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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 '®F-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
I8F_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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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

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
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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 (npz). 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 Fl-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 (P,,,,) 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
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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.
KC180ONDI0394, 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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Table 1 Baseline demographic characteristics of the study
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Table 2 Cognitive tests of study participants at baseline and

participants follow-up

A+SCD A-SCD P A+SCD A-SCD Cohen'sd P

(N=24) (N=82) (N=24) (N=82) (95% CI)
Age (years) 7342+564  69.82+605  0.011 Baseline
Sex, male (n, %) 14 (583) 32(39.0) 0.093 K-MMSE ~ 2688+236  27.28+1.85  0.20(-0.25,066) 0379
Education (years) 12714407  11.04+388 0069 DST-F 5869+33.12 63.25+2928 0.15(-0.30,061) 0517
APOEA4 carrier (n, %) 12 (50.0) 9(11.0) <0.001 K-BNT 540243071 59.71+2628 0.21(-0.25066) 0371
Global SUVR 164+028 1.18+0.09 <0.001 RCFT-C 60.83+21.73 57.00+2224 -0.17(-0.63,028) 0458
BMI 23144267  2535+320  0.003 RCFT-DR  43.88+2644 47.79+23.80 6(-030,062) 0491
Bodly fat (%) 2610+771  3012+790  0.030 SVLT 231341510 2802+13.06 0.36(-0.10,0.82) 0.122
Body muscle (%) 23814501 24524664 0626 DSC 528243317 640442406 043(-0.03,088) 0070
Visceral fat (%) 6.92+2.77 9.77+382 0.001 COWAT 53.03+31.62 5298+27.69 0.00 (-0.46,045)  0.994
Waist circumnference (cm) 81614894  8784+9.16  0.004 KTMT-B 584242286 6386+21.10 0.25(-0.20,071) 0278
Framingham cardiovascular ~ 10.98+878  839+7.06 0.139 K-CWST 510442987 5697+2479 023(-0.23,068) 0328
risk score Follow-up
K-ECOG 0892+2092 7068+2202 0727 K-MMSE 26424278  2810+175 083(036,130)  0.001
Periventricular WMH (grade  18/3/3 53/17/12 0.792 DST-F 577543273 69.63+27.39 041 (-0.04,087) 0077
1/2/3) K-BNT 529143656 6832+2588 054 (008,100  0.022
Deep WMH (grade 1/2/3) 2173/0 58/18/6 0172 RCFT-C 531542422 523742544 -003(-049,042) 0894
Lacune (n, %) 7(85) 1(4.2) 0476 RCFT-DR  4867+3265 593042740 037(-009,0.83) 0.113
Cerebral microbleed (n, %) 3 (12.5) 5(6.1) 0.296 SVLT 306942600 5221+2491 0.86(038,132)  <0.001
B s oo Fostesitine DS 753343 695612489 044(002090) 006
APOE4, apolipoprotein epsilon 4; SUVR, standardized uptake value ratio; BMI, COWAT 5425+2811 57.11£2977 0(-0.36,0.55) 0676
body mass index; K-ECOG, Korean version of Everyday Cognition; WMH, white- K-TMT-B 4733+2590 67.73+21.02 092 (045,1.39) <0.001
matter hyperintensity KCWST 509642687 616142879 038(-008,083) 0.109

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 (#=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

Bold indicates a significant P-value (P<.05); A+SCD, amyloid-positive
subjective cognitive decline; A-SCD, amyloid-negative subjective cognitive
decline; Cl, 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

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 (P

perm

< 0.001), sensitivity of 0.867 (P, < 0.001), specificity
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Table 3 EEG spectral and network features showing significant
differences between the A+ SCD and A-SCD groups at baseline

Fre-  Feature = A+SCD A-SCD Effect size P

quen- (N=24) (N=82) (Partial

cy n?)

band

Delta  Fpl 3442+1480 2699+12.14 007 0.009
F7 4149+1297 33.22+£1423 005 0.018
Fz 2785+1393 2184+11.70 004 0.031
F4 3215+1519  2511+1380 0.04 0.048
T5 221611245 1680+11.18 0.04 0.048
Pz 2895+15.04 2285+1040 0.04 0.038
T6 2331£13.88 16271099 0.06 0.012
01 2639+1430 16.68+11.82 0.10 0.001
02 2441+1261 1705+1266 0.05 0.026
Global 28.99+£12.08 23.05+10.16 0.05 0.022
T3 (CO) 0.28+0.03 0.26+0.02 0.04 0.050
a3 (CO) 0.28+0.02 0.26+0.02 0.05 0.027
P3(CO) 0.28+0.02 0.27+0.02 0.06 0.011
T4 (NS) 4.80x0.62 445x0.74 0.04 0.044

Theta O] 17.62+10.27 1224+£802 004 0.044

Alpha  O1 3501+19.74 48.02+22.28 0.06 0.015
02 3646+20.77 49.24+2335 005 0.025
Fp1(CC)  0.28+0.07 0.32+£0.09 0.04 0.043
F7(CO) 0.27+0.06 0.31+£0.09 0.04 0.043
F3(CO 0.27+0.07 0.31+0.09 0.04 0.040
Fz (CO) 0.28+0.07 0.32+0.09 0.04 0.043
F4(CCO) 0.28+0.07 0.32+0.09 0.04 0.045
Cz(CO) 0.27+0.06 0.32£0.10 0.04 0.032
C4(CO) 0.27+0.07 0.32+0.09 0.05 0.017
T5(CO) 0.27+0.07 0.31+0.09 0.04 0.050
Pz (CQO) 0.28+0.07 0.32£0.10 0.04 0.048
Global 0.27+0.06 0.31£0.09 0.04 0.050
(«@)]
C4 (NS) 4.60+1.96 563+2.08 0.04 0.035
Pz (NS) 493+1.54 594+223 0.04 0.037
02 (NS) 5.07+1.40 5.98+1.90 0.05 0.026

Beta T3 1889+827  2453+9.73 004 0.048

Table 5 Best classification performance at baseline and

follow-up

Case Accuracy  Sensitivity Specificity MCC F1-score
Baseline 0917 0.867 0929 0784 0821
(EEG) +0.076 +0.208 +0.076 +0210 +0.175
Baseline  0.895 0.633 0.964 0650 0676
(Demog-  +0.055 +0.296 +0.055 +0.263 +0.259
raphy)

Follow-  0.907 0817 0928 0765 0794
up (EEG) +0.071 +0.229 +0.095 +0.166 +0.146
Follow- 0.850 0.717 0.892 0.588 0.643
up +0.072 +0.334 +0.083 +0281 +0.248
(Demog-

raphy)

MCC, Matthews correlation coefficient; EEG, electroencephalography
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Table 4 EEG spectral and network features showing significant
differences between the A+SCD and A-SCD groups at 2-year

follow-up

Fre- Feature = A+SCD A-SCD Effect size P

quency (N=24) (N=82) (Partial

band n?

Theta Fp1 1719£652  13.12£674 005 0.020
F3 19.92+732 1486+847 0.06 0.014
Fz 2417+930 17.66+940 0.08 0.004
F4 19.29+770 1486+736 0.05 0.020
T3 19851023 1481704 0.05 0.017
a 1766+726  13.62+6.04 0.05 0.020
Cz 19.19+746  15.12+6.01 0.06 0.012
C4 1764+880 13.73+636 0.04 0.032
T4 18741116 1421£642 005 0.030
5 20.20£1207 1256+7.16 0.07 0.006
P3 1796+922 12.88+6.18 0.06 0.009
Pz 1845+838 13.70+6.38 0.06 0.010
P4 1844+1000 1272+6.10 0.08 0.003
T6 19.53+1154 1299+729 0.07 0.005
01 1840+£981 1208+7.11 0.08 0.004
02 18.13+1093 11.87+7.10 0.07 0.005
Global 1866£782 1383£6.15 007 0.006

Alpha F7 (CO) 0.27£0.06 031£0.08 004 0.032
F3(CO) 0.28+0.06 031+£0.08 0.04 0.037
Fz (CO) 0.28+0.06 031+008 0.04 0.048
C3(CQ 0.27£0.06 031£0.08 0.04 0.036
P4 (CO) 0.28+0.07 032+£008 004 0.040
Fp1(NS)  482+136 561+162 005 0.027
Fp2 (NS)  4.72+1.58 555+165 004 0.033
T5 (NS) 497121 567+162 004 0.040
P4 (NS) 5.12£1.36 599+£193 004 0.038
T6 (NS) 4.88+1.35 567+159 005 0.022

Gamma Fp1(CC)  0.10+0.01 0.11+£001 004 0.037
T6 (CO) 0.10£0.01 0.11£0.01  0.05 0.016
Fz (NS) 1.75£041 1.99+£039 005 0.023
P4 (NS) 1.76+0.25 191+032 004 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

of 0.929 (Ppeyy < 0.001), MCC of 0.784 (Ppe,y, < 0.001),
and Fl-score of 0.821 (P, < 0.001) using 15 selected
features. In contrast, the best-performing demographic-
based classifier yielded a specificity of 0.964 (P, <
0.001) but had lower accuracy of 0.895 (P, < 0.001),
sensitivity of 0.633 (P, < 0.001), MCC of 0.650 (P, <
0.001), and F1-score of 0.676 (P, < 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 (P, < 0.001),
sensitivity of 0.817 (P, < 0.001), specificity of 0.928
(Pperm < 0.001), MCC of 0.765 (Ppey, < 0.001), and
Fl-score of 0.794 (P, < 0.001) using 13 selected fea-
tures. The demographic-based classifier achieved an
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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

accuracy of 0.850 (P, < 0.001), sensitivity of 0.717
(Pperm < 0.001), specificity of 0.892 (P, < 0.001), MCC
of 0.588 (P, < 0.001), and Fl-score of 0.643 (P, <
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 models 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, qp2=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 (1 =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).
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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
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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
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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 Fl-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
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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.
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