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Background: Electroencephalography (EEG) provides a portable approach to assessing mild cognitive impair-
ment (MCI) and early Alzheimer’s disease (AD), while sleep and autonomic signals may offer complementary
physiological information. The validation quality of these computational biomarkers remains uncertain.
Objective: To systematically evaluate signal-processing approaches, candidate biomarkers, computational mod-
els, and risk of bias in an EEG-centred evidence base for MCI and early AD, with complementary physiological
studies considered as secondary evidence.

Methods: Following PRISMA 2020 guidelines, we systematically reviewed 118 studies (2005-2025), comprising
113 direct EEG studies, two studies of polysomnography-derived sleep architecture, and three complementary
non-EEG studies, and appraised risk of bias using a PROBAST-informed framework.

Results: Recurring EEG findings included spectral slowing, reduced signal complexity, altered event-related
potentials, and disrupted functional connectivity. Across 120 extracted performance rows, the median reported
accuracy was 93.41%, and values above 95% were common. The proportion classified as High overall risk ranged
from 38.1% to 69.5% across operational sample-size thresholds and was 22.0% when sample size was excluded.
Twenty-two studies were at high risk of data leakage, only one reported external validation, and longitudinal
evidence remained limited (9 studies; none used time-to-event modelling).

Conclusions: The EEG-centred literature presents a performance paradox: high reported accuracy coexists with
data-leakage concerns, limited external validation, and little longitudinal evidence. Future studies should use
design-specific sample-size planning, strict subject-level separation, external validation, and longitudinal out-
come modelling to establish clinically reliable computational biomarkers.

1. Introduction

Dementia is a progressive neurodegenerative syndrome affecting
more than 57 million people worldwide, with prevalence projected to in-
crease substantially in the coming decades [1]. Alzheimer’s disease (AD)
accounts for most cases and is characterised by a prolonged preclinical
and prodromal phase during which pathological and neurophysiological
changes may precede overt dementia by many years [2]. Mild cognitive
impairment (MCI), particularly amnestic MCI, represents an important
stage for identifying individuals at increased risk of progression to AD
[3]. Accessible physiological markers that distinguish healthy ageing,
MCI, and early AD could therefore support screening, risk stratification,
and enrolment in disease-modifying trials.

* Corresponding author.

Structural and molecular imaging methods, including magnetic res-
onance imaging and positron emission tomography, provide impor-
tant AD biomarkers but remain costly, infrastructure-dependent, and
less suited to repeated or population-level assessment [4]. Electroen-
cephalography (EEG) offers a portable, relatively low-cost, and non-
invasive measure of neural activity. Accordingly, this review centres
on EEG while considering polysomnography-derived sleep architecture
and selected autonomic, movement, and respiratory measures as com-
plementary indicators of physiological dysfunction in MCI and early
AD. Electrooculography and electromyography contribute to standard
polysomnographic sleep staging but are not represented as standalone
modalities. In this review, “early stage” refers to MCI and prodromal
or early AD as defined by the included studies. This term primarily
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describes cross-sectional disease status and should not be interpreted
as prospective prediction of incident dementia.

Previous reviews have identified several recurring EEG alterations
in MCI and AD, including spectral slowing, reduced signal complexity,
altered event-related potentials, and disrupted functional connectivity
[5-7]. Computational analysis has progressed from statistical methods
and handcrafted spectral, entropy, nonlinear, and connectivity features
to conventional machine-learning models, including support vector ma-
chines, random forests, and gradient boosting [8-12]. More recently,
deep-learning approaches have enabled representation learning from
raw EEG, spectrograms, and connectivity matrices, while graph-based
and explainable models have sought to improve neurophysiological rele-
vance and interpretability [13-15]. These developments have produced
numerous reports of high diagnostic accuracy and have expanded inter-
est in EEG as a computational biomarker for early cognitive impairment.

Despite this progress, the evidential strength of reported perfor-
mance remains uncertain. Studies differ substantially in cohort com-
position, diagnostic criteria, signal acquisition, preprocessing, feature
definitions, classification tasks, and validation strategies [7,16]. Small
samples, inadequate subject-level separation, data leakage, and reliance
on internal validation may produce optimistic performance estimates
that do not generalise to independent clinical populations. Furthermore,
most studies evaluate cross-sectional discrimination between diagnostic
groups, whereas relatively few investigate progression from MCI to AD
or predict future clinical outcomes [15,17,18]. Consequently, high re-
ported accuracy cannot be interpreted independently of methodological
validity and study purpose.

To address these gaps, this review synthesises EEG biomarkers, com-
putational methods, and methodological validity across 118 studies pub-
lished from 2005 to 2025. The evidence base comprises 113 direct EEG
studies, two studies of polysomnography-derived sleep architecture, and
three studies of autonomic, movement, or respiratory physiology. We ex-
amine (i) physiological biomarkers, distinguishing EEG-derived findings
from complementary sleep and autonomic evidence, and (ii) statistical,
classical machine-learning, and deep-learning approaches.

The primary contribution is a systematic, study-level PROBAST-
informed appraisal of five domains: sample size adequacy, validation
strategy, class imbalance handling, data leakage, and reference standard
clarity. By relating these domains to reported performance, we identify
recurring biomarkers, characterise the performance paradox between
high accuracy and methodological weakness, distinguish cross-sectional
classification from longitudinal progression modelling, and assess exter-
nal validation. This integrated analysis evaluates the reproducibility and
clinical translation readiness of EEG-centred computational biomarkers.

2. Research methods
2.1. Systematic review protocol

This systematic review was conducted in accordance with the
Preferred Reporting Items for Systematic Reviews and Meta-Analyses
(PRISMA) 2020 guidelines [19]. The review protocol was not prospec-
tively registered. A structured search was performed in PubMed, Scopus,
and IEEE Xplore to identify EEG-centred studies applying physiological
signals and computational methods to MCI, prodromal AD, or early-
stage AD classification or prediction. The search covered publications
from January 2005 to December 2025. The final search was conducted
on 10 February 2026.

The search strategy combined three conceptual domains: (1) early-
stage cognitive impairment, (2) physiological signal modalities (EEG,
ECG, EOG, EMG, sleep-related measures), and (3) computational mod-
elling approaches (machine learning, deep learning, and advanced sig-
nal processing). Database-specific syntax and field tags were used, and
complete search strings for each database, including filters and limits,
are provided in Appendix A of the Supplementary Material. filters were
applied to restrict results to human studies published in English. Some
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Table 1
Study exclusion criteria used during screening.

Category Exclusion Criteria

Outcome Not Rele- No assessment of Alzheimer’s disease (AD), MCI, prodromal AD,
vant or early cognitive decline; severity-only studies without early-
stage populations.
No EEG, polysomnography-derived sleep measure, or compu-
tationally analysed complementary autonomic, movement, or
respiratory signal; non-physiological or behavioural modalities
(e.g., gesture recognition, gait, handwriting, VR, speech).
No predictive modelling or classification analysis; descriptive-
only or signal-processing studies without diagnostic evaluation.
Brain-machine interface, human-computer interaction, or hard-
ware validation studies without clinical dementia modelling.
Clinical Domain Mis-  Clinical populations or disease-specific subgroups outside the
match Alzheimer’s disease continuum when the physiological-signal
model was not focused on MCI, prodromal AD, or early AD.

Signal Not Relevant

Method Not Relevant

Technology Focus

Population Healthy volunteers only; non-Alzheimer’s neurological condi-
tions; moderate-severe dementia without early-stage focus.
Study Type Reviews, conference papers, study protocols, inaccessible arti-

cles.

exclusion terms were applied at the search stage to reduce clearly ir-
relevant retrievals, while final eligibility decisions were made during
title/abstract and full-text screening using the criteria in Table 1.

Operational eligibility prioritised studies that directly analysed EEG.
Polysomnography studies were retained when computationally derived
sleep architecture was evaluated in MCI or early AD, and complemen-
tary non-EEG studies were retained only when they computationally
analysed autonomic, movement, or respiratory signals in the same tar-
get populations. These complementary studies were classified as sec-
ondary contextual evidence and were not used to support EEG-specific
biomarker claims. The effect of retaining the three non-EEG-only studies
was examined in a separate scope sensitivity analysis.

Specialised domains such as functional connectivity, graph the-
ory, event-related potential (ERP) paradigms, quantitative EEG (qQEEG),
heart rate variability (HRV), wearable recordings, microstates, and
sleep spindles were not individually specified as search terms; instead,
they were captured through broader EEG, sleep, physiological-signal,
feature-extraction, and signal-processing terms. This strategy reduced
search complexity and vocabulary mismatches across databases but may
have missed studies that used highly specialised terminology without
explicit EEG, sleep, physiological-signal, or computational-modelling
terms. Similarly, search-stage exclusions for terms such as MRI, PET,
Parkinsonism, depression, and transcranial magnetic stimulation (TMS)
may have reduced retrieval of multimodal validation or comorbidity-
focused studies. These limitations should be considered when interpret-
ing the comprehensiveness of the review.

2.2. Study selection process and data extraction

Study selection followed a three-stage process: (1) duplicate and
incomplete-record removal, (2) title and abstract screening, and (3) full-
text assessment. The database search yielded 366 records (139 PubMed,
181 Scopus, 46 IEEE Xplore). After removal of 104 duplicates and four
records with missing data, 258 records were screened. Of these, 169 re-
ports were assessed for eligibility and 118 studies were included in the
review. Two reviewers independently assessed the 169 records for eligi-
bility against the inclusion criteria. Inter-rater agreement was substan-
tial (Cohen’s k = 0.69, 95% CI: 0.58-0.81). The 24 initial disagreements
were resolved through consensus discussion, yielding 118 included and
51 excluded studies. The included reports were then reviewed by the
same reviewers to extract key methodological and quantitative infor-
mation, including signal modalities, feature categories, computational
models, validation methods, and reported performance metrics (e.g.,
accuracy, sensitivity, AUC). Extracted variables were entered into struc-
tured data tables and then used to generate standardised summaries and
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Fig. 1. PRISMA flow diagram of study selection.

plots for cross-study comparison. The complete selection process, includ-
ing reasons for exclusion at each stage, is presented in the PRISMA flow
diagram (Fig. 1).

2.3. Data synthesis and meta-analysis feasibility

Findings were synthesised narratively and descriptively. A formal
meta-analysis was precluded by substantial heterogeneity across diag-
nostic contrasts, signal-acquisition protocols, preprocessing pipelines,
feature definitions, classifier families, validation schemes, and reporting
units. Most studies reported task-level accuracy without sufficient infor-
mation to derive comparable subject-level effect sizes; some used epoch-
or segment-level performance that may not be independent at the par-
ticipant level; and sensitivity, specificity, and AUC were incompletely
reported. Accuracy values were therefore not treated as exchangeable
effect estimates or pooled measures of clinical performance. Instead,
task-level summaries describe the distribution of published results and
were interpreted in relation to validation rigour, sample size, class im-
balance, and leakage risk.

Model-category summaries were used to characterise patterns in the
published literature, including the central tendency, dispersion, and
range of reported performance. These summaries provide an overview of
the evidence landscape and support the identification of research trends
and hypotheses for future benchmark studies. Because the included stud-
ies differed in cohorts, diagnostic tasks, preprocessing pipelines, feature
sets, and validation designs, the summaries were interpreted in their
study context rather than as controlled head-to-head comparisons.

Performance was extracted separately for each diagnostic contrast,
with one value retained per study-task combination. Training-set results
were excluded, and participant-level estimates were preferred to epoch-
or segment-level estimates. Validation evidence was prioritised as exter-
nal validation, independent subject-level testing, and subject-wise cross-
validation. For the principal cohort at the highest available validation
level, we retained the model or feature configuration with the highest
reported accuracy; ties were resolved using the approach identified by

the authors as primary or proposed. The resulting estimates represent
the highest eligible accuracy under the most rigorous validation design
reported for each task.

2.4. Risk of bias assessment

We assessed the methodological quality and risk of bias of the 118
included studies using a tailored framework based on the Prediction
model Risk Of Bias ASsessment Tool (PROBAST) [20], focusing on five
key domains relevant to computational biomarker modelling: sample
size adequacy, validation strategy, handling of class imbalance, data
leakage, and clarity of the reference standard (Table 2). Each study was
rated as Low, High, or Unclear risk of bias in each domain. Because
no single appraisal tool was designed specifically for the heterogeneous
EEG, sleep, ECG, and computational-modelling studies included here,
the framework should be interpreted as a structured review-specific
screen informed by prediction-model appraisal principles, not as a full
PROBAST + Al or Transparent Reporting of a multivariable prediction
model for Individual Prognosis Or Diagnosis plus Al (TRIPOD + Al) as-
sessment.

Published methodological guidance does not identify a universal
total-participant minimum applicable across the heterogeneous statis-
tical, machine-learning, and deep-learning studies included in this re-
view. Prediction-model guidance recommends study-specific calcula-
tions based on outcome prevalence, candidate parameters, anticipated
model performance, and acceptable overfitting [21,22]. EEG-specific
methodological work likewise recommends design-specific power anal-
ysis or simulation rather than a fixed participant count [23,24]. The in-
formation required to reconstruct such calculations was rarely reported
in the included studies. We therefore evaluated sample size using op-
erational thresholds of 30, 50, 75, and 100 participants and repeated
the overall assessment after excluding the sample-size domain. These
thresholds were used only to examine the sensitivity of the review-level
classifications and should not be interpreted as universal minimum sam-
ple sizes or evidence of model-specific adequacy.
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Definitions of risk-of-bias domains used in the adapted PROBAST framework for machine-learning and Al studies.

Domain Low risk

High risk Unclear

Validation strategy External validation OR strong subject-level
internal validation (e.g., leave-one-subject-
out [LOSO], nested cross-validation [CV]).
Balanced groups OR sensitivity/specificity
reported alongside accuracy.

Explicit participant-level data splitting
(e.g., subject-wise hold-out, LOSO).

Clear diagnostic criteria stated (e.g.,
NINCDS-ADRDA, DSM-5, Petersen,
MMSE/MoCA thresholds).

Under the corresponding sensitivity speci-
fication, total sample size > 30, > 50, > 75,
or > 100 participants.

Handling of class imbalance

Data leakage

Reference standard clarity

Sample-size operational sensitivity
analysis

Inappropriate validation (e.g., no valida-  Validation method not described.

tion, resubstitution testing, clear leakage).

Imbalanced groups AND only accuracy re-
ported.

Epoch/window-level split OR same partic-
ipant data used in train and test.

Clearly inappropriate or non-clinical out-
come definition.

Class distribution not reported.
Splitting strategy not described.

Diagnostic criteria missing or vaguely
described.

Under the corresponding sensitivity speci-
fication, total sample size < 30, < 50, < 75,
or < 100 participants.

Total sample size not reported.

Note: The participant thresholds are operational sensitivity specifications rather than validated minimum sample sizes.
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Fig. 2. Distribution of sample sizes across included studies. For visual clarity, the plot excludes one cohort of 8044 participants.

For each sensitivity specification, overall risk was classified as High
when at least one included domain was High, Unclear when no included
domain was High but at least one was Unclear, and Low only when all
included domains were Low. Consequently, changing or excluding the
sample-size specification could move a study from High to either Low
or Unclear, depending on its remaining domain ratings.

3. Results
3.1. Study characteristics

Across the included studies, sample sizes were highly heterogeneous
and strongly right-skewed (Fig. 2), with a clear concentration of stud-
ies in small to moderate sample sizes. Approximately 60% of studies
enrolled fewer than 100 participants, with 18.6% including fewer than
30, while only a small proportion (7%) exceeded 500 participants. A
limited number of large-scale datasets were reported, including cohorts
of 890 [25], 1187 [26], 1754 [27], and 8044 participants [28]. Over-
all, the literature remains dominated by small to moderate sample sizes,
which has important implications for model generalisability and risk of
overfitting. Study designs varied in diagnostic composition, with some
including all three groups (healthy controls, mild cognitive impairment,
and Alzheimer’s disease), while others focused on pairwise comparisons.
As a result, reported sample sizes reflect total cohort size rather than
standardised group structures.

3.1.1. Data acquisition and preprocessing

Physiological signals provide a non-invasive window into functional
brain and autonomic changes associated with cognitive decline. The mu-
tually exclusive modality audit in Fig. 3 confirms that direct EEG studies
constituted 113 of 118 records (95.8%). Two studies (1.7%) evaluated
sleep architecture derived from polysomnography, and three (2.5%)
analysed complementary non-EEG signals. The complementary evidence
comprised ECG and heart-rate-variability analyses in Geng et al. and
Xavier et al. and sleep movement and respiration analysis in Khosroazad
et al. [29-31]. These studies provide contextual evidence on autonomic
and sleep-related physiology rather than EEG-specific biomarkers. Il-
lustrative EEG studies used acquisition protocols based on the interna-
tional 10-20 or 10-10 systems, including 19-channel clinical montages
and higher-density configurations for network analyses [15,32,33]. Se-
lected studies reported sampling rates from 128 to 1024 Hz and record-
ing durations ranging from under one minute to approximately 30
min [14,34,35]. Resting-state recordings, particularly eyes-closed con-
ditions, were commonly represented, while task-based paradigms such
as P300 were also used [36]. Because montage, sampling rate, duration,
recording setting, device portability, and home-versus-clinic acquisition
context were not systematically extracted across all included studies,
these examples should not be interpreted as a quantitative survey of
acquisition practice.

Across the complete evidence set, the median reported accuracy was
93.41%, 22 studies were at high risk of data leakage, and one study re-
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Fig. 3. Mutually exclusive evidence categories across the 118 included studies.

Table 3
Major feature domains and representative extraction methods.

Feature Domain Representative Methods

Time-Frequency and
Statistical Features

Mean, variance, higher-order moments; band power; peak alpha
frequency; power spectral density; wavelet transforms; continu-
ous wavelet transform; synchrosqueezed transforms

Nonlinear and Com-
plexity Measures
Functional Connec-
tivity Metrics
Graph-Theoretic Net-
work Features
Event-Related Poten-
tial Features
Sleep-Derived
tures

Sample, fuzzy, and multiscale entropy; fractal dimension; trans-
fer entropy; stochastic event synchrony

Coherence; phase-lag index (PLI); weighted phase-lag index
(WPLI); synchronization likelihood

Clustering coefficient; global efficiency; modularity; small-
worldness; Minimum Spanning Tree metrics; visibility graphs
P200; N200; P300; N400/P600 latency and amplitude measures
Fea-  N1/N2/N3/REM proportions; spindle density; slow oscillations;
REM microstructure

ported external validation. A scope sensitivity analysis excluding the
three complementary non-EEG studies yielded a median accuracy of
93.44%, retained the same counts for high leakage risk and external val-
idation, and produced High overall-risk estimates ranging from 39.1%
to 70.4% across the sample-size specifications. These closely compara-
ble results indicate that the principal performance and methodological
patterns were robust to the inclusion of complementary physiological
evidence.

Representative preprocessing approaches included bandpass and
notch filtering, followed by artefact removal using methods such as
independent component analysis or artifact subspace reconstruction
[37,38]. Some studies segmented EEG and sleep signals into short
epochs, while ECG-derived measures were computed over longer win-
dows [35]. Preprocessing choices can substantially influence feature sta-
bility and model performance, highlighting the need for transparent re-
porting and further standardisation [39,40].

3.1.2. Feature extraction and selection

Across EEG studies, feature extraction commonly clustered into three
main domains: spectral and time-frequency features (e.g., band power
and peak alpha frequency), nonlinear measures (including entropy and
fractal metrics), and functional connectivity with graph-theoretic mea-
sures. Spectral features were most widely used [41], while nonlinear
approaches captured signal complexity [42,43]. Functional connectiv-
ity measures were increasingly applied to characterise network-level al-
terations [44]. A comprehensive summary of extracted features across
studies is provided in Table 3. Deep learning approaches were also used
to learn representations directly from raw or transformed signals [45].

Feature selection was widely applied to address high dimensional-
ity and limited sample sizes, using approaches such as statistical fil-
tering, recursive feature elimination, and principal component analysis
[46,47]. Across studies, reducing feature and channel dimensionality
often maintained or improved reported performance by removing re-
dundant inputs. Notably, several studies suggest that compact electrode

Table 4
Key EEG spectral alterations associated with early cognitive decline, with sup-
porting studies.

EEG Feature HC MCI AD Refs
Delta Power (0.5-4 Hz) Low Increase Strong increase  [25,49]
Theta Power (4-7 Hz)  Moderate Increase Strong increase [25,53]
Alpha Power (8-13 Hz) High Decrease (posterior) Strong decrease [9,80]
Beta Power (13-30 Hz) Moderate Slight decrease Decrease [41,52]
PAF ~10Hz 1(~9-95Hz) 1 (~8-9Hz) [9]

configurations can achieve competitive accuracy, supporting further in-
vestigation of wearable and scalable diagnostic systems [11,48].

3.2. Physiological biomarkers

Studies reported a broad range of physiological biomarkers across
EEG, sleep physiology, ECG and related modalities. These biomarkers
reflect reported changes in oscillatory activity, signal complexity, net-
work organisation and cognitive processing in early cognitive decline.
The following sections summarise key biomarker families frequently ob-
served across studies.

3.2.1. Linear signal features: Spectral and temporal descriptors

Spectral features are the most widely used EEG biomarkers for cog-
nitive impairment, capturing oscillatory dynamics through power dis-
tributions, peak frequency shifts, and band ratios. A frequent finding is
slowing of neural activity in MCI and AD, with increased delta and theta
power and reduced posterior alpha and beta power, consistent with dis-
rupted thalamocortical and cortico-cortical interactions [9,25,49]. Peak
alpha frequency (PAF) has been reported as a useful marker, decreas-
ing from around 10 Hz in healthy adults to lower values in MCI and
AD [9]. Spectral ratios such as theta/alpha and theta/beta further sum-
marise these changes and may improve discrimination, although sen-
sitivity is generally higher for AD than early MCI [50]. Temporal sta-
tistical features provide complementary information on amplitude vari-
ability and waveform structure. Measures such as variance, skewness,
kurtosis, zero-crossing rate, and Hjorth parameters have shown util-
ity, particularly when combined with spectral features [41,51]. In ad-
dition, time-frequency decomposition methods, including wavelet and
synchrosqueezing transforms, improve the resolution of transient oscil-
latory events and enhance sensitivity for early MCI detection [52].

A summary of these spectral and temporal alterations is provided in
Table 4. Together, these linear descriptors form a core set of biomark-
ers but primarily capture quasi-linear signal properties, motivating the
use of nonlinear and complexity-based measures discussed in the next
section.

3.2.2. Nonlinear and complexity measures

Nonlinear and complexity-based features capture aspects of EEG
dynamics not reflected in linear spectral measures, particularly sig-
nal irregularity, unpredictability, and multi-scale structure, which are
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Hierarchical organisation of EEG connectivity and graph-theoretic biomarkers in early cognitive impairment. The table summarises levels of network analysis,
representative measures, inferred pathophysiological implications and typical change in MCI/AD.

Level of Analysis Representative Measures

Pathophysiological Interpretation

Change in MCI/AD

Local spectral activity
Pairwise functional connec-

Theta/alpha power distribution

PLI, wPLI, coherence, wavelet coher-

tivity ence tion

Global graph topology Global efficiency, clustering coeffi-
cient, path length

Topological network struc-  Minimum Spanning Tree metrics; visi-

ture bility graphs tion

balance

Local neuronal dysfunction
Disrupted inter-regional communica-

Reduced integration and segregation

Early large-scale network reconfigura-

Theta 1; Alpha |; regional slowing

| Long-range frontal-posterior synchronisation; altered
theta/alpha coupling

| Efficiency; | clustering; 1 path length

Altered hub organisation; increased network fragmen-
tation

known to decline in early cognitive impairment. Entropy-based mea-
sures, including approximate, sample, fuzzy, and multiscale entropy,
often show reduced signal complexity in MCI and further reductions in
AD, sometimes correlating with cognitive performance [43,54]. Mul-
tivariate extensions capture inter-channel interactions and may pro-
vide additional sensitivity to early impairment. Other nonlinear descrip-
tors, such as fractal dimension and Lempel-Ziv complexity, similarly re-
flect reduced flexibility of neural activity [42]. Wavelet-based nonlinear
features may further enhance discrimination, particularly when com-
bined with channel optimisation strategies [55]. Information-theoretic
approaches provide complementary insights into disrupted neural com-
munication. Measures such as transfer entropy and nonlinear synchro-
nisation capture directional interactions and network-level dynamics,
and some studies report improved sensitivity compared with classical
coherence measures in detecting early dysfunction [56,57].

Overall, nonlinear and complexity measures offer a complementary
perspective on early cognitive decline by characterising changes in neu-
ral variability and network dynamics. These features may be useful for
short-duration recordings and portable screening applications, but re-
quire further validation.

3.2.3. Network-level connectivity and graph topology

Early Alzheimer’s disease is increasingly conceptualised as involv-
ing large-scale network disruption rather than solely focal neuronal loss.
From this perspective, EEG biomarkers extend beyond local spectral ab-
normalities to encompass altered interactions between distributed cor-
tical regions and changes in global network topology (Table 5). This
framework aligns with the disconnection hypothesis of neurodegenera-
tion and provides a biologically plausible basis for diagnostic discrimi-
nation and progression modelling.

At the pairwise level, functional connectivity measures capture syn-
chronisation between cortical regions. A recurring finding across studies
is reduced long-range coupling, particularly between frontal and poste-
rior areas, together with altered theta and alpha band interactions in
MCI and AD [18,58]. These disturbances are consistent with impair-
ment of integrative processes that support memory, executive function,
and attentional control. Metrics such as phase-lag index (PLI), weighted
phase-lag index (wPLI), synchronization likelihood, and coherence have
been reported to distinguish healthy controls from MCI and AD across
independent cohorts [59,60]. Graph-theoretic modelling extends this
analysis by characterising global network organisation. Several studies
report reduced global efficiency, decreased clustering coefficients, and
disrupted hub architecture in MCI and AD, suggesting a shift toward a
more fragmented and less integrated network structure [44,61,62]. Min-
imum Spanning Tree representations derived from wPLI connectivity
further suggest disease-related topological alterations across MCI, AD,
and frontotemporal dementia, and in some cases have been reported to
be more stable than conventional connectivity estimators [63]. Longi-
tudinal analyses suggest that progressive reductions in network density
and increasing divergence from normative topology are associated with
conversion from MCI to AD [64,65], highlighting the potential of net-
work metrics for prognostic assessment.

Recent computational advances reinforce the relevance of network
information. Graph-based representations, including visibility graph

transformations of ERP dynamics, have shown promising reported per-
formance in identifying prodromal AD and MCI converters [66,67].
Graph convolutional networks that explicitly model connectivity struc-
ture have also been reported to perform well in early impairment clas-
sification [68], supporting the view that preserving network topology
may enhance sensitivity to subtle disease-related alterations. Collec-
tively, connectivity and graph-theoretic biomarkers suggest functional
disruption of cortical systems in early cognitive impairment. Network-
level disturbances may complement local spectral abnormalities as can-
didate indicators of MCI and possible predictors of Alzheimer’s disease
progression.

3.2.4. Event-related potentials

Event-related potentials (ERPs) offer high temporal resolution to
index neural processes that may deteriorate before overt behavioural
symptoms emerge. Early sensory components, such as the P200 and
N200, exhibit altered amplitudes and prolonged latencies in individ-
uals with MCI/AD, suggesting disruptions in attentional allocation and
conflict-monitoring [27,69]. Later cognitive components show recurrent
abnormalities. The P300, particularly its P3b sub-component, shows
reduced amplitude and delayed latency across oddball and working-
memory paradigms, making it a commonly studied marker for differ-
ential diagnosis [12,69]. Similarly, language-related components such
as the N400 and P600 are attenuated and delayed in early impairment,
consistent with altered semantic integration and syntactic processing
[70].

Some ERP measures have also been explored for prognostic mod-
elling beyond cross-sectional discrimination. For instance, source-level
features of the resting-state P3b have been reported to differentiate sta-
ble MCI from cases that progress to AD [36], and task-evoked responses
during working-memory paradigms may yield stronger predictive ac-
curacy than resting-state measures alone [71]. The practical appeal of
these markers is reinforced by their feasibility in low-resource settings;
even single-channel recordings paired with lightweight classifiers have
shown promising MCI classification performance [11]. A summary of
key ERP components, their characteristic changes, and typical experi-
mental paradigms is presented in Table 6.

3.2.5. Sleep-derived biomarkers

Sleep physiology may provide a window into early neurodegen-
eration, as both non-rapid eye movement (NREM; N1-N3) and rapid
eye movement (REM) sleep support memory consolidation, synaptic
homeostasis, and glymphatic clearance, all of which are disrupted in
Alzheimer’s disease. In healthy adults, N1 typically accounts for approx-
imately 5% of total sleep time, N2 for 45-55%, N3 for 15-25%, and REM
sleep for 20-25%, although these proportions vary with age. Standard
staging follows criteria from the American Academy of Sleep Medicine
(AASM) and integrates EEG, EOG, and EMG signals to characterise sleep
architecture [72]. A summary is provided in Table 7.

Empirical evidence links disrupted sleep architecture with early
cognitive decline. Reduced slow-wave sleep (N3), lower spindle den-
sity, and shortened REM duration are associated with amyloid burden
and impaired memory consolidation [73,74]. Large-scale polysomno-
graphic analyses report that both AD and amnestic MCI show re-
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Summary of major ERP components, directionality of change, and typical paradigms in early cognitive impairment.

ERP Component Cognitive Function

Typical Paradigm

Change in MCI/AD

P200 Early attention and perceptual processing Oddball; visual discrimination Amplitude | ; Latency f(inconsistent)

N200 Conflict detection and cognitive control Oddball; Go/No-Go Amplitude | (AD); latency alterations in MCI
P300 (P3b) Attention allocation and working memory updating Oddball; working memory Latency 1 (delayed); Amplitude | (reduced)
N400 / P600 Semantic processing and language integration Semantic priming; language tasks Latency 1 ; Amplitude |

Table 7

Typical EEG, EOG, EMG patterns and change of proportion in MCI/AD across sleep stages.

Stage EEG EOG EMG Change in MCI/AD

N1 - Transition from wake to Low-voltage mixed-frequency, theta Slow rolling eye Slight decrease from 1 (increased proportion; fragmented sleep)

sleep (4-8 Hz) movements wake

N2 - Light sleep; largest portion Sleep spindles (12-15 Hz), K- Minimal Reduced 1 N2 proportion and/or | spindle density
complexes

N3 - Deep slow-wave sleep; mem- High-amplitude delta (0.5-4 Hz) Minimal Low | (reduced slow-wave sleep)

ory consolidation
REM - Dreaming; memory consol-
idation

Low-voltage mixed-frequency, similar
to wake

Rapid eye movements

Very low (atonia) | (reduced REM duration)

duced total sleep time, decreased N3 and REM sleep, and increased
lighter stages (N1/N2), consistent with fragmented and less restora-
tive sleep [75]. Lower N3 and REM proportions have also been associ-
ated with poorer learning and episodic memory performance, support-
ing a possible mechanistic link between sleep disruption and cognitive
decline.

Sleep EEG has also shown discriminative performance for distin-
guishing MCI from controls [76]. Semi-supervised approaches using
spatio-temporal sleep features report diagnostic accuracy around 90%
for AD, and large-scale spectral and coherence analyses achieve area
under the receiver operating characteristic curve (AUROC) values be-
tween 0.73 and 0.78 [28,77]. Sleep measures have also been incor-
porated into risk prediction models; a polysomnography-based nomo-
gram in 817 participants reported AUC values of 0.968 in training
and 0.953 in validation cohorts for aMCI detection [78]. Together,
these findings suggest that sleep-derived measurements may comple-
ment waking EEG in computational pipelines for MCI and prodro-
mal AD, although the evidence base remains smaller than for waking
EEG.

3.3. Computational modelling

The development of computational models for EEG-centred MCI and
AD classification has evolved from statistical approaches to machine
learning and, more recently, deep learning (Fig. 4). Early studies (pre-
2015) were based on signal-processing and statistical modelling, rely-
ing on handcrafted features such as spectral power, coherence, and en-
tropy, analysed using linear classifiers and conventional statistical meth-
ods [79,80]. These approaches established foundational feature sets but
were limited in their ability to capture complex patterns. From approxi-
mately 2015 onwards, classical machine-learning methods became dom-
inant, driven by increased data availability and advances in feature engi-
neering. Models such as support vector machines, random forests, and
k-nearest neighbours enabled more flexible classification, particularly
when combined with connectivity, nonlinear, and time—frequency fea-
tures [56,81]. Since 2018, deep learning has expanded rapidly, with
convolutional, recurrent, and graph-based architectures applied to raw
signals and derived representations such as spectrograms and connec-
tivity matrices [14,38]. These models enable representation learning di-
rectly from data and have reported high performance in some datasets,
particularly larger or more structured datasets.

Rather than replacing earlier methods, these paradigms now coex-
ist as complementary approaches. Classical models may remain useful
in small-sample settings and offer greater interpretability, while deep
learning provides scalable representation learning when adequate data

and validation are available. Hybrid strategies, combining deep feature
extraction with conventional classifiers, may help balance performance
and clinical interpretability.

3.3.1. Modelling architectures

Computational models can be broadly grouped into three strategies,
differing in how physiological signals are represented and where feature
learning occurs.

Traditional machine learning relies on handcrafted features de-
rived during preprocessing, including spectral power, entropy, Hjorth
parameters, and connectivity measures (Fig. 5). These representations
are typically combined with classifiers such as support vector machines,
random forests, and k-nearest neighbours. Such models may remain use-
ful, particularly in small datasets or when interpretability is required,
and have reported high performance using well-designed feature sets
[47,82]. Deep learning integrates feature learning within the model,
enabling automatic extraction of spatial, temporal, and spectral repre-
sentations from raw or minimally processed signals. Architectures such
as convolutional, recurrent, and attention-based networks have been ap-
plied to time series, spectrograms, and connectivity matrices, with high
reported performance across some classification tasks [14,35,45]. These
approaches may be advantageous in larger datasets but typically involve
reduced interpretability.

Hybrid approaches combine deep networks as feature extractors
with classical machine-learning classifiers (Fig. 6). This strategy is es-
pecially useful in small-sample settings, where learned representations
can improve separability while simpler classifiers provide stable deci-
sion boundaries. Multimodal extensions, integrating signals such as EEG
and heart rate variability, further enhance performance compared to
unimodal models [83,84].

Overall, these modelling paradigms are complementary rather than
competing. Traditional methods offer interpretability and robustness in
limited data, while deep learning enables scalable representation learn-
ing, and hybrid approaches provide a practical balance between the
two.

3.3.2. Model performance patterns

Reported performance was most consistently available as accuracy
(Table 8): all 120 task rows included accuracy, whereas validation type
was available for 57 rows (47.5%), sensitivity for 40 rows (33.3%),
specificity for 41 rows (34.2%), and AUC for 19 rows (15.8%). Con-
sequently, the quantitative summaries below use accuracy for descrip-
tive comparability, but they should be interpreted alongside the limited
availability of threshold-independent and class-imbalance-aware met-
rics.
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Fig. 4. Evolution of computational modelling approaches in EEG-centred MCI and AD studies (2005-2025).
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Fig. 6. Deep learning and hybrid pipelines for EEG-centred MCI and AD modelling.

Table 8
Availability of reported performance metrics across extracted task-level
rows.

Metric Available task rows
Accuracy 120 (100%)
Validation type 57 (47.5%)
Sensitivity 40 (33.3%)
Specificity 41 (34.2%)
Fl1-score 31 (25.8%)

AUC 19 (15.8%)
Precision 23 (19.2%)
Recall 17 (14.2%)

Cross-study summaries of model categories provide a useful
overview of how reported performance is distributed across the litera-
ture. However, these patterns require contextual interpretation because
the included studies differed in cohort composition, diagnostic con-
trast, sample size, signal acquisition, preprocessing, feature selection,
class balance, reporting unit, and validation strategy. The summaries
are therefore intended to describe published performance patterns and
their variability, rather than to isolate the independent effect of model
architecture.

Table 9 summarises the descriptive model-category results. Within
the published evidence, deep-learning approaches (N = 43 task-level
rows) had the highest median reported accuracy (95.04%), followed by

Table 9
Descriptive summary of reported accuracy patterns by model category.

Model Category N  Mean Accuracy SD  Median IQR  Min Max

Classical ML 66 90.52 7.77 92.00 10.20 71.25 100.00
Deep Learning 43 93.48 6.28 95.04 7.73 72.67 100.00
Statistical 11 90.03 6.97 93.06 12.03 79.06 98.04

statistical approaches (N = 11; median 93.06%) and classical machine-
learning approaches (N = 66; median 92%). Classical machine-learning
results showed substantial dispersion (IQR 10.2), while statistical ap-
proaches had the widest IQR (12.03). Deep-learning results had an IQR
of 7.73. These descriptive patterns show how reported performance and
variability are distributed across the current literature. However, the ob-
served differences may reflect variation in study populations, diagnostic
tasks, dataset complexity, preprocessing, validation rigour, and report-
ing practices in addition to modelling approach. Higher median reported
accuracy in one category should therefore not, by itself, be interpreted
as evidence of inherent model superiority.

Within the HC-versus-MCI subset, the exploratory fitted line in Fig. 7
had a positive slope (§ = 0.651 percentage points per year; R* = 0.111).
Each of the 55 observations represents a different study. This descrip-
tive pattern does not establish a temporal improvement in model perfor-
mance because the studies differ in cohorts, acquisition and preprocess-
ing, modelling approaches, validation designs, and reporting practices.
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Fig. 7. Exploratory trend in reported accuracy for HC-versus-MCI classification over time. Each point represents one study, and the dashed line is a descriptive linear

fit without an inferential confidence band.

Table 10

Summary statistics of accuracy across main classification tasks.
Task N  Mean Accuracy SD Median IQR Min Max
HCvsMCI 55 9197 6.23 92.05 8.81 79.06 100.0
HCvsMCIvsAD 31 90.75 7.89 93.40 9.56 72.63 98.9
MCIvsAD 17 87.90 8.92 90.00 12.61 71.25 100.0

Near-perfect or perfect values should therefore be interpreted in relation
to sample size, validation type, and leakage risk rather than treated as
evidence of clinical readiness.

3.3.3. Task-level performance

Performance was summarised at the task level, where each diagnos-
tic contrast reported in a study (e.g., HC vs MCI, MCI vs AD, HC vs MCI
vs AD) was treated as one observation. A study could contribute differ-
ent contrasts, so the number of task rows could exceed the number of
studies, but no study contributed more than one selected value within
the same diagnostic task.

Performance varied by task type, as shown in Table 10. HC-MCI clas-
sification was the most frequently evaluated task (N = 55) and had high
reported accuracy (median 92.05%, IQR 8.81). Three-class HC-MCI-AD
classification (N = 31) showed comparable central performance (me-
dian 93.4%) with slightly greater dispersion, reflecting increased multi-
class decision complexity. In contrast, the MCI-AD task (N = 17) had
the lowest median reported accuracy (90%) and the widest variability
(IQR 12.61), indicating substantial heterogeneity in performance across
studies. This reduced separability likely reflects the physiological and
cognitive proximity between adjacent clinical stages relative to contrasts
involving healthy controls.

As a descriptive heterogeneity summary in the absence of a formal
meta-analysis, the HC-vs-MCI accuracy subset (N = 55) spans 79.06%
to 100% (range 20.9 percentage points; IQR 8.81; SD 6.23; coefficient of
variation 6.8%). A spread of this magnitude within a single diagnostic
contrast, in a literature with widely varying acquisition protocols, cohort
definitions, validation schemes, and class-balance handling, is consistent
with substantial between-study heterogeneity and supports the decision
to synthesise narratively rather than pool quantitatively.

3.3.4. Exploratory association with sample size

Within the HC-versus-MCI subset, the exploratory fit between re-
ported accuracy and log-transformed sample size had a negative slope
(p = -3.592 percentage points per ten-fold increase in sample size; R?
= 0.042; Fig. 8). Each of the 55 observations represents a different

study. The weak descriptive fit should not be interpreted as an indepen-
dent effect of sample size because cohort composition, model type, pre-
processing, validation rigour, and reporting practices also varied across
studies. Smaller studies may be more vulnerable to overfitting and op-
timistic internal validation, whereas larger cohorts may contain greater
clinical and acquisition heterogeneity. The plot is therefore hypothesis-
generating rather than inferential.

3.3.5. Interpretability and clinical translation

Across the reviewed studies, both traditional machine learning and
deep learning were frequently associated with high reported perfor-
mance, with many recent works reporting accuracies above 95 percent
and several reporting perfect or near-perfect accuracy under internal
validation settings [14,35,84]. These values should be treated as re-
ported estimates rather than as direct evidence of deployment-ready per-
formance, particularly when cohorts were small, validation was internal,
or subject-level separation was unclear. Traditional machine-learning
models often performed well when paired with carefully engineered
spectral, entropy, nonlinear, and connectivity features [12,82]. Deep-
learning models were increasingly used with spectrograms, connectivity
matrices, and raw multichannel EEG, but claims of superiority remain
difficult to establish without standardised datasets, external validation,
and comparable task definitions [45,84,85].

Within the deep-learning subset, architectural coverage was un-
even: convolutional networks dominated reported applications, while
transformer, graph neural network, and recurrent architectures such as
long short-term memory (LSTM), gated recurrent unit (GRU), and bidi-
rectional long short-term memory (BiLSTM) models were each repre-
sented by only a small number of task-level entries. Direct compari-
son of these specific architectures on the same diagnostic contrast was
therefore not statistically meaningful in the present dataset, and re-
ported performance differences between architectural families should
not be interpreted as evidence of intrinsic superiority. A more sys-
tematic architecture-by-architecture comparison would require bench-
mark datasets, fixed validation protocols, and matched preprocessing
pipelines, which the current literature does not consistently provide.

The major trade-off lies in interpretability. Deep learning can learn
richer signal representations, but the internal representations are diffi-
cult to interpret and may be unstable when training data are limited.
Emerging explainable AI methods such as SHapley Additive exPlana-
tions (SHAP) and attention visualisation help address this limitation
[86], yet interpretability remains lower than in many classical mod-
els. Traditional machine learning retains an advantage in transparency
because feature weights, channel contributions and decision rules can
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Fig. 8. Exploratory relationship between reported accuracy and sample size for HC-versus-MCI classification. Each point represents one study, and the dashed line

is a descriptive linear fit without an inferential confidence band.

often be inspected directly. In summary, traditional machine learning re-
mains well suited to smaller datasets with strong handcrafted features,
while deep learning may provide scalability when larger, well-validated
datasets are available. Hybrid pipelines bridge these strengths by using
deep networks for representation learning and classical models for more
interpretable decision-making.

3.3.6. Classification vs prognostic prediction

Most studies focus on cross-sectional classification tasks (e.g., HC
vs MCI or MCI vs AD), and many report high performance across both
machine-learning and deep-learning approaches. This indicates substan-
tial activity in EEG-centred diagnostic discrimination, but it does not es-
tablish prospective early detection. A focused audit identified 9 of 118
studies with progression-related analyses (Table 11). These studies are
heterogeneous: some used baseline EEG to predict later outcomes, some
compared stable and converted MCI groups after follow-up [36], and
others explored within-person EEG changes over time. Early work sug-
gested that EEG features may capture changes associated with future
conversion from MCI to AD [87]. More recent studies have examined
network-based and nonlinear features, including functional connectiv-
ity, graph metrics, and signal complexity, as candidate indicators of
progression risk [49,64,65]. Temporal dynamics and time-varying con-
nectivity have also been explored for predicting decline before clinical
diagnosis [17,18,88].

However, several methodological limitations constrain interpreta-
tion. First, many studies rely on retrospective discrimination using base-
line data rather than explicit probability-based risk models [64,65].
Second, performance is often reported at the epoch or intra-subject
level, which can overestimate clinically relevant subject-level accuracy
[15,17]. Third, most studies rely on internal validation within single co-
horts, with no independent external replication, limiting generalisability
[18,88]. Fourth, incident-dementia and conversion studies rarely report
time-to-event modelling, censoring, or competing-risk handling, making
it difficult to determine whether models estimate future risk or simply
discriminate observed diagnostic groups. Overall, cross-sectional classi-
fication is much more developed than prognostic modelling.

When the 9 progression-related studies were examined using the cus-
tomised PROBAST-informed framework, the overall classification varied
with the operational sample-size specification. Four studies were rated
High at thresholds of 30 and 50 participants, and five were rated High
at thresholds of 75 and 100 participants; two studies remained Unclear
under each threshold. When sample size was excluded, none was rated
High, seven were rated Low, and two were rated Unclear. Among the re-
maining domains, validation, class-imbalance handling, and reference-
standard clarity were each rated Low in 8 studies and Unclear in 1,

10

while data-leakage risk was Low in 7 and Unclear in 2. These domain
ratings should not be interpreted as evidence of clinical readiness: none
of the nine studies reported external validation, and none used time-to-
event modelling or explicitly addressed censoring and competing risks.
Small longitudinal cohorts, few participants who progressed to AD, vari-
ation in follow-up duration, heterogeneous progression definitions, and
different assessment schedules further limit comparison across studies.
Collectively, the available evidence supports exploratory associations
between EEG features and progression, but it does not yet establish gen-
eralisable individual-level prognostic models.

3.4. Risk of bias

The validation and reporting profile in Table 12 highlights a major
translational bottleneck for the included computational models. Exter-
nal validation was reported in only 1 of 118 studies, whereas 74 studies
relied on internal validation only. Class imbalance was present in 48
studies, and 22 studies were rated high risk for data leakage. These find-
ings indicate that an important limitation is not simply model choice,
but the reliability of validation and reporting practices.

Table 13 shows the number and percentage of studies rated Low,
High, or Unclear in each methodological domain, with sample size dis-
played separately under each operational threshold. Class-imbalance
handling was rated Low risk in 99% of studies, validation strategy in
86%, and reference-standard clarity in 87%. Most studies with Low
validation risk used approaches such as leave-one-subject-out cross-
validation or subject-wise hold-out. Studies with clear reference stan-
dards reported diagnostic criteria including NINCDS-ADRDA, DSM-5,
Petersen criteria for MCI, or defined cognitive-test thresholds such as
MMSE or MoCA cut-offs.

Data leakage remained an important concern: 68% of studies were
rated Low risk, 19% High risk, and 13% Unclear. Identified concerns
included possible epoch- or window-level overlap between training and
test data, unclear subject-level separation, and feature-selection proce-
dures that may have used information from the full dataset. Such prac-
tices can lead to overfitting, inflate model-performance estimates, and
limit interpretability.

As shown in Fig. 9, the proportion classified as High overall risk
ranged from 38.1% using the 30-participant threshold to 69.5% using
the 100-participant threshold. When the sample-size domain was ex-
cluded, 22.0% remained at High overall risk, 56.8% were Low, and
21.2% were Unclear. The overall-risk distribution therefore depended
substantially on the sample-size specification. Lowering or excluding the
threshold moved some studies from High to Unclear because incomplete
reporting remained in other domains.
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Progression-related EEG evidence. The studies differ in cohort composition, follow-up design, endpoint definition, and validation strategy; reported perfor-
mance values should therefore not be compared directly.

Study Cohort and follow-up Progression-related endpoint and EEG representa- ~ Main reported result and interpretive limitation
tion
[87] 29 participants; MCI outcomes observed over 1-3 ~ MCI-to-AD progression; multivariate statistical  Four of five MCI participants with AD-like patterns
years pattern recognition later progressed; exploratory pilot cohort.
[64] 25 MCI participants; two evaluations over 3 MCI-to-AD conversion; nonlinear connectivity and Four converters showed reduced network density;
months network-density change descriptive analysis in a small cohort.
[65] 15 participants; repeated EEG over 3 months MCI-to-AD evolution; network coefficients and  Proposed conversion coefficient to support expert
motifs review; no validated prospective risk model.
[36] 175 participants, including 135 MCI; follow-up  Stable versus converted MCI; spatial-filtered  Stable-versus-converter accuracy was 74.1%; sub-
duration not clearly reported resting-state P3b dynamics group discrimination after follow-up.
[15] Four MCI converters; two evaluations over 3 Within-person MCI-to-AD change; HD-EEG Reported intra-subject accuracy up to 98.97%;
months channel-frequency maps with explainable CNN only four converters and no subject-level prognos-
tic validation.
[49] 205 participants; longitudinal MCI subset (n = 72)  Stable versus converted MCI; resting-state holo-  Longitudinal analysis reported sensitivity of 0.90
followed for up to 3 years spectral features and specificity of 0.80; internal cohort.
[88] 137 participants; progression-trend analysis over ~ Cognitive-decline trend; time-varying resting-state Progression-trend accuracy was 84.61%; subset
9-18 months in an availability-limited subset connectivity score size was not stated in the extracted report.
[17] 107 aMCI participants; 18-month follow-up Stable versus progressive aMCI; spectral, nonlin- Subject-based accuracy was 78.37% (AUC
ear, and connectivity features 83.89%); epoch-based estimates were much
higher.
[18] 65 aMCI participants; four EEG assessments over  Stable versus progressive aMCI; longitudinal spec- SVM accuracy was 94.92%; requires independent

12 months

tral, nonlinear, and connectivity features

external replication.

Table 12

Validation and reporting profile across included studies.

Studies (%)

Overall risk . Low . Unclear . High

Fig. 9. Sensitivity of overall risk-of-bias classifications to the operational sample-size specification. Bars show the percentage of 118 studies classified as High,
Unclear, or Low overall risk using participant thresholds of 30, 50, 75, and 100, and after excluding the sample-size domain. Participant thresholds are operational
sensitivity specifications and do not represent validated minimum sample sizes.

Indicator

Studies n (%)

External validation reported
Internal validation only
No/unclear predictive validation
Class imbalance reported
Sensitivity or specificity reported
High data-leakage risk

1 (0.8%)

74 (62.7%)
43 (36.4%)
48 (40.7%)
90 (76.3%)
22 (18.6%)

The sensitivity of the composite classification does not remove the
independently observed methodological concerns. Twenty-two studies
were at high risk of data leakage, only one reported external validation,
and many relied exclusively on internal validation. Conclusions concern-
ing reproducibility and generalisability should therefore be based on the
complete domain profile rather than a single overall-risk percentage.
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Table 13

<30 participants 43.2% 18.6% 38.1%
<50 participants 30.5% 15.3% 54.2%
<75 participants 22.9% 10.2% 66.9%
<100 participants 21.2% 9.3% 69.5%
Sample-size domain excluded 56.8% 21.2% 22.0%
0% 20% 40% 60% 80% 100%

Risk-of-bias judgements across methodological domains, with sample size

shown under four operational specifications.

Domain Low risk n (%)

High risk n (%)

Unclear n (%)

Sample size: <30 participants 95 (80.5%)

Sample size: <50 participants 68 (57.6%)
Sample size: <75 participants 52 (44.1%)
Sample size: <100 participants 46 (39%)

Validation strategy

Class imbalance handling
Data leakage

Reference standard clarity

101 (85.6%)
117 (99.2%)
80 (67.8%)

103 (87.3%)

22 (18.6%)
49 (41.5%)
65 (55.1%)
71 (60.2%)
12 (10.2%)
0 (0%)

22 (18.6%)
0 (0%)

1 (0.8%)
1 (0.8%)
1 (0.8%)
1 (0.8%)
5 (4.2%)
1 (0.8%)
16 (13.6%)
15 (12.7%)

4. Discussion and conclusions

This review advances the evaluation of EEG-centred computational
biomarkers by integrating three elements that have commonly been
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considered separately: neurophysiological biomarker findings, compu-
tational model performance, and methodological validity. The recur-
ring observations of spectral slowing, reduced signal complexity, altered
event-related potentials, and disrupted functional connectivity reinforce
the biological consistency of candidate EEG markers reported in previ-
ous reviews [5-7]. The present synthesis extends this evidence by de-
termining whether the computational studies supporting these markers
used methods capable of producing reliable and generalisable perfor-
mance estimates.

The PROBAST-informed assessment identifies a performance para-
dox, although the estimated prevalence of High overall risk depends on
how sample-size concerns are operationalised. Across thresholds of 30,
50, 75, and 100 participants, the proportion classified as High ranged
from 38.1% to 69.5% and decreased to 22.0% when sample size was
excluded. No single overall percentage should therefore be interpreted
as threshold-independent. Nevertheless, frequently reported accuracy
above 95% coexisted with 22 studies at high risk of data leakage, exten-
sive reliance on internal validation, and only one external validation.
In addition, only nine studies examined longitudinal progression, and
none used time-to-event modelling. These findings provide a quantita-
tive explanation for the gap between high reported accuracy and lim-
ited clinical adoption. The contribution of this review therefore extends
beyond summarising which biomarkers or models performed well. It es-
tablishes how validation design, sample adequacy, leakage control, and
study purpose determine the credibility and translational relevance of
that performance.

Our findings caution against overconfident interpretation of high ac-
curacy claims in the absence of rigorous validation. The following pri-
orities emerge for future research:

e Participant-level validation should become standard. Epoch-level
splitting should be explicitly avoided; leave-one-subject-out or
subject-wise hold-out validation is important for unbiased perfor-
mance estimation.

e Sample size adequacy requires justification. Studies should report

power calculations or demonstrate that sample sizes are sufficient

for the modelling approach used, particularly for deep learning.

External validation is urgently needed. Models validated only on

single-centre, internal datasets cannot be assumed to generalise;

multi-site replication studies are important.

e Model-class selection should reflect data scale and validation con-
straints. Traditional machine learning paired with well-engineered
features may remain effective in small datasets where interpretabil-
ity and stability matter, while deep learning may provide scalabil-
ity for larger and multimodal datasets; both face validation and in-
terpretability challenges that motivate hybrid and explainable ap-
proaches.

e Prognostic modelling should be prioritised. Cross-sectional classi-
fication is more developed than longitudinal modelling; the field
should move toward prediction of conversion risk and time-to-event
outcomes.

e Subgroup and recording-context reporting should improve. The ex-
tracted datasets did not support sex- or age-stratified performance
analysis, and recording context was not consistently available in a
structured form. Future studies should report subgroup performance,
acquisition setting, device type, and protocol details to support fair-
ness, reproducibility, and real-world deployment assessment.

This review has several limitations. The protocol was not prospec-
tively registered, and the customised PROBAST-informed framework
represents a review-specific methodological screen rather than a com-
plete validated PROBAST + Al assessment. The search was limited to
three databases and English-language journal articles; broad search
terms, search-stage exclusions, and the exclusion of conference and grey
literature may have reduced coverage of specialised, multimodal, or en-
gineering studies. Study heterogeneity precluded formal meta-analysis,
and selecting the highest eligible accuracy for each study-task combina-

12

Neuroscience Informatics 6 (2026) 100298

tion emphasised the upper range of reported performance. The findings
should therefore be interpreted as a descriptive synthesis rather than
pooled estimates of expected clinical performance.

In conclusion, EEG-centred computational biomarker approaches
show promise for distinguishing MCI and early AD from healthy age-
ing, particularly when they integrate interpretable spectral, nonlinear,
event-related, and connectivity-derived features. However, the current
literature is characterised by a performance paradox: impressive re-
ported accuracies coexist with methodological weaknesses that threaten
validity. Without rigorous, independent validation and attention to fun-
damental sources of bias, the risk of overfitting and non-generalisable
findings remains high. Future progress depends less on developing ever
more complex models and more on design-specific sample-size planning,
strict subject-level separation, external validation, and longitudinal out-
come modelling within reproducible analytical pipelines.
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