2015;11:964–74.

15.	 Becker GA, Ichise M, Barthel H, Luthardt J, Patt M, Seese A, et al. PET quantifi-
cation of 18F-florbetaben binding to β-amyloid deposits in human brains. J 
Nucl Med. 2013;54:723–31.

16.	 Noh Y, Lee Y, Seo SW, Jeong JH, Choi SH, Back JH, et al. A new classification 
system for ischemia using a combination of deep and periventricular white 
matter hyperintensities. J Stroke Cerebrovasc Dis. 2014;23:636–42.

17.	 Bigdely-Shamlo N, Mullen T, Kothe C, Su KM, Robbins KA. The PREP pipeline: 
standardized preprocessing for large-scale EEG analysis. Front Neuroinform. 
2015;9:16.

18.	 Dong L, Lai Y, Duan M, Qin Y, Luo C, Wang L, et al. Rereferencing of clinical 
EEGs with nonunipolar mastoid reference to infinity reference by REST. Clin 
Neurophysiol. 2023;151:1–9.

19.	 Pion-Tonachini L, Kreutz-Delgado K, Makeig S. ICLabel: an automated electro-
encephalographic independent component classifier, dataset, and website. 
NeuroImage. 2019;198:181–97.

20.	 Rubinov M, Sporns O. Complex network measures of brain connectivity: uses 
and interpretations. NeuroImage. 2010;52:1059–69.

21.	 Kim S, Kim YW, Shim M, Jin MJ, Im CH, Lee SH. Altered cortical functional 
networks in patients with schizophrenia and bipolar disorder: a resting-state 
electroencephalographic study. Front Psychiatry. 2020;11:661.

22.	 Li G, Luo Y, Zhang Z, Xu Y, Jiao W, Jiang Y, et al. Effects of mental fatigue 
on small-world brain functional network organization. Neural Plast. 
2019;2019:1716074.

23.	 Curran PJ, West SG, Finch JF. The robustness of test statistics to nonnormal-
ity and specification error in confirmatory factor analysis. Psychol Methods. 
1996;1:16.

24.	 Dietterich TG. Ensemble methods in machine learning. In: International 
workshop on multiple classifier systems; 2000. pp. 1–15.

25.	 Krawczyk B. Learning from imbalanced data: open challenges and future 
directions. Prog Artif Intell. 2016;5:221–32.

26.	 Chicco D, Jurman G. The Matthews correlation coefficient (MCC) should 
replace the ROC AUC as the standard metric for assessing binary classifica-
tion. BioData Min. 2023;16:4.

27.	 Han H, Wang WY, Mao BH. Borderline-SMOTE: a new over-sampling method 
in imbalanced data sets learning. In: International conference on intelligent 
computing; 2005. pp. 878 – 87.

28.	 Lundberg SM, Lee SI. A unified approach to interpreting model predictions. 
Adv Neural Inf Process Syst. 2017;30.

29.	 Jelic V, Johansson SE, Almkvist O, Shigeta M, Julin P, Nordberg A, et al. Quan-
titative electroencephalography in mild cognitive impairment: longitudinal 
changes and possible prediction of alzheimer’s disease. Neurobiol Aging. 
2000;21:533–40.



Page 12 of 12Ryoo et al. Alzheimer's Research & Therapy          (2025) 17:265 

30.	 Moretti DV. Electroencephalography-driven approach to prodromal 
alzheimer’s disease diagnosis: from biomarker integration to network-level 
comprehension. Clin Interv Aging. 2016;11:897–912.

31.	 Babiloni C, Del Percio C, Lizio R, Noce G, Lopez S, Soricelli A, et al. Functional 
cortical source connectivity of resting state electroencephalographic 
alpha rhythms shows similar abnormalities in patients with mild cognitive 
impairment due to alzheimer’s and parkinson’s diseases. Clin Neurophysiol. 
2018;129:766–82.

32.	 Babiloni C, Arakaki X, Azami H, Bennys K, Blinowska K, Bonanni L, et al. 
Measures of resting state EEG rhythms for clinical trials in alzheimer’s disease: 
recommendations of an expert panel. Alzheimers Dement. 2021;17:1528–53.

33.	 Smailovic U, Koenig T, Kåreholt I, Andersson T, Kramberger MG, Winblad B, et 
al. Quantitative EEG power and synchronization correlate with alzheimer’s 
disease CSF biomarkers. Neurobiol Aging. 2018;63:88–95.

34.	 van Nifterick AM, Gouw AA, van Kesteren RE, Scheltens P, Stam CJ, de Haan 
W. A multiscale brain network model links alzheimer’s disease-mediated 
neuronal hyperactivity to large-scale oscillatory slowing. Alzheimers Res Ther. 
2022;14:101.

35.	 Sperling RA, Aisen PS, Beckett LA, Bennett DA, Craft S, Fagan AM, et al. Toward 
defining the preclinical stages of alzheimer’s disease: recommendations from 
the National Institute on Aging-Alzheimer’s association workgroups on diag-
nostic guidelines for alzheimer’s disease. Alzheimers Dement. 2011;7:280–92.

36.	 Palop JJ, Mucke L. Amyloid-β–induced neuronal dysfunction in alzheimer’s 
disease: from synapses toward neural networks. Nat Neurosci. 2010;13:812–8.

37.	 Klimesch W. EEG alpha and theta oscillations reflect cognitive and memory 
performance: a review and analysis. Brain Res Rev. 1999;29:169–95.

38.	 Selkoe DJ. Alzheimer’s disease is a synaptic failure. Science. 2002;298:789–91.
39.	 Targa Dias Anastacio H, Matosin N, Ooi L. Neuronal hyperexcitability in 

alzheimer’s disease: what are the drivers behind this aberrant phenotype? 
Transl Psychiatry. 2022;12:257.

40.	 Eyler LT, Elman JA, Hatton SN, Gough S, Mischel AK, Hagler DJ, et al. Rest-
ing state abnormalities of the default mode network in mild cognitive 

impairment: a systematic review and meta-analysis. J Alzheimers Dis. 
2019;70:107–20.

41.	 Babiloni C, Del Percio C, Boccardi M, Lizio R, Lopez S, Carducci F, et al. Occipi-
tal sources of resting-state alpha rhythms are related to local Gray matter 
density in subjects with amnesic mild cognitive impairment and alzheimer’s 
disease. Neurobiol Aging. 2015;36:556–70.

42.	 Moretti DV. Theta and alpha EEG frequency interplay in subjects with mild 
cognitive impairment: evidence from EEG, MRI, and SPECT brain modifica-
tions. Front Aging Neurosci. 2015;7:31.

43.	 Van Deursen J, Vuurman E, Verhey F, van Kranen-Mastenbroek V, Riedel W. 
Increased EEG gamma band activity in alzheimer’s disease and mild cognitive 
impairment. J Neural Transm (Vienna). 2008;115:1301–11.

44.	 Verret L, Mann EO, Hang GB, Barth AM, Cobos I, Ho K, et al. Inhibitory inter-
neuron deficit links altered network activity and cognitive dysfunction in 
alzheimer model. Cell. 2012;149:708–21.

45.	 Iaccarino HF, Singer AC, Martorell AJ, Rudenko A, Gao F, Gillingham TZ, et 
al. Gamma frequency entrainment attenuates amyloid load and modifies 
microglia. Nature. 2016;540:230–5.

46.	 Chicco D, Tötsch N, Jurman G. The Matthews correlation coefficient 
(MCC) is more reliable than balanced accuracy, bookmaker informedness, 
and markedness in two-class confusion matrix evaluation. BioData Min. 
2021;14:13.

47.	 Na S, Lee C, Ho S, Hong YJ, Jeong JH, Park KH, et al. A longitudinal study on 
memory enhancement in subjective cognitive decline patients: clinical and 
neuroimaging perspectives. J Alzheimers Dis. 2024;97:193–204.

Publisher’s note
Springer Nature remains neutral with regard to jurisdictional claims in 
published maps and institutional affiliations.


	﻿EEG-based detection of early functional brain changes in subjective cognitive decline: a prospective cohort study
	﻿Abstract
	﻿Background
	﻿Methods
	﻿Study design and participants
	﻿Neuropsychological assessments
	﻿Neuroimaging procedures
	﻿EEG acquisition and processing
	﻿Statistical analysis
	﻿Machine learning classification
	﻿Ethics approval and consent to participate

	﻿Results
	﻿Demographic and clinical characteristics
	﻿EEG differences by amyloid status
	﻿Bold indicates a significant P-value (P < .05); A + SCD, amyloid-positive subjective cognitive decline; A–SCD, amyloid-negative subjective cognitive decline; CC, clustering coefficient; NS, node strength
	﻿Correlations between EEG and cognitive performance
	﻿Classification performance and interpretation
	﻿EEG differences by APOE4 status

	﻿Discussion
	﻿Main findings: longitudinal EEG alterations in SCD
	﻿Alterations in EEG activity
	﻿SHAP-based interpretation of neural dysfunction
	﻿Classification performances and clinical implications
	﻿Limitations and future directions

	﻿Conclusions
	﻿References


