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Abstract

INTRODUCTION: Understanding molecular, neuroanatomical, and neurophysiologi-

cal changes in cognitive decline is crucial for comprehending Alzheimer’s disease (AD)

progression and facilitating objective staging and early screening.

METHODS:We enrolled 277 participants and employed a multimodal approach, inte-

grating genomics, metagenomics, metabolomics, magnetic resonance imaging (MRI),

and electroencephalogram (EEG) to investigate the AD continuum, from subjective

cognitive decline (SCD) throughmild cognitive impairment (MCI) to advanced AD.

RESULTS: Key markers and mechanisms were identified for each stage: initial neu-

rophysiological deficits in SCD with compensatory metabolomic responses, gut-brain

axis dysregulation in MCI, and extensive metabolic disruption and multisystem break-

down in AD. Using random forest models, we identified specific feature combinations

that achieved predictive areas under the curve (AUCs) of 0.78 for SCD, 0.84 for MCI,

and 0.98 for AD, highlighting EEG as a particularly effective early screening tool.
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DISCUSSION: This study elucidates AD’s pathophysiological progression and high-

lights the potential of machine learning-assisted multimodal strategies for early

detection and staging.

KEYWORDS

Alzheimer’s disease (AD), EEG, gut microbiota, machine learning, metabolomics, mild cognitive
impairment (MCI), MRI, multi-omics, neuroimaging, subjective cognitive decline (SCD)

Highlights

∙ Early electroencephalogram (EEG) changes and compensatory metabolomic

responses define subjective cognitive decline (SCD) stage.

∙ In mild cognitive impairment (MCI), gut–brain axis dysfunction alters microbial

diversity and functional pathways.

∙ In Alzheimer’s disease (AD), systemic breakdown disruption enables near-perfect

machine learning (ML) detection.

∙ Random forest models yield predictive areas under the curve (AUCs) of 0.78 (SCD),

0.84 (MCI), 0.98 (AD).

∙ EEG is a convenient, cost-efficient marker for early screening.

1 BACKGROUND

Alzheimer’s disease (AD) is one of the major challenges faced by the

aging society, leading to a progressive decline in cognitive function

that can result in a reduction or even loss of the ability to live inde-

pendently, work, and participate in society. Mild cognitive impairment

(MCI) represents an intermediate stage between the cognitive decline

associated with normal aging and the more severe deterioration seen

in dementia, with a considerable number of cases eventually progress-

ing to AD.1 Subjective cognitive decline (SCD), introduced in 2014,

refers to self-reported cognitive complaints that are not detectable

through standard cognitive tests.2 SCD has garnered attention due

to its potential to signal the very earliest stages of cognitive decline,

often preceding MCI.3 However, the underlying mechanisms driving

the progression from SCD to MCI and eventually AD remain poorly

understood, complicating early detection and intervention.4

Extensive research utilizing molecular and neuroimaging tech-

niques has aimed to delineate this progression, enhancing early detec-

tion and risk assessment. Genome-wide association studies (GWAS)

have identified numerous key genetic contributors associated with

AD, the most notable being the apolipoprotein E (APOE) ε4 allele,5

along with other risk loci associated with immune response, lipid

metabolism, and amyloid-β (Aβ) plaque formation.4 The gut micro-

biota has garnered increasing attention for its role in AD progression

through metabolic, endocrine, neural, and immune pathways.4,6 Addi-

tionally, metabolomics is crucial in linking genetic- and microbiota-

related metabolomic pathways, with key metabolites including amino

acids, lipids, and energy-related compounds.7,8 These molecular and

metabolic insights are complemented by neurophysiological and neu-

roanatomicalmarkers that offer a broader viewof disease progression.

Fromaneurophysiological perspective, EEG-detectedneurophysiolog-

ical changes in AD patients exhibit distinct oscillatory patterns, with

increased power in lower frequencies (delta and theta), reduced power

in the beta band, and a slower peak alpha frequency.9,10 In paral-

lel, magnetic resonance imaging (MRI) reveals the extent, distribution,

and rate of cerebral atrophy, correlating with cognitive deficits as AD

advances.11 Despite substantial research efforts, most studies are lim-

ited to just one or two modalities, typically focusing on either biofluid

testing or imaging alone, which fails to capture the complexity of AD

pathogenesis, a systemic condition that demands a more comprehen-

sive approach. Furthermore, systematic studies covering the entire

spectrum of cognitive decline, from SCD toMCI and AD dementia, are

limited.12–18 Overcoming these gaps requires an integrated investiga-

tion of cognitive decline progression across multiple modalities. The

unique insights from each modality, when combined, furnish a holistic

perspective of the disease.

Given this context, we hypothesized that an integrated multi-

omics and neuroimaging approach, combined with machine learning,

could not only deepen our understanding of the progression of AD

but also detect early or prodromal indicators of these disorders.

Specifically, we aim to: (1) Identify complex alterations across various

biological systems to enhance our understanding of the mecha-

nisms driving AD progression; (2) Discover accessible early-stage

biomarkers critical for AD, enabling timely screening and personalized

management of cognitive decline. To accomplish these goals, we

collected genomic, metabolomic, metagenomic, MRI, and EEG data

from healthy controls (HC), as well as individuals with SCD, MCI, and

AD (Figure 1A). Distinct features from each modality were used to

develop random forest models for disease staging, employing both

standalone and integrated modalities to identify key biomarkers
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for early screening and improve personalized clinical diagnosis and

treatment.

2 METHODS

2.1 Subject recruitment and ethics statement

Participantswere recruited from two sites: ShenzhenPeople’sHospital

and Shenzhen BGI Life Sciences Research Institute. Participants were

required to meet the following prerequisites: aged between 20 and 70

years, right-handed, and able to provide informed consent. The study

excluded individuals with: (1) Psychiatric disorders, such as depres-

sion, anxiety, schizophrenia, and sleep disorders, as well as those with

other neurological diseases, including cerebral infarction, Parkinson’s

disease, epilepsy, and brain tumors; (2) Pathological factors that could

lead to cognitive decline, such as severe anemia, severe liver or kid-

neydysfunction, hypothyroidism, poisoning, or alcohol dependence; (3)

Severe cardiovascular, cerebrovascular, or hematological diseases, or

other severe complications; (4) Abnormal cranial MRI scans, indicat-

ing a Fazekas score of ≥2 for white matter lesions, space-occupying

lesions, or other abnormal signals; (5) Rapid cognitive decline within

months, suggesting central nervous system infections, inflammation, or

metabolic disorders. Participants in the HC, SCD, andMCI groups who

were taking antidepressants, sleeping pills, antiepileptic drugs, or sim-

ilar medications within the previous 4 weeks were also excluded. All

participants in these groups completed theMontreal CognitiveAssess-

ment (MoCA) and an evaluation of activities of daily living (ADLs).

Participants included in the AD andMCI groups had to meet the 2011

National Institute onAging-Alzheimer’s Association (NIA-AA) diagnos-

tic criteria for AD or MCI due to AD, respectively. Participants in the

AD group were diagnosed based on cerebrospinal fluid (CSF) testing

for Aβ and tau proteins before inclusion. MCI patients were confirmed

to have objective memory impairment, as reflected by a MoCA score

of 26 or below (adjusted for education), while maintaining daily func-

tional independence, evidenced by an ADLs score of 23 or lower. For

the SCD group, the diagnostic criteria from the Subjective Cognitive

Decline Initiative (SCD-I) Working Group were used. Inclusion criteria

required subjective memory complaints with onset within the past 5

years, a perception that their memory was worse than that of others in

their age group, no objective cognitive impairment with a MoCA score

of 26 or higher (adjusted for education), and intact daily functioning

with an ADLs score below 16.

All participants or their legal guardians provided written informed

consent for both study participation and sample collection. This

study was approved by the ethics community of both Shenzhen Peo-

ple’s Hospital and Shenzhen BGI Life Sciences Research Institute

(ChiCTR2300074261).

2.2 CSF collection and analysis

For CSF collection, the puncture site is located at the intersection of

the iliac crest line and the posteriormidline. After disinfection and local

RESEARCH INCONTEXT

1. Systematic review: We conducted a comprehensive lit-

erature search to evaluate the current understanding of

multimodal biomarkers and the underlying mechanisms

driving Alzheimer’s disease (AD) progression. Most stud-

ies focus on one or twomodalities, such as biofluid assays

or imaging, thereby neglecting the systemic complexity

of AD pathogenesis. Additionally, research spanning the

entire AD spectrum is limited.

2. Interpretation: Our study identifies stage-specificmolec-

ular, neurophysiological, and neurostructural changes

from subjective cognitive decline (SCD) to AD, enhanc-

ing our understanding of AD’s complex mechanisms.

Electroencephalogram (EEG) alterations serve as early

biomarkers for SCD, while MRI, metagenomics, and

metabolomics features also provide diagnostic markers

and therapeutic targets in later stages.

3. Future directions: Future research should validate these

potential biomarkers in larger, diverse populations and

explore therapeutic interventions targeting neural and

molecular disruptions. Additionally, longitudinal studies

are needed to elucidate causal relationships and moni-

tor disease progression, facilitating the development of

targeted treatments to delay or prevent AD onset.

anesthesia, the needle is inserted vertically, and 5 mL of CSF is col-

lected. The CSFwas subjected to three enzyme-linked immunosorbent

assay (ELISA) assays: INNOTEST hTAU Ag, INNOTEST PHOSPHO-

TAU(181P), and INNOTEST β-AMYLOID(1-42), for the quantification

of t-tau, p-tau181, and β-amyloid(1-42), respectively, according to the

manufacturer’s instructions.

2.3 Blood sample collection

A total of 8 mL of whole blood was drawn from participants and col-

lected in ethylenediaminetetraacetic acid (EDTA) anticoagulant tubes,

followed by centrifugation at 1500 rcf for 10 min. Samples showing

hemolysis were discarded. After centrifugation, the plasma layer was

carefully extracted with a pipette, transferred to light-protected EP

tubes, and stored for metabolite analysis. The remaining blood cell

pellet was preserved for whole-genome sequencing (WGS).

2.4 WGS and data processing

Blood cell sediments were extracted using the MGIEasy Magnetic

Beads Genomic DNA Extraction Kit following the manufacturer’s

instructions. The extracted DNAwas then used for library preparation
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F IGURE 1 Study overview, sociodemographic features, and genetic assessment. (A) The study enrolled 277 participants across four groups:
HC (n= 168), SCD (n= 30), MCI (n= 51), and AD (n= 28). A comprehensive set of multidimensional data was collected, encompassing genomics,
metagenomics, metabolomics, MRI, and EEG. Single-omics analyses were conducted to gain insights into eachmodality, followed by amulti-modal
integration to explore the interconnections across these different data types. After performing a balanced train-test data split, random forest
modeling, along with hyperparameter selection and optimization, was applied to facilitate disease staging. Building upon the results of these
analyses, the study explored the progression and underlyingmechanisms of AD across different stages. The primary objectives were to refine
disease staging, uncover themechanisms driving disease progression, identify potential biomarkers, and develop early screeningmethods,
ultimately advancing our understanding of neurocognitive decline, with a particular focus on AD. (B) Data collection status across dimensions, with
missing samples colored silver and the count of missing samples labeled next to each corresponding bar. (C) Stacked bar plot showing sex
composition. (D) Violin plots display the age distribution. Data within the violin plots includemedian values (center line), 25th and 75th percentiles
(box limits), and the range up to themost extreme data points for each group. p-values were calculated using pairwise two-sided t-tests, where a
single asterisk * indicates p< 0.05, double asterisks **indicates p< 0.01, and triple asterisks ***indicates p< 0.001. (E) Stacked bar plot showing the
distribution of education levels. (F) Density plots of PRS. (G) Stacked bar plot showing the distribution of APOE genotypes. AD, Alzheimer’s
disease; APOE, apolipoprotein E; EEG, electroencephalogram; HC, healthy controls; MCI, mild cognitive impairment; MRI, magnetic resonance
imaging; PRS, polygenic risk scores; SCD, subjective cognitive decline.
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with theMGIEasyUniversalDNALibraryPrepSet, adhering to thepro-

vided protocol. The prepared libraries were subsequently subjected

to 30x WGS on the BGISEQ-500 platform. WGS data were aligned,

and variant calling was performed using the Picard/BWA19/GATK20

pipeline. Variants retained for further analysis met the following qual-

ity criteria: mapping quality score > 40, sequencing depth > 4, variant

quality score > 2.0, Phred-scaled p-value for Fisher’s exact test for

strand bias < 60.0, haplotype score < 13.0, and, for single nucleotide

polymorphisms (SNPs), a distance > 8.0 between the alternate allele

and the read end. Variants violating Hardy–Weinberg equilibrium (p-

value < 1×10−5), markers with more than 1% missing genotype data,

and thosewith aminor allele frequency below1%were excluded. Addi-

tionally, individuals with heterozygosity levels exceeding the standard

deviation were removed from the analysis. Polygenic risk score (PRS)

analysis was conducted using the PGS004863 model from the PGS

Catalog,21 which includes 74 variant sites and respective weights. This

model was developed using data from diverse populations, including

European and South Asian cohorts, and was validated in a significant

East Asian cohort, making it applicable to our study population.22 The

PRS for each sample was calculated and utilized as a genetic feature in

subsequent analyses, alongside the APOE genotype.

2.5 Metagenomics sequencing and data analysis

Fresh stool samples were collected from recruited volunteers and

then processed following the MetaHIT protocol23 to extract DNA,

the extracted DNA was then subject to single-end metagenomic

sequencing on the BGISEQ-500 platform. Reads of low quality were

discarded, and host DNA was removed using the human genome

reference (hg38) with SOAP224 (version 2.22; identity ≥ 0.9), after

which taxonomic analysis was carried out usingMetaPhlan2,25 and the

functional composition of the human intestinal flora was determined

using HUMAnN2.26 The relative abundance of species and pathways

identified were utilized in the following analysis.

The Shannon Diversity Index, Simpson Diversity Index, and Chao1

Richness Estimator were calculated, and pairwise non-parametric

Wilcoxon rank-sum tests were performed to assess significant differ-

ences in these diversity indices across the four groups. Additionally,

an analysis of variance (ANOVA) was conducted on species abundance

andmicrobial pathways, with age and education included as covariates

to identify significant species and pathways in the first step. Subse-

quently,Wilcoxon rank-sum testswere used to filter significant species

and pathways across comparisons between the four groups.

2.6 Quantitative measurement of blood
metabolites and data analysis

Metabolite quantification was performed using the HM Meta Assay

and HM Lipids Assay (BGI, Shenzhen, China); refer to Table S1 for the

full list of metabolites in the two assay kits. The HM Meta Assay cov-

ered hydrophilic compounds acrossmultiple chemical classes including

bile acids, amino acids, fatty acids, carboxylic acids, hydroxyl acids, phe-

nolic acids, and indoles. Serial dilutions of metabolite standards were

used to generate calibration curves, while internal standards were

diluted with methanol in advance. Aliquots (20 µL) of plasma samples

or standards were mixed with 120 µL of internal standard solution in

96-well plates. Plates were stored at −20◦C for 20 min followed by

centrifugation at 4000 ×g and 4◦C for 30 min. Supernatants (30 µL)

were transferred to new 96-well plates for derivatization with 10 µL

of freshly prepared reagents (200mM3-Nitrophenylhydrazine in 75%

aqueous methanol and 96 mM 1-ethyl-3-(3-dimethylaminopropyl)

carbodiimide -6% pyridine in methanol) at 30◦C for 60 min. The

resulting samples were diluted with 400 µL ice-cold 50% methanol

before 135 µL of supernatant was transferred to new 96-well plates

for LC-MS/MS analysis on a Waters ACQUITY UPLC coupled to a

SCIEX QTRAP 6500 PLUS mass spectrometer, equipped with an elec-

trospray ionization (ESI) source and a Waters ACQUITY BEH C18

column (1.7 µm, 100 × 2.1 mm). The instrument was controlled by

Analyst software and operated in both positive and negative ion

modes. HMQUANT software was used for absolute metabolite quan-

tification. The HM Lipids Assay encompassed a broad range of lipid

subclasses and quantified lipid molecules, including 18 lipid classes:

sphingomyelin (SM), ceramide (CER), cholesterol ester (CE), monoacyl-

glycerol (MAG), diacylglycerol (DAG), triacylglycerol (TAG), lysophos-

phatidic acid (LPA), phosphatidic acid (PA), lysophosphatidylcholine

(LPC), phosphatidylcholine (PC), lysophosphatidylethanolamine (LPE),

phosphatidylethanolamine (PE), lysophosphatidylinositol (LPI), phos-

phatidylinositol (PI), lysophosphatidylglycerol (LPG), phosphatidylglyc-

erol (PG), lysophosphatidylserine (LPS), and phosphatidylserine (PS).

Serial dilutions of metabolite standards were used to generate cal-

ibration curves, while SPLASH LIPIDOMIX Quantitative Mass Spec

Internal Standard was diluted with precooled isopropanol in advance.

In 96-well plates, aliquots (120 µL) of either standards or plasma sam-

ples were mixed with an internal standard solution (20 µL each). The

plates were then stored at −20◦C for 20 min before being centrifuged

at 4000 × g and 4◦C for 30 min. Supernatants containing lipids were

transferred to new plates for LC-MS/MS analysis on the same system

mentioned above in negativemode,while a portion of the supernatants

was diluted into methanol for analysis in positive mode. HMQUANT

software (BGI, Shenzhen, China) incorporating isotope correction via

the LICAR packagewas used for absolute lipid quantification.

In addition, a list of blood metabolites described in detail by Zhuye

et al.,27 including amino acids, hormones, vitamins, microelements, and

heavymetals were quantified. Briefly, we quantitively determined hor-

mones and fat-soluble vitamins each in a 250 µL plasma sample via

UPLC-MS with an atmospheric pressure chemical ionization (APCI)

source; water-soluble vitamins and TMAO in a 200 µL plasma sam-

ple via using the same LC-MS/MS system, while equipped with an ESI

source. The microelements and heavy metals were quantified using

200 µL whole blood on an Agilent 7700 x ICP-MS equipped with an

octupole reaction system (ORS).

Mass spectrometry quantified 1257 plasma metabolites, including

bile acids, amino acids, hormones, vitamins, microelements, fatty acids,

and lipids, in each subject (Table S2). After filtering through ANOVA
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for age- and education-independent features, significantly differen-

tially enriched metabolites in SCD, MCI, and AD groups, compared to

HC, were revealed using pairwise Wilcoxon rank-sum tests (Table S3),

and their fold changes were visualized in volcano plots. We conducted

partial least squares discriminant analysis (PLS-DA) to differentiate

between all groups and performed pairwise PLS-DA to distinguish HC

from each of the other three groups. Metabolomic data were analyzed

using the MetaboAnalyst 6.0 platform,28 specifically utilizing the over

representation analysis (ORA)method.

2.7 MRI acquisition and processing

MRI was conducted using a Siemens MAGNETOM Prisma 3.0T scan-

ner with a 3D T1-weighted gradient echo sequence (MP-RAGE). The

scan parameters were as follows: repetition time (TR) = 2530 ms,

echo time (TE) = 2.98 ms, inversion time (TI) = 1100 ms, flip angle

(FA)= 7◦, field of view (FOV)= 256 x 256mm,matrix size= 256× 256,

slice thickness = 1 mm, and voxel size = 1 x 1 x 1 mm. The MP-

RAGE sequence took approximately 6 min, capturing a total of

192 sagittal slices. Brain volume analysis was conducted using the

Dr. Brain platform (YiWei Medical Technology Co. Ltd., Shenzhen,

China), based on VBM. Initially, T1-weighted images were visually

inspected to ensure adequate image quality. Bias correction and noise

reduction were applied, followed by spatial normalization of each

participant’s high-resolution 3D T1-weighted scan into a standard-

ized stereotaxic space for voxel-to-voxel alignment. This non-linear

registration process resulted in deformed images. Gray matter,

white matter, and CSF segmentation were carried out based on the

Neuromorphometrics atlas (http://Neuromorphometrics.com/). The

segmentedgrayandwhitematter imageswere then spatially smoothed

using an isotropic Gaussian kernel before proceeding to statistical

analysis.

An initial ANOVAwas conducted on brain region volumes, account-

ing for age and education as covariates, to identify significantly dif-

ferent regions. Subsequently, Wilcoxon rank-sum tests were applied

to examine volume differences across the four groups. Additionally,

PLS-DAwas used to distinguish among all groups, followed by pairwise

PLS-DA to differentiate HC from each of the other three groups.

2.8 EEG signal acquisition, processing, and
analysis

All participantswere asked to abstain fromcaffeine andenergy-related

drinks up to 24 h prior to the EEG collection. EEG data were acquired

using a 64-channel BrainAmp DC amplifier system (Brain Products,

GmbH, Munich, Germany) with the scalp electrodes placed according

to the international 10–20 system, while the participants were in the

resting state with eyes closed. During acquisition, the sampling rate

was set at 5000 Hz with impedances kept below 5 KΩ for all channels

and data were referenced online to the FCz channel with a ground at

AFz.

The recorded EEG data were cleaned offline in MATLAB (Math-

Works, Natick, USA) using the EEGLAB toolbox.29 The preprocessing

steps are briefly described as follows: (1) the raw data were down-

sampled to 250 Hz; (2) the bad segments contaminated by artifacts

were excludedmanually via visual inspection; (3) bandpass filter of 0.5–

100 Hz and notch filter of 50 Hz were applied to the signals; (4) bad

channels were discarded and then interpolatedwith neighboring chan-

nels using spherical spline interpolation; (5) remaining artifacts such

as eye movement, persistent muscle artifact, heart noise, and chan-

nel noisewere removed using independent component analysis; (6) the

EEG data were re-referenced to the common average.

For frequency analysis, the power spectral density (PSD) was

estimated using Welch’s technique with 50% overlapping Hamming

windows of 10-s epochs. Spectral densities were derived from seven

canonical frequency bands: delta (1–4 Hz), theta (4–8 Hz), alpha (8–

13 Hz), beta1 (13–20 Hz), beta2 (20–30 Hz), gamma1 (30–40 Hz), and

gamma2 (40–45Hz).

EEG functional connectivity (FC) was evaluated employing the

debiased weighted phase lag index (dwPLI), which represented the

non-zero phase lag statistical interdependencies between each pair of

channels.30 The dwPLI was calculated using the Fieldtrip toolbox of

MATLAB according to the Desikan–Killiany altas.31,32 The frequency

bands incorporated in the calculation of the dwPLI are the same as the

spectral analysis.

An initial ANOVA was performed on relative power density and

dwPLI, with age and education included as covariates, to identify sig-

nificant alterations in power density and FC across brain regions. Fol-

lowing this, Wilcoxon rank-sum tests were used to assess differences

in PSD and FC among the four groups.

2.9 Machine learning model prediction and
feature selection

Multi-omics data, including genetic features, gut microbial relative

abundance, gutmicrobial functional pathways,metabolomicdata,MRI-

based brain region volumes, EEG relative PSD, and EEG FC, were used

to train machine learning models for classifying individuals into SCD

versus HC,MCI versus HC, and AD versus HC groups. The dataset was

initially split into an 80% training set and a 20% test set using stratified

sampling to ensure balanced class labels across splits.

Significant unidimensional features were initially selected by per-

forming one-way ANOVA on the training data, controlling for age and

education to identify group differences. These featureswere then used

for model training. During training, the data were residualized via

linear regression to remove the effects of age and education, ensur-

ing these covariates did not influence classification. The data were

subsequently scaled and oversampled using SMOTE to balance class

distributions in each pairwise comparison. A RandomForestClassifier

was trained with hyperparameter tuning via GridSearchCV, and model

performancewas evaluated using classification reports, specificity, and

receiver operating characteristics-area under the curve (ROC-AUC)

scores. Finally, multidimensional features were integrated and trained

http://Neuromorphometrics.com/
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using the same approach for comprehensive classification. To enhance

model performance, recursive feature elimination (RFE) or feature

importance-based selection was employed to reduce redundant or

irrelevant features.

3 RESULTS

3.1 Key sociodemographic differences between
participant groups

The study recruited 277 participants from four groups: HC (n = 168),

SCD (n = 30), MCI (n = 51), and AD (n = 28) and comprehensively

collected multidimensional data from each one of the participants,

including genomics, metagenomics, metabolomics, MRI, and EEG. The

presence and absence of samples for multiple data types across four

participant groups were summarized in Figure 1B. The overall gen-

der ratio was approximately 0.57, with a predominance of females

present across all groups (Figure 1C). Significant differences in age

and education level were observed among the four groups, accord-

ing to Student’s t-test and chi-squared test, respectively. Specifically,

median age progressively increased from HC to SCD, then continued

to increase through MCI toward AD, while education levels exhib-

ited a decreasing trend across these groups. Thus, these factors were

included as covariates in subsequent analyses (Figure 1D,E).

3.2 PRSs and APOE ε4 allele frequencies across
groups

To assess genetic risk, we generated a density plot (Figure 1F) to com-

pare the distribution of PRS across groups. The AD group exhibited a

slight rightward shift with right skewness, indicating higher PRS and

suggesting a genetic predisposition to AD. In contrast, the PRS for HC,

SCD, and MCI participants were comparable, implying no significant

genetic risk differences between these groups.

In accordance with established findings that the APOE ε4 allele is

associated with increased AD risk and the ε2 allele with reduced risk,5

our study observed that the frequency of the ε2 allele decreased in

both MCI and AD groups, while the frequency of the ε4 allele was

significantly higher in the AD group (Figure 1G).

3.3 Gut microbiota alterations and impaired
microbial functional pathways

3.3.1 Decreased alpha diversity and increased
beta diversity

Alpha diversity of gut microbiota, a potential predictor for AD, was

assessed using Chao1, Shannon, and Simpson indices (Figure 2A). Pair-

wise two-sided Wilcoxon rank-sum tests were used to assess the

significance between HC and each of the other groups. The Chao1

index, reflecting species richness (including rare species), showed

significantly lower richness in the AD group compared to HC. The

Shannon and Simpson indices, which measure species richness and

evenness, were also significantly reduced in the MCI group compared

to HC. No significant differences were observed in the SCD group.

Beta diversity assessed using Bray–Curtis dissimilarities, showed sig-

nificant and increasing dissimilarities between HC and the SCD, MCI,

and AD groups according to pairwise two-sided Wilcoxon rank-sum

tests. (Figure 2B). The Venn diagram was used to illustrate the unique

and shared species of gut microbiota. A total of 236 species were com-

mon across all groups, while 83, 14, 37, and 26 species were uniquely

associated with the HC, SCD, MCI, and AD groups, respectively

(Figure 2C).

3.3.2 Reduced abundance of key microbial species

Microbial relative abundance was evaluated across various taxonomic

levels, including phylum, class, order, family, genus, and species. While

no significant differences were found at the phylum, class, order,

or family levels, significant alterations were observed at the genus

and species levels using pairwise two-sided Wilcoxon rank-sum tests

(Table S4). The most abundant genera and species across groups are

shown in Figure 2D and Figure S1. The relative abundance of six

microbial species was significantly altered in AD compared to HC,

with all showing a reduction trend as cognitive decline advanced

(Figure 2E). The decreased abundance of SCFA-producing bacteria,

such as Faecalibacterium prausnitzii, Anaerostipes hadrus, and Butyriv-

ibrio, is notable due to their anti-inflammatory and neuroprotective

effects. Their depletion could exacerbate neuroinflammation, advanc-

ingADprogression.6,33–35 For the first time,weobserveda reduction in

Alistipes putredinis, Burkholderiales 1_1_47, and Bacteroides clarus in AD

or prodromal stages, suggesting potential systemic links between AD

andothernon-neurological conditions.Alistipes putredinishasbeenpre-

viously associated with liver cirrhosis,36,37 Burkholderiales 1_1_47with

celiac andWilson’s diseases,38,39 and Bacteroides claruswith end-stage

renal disease.40

3.3.3 Impaired microbial metabolic pathways in
MCI and AD groups

In the metagenomic pathway analysis, 12 pathways with significantly

altered relative abundances in both MCI and AD compared to HC

according to pairwise two-sided Wilcoxon rank-sum tests (Table S5),

were shown as raincloud plots, revealing overlapping and distinct pro-

cesses, all with a downward trend (Figure 2F). Notably, impairments

in amino acid biosynthesis and degradation, particularly in several L-

Isoleucine (Ile) biosynthesis pathways, indicate disruptions in amino

acid metabolism, which is crucial for maintaining neuronal structure

and function. Additionally, two purine nucleotide biosynthesis path-

ways (inosine-5′-phosphate biosynthesis III and histidine, purine, and

pyrimidine biosynthesis) were reduced, suggesting that disturbances
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F IGURE 2 Differential gut microbiota composition across groups. (A) Box plots displaying three alpha diversity indices—Chao1, Shannon, and
Simpson. Pairwise two-sidedWilcoxon rank-sum tests were used to assess the significance betweenHC and each of the other groups. Asterisks (*)
indicate significant differences at p< 0.05. (B) Box plots showing within-group Bray–Curtis dissimilarities. Significance betweenHC and each of
the other groups was assessed using pairwise two-sidedWilcoxon rank-sum tests. Significance levels are indicated by asterisks: * denotes p< 0.05,
** denotes p< 0.01, and *** denotes p< 0.001. (C)Venn diagram illustrated the overlap of gut microbiota species across the four groups. (D)
Stacked bar plots representing species-level composition across groups. (E) Raincloud plots show the abundance of six bacterial species across
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in nucleotide metabolism and energy production are highly relevant

to the disease continuum.41 Furthermore, reductions in the Pyruvate

Fermentation to Isobutanol pathway, the Calvin–Benson–Bassham

cycle, and 4-amino-2-methyl-5-ptrehosphomethylpyrimidine biosyn-

thesis further emphasize impaired carbon metabolism, vitamin B1

biosynthesis and energy production in the brain.42,43,44 Finally, the

decay of polyamine putrescine biosynthesis pathway explained the

previous finding that putrescine levels are decreased (28%) in temporal

cortex of the AD patients.45,46

3.4 Metabolomic disruption across the AD
spectrum

Metabolomic profiling revealed significant disruptions across the

AD spectrum according to pairwise Wilcoxon rank-sum tests, with

48 metabolites downregulated and 136 upregulated in the AD

group, compared to 8 downregulated and 7 upregulated in the MCI

group, and 3 downregulated and 13 upregulated in the SCD group

(Figure 3A). Among the most significantly upregulated metabolites in

AD were L-alpha-aminobutyric acid (AABA), acetylglycine, dimethyl-

glycine (DMG), inosine, tauro-omega-muricholic acid, menadione, and

D-aspartic acid (Figure 3A, Figure S2). D-aspartic acid levels in blood

alignwith prior findings of elevatedD-aspartate inADbrainwhitemat-

ter, where levels were more than double those in healthy brains.47 For

the first time, AABA and acetylglycine were identified as potentially

associatedwithmetabolic dysfunction in AD, both linked to amino acid

metabolism and previously implicated as biomarkers for conditions

such as liver injury, sepsis, or metabolic disorders.48–50 Notably, DMG

and inosine, known for their neuroprotective effects,51–53 were signifi-

cantly elevated in AD patients, suggesting a compensatory response to

neurodegenerative processes. Furthermore, tauro-omega muricholic

acid, involved in bile acidmetabolism, andmenadione, a key compound

in vitamin Kmetabolism, showed significant increases.

In contrast, taurocyaminewas themost significantly downregulated

metabolite in AD (Figure 3A, Figure S2), a compound that provided

neuroprotection by regulating intracellular pH and neurotransmitter

systems.54 Sex steroid hormones were a big group decreased across

the AD spectrum. Consistently, we observed reductions in proges-

terone, 17a-hydroxyprogesterone, and androstenedione, in both MCI

and AD subjects, as well as a decrease in dehydroepiandrosterone

(DHEA) in both SCD and AD subjects.

ORA of the significantly altered metabolites identified disruptions

in key pathways, including aspartate metabolism, glycine and serine

metabolism, the urea cycle, and alanine metabolism, among others

(Figure S3).

PLS-DA revealed the progressive nature of metabolic alterations,

with theADgroup showing a distinct separation from theother groups,

while the MCI and SCD groups displayed intermediate profiles with

less pronounced separation fromHC (Figure 3B).

3.5 Progressive brain structure atrophy

Voxel-based morphometry (VBM) analysis revealed significant volume

differences in targeted brain regions between the SCD, MCI, and AD

groups compared to HC according to pairwise Wilcoxon rank-sum

tests (Table S6–S7). These changes were visualized using volcano plots

(Figure 4A) and highlighted on axial, coronal, and sagittal MRI views

(Figure 4B). In SCD subjects, subtle changes were primarily observed

in CSF-filled spaces, including the left and right lateral ventricles, right

temporal CSF, and right insula CSF, as well as in frontal lobe regions

(right anterior cingulate gyrus and anterior orbital gyrus) associated

with memory and emotional regulation. In the MCI group, a broader

range of regions were affected, spanning nearly all major brain lobes

(frontal, temporal, parietal, occipital), along with subcortical areas like

the hippocampus and putamen, and the insular cortex, reflecting more

extensive structural changes than SCD. Finally, the AD group revealed

distinct brain alterations absent in theMCI and SCD groups, with extra

ventricular enlargement and cerebellar involvement.

PLS-DA analysis of the altered brain regions further emphasized the

progressive nature of brain atrophy, with a clear separation between

the AD and HC groups, while the MCI and SCD groups showed more

overlap with the HC group (Figure 4C).

3.6 Distinct alterations in EEG PSD emerging
from the SCD stage

Comparative analysis of EEGrelativePSDacross thedelta, theta, alpha,

beta1, beta2, gamma1, and gamma2 frequency bands revealed dis-

tinct patterns among the SCD, MCI, AD, and HC groups. Significant

alterations in relative PSD were identified using pairwise Wilcoxon

rank-sum tests for each frequency band with topographical mapping

illustrating the mean differences across groups (Figure 5). In SCD sub-

jects, early changes were observed primarily in the beta2 and gamma1

bands. Beta2 activity showed a reduction in the posterior frontal lobe,

while an increase was observed in the anterior frontal lobe. For the

gamma1 band, reductions were localized to three distinct regions: the

left frontal lobe, right frontal lobe, and right temporal lobe. Notably,

in MCI subjects, no significant changes in PSD were observed across

the examined frequency bands. In contrast, AD subjects exhibited

widespread and distinct PSD changes acrossmultiple frequency bands.

groups. Group averages are shownwith a trendline, calculated by linear regression. Statistical significance between the HC group and each other
groupwas assessed using pairwise two-sidedWilcoxon rank-sum tests, with asterisks indicating significance: * denotes p< 0.05, ** denotes
p< 0.01, and *** denotes p< 0.001. (F) Raincloud plots display the abundance of 12 significant metabolic pathways across groups. Statistical
significance between the HC group and each other groupwas assessed using pairwise two-sidedWilcoxon rank-sum tests, with asterisks
indicating significance: * denotes p< 0.05, ** denotes p< 0.01, and *** denotes p< 0.001. AD, Alzheimer’s; HC, healthy controls; MCI, mild
cognitive impairment; MRI, magnetic resonance imaging; CD, subjective cognitive decline.
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F IGURE 3 Differential metabolites across groups. (A) Volcano plot showing differential metabolite abundance betweenHC and each other
group, with log2 (Fold Change) on the x-axis and -log10 (p-value) on the y-axis. Dashed lines indicate thresholds for significance (p< 0.05) and fold
change (± 1). (B) PLS-DA plot of metabolite abundance, illustrating group separation in the first two PLS components, which explain x%and y%of
the variance. Ellipses (95%CI) enclose each group. CI, confidence interval; HC, healthy controls; PLS-DA, partial least squares discriminant
analysis.

The delta band showed a global increase, with the exception of the

frontal cortex, central lobe, and a small region in the right temporal

lobe. Similarly, the theta band displayed significant global enhance-

ment, particularly in the parietal regions, while maintaining the same

areas of exception as the delta band. Alpha activity was significantly

reduced across the brain, with the most pronounced reductions in the

parietal regions, although alpha activity persisted in the frontal pole.

The beta1 band showed a localized reduction in the left temporal lobe.

3.7 Progressive disruptions in EEG functional
connectivity

EEG functional connectivity (FC), assessed using the dwPLI, revealed

distinct patterns of connectivity changes across the SCD, MCI, and

AD groups compared to HC. Mean differences in connectivity across

seven frequency bands were visualized as heatmaps (Figure 6A), with

the most significant connections identified using pairwise Wilcoxon

rank-sum tests and displayed in connectome plots (Figure 6B). These

findings highlight a progression of connectivity alterations from the

early stages of SCD to advanced neurodegeneration in AD.

In the SCD group, the theta band showed the most significant

connectivity changes, characterized by widespread enhancement. The

alpha band exhibited a non-significant global increase in connectiv-

ity, while the gamma band displayed a global reduction. Connectivity

changes in other frequency bands were largely scattered and less

pronounced.

The MCI group exhibited the fewest changes in FC among the

three cognitive decline groups compared to HC. The widespread theta

band connectivity enhancement observed in SCD disappeared in MCI,

replaced by significant reductions in FC within the frontal lobe. The

most notable changes occurred in the gamma1 band, with significant

enhancement concentrated within the temporal lobe and between the

temporal lobe and subcortical structures.
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F IGURE 4 Differential brain regions across groups. (A) Volcano plot of brain region volumes, with log2 (fold change) on the x-axis and -log10
(p-value) on the y-axis. Dashed lines denote significance (p< 0.05) and fold change thresholds (± 0.5). (B) Significantly changed brain regions
highlighted on axial, coronal, and sagittal MRI views. (C) PLS-DA plot of brain region volumes, showing group separation in the first two PLS
components, explaining x%and y%of the variance, with 95%CI ellipses for each group. CI, confidence interval; MRI, magnetic resonance imaging;
PLS-DA, partial least squares discriminant analysis.

In the AD group, FC changes were extensive and widespread. Theta

connectivity showed a resurgence of enhancement, primarily concen-

tratedwithin andbetween theparietal andoccipital regions. Significant

reductions in FC were observed across the alpha, beta1, beta2, and

gamma1 bands, with the beta1 band displaying the most significantly

altered connections. Reductions in the alpha and beta1 bands were

global, while beta2 reductions were concentrated in the temporal

and occipital lobes. The gamma1 band exhibited its most pronounced

reductions in the occipital lobe.

3.8 Integrating multimodal features for predictive
modeling

Random forest models were employed to classify the three cogni-

tive decline groups and HC using seven distinct feature groups, either

individually or in combination: genetics, metagenomic species abun-

dance, metagenomic pathways, metabolomics, brain region volumes,

EEG relative PSD, and EEG FC (Table 1).
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F IGURE 5 EEG relative PSD topographic maps across comparisons. Topographic maps display significant mean differences (p< 0.05) in EEG
relative power across frequency bands (delta, theta, alpha, beta1, beta2, gamma1, gamma2) for three comparisons: SCD versus HC,MCI versus
HC, and AD versus HC. These significant differences are derived from theWilcoxon rank-sum test. Rows represent comparisons, and columns
represent frequency bands. The color scales are centered at zero and individually adjusted for each frequency band to reflect the range of power
changes. AD, Alzheimer’s disease; EEG, electroencephalogram; HC, healthy controls; MCI, mild cognitive impairment; PSD, power spectral density;
SCD, subjective cognitive decline.

For distinguishing SCD from HC, molecular features, including

genetics, metabolomics, metagenomic abundance, and metagenomic

pathways, demonstrated poor predictive power, with AUCs ranging

from 0.18 to 0.53. Neuroimaging features showed more promise, with

brain region volume, EEG relative PSD, and EEG FC achieving moder-

ate performances (AUCs= 0.60, 0.69, and 0.68, respectively). The best

predictivemodel combined EEG relative PSD and FC, reaching an AUC

of 0.78. However, adding any other modalities did not further improve

themodel’s performance.

For MCI versus HC, while genetic features still performed

poorly (AUC = 0.39), metagenomic abundance (AUC = 0.69) and

metabolomics (AUC= 0.74) demonstratedmoderate predictive poten-

tial. EEG features maintained predictive power like that observed in

SCD, with EEG relative PSD alone achieving an AUC of 0.76, although

adding FC did not improve performance. MRI brain region volumes

outperformed all individual modalities (AUC = 0.82) and combining

EEG and metagenomic features further increased the AUC to 0.84,

though additional features did not yield further gains.

For distinguishing AD fromHC, individual modalities demonstrated

moderate to strong performance, withAUCs ranging from0.60 to 0.94.

Genetic features had the lowest predictive power (AUC = 0.60), while

metabolomics, metagenomic abundance, metagenomic pathways, and

MRI performed strongly, with AUCs of 0.96, 0.94, 0.93, and 0.88,

respectively. In comparison, the predictive power of EEG features was

lower but consistent with their performance in SCD and MCI, with

EEG PSD achieving an AUC of 0.68 and FC 0.77. Combining the two

EEG features improved the AUC to 0.84. The highest predictive power

was achieved by combining metagenomic features (abundance and

pathways) with EEG andMRI, yielding an AUC of 0.98.

4 DISCUSSION

In this study, we systematically investigated molecular, neurophysio-

logical, and neurostructural changes throughout the progression of AD

(Figure 7). Our findings demonstrate stage-specific alterations across

multiple modalities, offering valuable insights into the mechanisms

underlying each stage of disease progression.

In the SCD stage, neural electrical activity, as reflected by EEG

signals, undergoes the most notable alterations. Localized changes in

beta2 frequency PSD within the frontal lobe, along with reductions in

gamma1 frequency in the frontal lobes and temporal lobe (Figure 5),

suggest early dysfunctions in key cognitive regions. These regions are

involved in decision-making, attention, workingmemory, and cognitive

processing andmay be among the first to show functional impairments

in SCD individuals. This aligns with their self-reported cognitive dif-

ficulties. FC patterns further support these findings. The theta band,

which is critical for cognitive processes such as learning and control,

shows enhanced connectivity. In contrast, the gamma band, essen-

tial for large-scale network activity and higher-order functions like

working memory and attention, exhibits reduced connectivity. Prior

research has shown a negative correlation between theta connectiv-

ity and cognitive scores in AD,55 while reduced gamma connectivity

has been linked to cognitive decline in MCI and AD.56 In our study,

we confirm this pattern in the SCD stage, which could further sug-

gest that the onset of cognitive complaints in SCD may coincide

with the disruption of neural communication and synaptic efficiency.

The observed enhancement in theta connectivity could reflect the

brain’s compensatory attempt to preserve baseline cognitive func-

tion by strengthening communication between regions. However,
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F IGURE 6 Differential FC across comparisons. (A) Heatmaps showingmean differences in FC across frequency bands (delta, theta, alpha,
beta1, beta2, gamma1, gamma2) for three group comparisons: AD versus HC,MCI versus HC, and SCD versus HC. The color scale is centered at
zero, with red indicating positive differences and blue indicating negative ones. Significant connections (p< 0.05) from theWilcoxon rank-sum test
aremarked by scatter dots—red for positive andwhite for negative differences. Connectivity matrices are organized by brain regions (frontal lobe,
parietal lobe, temporal lobe, occipital lobe, and subcortical structures), separated by dashed lines to enhance the interpretation of connectivity
patterns across distinct areas. (B) Connectome plots showing significant FC networks across EEG frequency bands (e.g., theta, alpha, delta) for
comparisons: SCD versus HC,MCI versus HC, and AD versus HC. Each plot highlights connections with significant differences (p< 0.05) based on
theWilcoxon rank-sum test, with connectivity changemagnitude indicated by edge color. Positive differences above a threshold are shown in red,
and negative differences below a threshold are in blue. The color scale is centered at zero and consistent across all bands and comparisons.

this compensatory hyperconnectivity may come at the cost of net-

work efficiency, as it relies on low-frequency synchrony rather than

the more efficient, higher-frequency gamma activity. Compensatory

efforts extend beyond neural activity to include metabolomic changes.

Specifically, there is a decrease in adenosine monophosphate (AMP)

and an increase in cyclic AMP (cAMP), suggesting possible inhibition

of phosphodiesterase (PDE), the enzyme that hydrolyzes cAMP to

AMP.57 This inhibition could potentially enhance cognitive functions.58

Consistently, neuroprotective metabolites such as nicotinic acid,59

retinol,60 betaine,61 and piperine62 have been observed to increase.
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TABLE 1 Performancemetrics of single and combinedmodalities (in bold) for AD versus HC,MCI versus HC, and SCD versus HC classification

SCD versus HC

Precision Recall F1-score Specificity AUC

Genetics 0.66 0.56 0.61 0.67 0.18

Metabolomics 0.73 0.83 0.78 0.97 0.38

Metagenomic abudance 0.88 0.33 0.34 0.21 0.49

Metagenomic pathways 0.7 0.72 0.71 0.85 0.53

Brain region volume 0.82 0.78 0.79 0.82 0.6

EEG relative PSD 0.82 0.78 0.8 0.84 0.69

EEG FC 0.81 0.84 0.82 0.94 0.68

EEG combined 0.84 0.84 0.84 0.91 0.78

EEG+MRI 0.84 0.84 0.84 0.91 0.74

Meta combined 0.7 0.72 0.71 0.85 0.53

EEG+MRI+Meta 0.84 0.84 0.84 0.91 0.78

All 0.84 0.84 0.84 0.91 0.78

MCI versus HC

Precision Recall F1-score Specificity AUC

Genetics 0.65 0.56 0.59 0.61 0.39

Metabolomics 0.74 0.77 0.75 0.9 0.74

Metagenomic abudance 0.58 0.7 0.64 0.91 0.69

Metagenomic pathways 0.6 0.77 0.67 1 0.49

Brain region volume 0.72 0.77 0.71 0.97 0.82

EEG relative PSD 0.77 0.79 0.78 0.91 0.76

EEG FC 0.67 0.79 0.73 0.97 0.49

EEG combined 0.87 0.85 0.8 1 0.59

EEG+MRI 0.78 0.82 0.78 0.97 0.81

Meta combined 0.68 0.75 0.69 0.94 0.69

EEG+MRI+Meta 0.78 0.82 0.78 0.97 0.84

All 0.78 0.82 0.78 0.97 0.84

AD versus HC

Precision Recall F1-score Specificity AUC

Genetics 0.78 0.67 0.71 0.7 0.6

Metabolomics 0.91 0.92 0.91 0.97 0.96

Metagenomic abundance 0.89 0.82 0.84 0.82 0.94

Metagenomic pathways 0.92 0.9 0.91 0.91 0.93

Brain region volume 0.92 0.93 0.91 1 0.88

EEG relative PSD 0.75 0.76 0.75 0.88 0.68

EEG FC 0.86 0.87 0.86 0.94 0.77

EEG combined 0.82 0.84 0.83 0.94 0.84

EEG+MRI 0.91 0.89 0.87 1 0.83

Meta combined 0.93 0.93 0.91 1 0.97

EEG+MRI+Meta 0.93 0.92 0.91 1 0.98

All 0.93 0.92 0.91 1 0.98

Abbreviations: AD, Alzheimer’s disease; AUC, area under the curve; EEG, electroencephalogram; FC, functional connectivity; HC, healthy controls;MCI, mild

cognitive impairment;MRI, magnetic resonance imaging; PSD, power spectral density; SCD, subjective cognitive decline.
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F IGURE 7 Biological changes during early stages of cognitive decline and progression to AD. AD, Alzheimer’s disease; HC, healthy controls;
MCI, mild cognitive impairment; SCD, subjective cognitive decline.

Thesemetabolic compensatorymechanismsmay stabilize neural activ-

ity despite ongoing neurodegeneration. Consequently, EEG alterations

inMCI were less pronounced, with significant PSD changes seen in the

SCD stage no longer present, and notable FC disruptions reduced—a

compensatory phenomenon previously reported.63

However, molecular and neuroanatomical changes, particularly in

metagenomics and structural MRI, became more prominent in MCI,

suggesting dysfunctions along the gut–brain axis. Metagenomic alter-

ations are characterized by shifts in microbial diversity, reduced

abundance of keymicrobial species, and impaired functional pathways,

while structural changes visible on MRI highlight widespread brain

atrophy. The reduction in alpha diversity and increase in beta diversity

of themicrobiota (Figure 2A,B) suggest a loss of core beneficial species

and anovergrowth of opportunistic or pathogenic ones. This imbalance

weakens microbiome resilience and likely disrupts essential microbial

functions that support neuronal health, as evidenced by the decline of

key functional species, such as short-chain fatty acid (SCFA) -producing

bacteria (Figure 2D). Changes in microbial composition are accompa-

nied by disturbances in corresponding functional pathways (Figure 2E).

These disruptions affect amino acidmetabolism, nucleotide biosynthe-

sis, vitamin biosynthesis, and energy production. Such alterations may

weaken neural support from the gut–brain axis, exacerbating neuronal

stress and synaptic dysfunction. MRI-detected brain atrophy corre-

sponds to these disruptions and affects major regions, including all

lobes and subcortical areas such as the hippocampus, putamen, and

insular cortex (Figure 4A,B). This suggests that cognitive decline inMCI

extends beyond memory-related regions. It involves a broader net-

work of brain areas responsible for memory, attention, language, and

executive processing.

In AD, a widespread and systemic breakdown occurs across all

modalities, compounded by an elevated genetic risk that is less appar-

ent in theSCDandMCI stages.Neurophysiologically, themanifestation

of alteration of certain EEG activities in SCD, although diminished in

the MCI group, re-appears as a systematic global disruption in AD

(Figure 5). The most substantial changes include an increase in rela-

tive PSD within low-frequency bands (delta and theta) and a decrease

in high-frequency bands (alpha and beta1). Additionally, FC in the

theta band is significantly enhanced, whereas high-frequency bands

(alpha, beta1, beta2, gamma1) exhibit reducedconnectivity. These find-

ings align with previous observations, suggesting a slowing of neural
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oscillations as the brain shifts from efficient high-frequency com-

munication to slower, less efficient synchronization, characteristic of

advanced cognitive decline.64 These widespread changes indicate a

breakdown in the brain’s capacity for complex information integra-

tion and rapid neural processing. This disruption severely impacts

cognitive control, sensory processing, and information integration.

Structural MRI findings (Figure 4B) align with these observations,

revealing advanced neurodegeneration. Key changes include ventric-

ular enlargement and cerebellar involvement, which are associated

with severe deficits in memory, executive functions, language, and

visuospatial skills.65,66

The neural changes in AD are paralleled by systemic dysfunc-

tions, as evidenced by pronounced disruptions in metagenomics.

Notably, blood–brain barrier (BBB) protective and anti-inflammatory

SCFA-producing bacteria67 decreasedwhile pro-inflammatory species

increased (Figure 2D), suggesting anunderlying systemic inflammatory

response. As the BBB’s permeability increases, neuroinflammatory

agents and microbial metabolites may infiltrate the brain, further dis-

rupting neural communication and accelerating neurodegeneration.

This is further supported by a significant rise in altered blood metabo-

lites in AD patients compared to those in the SCD and MCI groups

(Figure 3A). The altered metabolites span a wide range, including

amino acids, nucleotides, steroid hormones, fatty acids, phospho-

lipids, organic acids, and vitamins, each involved in essential biological

processes such as amino acid and nucleotide metabolism, vitamin

biosynthesis, energy production, neurotransmission, and inflamma-

tory responses, closelymirroring themetagenomic functional pathway

alterations observed in MCI and AD. This supports the reasonable

inference that dysfunctions in these metagenomic pathways, initially

manifesting in the MCI stage, accumulate progressively, culminating

in pronounced microbial functional shifts and notably, in distinct and

significant correspondingmetabolomic alterations in the AD stage.

4.1 Clinical implications and potential
interventions

Our findings highlight EEG’s potential as an early biomarker for

SCD, capable of detecting subtle neurophysiological changes with an

AUC of 0.78 and specificity of 0.91, outperforming other individual

or combined modalities for SCD prediction. While previous studies

have demonstrated that EEG beta2 PSD can serve as a surrogate

marker for memory impairment as early as the MCI stage,68 our study

extends this insight to the earlier SCD stage. Furthermore, our iden-

tification of significant gamma frequency changes in SCD subjects

is unprecedented,69 representing a novel contribution to the under-

standing of this early stage. These early alterations signal the onset

of neural dysfunction, positioning EEG as a promising non-invasive

tool for early screening, and more importantly, highlighting a critical

window for intervention. As such, techniques like repetitive tran-

scranial magnetic stimulation (rTMS) and transcranial direct current

stimulation (tDCS), known to modulate neural activity and enhance

neuroplasticity,70 may effectively mitigate early disruptions identi-

fied by EEG, stabilizing or even reversing neurophysiological changes

and potentially delaying cognitive decline. Furthermore, the observed

metabolomic compensatorymechanisms suggest targeting phosphodi-

esterase inhibitionwith commercially available inhibitors or enhancing

neuroprotective metabolites through dietary supplements such as

vitamin A (retinol), vitamin B3 (nicotinic acid), betaine, and piperine.

Neuroanatomical changes in SCD are subtle yet present promis-

ing potential as biomarkers. While previous studies identified lateral

ventricle enlargement starting at the MCI stage as a marker of AD

progression,66 our study extends this finding to SCD, demonstrating

consistent lateral ventricular enlargement across the AD continuum

(Figure 4A). Additionally, we observed increased CSF in the insula and

temporal lobe, areas previously overlooked in AD research. Further-

more, consistent with prior research linking reduced cortical thickness

in the anterior cingulate cortex to progression from amnestic MCI to

AD,71 we identified structural atrophy in the anterior cingulate gyrus

in individuals with SCD. We also found atrophy in the anterior orbital

gyrus, a region not previously associated with AD.

In the MCI stage, a multimodal approach integrating EEG, MRI,

and metagenomics showed strong predictive power (AUC of 0.84,

specificity of 0.97) for distinguishing MCI from HC, capturing both

compensatory neural activity and emerging gut–brain axis dysfunc-

tions. Targeting the gut–brain axis with prebiotics, probiotics, or

fecal microbiota transplantation (FMT) may offer therapeutic ben-

efits. For example, the decline in SCFA-producing bacteria can be

mitigated by increasing dietary fiber intake, presenting a promising

strategy.

By the AD stage, individual metabolomic, metagenomic, EEG, and

MRI features each provide high precision and specificity, enabling AD

detection with significant accuracy. Each modality holds the potential

to be developed into a simple, convenient, and cost-effective screening

method. For instance, combining specific metabolites (AABA, acetyl-

glycine, tauro-omega-muricholic acid, and menadione) provides nearly

perfect predictive performance, suggesting a promising path for AD

screening based on these metabolic markers. This systemic disruption

highlights a transition from regional to widespread neurodegenera-

tion, thus indicating that a more comprehensive therapeutic approach

is required.

4.2 Conclusion and future directions

Overall, our findings reinforce the understanding that AD represents

a stage of multisystem dysfunction. It is initiated by early neural dis-

ruptions and accompanied by compensatory metabolomic responses.

This progression is followed by dysfunction in the gut–brain axis, com-

pounded by impairment of the BBB, and culminates in widespread

metabolic abnormalities and systemic breakdown (Figure 7). EEG

proves to be a promising early-stage screening tool for SCD, while

metagenomics and MRI improve classification in MCI. In AD, mul-

tiple approaches achieve near-perfect differentiation. Although the

imbalance in participant numbers across different groups may limit

the interpretation of our findings, future studies should validate these

results in larger cohorts, ideally with more balanced group sizes and
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multi-center collaborations. Additionally, further exploration of these

biomarkers for monitoring disease progression is warranted.
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