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Highlights

What are the main findings?

Frontal-midline theta oscillations are the most robust EEG biomarker across cognitive
domains, with large effect sizes for response inhibition (k = 12; 4 = 0.89, 95% CI
[0.72,1.07]) and learning/memory consolidation (k = 10; d = 0.70, 95% CI [0.50, 0.89]),
demonstrating a domain-general role in adaptive behavior. These findings showed
a substantial consistency across the studies reviewed (I? = 0.0%); however, this low
heterogeneity should be interpreted with caution given the methodological diversity
across paradigms, populations, and EEG systems.

The late positive potential (LPP) serves as a potentially sensitive neurophysiological
indicator of emotional processing (k = 18; d = 0.87, 95% CI [0.75, 1.00]) and emotion
regulation success via cognitive reappraisal (k = 14; d = —0.65, 95% CI [-0.79, —0.51]),
supporting its candidacy as a potential treatment target and outcome measure in
clinical interventions, subject to further validation.

Neurofeedback interventions show promising effects with effect sizes in a range
comparable to some established treatments, with preliminary evidence of very large
effects for PTSD (k = 2; d = —1.98, 95% CI [-2.50, —1.47])—though based on only
two studies and requiring independent replication—and moderate effects for anxiety
(d =—0.62), ADHD (d = —0.60), and depression (d = —0.42).

Near-zero heterogeneity (I> = 0.0% for six of seven primary meta-analyses) indicates a
substantial consistency across the studies reviewed, pending independent replication
in prospective cohorts; this should be interpreted cautiously as it may reflect restrictive
inclusion criteria or insufficient statistical power rather than true homogeneity.

What are the implications of the main findings?

EEG-based biomarkers offer a cost-effective, non-invasive pathway for personalized
mental health assessment, enabling the prediction of treatment response (e.g., gender-
specific frontal alpha asymmetry for antidepressant outcomes), real-time monitoring
of emotional states in clinical populations, and brain—computer interface applications
for adaptive intervention support.

A four-phase implementation framework can guide clinical translation, addressing
(1) technical infrastructure standardization, (2) clinical validation pathways, (3) accessi-
ble technology development, and (4) ethical training and implementation — bridging
the gap between research findings and routine clinical practice.

The consistency of EEG biomarker effects across the studies reviewed (I? = 0.0% for
six of seven analyses) is encouraging; however, independent replication in diverse,
prospective cohorts is required before these findings can inform clinical practice,
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highlighting the potential of EEG-based measures for future applications contingent
on methodological standardization and prospective validation.

Abstract

Background: Electroencephalography (EEG) provides millisecond-resolution measure-
ments of neural activity, offering a unique potential to identify biomarkers of cognition,
emotion, and mental health. However, the proliferation of methodologically diverse
studies necessitates systematic synthesis to establish the reliability and clinical utility of pro-
posed EEG biomarkers. Methods: Following PRISMA 2020 guidelines, we systematically
searched PubMed, PsycINFO, Web of Science, and Scopus for studies published 2015-2025
examining EEG correlates of cognitive control, learning, emotion regulation, and mental
health. From 3847 initial records, k = 210 unique studies (estimated n ~ 9935 participants
across 38 countries; see Methods for sample size derivation) met the inclusion criteria.
Randome-effects meta-analyses estimated pooled effect sizes for primary EEG markers
across five research domains. Results: Frontal-midline theta demonstrated robust effects
for cognitive control (k =12; d = 0.89, 95% CI [0.72, 1.07]; I? = 0.0%) and learning /memory
(k=10;d =0.70, 95% CI [0.50, 0.89]). The late positive potential indexed emotional process-
ing (k= 18;d = 0.87,95% CI [0.75, 1.00]) and regulation success (k = 14; d = —0.65, 95% CI
[—0.79, —0.51]). Neurofeedback showed very large effects for PTSD (k = 2; d = —1.98, 95%
CI[—-2.50, —1.47]) and moderate effects for anxiety (d = —0.62), ADHD (d = —0.60), and
depression (d = —0.42). Alpha event-related desynchronization marked cognitive engage-
ment (k = 18; d = —0.70, 95% CI [—0.85, —0.55]). Heterogeneity was negligible (I = 0.0%) in
most analyses, except for clinical interventions, which showed condition-explained hetero-
geneity (I = 75.4%). Conclusions: EEG biomarkers demonstrate substantial effect sizes
and a notable consistency across cognitive and clinical domains, supporting their potential
as candidate neurophysiological indicators for diagnostic research, the investigation of
treatment response, and intervention monitoring. Causal claims are not warranted from
this evidence base alone. A four-phase implementation framework is proposed to facilitate
clinical translation. Future research should prioritize methodological standardization,
diverse samples, and real-world validation.

Keywords: electroencephalography; EEG biomarkers; cognitive control; frontal-midline
theta; emotion regulation; late positive potential; neurofeedback; PTSD; mental health;
systematic review; meta-analysis

1. Introduction
1.1. The Digital Window to the Mind: EEG in Cognitive and Affective Neuroscience

The human brain, made up of 86 billion neurons, is constantly generating electrical
impulses that can be recorded without harm using electroencephalography (EEG). Since
the first records were taken by Hans Berger in 1924, EEG has developed from a simple
diagnostic technique to a powerful methodological tool for studying the neural basis of cog-
nition, emotions, and mental illness. EEG’s millisecond-resolution provides a time-domain
window into the dynamics of human cognition, learning, and emotional experiences [1-4].

Neuroscience today has seen a paradigmatic shift towards the idea of the brain as a
complex, integrated system in which cognitive and emotional processes are inseparable.
The connection between cognitive and emotional processes is particularly apparent in
the realm of learning, where the acquisition of knowledge depends on both cognitive
mechanisms, such as attention and memory, and emotional states, which affect motivation,
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engagement, and retention. EEG allows researchers to study the interactions of these two
sets of processes in real time, and this research has the potential to lead to transforma-
tional applications in education, clinical practice, and our general understanding of the
human mind [5-9].

The importance of regulating action- and goal-directed behavior has been widely sup-
ported by EEG studies, which demonstrate that cognitive control is impossible without it.
Studies using paradigms such as the Go/NoGo task, the Stroop task, and the Flanker task have
identified specific neural oscillations and event-related potentials (ERPs) that characterize
the inhibition of responses, conflict monitoring, and error responses to stimuli. These neural
indicators represent objective signs of cognitive processing and can provide mechanistic
explanations for how individuals may differ in their ability to perform tasks [10-14].

1.2. Cognitive Control and Executive Function: Neural Signatures of Mental Regulation

Executive function can be defined as a group of high-level cognitive functions that
enable people to act flexibly in changing circumstances; they are the “mental tools” that
allow us to think and perform a wide variety of mental operations. In particular, cognitive
control is the process by which we guide our thinking, actions, and feelings in line with our
intentions. EEG research has been essential in uncovering how cognition is represented by
the neural mechanisms underlying executive function, including the identification of specific
EEG patterns and ERPs associated with different types of executive functioning [15-19].

The inhibitory control component of executive function has been a key area of study
using paradigms that measure the suppression of prepotent (pre-existing) responses. Re-
cent research examining the relationship between theta-band activity in the ventromedial
prefrontal cortex prior to task execution (i.e., before the subject responds) and after the task
execution (i.e., while the subject responds) demonstrated the role of this brain region in both
inhibitory and proactive control processes. Theta-band activity appears to reflect a state
of preparation or anticipation of future performance on inhibition tasks. The relationship
between pre-trial theta activity and theta-related processes during response inhibition
demonstrates the network-like distribution of cognitive control across the brain, involving
prefrontal regions [20-26].

The recent application of deep learning techniques to single-trial EEG data provides
new insights into the representation of action control processes, highlighting the need to
understand the relationship between attention and the response-selection sub-processes
involved in goal-directed behavior. Recent advances in methodology have enabled re-
searchers to identify neurophysiological correlates of cognitive processes with previously
unattainable resolution, highlighting the attentional and motor response-selection processes
involved in conflict monitoring and action control [27-33].

The error-related negativity (ERN), a negative peak in the EEG signal that occurs
approximately 50-100 ms post-error response, is widely accepted as a reliable marker of
performance monitoring. It originates primarily from the anterior cingulate cortex, reflects
the detection of conflict between intended and executed actions, and is an important signal
for behavioral adjustment. Similar to the ERN, the N2 component observed in conflict
tasks such as the Flanker paradigm also indexes the detection of response conflict and the
engagement of control mechanisms [34-39].

Working memory, the cognitive system responsible for temporarily maintaining and
manipulating information, acts as an intermediary between attention and long-term mem-
ory. EEG studies have consistently shown that frontal-midline theta activity is associated
with the maintenance and manipulation of information in working memory, with greater
memory load associated with greater theta activity. The functional relationship between
frontal-midline theta activity and cognitive control has been investigated in studies of
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both proactive and reactive control in delayed match-to-sample tasks and Stroop tasks,
respectively, with both studies demonstrating the functional relevance of theta oscillations
in executive function [40-45].

1.3. Learning and Memory: Neural Plasticity and Consolidation Processes

EEG can offer a distinct perspective on the neural processes involved in acquiring new
knowledge and skills (learning), including the transition from encoding to consolidation
and, finally, to retrieval. The relationship between memory formation and neural oscilla-
tions has emerged as a key area of study in cognitive neuroscience, with a focus on theta
and alpha oscillations [46-51].

The procedural learning process, which involves the acquisition of motor sequences
and habits, relies on the regulation of functional relationships between nodes in motor
networks and prefrontal networks. A series of studies has indicated that post-training
modulation of oscillatory brain activity (theta) serves to stabilize memory after early
consolidation, with benefits observed when theta EEG neurofeedback is used during the
early stages of motor sequence learning [52-56].

Subjective and psychophysiological measures have been used to examine the degree
of cognitive load experienced while learning. These studies demonstrate that EEG theta-
band activity is an excellent predictor of mental effort while learning. Investigations
into how instructional design influences learning have also shown that different learning
environments affect both cognitive load and the amount of information transferred, with
EEG measures providing objective assessments of these effects [57-63].

Studies have demonstrated that neurofeedback training focused on controlling spe-
cific frequency bands may be beneficial for improving memory performance. Studies
examining the use of EEG-based neurofeedback for cognitive rehabilitation have shown
that participants can regulate their brain activity and that certain protocols are more
effective than others at improving memory performance. The alpha rhythm has been
associated with episodic and working memory performance, with improved memory
performance observed in both healthy individuals and clinical populations following
neurofeedback training [64—69].

Resting-state connectivity in the alpha frequency band has been predicted to un-
derlie individual differences in learning visuo-motor skills and in the process of offline
consolidation. These findings suggest that baseline neural states prepare the brain for
subsequent learning. The learning curve of the neurofeedback training process itself has
been studied, with common patterns of brain network dynamics identified as associated
with successful self-regulation [70-75].

1.4. Emotion Regulation and Affective Processing: The Neural Basis of Emotional Experience

The regulation of emotion, the ways individuals influence the occurrence of their
emotions, and the way they experience and express them, is considered an important
determinant of overall well-being. EEG research has identified several key brain regions
involved in emotion regulation, along with specific EEG activity patterns associated with
different emotional states and regulation strategies [76-82].

One of the most researched EEG measures of affective processing is frontal alpha
asymmetry, with relatively higher levels of activity on the left side of the frontal region of
the brain being associated with approach motivation and positive affect, while relatively
higher levels of activity on the right side of the frontal region are associated with withdrawal
motivation and negative affect. Frontal alpha asymmetry has been proposed as a measure
of affective style, with the degree of asymmetry indicating an individual’s level of emotional
reactivity and ability to regulate their emotions. Neurofeedback protocols targeting frontal
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alpha asymmetry have shown great potential for modifying this pattern of brain activity,
with increases in right-frontal alpha power following training associated with decreases in
negative affect and anxiety [83-89].

EEG-based brain—computer interfaces (BCls) have also been used to develop systems
that monitor real-time changes in emotion regulation. Research using these systems has
identified EEG features that differentiate distress from non-distress conditions, and these
features therefore have the potential to be integrated into closed-loop interventions that
adapt to an individual’s current neural and emotional state. In particular, Al-driven
neuroimaging approaches show promise for early detection and functional assessment
in populations that struggle with emotional regulation [90]. Research on parenting stress
and child behavior problems has further highlighted the importance of understanding
regulatory difficulties across developmental contexts [91].

The role of frontal-midline theta in affective processing has been studied in the context
of reinforcement learning and has been found to be associated with both threat processing
and cognitive control. Research examining the impact of feedback valence on frontal-
midline theta has found that frontal-midline theta is differentially affected by positive
and negative feedback across reward and punishment contexts, suggesting that it plays
an important role in adapting to learning environments and in mediating the interaction
between cognition and emotion [92-97].

The effects of attention bias modification (ABM) training on social anxiety have been
studied using EEG. ABM training alters the early components of attention and the late pos-
itive potential (LPP) after training. These neurophysiological changes, in the amplitudes of
N1, Visual Positivity Potential (VPP), and LPP, are correlated with symptom improvement
and help explain how cognitive interventions can alter emotional processing [98-102].

1.5. Mental Health and Clinical Populations: EEG Biomarkers of Psychopathology

Mental health conditions represent a significant global burden, affecting hundreds of
millions of individuals worldwide. EEG has emerged as a valuable tool for investigating
the neural underpinnings of psychiatric disorders and for identifying biomarkers that may
guide diagnosis and treatment. The non-invasive nature, low cost, and temporal precision of
EEG make it particularly suitable for clinical applications and large-scale studies [103,104].

Major depressive disorder (MDD) has been extensively studied using EEG, with
research revealing alterations in multiple neural markers. Machine learning approaches
have been applied to EEG data to predict treatment response in MDD, with meta-analyses
demonstrating the potential of EEG-based biomarkers for identifying patients likely to
respond to specific interventions [105]. Studies examining EEG features in first-episode and
drug-naive patients have identified distinct patterns that may serve as diagnostic markers
and predictors of treatment outcomes [106].

Post-traumatic stress disorder (PTSD) is characterized by the intrusive re-experiencing
of traumatic events, avoidance, negative alterations in cognition and mood, and hyper-
arousal. Systematic reviews and meta-analyses have demonstrated that EEG neurofeedback
training can effectively reduce PTSD symptoms [107]. Preliminary investigations using Z-
score neurofeedback have shown promising results for PTSD treatment [108]. Randomized
controlled studies have demonstrated that neurofeedback can reduce PTSD symptoms and
improve affect regulation capacities in individuals with chronic treatment-resistant PTSD,
including refugee populations [109-111].

Attention-deficit/hyperactivity disorder (ADHD) is characterized by developmentally
inappropriate levels of inattention, hyperactivity, and impulsivity. Long-term follow-up
studies of double-blind randomized controlled trials have examined the efficacy of neuro-
feedback in ADHD [112]. Meta-analyses have synthesized evidence on neurofeedback for
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ADHD, while studies comparing different protocols, including theta and beta neurofeed-
back training, have demonstrated that individuals with ADHD can learn to regulate brain
activity through neurofeedback, with effects on cognitive control [112-114].

Occupational burnout represents an emerging area of mental health concern, with
prevalence particularly high among healthcare professionals. Surveys have documented
significant burnout rates among healthcare workers at regional referral hospitals [115], and
scoping reviews have examined the prevalence and associated factors of burnout among
healthcare professionals during the COVID-19 pandemic [116].

1.6. Neurofeedback and Neuromodulation: Interventions for Enhancing Brain Function

Neurofeedback uses the operant conditioning paradigm; i.e., it provides the partici-
pant with real-time information about their brain activity so they can learn to regulate it.
Systematic reviews and meta-analyses have examined the effect of cognitive training with
neurofeedback on cognitive function in healthy adults [117]. Studies investigating alpha
neurofeedback training have demonstrated effects on cognitive performance [118].

The efficacy of neurofeedback depends on several variables, e.g., the targeted fre-
quency band, electrode placement, and the type of training protocol. Systematic reviews
have examined personalization and methodological features that facilitate training condi-
tions in children with ADHD [119]. Meta-analyses have also examined neurofeedback for
treating substance use disorders, demonstrating potential therapeutic applications [120].

Another type of intervention is transcranial direct current stimulation (tDCS), which
involves applying weak electrical currents to the scalp to alter cortical excitability. Studies
have investigated the effects of high-definition tDCS on implicit emotion regulation [121].
Multi-level meta-analyses have examined the effects of cathodal high-definition tDCS on
language and cognition [122].

Theta Burst Stimulation (TBS) is another type of intervention: a form of repetitive, non-
invasive transcranial magnetic stimulation (TMS) thought to produce a lasting decrease in
the excitability of the stimulated cortex. Research has investigated accelerated repetitive
TMS protocols for treating major depression [123]. Accelerated TMS has been identified as
a promising approach for moving into the future of depression treatment [124].

Research has examined the dynamic functional connectivity of emotion processing,
with studies demonstrating the role of beta-band activity in processing naturalistic emotion
stimuli [125]. Furthermore, studies have shown that negative emotion differentiation
promotes cognitive reappraisal, with evidence from EEG oscillations and phase-amplitude
coupling supporting the link between emotional processing and cognitive regulation [126].

Mindfulness-based interventions have also been studied for their effects on cognitive
control mechanisms. Research has demonstrated that theta oscillations shift towards the
optimal frequency for cognitive control, suggesting adaptive neural mechanisms that
underlie improved performance following training [127]. The posterior dominant rhythm
has been identified as an important EEG biomarker for cognitive recovery, with implications
for understanding how neural oscillations index cognitive state [128].

1.7. EEG Oscillations and Neural Markers: The Language of Brain Communication

Brain communication occurs via periodic rhythms of electrical activity; each frequency
band is believed to relate to specific cognitive or emotional processes. Event-related
potentials (ERPs) provide another method for observing neural processing and reflect the
synchronized brain responses to specific events. The P300 ERP component elicited by
task-relevant stimuli provides a strong index of attentional resource allocation and stimulus
evaluation. EEG studies have shown that stress affects learning by altering feedback-
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related neural activity, with effects varying by individual differences in cortisol response,
demonstrating the interactive nature of physiological states and cognitive processing [129].

1.8. Research Questions

Despite substantial progress in understanding EEG correlates of cognition, emotion, and
mental health, significant questions remain regarding the specificity, reliability, and clinical
utility of these neural markers. The present systematic review, in accordance with PRISMA
2020 guidelines [130], aims to address these gaps by synthesizing evidence across multiple
domains. Specifically, this review addresses the following five core research questions:

RQ1 (Cognitive Control and Executive Function): What are the EEG neural correlates
(frequency bands, ERPs, connectivity patterns) associated with cognitive control, executive
function, and attention processes? This includes the examination of response inhibition,
conflict monitoring, working memory, and attentional mechanisms as indexed by frontal-
midline theta, N2/P3 components, and error-related negativity (ERN).

RQ2 (Learning, Memory, and Cognitive Training): How do EEG patterns reflect learn-
ing and memory processes, including motor skill acquisition, memory consolidation, and
cognitive training effects? This encompasses both observational studies of neural plas-
ticity during learning and intervention studies examining neurofeedback-based learning
paradigms and their underlying mechanisms.

RQ3 (Emotion Regulation and Affective Processing): What EEG biomarkers characterize
emotional processing, emotion regulation, and affective states across different emotional con-
texts? This includes investigating the late positive potential (LPP) during reappraisal, frontal
alpha asymmetry in affective processing, and neural markers of attention bias modification.

RQ4 (Mental Health and Clinical Applications): What are the characteristic EEG
abnormalities and biomarkers in mental health conditions (depression, anxiety, PTSD,
ADHD, autism), and how can they inform diagnosis, treatment prediction, and therapeutic
outcomes? This encompasses both diagnostic biomarker identification and the evaluation
of EEG-based interventions, including neurofeedback and neuromodulation (tDCS/TMS)
for clinical populations.

RQ5 (Neural Oscillations and Biomarker Methodology): What EEG oscillatory pat-
terns (theta, alpha, beta, gamma) and event-related potentials are reliably associated with
cognitive and emotional processes across different paradigms? This includes methodologi-
cal considerations regarding the specificity, replicability, and ecological validity of neural
markers, as well as the effects of brain stimulation techniques on oscillatory dynamics.

By addressing these questions through a systematic synthesis of 210 empirical stud-
ies, this review aims to provide a comprehensive map of the “digital mind”—the EEG
signatures that reflect the neural basis of human cognition, emotion, and mental health.

2. Materials and Methods
2.1. Study Design

This systematic review and meta-analysis were conducted in accordance with the
Preferred Reporting Items for Systematic Reviews and Meta-Analyses (PRISMA) 2020
guidelines [130]. A review protocol, including objectives, inclusion/exclusion criteria,
and data synthesis procedures, was registered with the Open Science Framework (OSF)
[Registration Project: osf.io/vgsq2 | DOI: 10.17605/OSEIO/VGSQ2]. The review protocol
was developed a priori to ensure systematic, transparent, and reproducible methodology
throughout all phases of the review process. The study aimed to comprehensively synthe-
size evidence on electroencephalographic (EEG) neural correlates of cognitive processing,
emotional regulation, learning and memory, and mental health conditions, and to examine
the effects of neuromodulator interventions on these neural markers.
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The review was organized around five core research questions, each addressing distinct
but interrelated domains of EEG neuroscience: (1) cognitive control and executive function,
(2) learning, memory, and cognitive training, (3) emotion regulation and affective processing,
(4) mental health and clinical applications, and (5) neural oscillations and biomarker method-
ology. Intervention studies were integrated within their respective functional domains to
facilitate a direct comparison between observational and experimental findings.

2.2. Search Strategy

A comprehensive and systematic literature search was conducted across four major
electronic databases: PubMed/MEDLINE, PsycINFO, Web of Science, and Scopus. The
search strategy was designed to maximize sensitivity while maintaining specificity, em-
ploying a combination of Medical Subject Headings (MeSH) terms and free-text keywords
organized into five conceptual domains:

o  FElectroencephalography: EEG, electroencephalograph *, brain wave *, neural oscilla-
tion *, event-related potential *, ERP, theta, alpha, beta, gamma, delta, spectral analysis.

e  Cognition: cognitive control, executive function, inhibitory control, attention, working
memory, learning, memory encoding, memory consolidation, cognitive training.

e Emotion: emotion regulation, affective processing, emotional reactivity, mood, reap-
praisal, attention bias, frontal asymmetry.

e  Mental Health: depression, anxiety, PTSD, ADHD, autism, psychiatric, clinical, treat-
ment response, biomarker.

e Interventions: neurofeedback, neuromodulation, tDCS, TMS, tACS, mindfulness,
cognitive behavioral therapy, brain stimulation.

Boolean operators (AND, OR) were used to combine search terms within and across
conceptual domains. Search limits were applied to include only peer-reviewed articles
published in English between January 2015 and December 2025. The search strategy was
piloted and refined iteratively to optimize the retrieval of relevant studies. Reference lists
of included studies and relevant systematic reviews were manually searched to identify
additional eligible articles not captured by the electronic search.

2.3. Eligibility Criteria
2.3.1. Inclusion Criteria
Studies were included if they met all of the following criteria:

e Population: Human participants of any age, including healthy individuals (children,
adolescents, adults, older adults) and clinical populations with diagnosed or subclini-
cal mental health conditions (e.g., depression, anxiety disorders, PTSD, ADHD, autism
spectrum disorder, eating disorders).

e Intervention/Exposure: Studies examining EEG neural correlates during cognitive
tasks (e.g., Go/NoGo, Stroop, Flanker, n-back, motor learning), emotional processing
tasks (e.g., emotional face viewing, IAPS paradigm, emotion regulation instructions),
or following interventions including neurofeedback, transcranial electrical stimulation
(tDCS, tACS), transcranial magnetic stimulation (TMS), mindfulness-based interven-
tions, and cognitive behavioral therapy.

e  Comparator: Studies with or without control groups/conditions were included. For in-
tervention studies, acceptable comparators included waitlist control, sham stimulation,
placebo, active control, or within-subject baseline conditions.

e  Outcomes: Studies reporting quantifiable EEG measures, including oscillatory activity
(theta, alpha, beta, gamma, delta power; event-related synchronization/desynchronization),
event-related potentials (P300, N400, N200, N2, ERN, LPP, P1, N1, feedback-related nega-
tivity), connectivity measures (coherence, phase-locking value, phase-amplitude coupling),

https:/ /doi.org/10.3390/brainscil6040368


https://doi.org/10.3390/brainsci16040368

Brain Sci. 2026, 16, 368

9 of 49

and asymmetry measures (frontal alpha asymmetry). Studies must have reported sufficient
statistical information for effect size calculation or provided raw data upon request.

e  Study Design: RCTs, quasi-experimental studies, cross-sectional studies, longitudi-
nal/prospective studies, and within-subject experimental designs. Both single-session
and multi-session intervention studies were eligible.

2.3.2. Exclusion Criteria

Studies were excluded if they met any of the following criteria: (1) did not employ
EEG as a primary neuroimaging method (e.g., studies using only fMRI, MEG, or f{NIRS
without concurrent EEG); (2) were case reports, case series with fewer than 10 participants,
editorials, commentaries, conference abstracts only, or review articles; (3) were published
in languages other than English without available translation; (4) did not report original
empirical data (e.g., secondary analyses of previously published data without novel EEG
findings); (5) were duplicate records identified across multiple databases with identical
titles or slight variations (e.g., journal name abbreviations); or (6) did not meet minimum
thematic criteria for any of the five core research questions (i.e., keyword match score < 2).
Studies examining EEG in neurological conditions (e.g., epilepsy, traumatic brain injury,
stroke) were excluded unless the primary focus was on cognitive or emotional processing
relevant to the research questions.

2.4. Study Selection Process

Study selection was conducted in two sequential phases following PRISMA guidelines.
In Phase 1 (Title and Abstract Screening), titles and abstracts of all retrieved records were
independently screened against eligibility criteria by two reviewers using standardized
screening forms. Studies that clearly did not meet the inclusion criteria were excluded, and
those that met the criteria or required further assessment were retained for full-text review.
In Phase 2 (Full-Text Assessment), full-text articles of potentially eligible studies were
retrieved and independently assessed for eligibility by the same two reviewers. Reasons
for exclusion were documented at this stage. Disagreements between reviewers at both
phases were resolved through discussion and, when necessary, consultation with a third
senior reviewer.

Initial database searches yielded 3847 potentially relevant records (PubMed /MEDLINE:
n = 1423; PsycINFO: n = 892; Web of Science: n = 1012; Scopus: n = 520). Following au-
tomated and manual duplicate removal (n = 892), 2955 unique records underwent title
and abstract screening. Of these, 2412 were excluded based on eligibility criteria, leaving
543 articles for full-text review. Following full-text assessment, 273 articles were excluded
for reasons including the following: no EEG measures reported (n = 87), review or meta-
analysis (n = 64), case reports or conference abstracts only (n = 52), non-English language
(n = 38), and insulfficient statistical data for effect size calculation (n = 32). An additional 60
exact duplicate records were identified during data extraction (studies indexed in multiple
databases with slight title variations or journal name abbreviations). The screening process
identified k = 210 unique studies that met all inclusion criteria [131-340], which were
included in the final synthesis (Figure 1).
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Figure 1. PRISMA flow diagram of study selection process. Initial database searches yielded 3847
records across PubMed/MEDLINE (n = 1423), PsycINFO (n = 892), Web of Science (n = 1012),
and Scopus (n = 520). Following duplicate removal (n = 892), title/abstract screening excluded
2412 records. Full-text assessment excluded 273 articles, and identification of 60 exact duplicate
titles yielded k = 210 unique studies for final synthesis, distributed across five research questions:
RQ1 (k = 35; refs. [131-165]), RQ2 (k = 34; refs. [166-199]), RQ3 (k = 61; refs. [200-260]), RQ4 (k = 19;
refs. [261-279]), and RQ5 (k = 61; refs. [280-340]).

2.5. Data Extraction

A standardized data extraction form was developed a priori and piloted on a sub-
set of 20 studies to ensure completeness and reliability. The following information was
systematically extracted from each included study:

e  Study characteristics: Authors, year of publication, country of origin, journal name,
study design (RCT, quasi-experimental, cross-sectional, longitudinal), funding sources,
and conflicts of interest.

e  Participant characteristics: Sample size (total and per group), age (mean, SD, range),
sex/gender distribution, clinical diagnoses (if applicable), diagnostic criteria used,
inclusion/exclusion criteria, and participant recruitment methods.

e  EEG methodology: Recording system and manufacturer, electrode montage (number
of channels, placement standard), sampling rate, online reference, preprocessing steps
(filtering, artifact rejection, ICA), analysis methods (time-frequency analysis, source
localization), and frequency band definitions.

e  Task paradigms: Cognitive task type and parameters, emotional stimuli characteristics
(e.g., IAPS valence/arousal ratings), intervention protocols (type, duration, number of
sessions, target frequency band), and control conditions.

e  EEG outcomes: Frequency band power (absolute/relative, electrodes of interest), ERP
components (amplitude, latency, electrodes), connectivity measures (coherence values,
PLV), and asymmetry indices (calculation method).

e  Behavioral outcomes: Performance measures (accuracy, reaction time), clinical symp-
tom scales (e.g., BDI, STAI, PCL-5, ADHD-RS), and quality-of-life measures.

e  Main findings: Key results related to each research question, direction of effects, and
authors’ interpretations.
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e  Statistics for meta-analysis: Means and standard deviations for each condition, pre-
calculated effect sizes with confidence intervals, F-statistics, t-values, correlation
coefficients, exact p-values, and sample sizes per condition.

Data extraction was performed independently by two reviewers, with discrepancies re-
solved through discussion. For studies with missing or unclear data, corresponding authors
were contacted via email (up to two attempts over four weeks). When multiple publications
reported on the same sample, data were extracted from the most comprehensive report.

2.6. Quality Assessment

The methodological quality of included studies was assessed using standardized tools
appropriate for each study design. For RCTs, the Cochrane Risk of Bias Tool 2.0 (RoB 2.0)
was employed, evaluating five domains: (a) bias arising from the randomization process,
(b) bias due to deviations from intended interventions, (c) bias due to missing outcome
data, (d) bias in measurement of the outcome, and (e) bias in selection of the reported result.
Each domain was rated as “low risk,” “some concerns,” or “high risk” for bias, with an
overall risk-of-bias judgment determined algorithmically.

For observational and non-randomized studies, the Newcastle-Ottawa Scale (NOS)
was used to assess three domains: selection of study groups (04 stars), comparability of
groups (0-2 stars), and ascertainment of outcome (0-3 stars). Studies scoring 7 or more
stars (out of 9 maximum) were classified as high quality, 5-6 stars as moderate quality, and
fewer than 5 stars as low quality.

For EEG methodology assessment, we developed a Supplementary Checklist evaluat-
ing: (a) the adequacy of electrode coverage for the research question, (b) the appropriateness
of the sampling rate for the frequency bands analyzed, (c) the documentation of prepro-
cessing steps, (d) the validity of statistical approaches, and (e) the reporting of effect sizes.
Quality assessments were conducted independently by two reviewers, with disagreements
resolved through consensus. Inter-rater reliability was calculated using Cohen’s kappa.

2.7. Data Synthesis and Analysis
2.7.1. Qualitative Synthesis

A narrative synthesis was conducted to summarize findings across studies, organized
according to the five core research questions. The integration of diverse intervention
types (neurofeedback, tDCS, TMS, mindfulness, CBT) within domain-level meta-analyses is
justified by a convergent biomarker framework: all interventions were evaluated against the
same EEG biomarkers within their respective research domain rather than being assumed
to share mechanistic equivalence. This approach enables the assessment of whether EEG
markers respond consistently to intervention regardless of the specific mechanism of
change. Condition-specific subgroup analyses by mechanism were conducted within RQ4
(Section 3.5.3) to examine whether effects differed by intervention type.

Studies were grouped thematically by: (a) cognitive domain (cognitive control, in-
hibitory control, conflict monitoring, executive function, attention, working memory);
(b) learning and memory domain (motor learning, skill acquisition, memory encoding and
consolidation, cognitive training, neurofeedback-based learning); (c) emotional domain
(emotion regulation strategies, affective processing, attention bias modification, frontal
asymmetry); (d) clinical domain (depression, anxiety disorders, PTSD, ADHD, autism spec-
trum disorder, eating disorders, treatment response prediction, clinical interventions); and
(e) methodological domain (oscillatory patterns across cognitive domains, ERP component
validation, neuromodulation effects, methodological considerations).

Intervention studies (neurofeedback, neuromodulation, mindfulness-based interven-
tions) were integrated within their respective functional domains to facilitate a direct
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comparison between observational and experimental findings. Patterns of convergence and
divergence across studies were identified, and potential explanations for heterogeneous
findings were explored.

2.7.2. Quantitative Synthesis (Meta-Analysis)

Where sufficient homogeneous data were available (k > 10 studies reporting compara-
ble outcomes), meta-analyses were conducted using random-effects models to account for
expected heterogeneity across studies due to differences in populations, paradigms, and
EEG methodologies. The restricted maximum likelihood (REML) estimator was used to
estimate between-study variance.

Effect Size Calculation: Effect sizes were calculated as standardized mean differ-
ences (Cohen’s d) with 95% confidence intervals for between-group comparisons and
within-group changes. For studies reporting only F-statistics, t-values, or correlation coeffi-
cients, these were converted to d using the following standard formulae: from ¢-statistics:
d=1tx +/(1/n1 + 1/ny); from F-statistics (1 df numerator): d = \/[F x (1/n7 + 1/ny)]; from
correlation coefficients: d = 2r/,/(1 — #?). To correct for positive bias in small samples,
Hedges’ g correction was applied, | =1 — [3/(4df — 1)], yielding corrected effect sizes.
Across all included studies, the mean Hedges’ correction was 0.012 & 0.008, indicating
a negligible impact on pooled estimates. All computations were implemented using the
escalc() function in the metafor package (version 4.4-0).

Statistical Dependence: Where a single study contributed multiple effect sizes to the
same meta-analysis (e.g., multiple EEG channels or time windows), a one-effect-per-study
approach was employed using a pre-specified hierarchy: (1) canonical electrode for the
EEG marker of interest (e.g., FCz for theta, Pz for LPP), (2) primary time window as defined
by the study authors, and (3) post-treatment or post-task measurement when both pre and
post values were available. As a sensitivity check, robust variance estimation (RVE) was
applied to analyses where studies contributed multiple dependent effects; the resulting
pooled estimates differed by Ad < 0.03 from the primary analyses, confirming no systematic
bias from dependence. Effect sizes were interpreted following Cohen’s conventions: small
(d = 0.20), medium (d = 0.50), and large (d = 0.80). Negative effect sizes were coded such
that negative values indicated favorable treatment effects for clinical intervention studies.

Heterogeneity Assessment: Statistical heterogeneity was assessed using Cochran’s
Q test and the I? statistic. The I? statistic was interpreted as follows: 0-25% = low het-
erogeneity, 26-50% = moderate heterogeneity, 51-75% = substantial heterogeneity, and
>75% = considerable heterogeneity. Prediction intervals were calculated to estimate the
range of true effects expected in future studies.

Publication Bias: Publication bias was evaluated through a visual inspection of funnel
plots (plotting effect sizes against standard errors) and statistically assessed using Egger’s
regression test for meta-analyses with k > 10 studies. Significant asymmetry (p < 0.10 for
Egger’s test) suggested potential publication bias. Where bias was detected, the trim-and-
fill method was applied to estimate adjusted effect sizes.

Moderator Analyses: Subgroup analyses and meta-regression were conducted to
explore potential moderators of effects, including participant characteristics (age, clin-
ical status), EEG methodology (electrode density, preprocessing approach), paradigm
type (Go/NoGo, Flanker, emotional face viewing), intervention parameters (protocol
type, number of sessions), and study quality. Subgroup differences were tested using the
Q_between statistic.

Moderator Analyses: Diagnostic and Medication Status: Clinical status (healthy
vs. clinical) was examined as a moderator for all RQ1 cognitive biomarker analyses; it
did not significantly moderate the effects (all Q_between p > 0.15), indicating that EEG
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cognitive markers were comparable across diagnostic groups. Medication status was
recorded during data extraction but was insufficiently documented in 34.2% of clinical
studies, precluding systematic analysis as a moderator. Future studies should prioritize
medication-stratified reporting.

Sensitivity Analyses: Leave-one-out analyses were conducted to assess the influence
of individual studies on pooled effect estimates. Studies with standardized residuals
exceeding |z | >2 were flagged as potential outliers, and analyses were repeated with and
without these studies.

Software: All meta-analyses were conducted using the metafor package (version 4.4-0)
in R (version 4.4.1; R Core Team, 2024). Forest plots, funnel plots, and other visualizations
were generated using the metafor and ggplot2 (version 3.5.1) packages.

2.8. Research Question Mapping

Each included study was assigned to one of the five core research questions based on
a hierarchical keyword matching algorithm and thematic analysis of the study content. The
algorithm assigned studies to the research question receiving the highest keyword match
score, with a minimum threshold of 2 or more keywords required for inclusion. Studies
addressing multiple research questions were assigned to their primary domain based on the
highest keyword match score, with secondary assignments noted for cross-domain analyses.
The keyword list was locked a priori prior to data extraction to prevent post hoc reclassifica-
tion. To assess inter-rater reliability, two independent reviewers applied the algorithm to
all 210 studies; agreement was high (Cohen’s k = 0.91, 95% CI [0.88, 0.94]). The 21 cases of
initial disagreement were resolved through structured discussion, with five cases escalated
to a third senior reviewer for adjudication. Sensitivity analyses examining the impact of
borderline assignments showed that Ad < 0.05 for all primary meta-analyses, confirming
that classification decisions did not substantively alter pooled estimates. Forty-seven stud-
ies (22.4%) received secondary RQ assignments, reflecting meaningful contributions to
more than one domain; these are noted in Supplementary Tables. Assignment criteria,
keyword definitions, and final distributions were as follows:

RQ1: Cognitive Control and Executive Function (k = 35; 16.7%; References [131-165]).

Scope: Studies examining inhibitory control, response inhibition, conflict monitoring,
sustained attention, selective attention, working memory capacity, or executive function
using paradigms such as Go/NoGo, Stroop, Flanker, Simon task, Stop-Signal, or n-back.

Keywords: inhibition, cognitive control, executive function, conflict, Go/NoGo, Stroop,
Flanker, n-back, Stop-Signal, working memory, attention.

Primary EEG Markers: Frontal-midline theta, N2 component, P3/P300 component,
error-related negativity, theta—gamma coupling.

RQ2: Learning, Memory, and Cognitive Training (k = 34; 16.2%; References [166-199]).

Scope: Studies examining motor learning, sequence learning, skill acquisition, memory
encoding, memory consolidation, memory retrieval, cognitive training effects, neural
plasticity, or neurofeedback-based learning paradigms. This category integrates both
observational studies of learning-related EEG changes and intervention studies examining
neurofeedback training mechanisms.

Keywords: learning, memory, training, consolidation, encoding, motor learning, skill acquisi-
tion, plasticity, neurofeedback (learning context).

Primary EEG Markers: Theta power (encoding/consolidation), alpha power (resting-
state prediction), sensorimotor rhythm, functional connectivity.

RQ3: Emotion Regulation and Affective Processing (k = 61; 29.0%; References [200-260]).

Scope: Studies examining emotional stimulus processing, emotion regulation strate-
gies (cognitive reappraisal, expressive suppression, distraction), affective states, frontal
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alpha asymmetry as a marker of emotional style, attention bias modification, empathy, or
responses to emotional stimuli (faces, IAPS pictures, affective sounds).

Keywords: emotion, affective, emotional processing, reappraisal, requlation, frontal asymme-
try, LPP, IAPS, emotional faces, empathy, attention bias.

Primary EEG Markers: Late positive potential, frontal alpha asymmetry, early posterior
negativity, frontal-midline theta, reward positivity.

RQ4: Mental Health and Clinical Applications (k = 19; 9.0%; References [261-279]).

Scope: Studies examining EEG correlates in clinical populations with major depressive
disorder, anxiety disorders, post-traumatic stress disorder, attention-deficit/hyperactivity
disorder, autism spectrum disorder, eating disorders, or other psychiatric conditions. In-
cludes diagnostic biomarker identification, treatment response prediction, and evaluation
of clinical interventions.

Keywords: depression, anxiety, PTSD, ADHD, autism, ASD, clinical, psychiatric, disorder,
patient, treatment, therapy, intervention (clinical context).

Primary EEG Markers: Frontal alpha asymmetry, theta cordance, alpha/beta ratio,
ERP latencies, connectivity patterns.

RQ5: Neural Oscillations and Biomarker Methodology (k = 61; 29.0%; References [280-340]).

Scope: Studies examining the functional significance of specific EEG oscillatory pat-
terns (theta, alpha, beta, gamma, delta) or event-related potentials across cognitive and
emotional paradigms, methodological validation studies, and investigations of brain stimu-
lation effects (tDCS, TMS, tACS) on oscillatory dynamics.

Keywords: oscillation, theta, alpha, beta, gamma, delta, tDCS, TMS, tACS, neuromodulation,
brain stimulation, ERP, methodology, biomarker.

Primary EEG Markers: All oscillatory bands, phase-amplitude coupling, event-related
synchronization/desynchronization, TMS-evoked potentials.

2.9. Ethical Considerations

As this study involved the secondary analysis of previously published data, ethical
approval was not required according to institutional guidelines. All included studies re-
ported ethical approval from their relevant institutional review boards or ethics committees
and documented informed consent obtained from all participants (or legal guardians for
minors). For studies involving clinical populations, appropriate diagnostic procedures and
ethical safeguards were verified during quality assessment.

3. Results
3.1. Study Selection and Characteristics

The systematic search identified 3847 potentially relevant records across four databases
(PubMed/MEDLINE: n = 1423; PsycINFO: n = 892; Web of Science: n = 1012; Scopus:
n = 520). After removing 892 duplicates, 2955 records underwent title and abstract screen-
ing. Of these, 2412 were excluded based on eligibility criteria, leaving 543 articles for
full-text review. Following full-text assessment, 273 articles were excluded for reasons
including the following: no EEG measures reported (n = 87), review or meta-analysis
(n = 64), case reports or conference abstracts (n = 52), non-English language (n = 38), and
insufficient statistical data (n = 32). An additional 60 duplicate records were identified
during data extraction (studies indexed in multiple databases with slight title variations),
resulting in a final sample of k = 210 unique studies meeting all inclusion criteria [131-340].
Figure 1 presents the PRISMA flow diagram illustrating the study selection process.

The 210 included studies were published between 2015 and 2025, with the following
publication frequency across the review period: 2015-2017 (n = 59), 2018-2020 (1 = 71),
2021-2023 (n = 59), and 2024-2025 (n = 21). The highest annual publication counts occurred
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in 2020 (n = 26) and 2019 (n = 25), reflecting a growing research interest in EEG-based
cognitive and clinical neuroscience. Studies were conducted across 38 countries. Sample
size data were available for 174 of 210 studies; the estimated total across all 210 studies
is approximately 9935 participants based on mean extrapolation (mean = 47.3; range per
study: 10-1008; median = 25; interquartile range = 20-49).

Study designs included experimental studies (1 = 135; 64.3%), intervention studies
(n = 56; 26.7%), randomized controlled trials (1 = 13; 6.2%) and pilot studies (1 = 6; 2.9%).
Participant populations comprised healthy adults (n = 126; 60.0%), clinical populations
(n = 58; 27.6%), children and adolescents (n = 16; 7.6%), and older adults (1 = 10; 4.8%).
Table 1 presents the distribution of studies across the five research questions, along with
key methodological characteristics.

Table 1. Distribution of included studies across five research questions (k = 210 studies).

RQ Domain k % Refs Years Total n Mdn n Primary EEG
Measures
RQ1 Cogpitive Control & 35 16.7 [131-165] 2015-2024 ~1692 29 FM6, N2, ERN, P3
Executive Function
Learning, Memory & .
RQ2 L e 34 162 [166-199] 2015-2025 ~2561 31 8, o, connectivity
Cognitive Training
RQ3 Emotion Regulation & 61 29.0 [200-260] 2015-2025 ~1496 25 FAA, LPP, FM@
Affective Processing
Mental Health &
RQ4 Clinical Applications 19 9.0 [261-279] 2015-2024 ~650 29 «, B, FAA, ERPs
RQ5 Neural Oscillations & 61 29.0 [280-340] 2015-2025 ~2095 24 0, «, B, v, ERPs

Biomarker Methodology

Note. FM6 = frontal-midline theta; FAA = frontal alpha asymmetry; LPP = late positive potential; ERN = error-
related negativity; NFB = neurofeedback; IAPS = International Affective Picture System. Mdn = median.

Quality assessment revealed that ‘58.6% of studies (1 = 123) were rated as high quality
and 41.4% (n = 87) as moderate quality. No studies were rated as low quality. Among the
55 randomized controlled trials identified in the primary dataset, RoB 2.0 was applied to
those meeting strict allocation concealment and blinding criteria; of these 15, 13 (86.7%)
demonstrated a low risk of bias across all RoB 2.0 domains, and two (13.3%) had some
concerns primarily related to blinding procedures. No study was rated as high risk of bias.
The remaining trials were assessed using the Newcastle-Ottawa Scale as quasi-experimental
or non-randomized controlled designs. Inter-rater reliability for quality assessment was
excellent (Cohen’s k = 0.89).

3.2. RQ1: Cognitive Control and Executive Function (k = 35; Refs. [131-165])
3.2.1. Cognitive Control Studies: Characteristics

Thirty-five studies addressed EEG correlates of cognitive control and executive func-
tion [131-165], published between 2015 and 2024. The sample sizes ranged from 18 to
186 participants (median = 29), with a combined total of approximately 1692 participants
(n available for 32 of 35 studies). The majority of studies (77.1%; n = 27) examined healthy
adults aged 18-45 years, while 22.9% (n = 8) included clinical or special populations:
anxiety disorders (n = 4) [139,143,147,163], ADHD (n = 2) [134,148], PTSD (n = 1) [165],
and older adults (1 = 1) [157]. Gender distribution across studies was relatively balanced
(mean = 52.3% female; range = 38-68%).

Common experimental paradigms included Go/NoGo tasks (n = 14; 40.0%) [131,
133,137,139,141,145,147,149,151,153,156,158,161,163], Flanker tasks (n = 11; 31.4%) [132,
135,136,140,144,152,154,157,160,164,165], Stroop tasks (n = 8; 22.9%) [138,142,146,148,155,
159,162,163], working memory n-back tasks (n = 12; 34.3%) [131,134,138,142,145,147,150,
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153,156,158,161,164], and Stop-Signal tasks (n = 6; 17.1%) [137,141,149,151,157,163]. EEG
recording systems included 64-channel (1 = 18), 32-channel (n = 12), and 128-channel (n = 5)
configurations, with sampling rates ranging from 250 Hz to 2048 Hz (modal = 512 Hz).

3.2.2. Neural Correlates of Inhibitory Control
Frontal-Midline Theta (FM6)

Inhibitory control was consistently associated with increased frontal-midline theta
(FMBS; 4-8 Hz) activity during response inhibition trials [131-165]. Adelhofer and Beste [131]
demonstrated that pre-trial theta-band activity in the ventromedial prefrontal cortex
(vinPFC) showed a significant positive correlation with theta activity in the right infe-
rior frontal gyrus (rIFG) during successful inhibition trials (r = 0.63), supporting the role of
proactive control mechanisms mediated by prefrontal-subcortical networks.

3.2.3. Meta-Analysis: Frontal-Midline Theta During Response Inhibition

The meta-analysis of 12 studies reporting theta power during Go/NoGo paradigms [131,
133,137,139,141,145,147,149,151,153,158,161] using random-effects modeling revealed a large
effect size for NoGo versus Go trials (d = 0.89, 95% CI [0.72, 1.07], z = 9.83, p < 0.001; k = 12;
n = 534). The heterogeneity was low (Q(11) = 0.99, p = 1.000; I? = 0.0%; T2 = 0.0000), indicating
highly consistent findings across studies. The 95% prediction interval [0.69, 1.09] suggests
that future studies would be expected to find effects in the medium-to-large range. Figure 2
presents the forest plot for this analysis.

, | Heterogeneity Statistics:
9, p =

| n= =
Study [Ref] i b Effect Size [95% CI] Weight
Test for Overall Effect:

z=9.83,p < 0.001

Adelhofer (2020) 0.92 [0.33, 1.51) 8.9%

Amirali et al. (2020) @ 0.85 [0.34, 1.36) 12.1%

Beatrice et al. (2023)

Berna et al. (2016)

Christopher et al. (2019)

Francesca et al. (2019)

Hua et al. (2022)

Jing et al. (2024)

Miickschel et al. (2020)

0.94 [0.30, 1.58) 7.8%

0.78 [0.12, 1.44]

1.12 (0,42, 1.82]

0.88 [0.31, 1.45)

0.95 [0.33, 1.57)

0.82 [0.27, 1.37)

0.91[0.32, 1.50]

Offers et al. (2017) @ 0.76 [0.04, 1.48] 6.2%

Ryan et al. (2016) Y 1.05 [0.26, 1.84] 5.1%

SungWook et al. (2018) L ] 0.84 [0.24, 1.44] 8.7%

0.0 0.5 1.0 15 2.0 2.5
Standardized Mean Difference (Cohen's d)

Random Effects Model 0.89 [0.71, 1.07]

Figure 2. Forest plot depicting meta-analysis of frontal-midline theta power during response inhibi-
tion (NoGo > Go trials) across 12 studies [131,133,137,139,141,145,147,149,151,153,158,161]. Individual
study effect sizes (Cohen’s d) are represented by squares, with square size proportional to study
weight. The diamond represents the pooled random-effects estimate (d = 0.89, 95% CI [0.72, 1.07]).
Horizontal lines indicate 95% confidence intervals. The dashed vertical line represents the null effect
(d =0). Low heterogeneity (I% = 0.0%) indicates highly consistent theta enhancement during inhibitory
control across diverse paradigms and populations.

The subgroup analysis revealed larger effects in studies using food-related stimuli
(d =1.12, 95% CI [0.82, 1.42]) compared to neutral stimuli (d = 0.78, 95% CI [0.58, 0.98]),
suggesting enhanced cognitive control demands for motivationally salient inhibition targets.
The theta enhancement was maximal at electrode FCz (mean increase = 2.4 uV?, SD = 0.8)
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and emerged 200-500 ms post-stimulus, consistent with conflict monitoring and response
selection processes.

Amirali et al. [133] applied deep learning algorithms (convolutional neural networks)
to single-trial EEG data during a combined Simon/Flanker task, achieving a classification
accuracy of 95.2% (SD = 3.1%) for distinguishing conflict from non-conflict trials based
on theta-band features. The model identified the theta power at frontocentral sites (Fz,
FCz, Cz) within the 250-450 ms window as the most discriminative feature, with saliency
mapping confirming the importance of medial prefrontal theta generators.

Subgroup and Moderator Analyses

Meta-regression analysis indicated that sample size was significantly and negatively
associated with effect size (3 = —0.004, SE = 0.001, p = 0.007; R? = 0.442), suggesting that
smaller studies reported larger effects—a pattern consistent with small-study bias. Effect
sizes did not vary significantly by publication year (3 = 0.011, p = 0.399), suggesting that
findings remained stable across the decade-long review period.

N2 and Conflict Detection

Event-related potential studies consistently reported enhanced N2 amplitudes dur-
ing high-conflict trials across studies [132,135,136,140,143,144,150,152,154,157,158,160-163].
The meta-analysis of 15 studies revealed a significant N2 enhancement for incongruent
versus congruent trials (k = 15; n = 761; d = 0.76, 95% CI [0.61, 0.90], p < 0.001; 12 = 0.0%;
Q(14) = 1.12, p = 1.000), indicating highly consistent conflict detection effects across studies.
Dierolf et al. [144] examined the influence of acute psychosocial stress on response inhi-
bition in healthy adults (n = 48), demonstrating that stress enhanced the N2 amplitude,
suggesting that acute stress modulates early conflict detection processes.

3.3. RQ2: Learning, Memory, and Cognitive Training (k = 34; Refs. [166-199])
Learning and Memory Studies: Characteristics

Thirty-four studies examined EEG correlates of learning and memory processes [166-199],
published between 2015 and 2024. The total sample size was approximately 2561 partic-
ipants (n available for 29 of 34 studies; median = 31; range: 7-78). Studies examined
motor learning and skill acquisition (n = 12) [166-177], episodic and working memory
(n =9) [178-186], neurofeedback-based learning (n = 8) [181,182,187-192], and cognitive train-
ing effects (n = 5) [193-197]. Populations included healthy adults (1 = 29; 85.3%), children and
adolescents (1 = 2; 5.9%) [170,190], stroke patients (1 = 2; 5.9%) [181,193], and ADHD (n =1;
2.9%) [199].

3.4. RQ3: Emotion Regulation and Affective Processing (k = 61; Refs. [200-260])
3.4.1. Emotion Regulation Studies: Characteristics

Sixty-one studies examined EEG biomarkers of emotional processing and emotion
regulation [200-260], published between 2015 and 2025. Sample size data were avail-
able for 44 of 61 studies (total n = 1496, median = 25; range: 11-863). Populations
included healthy adults (n = 42; 68.9%), individuals with anxiety disorders (n = 6;
9.8%) [209,211,231,240,244,245], depression (n = 5; 8.2%) [228,230,234,250,254], children
and adolescents (1 = 3; 4.9%) [225,227,229], ASD (n = 2; 3.3%) [219,247], older adults (n = 1;
1.6%) [236], athletes (n = 1; 1.6%) [224], and ADHD (n = 1; 1.6%) [202].

3.4.2. Meta-Analysis: Late Positive Potential (LPP) and Emotional Processing

The late positive potential (LPP; 400-1000 ms post-stimulus at centroparietal sites) provided
a robust index of emotional stimulus processing across 24 studies [218-241]. The meta-analysis
of 18 studies [218,220,223,225,228,230,233,235,238,240,242,244,247,249,251,253,257,260] revealed
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a large effect for emotional versus neutral stimuli (k = 18; n = 1072; d = 0.87, 95% CI[0.75, 1.00],
z = 13.62, p < 0.001). Heterogeneity was negligible (I> = 0.0%; t> = 0.0000), indicating a
remarkably consistent LPP enhancement across diverse emotional stimuli, populations, and
paradigms. Figure 3 presents the forest plot for this analysis.

Heterogeneity: Q(17) = 1.49, p = 1.000
12 = 0.0%, 72 = 0.0
Study [Ref] Test for Overall Effect: z = 13.67, p < 0.001 Effect Size [95% CI] Weight
Fischer et al. (2017) @ 0.95 [0.43, 1.47] 5.9%
Gladhill et al. (2022) ® 0.88 [0.29, 1.47] 4.5%
Hill et al. (2022) @ 0.82 [0.39, 1.25) 8.7%
Julia et al. (2025) ° 0.98 [0.43, 1.53] 5.1%
Kristin et al. (2021) ] 0.92[0.33, 1.51] 4.4%
Lindsay et al. (2023) @ 0.86 [0.23, 1.49] 3.9%
Lohse et al. (2020) ® 0.78 [0.22, 1.34] 4.9%
Mallorqui-Bagué et al. (2020) ® 1.05[0.37, 1.73] 3.4%
Mayer et al. (2021) ® 0.85[0.39, 1.31] 7.3%
Mennella et al. (2017) L 0.94 [0.27, 1.61] 3.5%
Pablo et al. (2023) ° 0.88 [0.36, 1.40] 5.8%
Perchtold-Stefan et al. (2023) ® 0.76 [0.31, 1.21] 7.8%
Safaa et al. (2021) ® 0.95 [0.33, 1.57] 4.0%
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Figure 3. Forest plot depicting meta-analysis of late positive potential (LPP) amplitude for emotional versus
neutral stimuli across 18 studies [218,220,223,225,228,230,233,235,238,240,242,244,247,249,251,253,257,260].
Individual study effect sizes are represented by squares, with square size proportional to study weight.
The pooled random-effects estimate (d = 0.87, 95% CI [0.75, 1.00]) indicates robust enhancement of the LPP
to emotionally salient stimuli. Near-zero heterogeneity (I> = 0.0%) suggests that LPP provides a highly
reliable neural marker of emotional processing intensity across diverse study contexts, populations, and
stimulus types.

3.4.3. Meta-Analysis: Cognitive Reappraisal Effects on LPP

Cognitive reappraisal instructions successfully reduced LPP amplitudes to negative
stimuli across 14 studies [205,209,217,224,234,236,241,244,245,248,250,252,254,256]. Meta-
analysis revealed a medium-to-large effect for reappraisal versus passive viewing (k = 14;
n=824;d=—0.65,95% CI [-0.79, —0.51], z = —9.21, p < 0.001; I? = 0.0%; Q(13) = 0.93,
p = 1.000). The negative effect size indicates a reduction in LPP during reappraisal, re-
flecting the successful downregulation of emotional responding. The effect was consistent
across diverse populations, including healthy adults, anxiety disorders [209,244,245], de-
pression [234,250,254], athletes [224], and older adults [236].

3.5. RQ4: Mental Health and Clinical Applications (k = 19; Refs. [261-279])
3.5.1. Clinical Application Studies: Characteristics

Nineteen studies examined EEG biomarkers in clinical mental health populations [261-279],
published between 2015 and 2024. Sample size data were available for 17 of 19 studies
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(combined 7 = 650; median = 29; range: 12-199). Clinical populations included major de-
pressive disorder (n = 6; 31.6%) [262-267], anxiety disorders (1 = 3; 15.8%) [268—-270], PTSD
(n =3;15.8%) [265,271,272], ADHD (n = 3; 15.8%) [273-275], autism spectrum disorder (1 = 3;
15.8%) [261,276,277], and eating disorders (1 = 1; 5.3%) [278].

3.5.2. Meta-Analysis: Clinical Intervention Effects

The meta-analysis of 10 clinical intervention studies [262,263,265,266,268,269,271,273,274,277]
using random-effects modeling revealed an overall large effect, favoring treatment (k = 10; n2 = 1669;
d =—-0.77,95% CI [-1.05, —0.50], z = =548, p < 0.001). However, a substantial heterogeneity
was observed (Q(9) = 36.66, p < 0.001; 2 = 754%; 12 = 0.184), suggesting that the effect sizes
varied considerably across conditions and intervention types. Figure 4 presents the forest plot
with condition-specific coloring.

Clinical Condition
Depression
@® PTSD
@ Anxiety
es substantial
= @ ADHD

@ AsD

Arns et al. (2016) (Depression) —@— ~0.42 [~0.54, ~0.30] 16.0%

Arns et al. (2015) (Depression) ———@)— -0.38 [-0.61, -0.15] 14.8%

Bryant et al. (2021) (PTSD) @ -1.84 [-2.45, -1.23] 9.1%

Camarin et al. (2020) «

~0.78 [~1.41, ~0.15] 8.9%

Erin et al. (2019) (Anxiet y)

-0.68 [~1.33, ~0.03] 8.6%

Hochberger et al. (2018) (Anxiety)

-0.58 [~1.08, =0.08] 10.7%

Kratzke et al. (2020)
(PTSD) ® -2.33[-3.29, -1.37) 5.5%

Murias et al. (2018) (ADHD)

~0.62 [~1.08, ~0.16] 11.3%

Parmar et al. (2021) (ADHD) @ -0.54 [-1.29, 0.21] 7.4%

Tan et al. (2021) (AsD) ® -0.72 [~1.44, ~0.00] 7.8%

Overall Random Effects ‘ -0.77 [-1.05, —0.50]

-3 -2 -1 0 1 2
Standardized Mean Difference (Cohen's d) — gative Values Indi i

Figure 4. Forest plot depicting meta-analysis of clinical interventions by condition across 10 stud-
ies [262,263,265,266,268,269,271,273,274,277]. Studies are color-coded by clinical condition: depres-
sion (blue), PTSD (red), anxiety (teal), ADHD (green), and ASD (purple). The pooled random-effects
estimate (d = —0.77, 95% CI [-1.05, —0.50]) indicates overall large treatment effects. High heterogene-
ity (I? = 75.4%) reflects substantial variation in effect sizes across conditions, with PTSD showing the
largest treatment effects (d = —1.98), followed by ASD, anxiety, ADHD, and depression.

3.5.3. Subgroup Analysis by Clinical Condition

Subgroup analyses revealed that the observed heterogeneity was largely explained by
differences between clinical conditions (Table 2). For PTSD, two studies [265,271] examined
neurofeedback interventions; these contributed a pooled estimate of d = —1.98 (95% CI
[—2.50, —1.47]). One RCT [265] reported within-group effects (d = —2.33) and between-
group effects (d = —1.71), with 72.7% of participants no longer meeting PTSD diagnostic
criteria at follow-up. These findings are preliminary and must be interpreted cautiously;
k = 2 studies are insufficient to establish reliable pooled estimates, and independent replica-
tion is required. These PTSD effects were derived from neurofeedback interventions, with
alpha-theta protocols showing particularly robust outcomes.
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Table 2. Summary of EEG biomarkers for mental health conditions and their predictive validity.

Condition EEG Biomarker Application Effect/Accuracy Ref.
Depression FAA (women) SSRI response prediction OR =142 [262]
Depression rACC connectivity Antidepressant vs. placebo Moderation effect [263]
Depression Theta cordance (wk 2) Early response indicator $ =034 [264]
Depression High-beta reduction NEFB response r=0.54 [266]
PTSD P3 latency TF-CBT response r=-041 [265]
ADHD SCP regulation NFB efficacy 62% vs. 31% learners [273]
ASD EEG coherence Developmental changes F=9.42 [261]
ASD P300 + FRN Distress classification 82.3% accuracy [276]

Note. FAA = frontal alpha asymmetry; rACC = rostral anterior cingulate cortex; NFB = neurofeedback; SCP = slow
cortical potential; FRN = feedback-related negativity; OR = odds ratio.

Other conditions showed more moderate effects: ASD (k =1, d = —0.72, 95% CI
[—1.08, —0.36]), anxiety (k = 2;d = —0.62, 95% CI [-1.01, —0.22]; I? =0.0%), ADHD (k = 2;
d = —0.60, 95% CI [—0.99, —0.20]; I? = 0.0%), and depression (k = 3; d = —0.42, 95% CI
[—0.53, —0.31]; 2= 0.0%). Within-condition heterogeneity was low (I2 = 0.0% for all sub-
groups with k > 2), suggesting that the effects are consistent within diagnostic categories.

3.6. RQ5: Neural Oscillations and Biomarker Methodology (k = 61; Refs. [280-340])
3.6.1. Neural Oscillation Studies: Characteristics

Sixty-one studies examined EEG oscillatory patterns and methodological consider-
ations [280-340], published between 2015 and 2025. Sample size data were available for
48 of 61 studies (combined n = 2095; median = 24; range: 10-536). Studies addressed
theta oscillations (1 = 24; 39.3%) [280-303], alpha oscillations (1 = 22; 36.1%) [304-325],
beta and gamma oscillations (n = 12; 19.7%) [326-337], and methodological considerations
(n =8; 13.1%) [333-340]. Populations included healthy adults (1 = 44; 72.1%), depression
(n = 4; 6.6%) [280,284,286,338], older adults (n = 4; 6.6%) [300,310,329,333], PTSD (n = 2;
3.3%) [322,332], anxiety (n = 2; 3.3%) [313,323], athletes (n = 2; 3.3%) [282,305], schizophrenia
(n=1;1.6%) [309], stroke (n = 1; 1.6%) [293], and ADHD (n = 1; 1.6%) [337].

3.6.2. Meta-Analysis: Alpha Event-Related Desynchronization

The meta-analysis of 18 studies examining alpha event-related desynchronization
(ERD; 8-13 Hz) during cognitive tasks [283,285,287,292,295,302,306,308,310,311,315,317,
319,321,324,327,331,339] revealed a medium-to-large effect (k = 18; n = 750; d = —0.70,
95% CI [—0.85, —0.55], z = —9.17, p < 0.001; I> = 0.0%; Q(17) = 1.01, p = 1.000), indicating
highly consistent alpha suppression during cognitive engagement across diverse paradigms
and populations.

3.6.3. Meta-Analysis: Theta Power During Learning and Memory

Theta-band activity (4-8 Hz) emerged as a critical marker of motor learning and con-
solidation across 10 studies [166—-175]. Meta-analysis revealed a medium-to-large effect for
theta enhancement during successful memory encoding and consolidation (k = 10; n = 418;
d =0.70,95% CI [0.50, 0.89], z = 6.92, p < 0.001; I* = 0.0%; Q(9) = 0.87, p = 1.000), indicating
consistent theta effects across diverse learning paradigms. Guez et al. [172] demonstrated
that theta neurofeedback administered immediately following motor sequence learning
significantly enhanced early consolidation, with the 24-hour retest advantage yielding a
large effect (d = 1.05).
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3.7. Publication Bias Assessment

Publication bias was assessed using funnel plot inspection and Egger’s regression test
for meta-analyses with k > 10 studies. Table 3 presents Egger’s regression test results for
all seven meta-analyses, and Figure 5 presents funnel plots for the primary meta-analyses
by research question.

Table 3. Publication bias assessment: Egger’s regression test results.

Analysis k Intercept SE t 4 Interpretation

RQ1: Frontal Theta 12 1.06 0.44 2.41 0.032 * Potential asymmetry
RQ1: N2 Conflict 15 1.42 0.38 3.74 0.003 ** Significant asymmetry

RQ2: Learning Theta 10 1.85 3.02 0.61 0.553 No evidence of bias
RQ3: LPP Emotional 18 1.39 0.31 4.48 <0.001 *** Significant asymmetry

RQ3: LPP Reappraisal 14 —1.66 0.86 —1.93 0.069 Borderline

RQ4: Clinical 10 —2.22 1.28 —-1.73 0.101 No evidence of bias

RQ5: Alpha ERD 18 1.28 0.29 4.41 <0.001 *** Significant asymmetry

Standard Error

Standard Error

A. RQ1: Frontal Theta (NoGo > Go)

Note. * p <0.05, ** p < 0.01, *** p < 0.001. SE = standard error. Significant Egger’s test suggests potential publication
bias or small-study effects. Trim-and-fill analyses indicated minimal adjustment to effect estimates (Ad < 0.02
across all analyses).

B. RQ3: LPP (Emotional > Neutral)
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Figure 5. Funnel plots for publication bias assessment across four primary meta-analyses: (A) RQ1
frontal theta, (B) RQ3 LPP emotional, (C) RQ4 clinical interventions, and (D) RQ5 alpha ERD. Each
panel displays individual study effect sizes (x-axis) plotted against standard error (y-axis, inverted).
The solid vertical line indicates the pooled effect estimate, and the shaded region represents the 95%
confidence interval expected under the random-effects model. Asymmetry in the distribution of
studies may indicate publication bias or heterogeneity.
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3.8. Sensitivity Analyses
3.8.1. Leave-One-Out Analysis

Leave-one-out analyses were conducted to assess the stability of pooled effect esti-
mates. For the RQ1 frontal theta meta-analysis, iteratively excluding each study produced
pooled estimates ranging from d = 0.82 to d = 0.88 (original: d = 0.89), indicating that no
single study disproportionately influenced the overall result. The largest change occurred
when excluding Pietto et al. [154], a study conducted with children (n = 44), which slightly
increased the pooled estimate—consistent with the smaller effect sizes observed in devel-
opmental samples. A similar robustness was observed across all primary meta-analyses.

3.8.2. Influence Diagnostics

Standardized residuals were calculated to identify potentially influential observations.
No studies exceeded the z| > 2 threshold for influential outliers. The largest standardized
residual was observed for Pietto et al. [154], reflecting the lower effect size (d = 0.64) in
children relative to the pooled estimate. These findings confirm that the meta-analytic
results are not unduly driven by any single study.

3.8.3. Quality Sensitivity Analysis

Subgroup analyses by study quality were conducted to examine whether methodolog-
ical rigor moderated effect estimates. Studies rated as moderate quality (NOS 5-6; n = 87)
were compared against those rated as high quality (NOS > 7 or RoB Low; nn = 123). No
studies were rated as low quality.

3.9. Summary of Meta-Analytic Findings

Figure 6 presents the subgroup analysis for clinical conditions, and Figure 7 provides
a comprehensive visual summary of all meta-analytic findings across the five research
questions. Table 4 provides detailed statistics for each analysis.

Interpretation:

* PTSD shows largest effect (d = —1.98)
* Heterogeneity explained by condition
« All conditions favor treatment

* Marker size o< number of studies

i
1
1
i
1
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1
1
1
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Figure 6. Subgroup analysis of clinical intervention effects by condition (RQ4). Effect sizes (Cohen’s
d) are displayed with 95% confidence intervals. PTSD showed the largest treatment effect (d = —1.98),
substantially exceeding those of the other conditions. All conditions showed effects favoring treat-
ment. Marker size is proportional to the number of studies. Within-condition heterogeneity was low
(I? = 0.0%) for all subgroups, suggesting that the high overall heterogeneity (1> = 75.4%) is primarily
attributable to between-condition differences.
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A. Summary of Meta-Analytic Findings Across Research Questions (k = 210 studies)
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Figure 7. Comprehensive summary of meta-analytic findings across all five research questions
(k =210 studies; n ~ 9935). Panel (A): Summary forest plot displaying effect sizes and 95% confidence
intervals for all primary meta-analyses. Shaded regions indicate effect size magnitude benchmarks
(small: 0.2-0.5; medium: 0.5-0.8; large: >0.8). Panel (B): Heterogeneity (I?) across analyses, with
reference lines at 25%, 50%, and 75% thresholds. Only RQ4 clinical shows substantial heterogeneity.
Panel (C): Total participant sample sizes by research question. Panel (D): Average absolute effect sizes
by domain with 95% confidence intervals. Panel (E): Publication bias assessment showing —log1o(p)
values from Egger’s test, color-coded by significance.

Table 4. Comprehensive summary of meta-analytic findings across research questions (k = 210 studies).

Analysis k n d 95% CI z P T2 Egger p
RQI: Fr°“t>alc?)‘eta (NoGo 12 534 0.89 [0.72,1.07] 9.83 *++ 0.0% 0.00 0.032
RQI: N2 Conflict Effect 15 761 0.76 [0.61,0.90] 10.24 **+ 0.0% 0.00 0.003
L RQ2: Theta 10 418 0.70 [0.50, 0.89] 6.92 *** 0.0% 0.00 0.553

earning/Memory
RQ3:I}P P Emotional 18 1072 0.87 [0.75, 1.00] 13.62 0.0% 0.00 <0.001
rocessing
RQ3: LPP Reappraisal 14 824 —0.65 [—079, —051]  —9.21** 0.0% 0.00 0.069
Effect

RQ4: Clinical Interventions 10 1669 077 [-105,—050]  —548%* 75.4% 0.184 0.101
RQ5: Alpha ERD (Task) 18 750 070 [-085,-055]  —9.17%* 0.0% 0.00 <0.001

Note. *** p <0.001 for test of overall effect. k = number of studies; 1 = total participants; d = Cohen’s d (standardized
mean difference); CI = confidence interval; I* = percentage of variance due to heterogeneity; T2 = between-study
variance. Negative effect sizes for RQ3 reappraisal, RQ4 clinical, and RQ5 alpha indicate favorable outcomes (LPP
reduction, symptom reduction, task-related suppression).

In summary, the meta-analytic findings demonstrate consistent EEG biomarkers across
all five research domains. Effect sizes ranged from medium-to-large (14| = 0.65-0.70) to
large (1d1 = 0.87-0.89), with most analyses showing negligible heterogeneity (I = 0.0%).
The exception was clinical intervention studies (I? = 75.4%), where heterogeneity was largely
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explained by differences between diagnostic conditions—particularly the exceptionally
large effects observed for PTSD (d = —1.98, k = 2), which should be interpreted with caution
given the limited evidence base. Sensitivity analyses confirmed that findings were robust
and not unduly influenced by any single study. Publication bias was detected in some
analyses but did not substantially alter effect estimates when adjusted using trim-and-fill
methods (Ad < 0.02).

4. Discussion

This systematic review and meta-analysis synthesized findings from k = 210 studies
(2015-2025) examining EEG correlates of cognition, emotion, and mental health, encompass-
ing an estimated approximately 9935 participants across 38 countries. Our comprehensive
analysis revealed consistent neural markers across five research domains, with medium-
to-large effect sizes for key EEG biomarkers of cognitive control (d = 0.76-0.89), emotion
regulation (4 = 0.65-0.87), learning processes (d = 0.70), and clinical interventions (d = —0.42
to —1.98). Notably, most meta-analyses demonstrated negligible heterogeneity (I> = 0.0%),
indicating highly consistent findings across diverse study contexts.

4.1. EEG Biomarkers for Cognitive Control and Executive Function

Our meta-analysis of 35 studies [131-165] reveals significant progress in identifying
reproducible EEG biomarkers for cognitive control processes. Frontal-midline theta (FM0)
emerged as a prominent marker, with consistent enhancement during response inhibition
(k=12; d = 0.89,95% CI[0.72, 1.07]; I? = 0.0%), conflict monitoring, and working memory
maintenance. The near-zero heterogeneity across studies indicates that theta enhancement
during inhibitory control replicates consistently across diverse paradigms, populations,
and laboratories.

The correlation between pre-trial theta activity in the ventromedial prefrontal cortex
(vimPFC) and theta activity in the right inferior frontal gyrus (rIFG) during successful
inhibition (r = 0.63) highlights the role of theta-band oscillations in both proactive and reac-
tive control mechanisms [131]. The N2 component provided a complementary marker of
conflict detection, with enhanced amplitudes reliably distinguishing high-conflict from low-
conflict trials (k = 15; d = 0.76, 95% CI [0.61, 0.90]; I?> = 0.0%). Machine learning approaches
applied to single-trial EEG data demonstrated the feasibility of classifying the presence of
conflict using theta-band features at frontocentral sites [133], identifying neurophysiological
features related to attention and motor response selection as key predictors.

Acute stress differentially affects the neural correlation of response inhibition, with evidence
suggesting that stress modulates early conflict detection and later inhibitory processes [144].

4.2. Neural Mechanisms of Learning and Memory Consolidation

Our analysis of 34 studies [166—-199] supports the hypothesis that theta oscillations
play a critical role in memory consolidation and skill acquisition. Meta-analysis revealed
a medium-to-large effect for theta enhancement during successful learning and memory
encoding (k = 10; 4 = 0.70, 95% CI [0.50, 0.89]; 2= 0.0%). The finding that theta neurofeed-
back administered immediately following motor learning enhanced consolidation (d = 1.05
at 24-h retest) [172] provides evidence for theta’s role in memory formation. Neurofeed-
back training demonstrates protocol-specific effects on memory function, with different
oscillatory targets appearing to engage distinct memory systems, informing personalized
approaches to cognitive rehabilitation [181,182].

4.3. Emotion Regulation and Affective Processing

The late positive potential (LPP) emerged as a potentially sensitive neurophysiological
indicator of emotional processing and regulation across 61 studies [200-260]. Consistently
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enhanced LPP amplitudes for emotional versus neutral stimuli (k = 18; d = 0.87, 95%
CI [0.75, 1.00]; I? = 0.0%) support the LPP as a candidate index of motivated attention
to affective content, pending prospective validation. The near-zero heterogeneity indi-
cates that LPP enhancement to emotional stimuli replicates consistently across diverse
experimental contexts.

Critically, cognitive reappraisal successfully reduced LPP amplitudes (k = 14; d = —0.65,
95% CI [—0.79, —0.51]; I? = 0.0%), supporting the LPP as a candidate marker of emotion regu-
lation that warrants further investigation as a potential treatment target or outcome measure
in clinical interventions, pending prospective validation. The consistency of this reappraisal
effect across diverse populations—including healthy adults, anxiety disorders [209,244,245],
depression [234,250,254], athletes [224], and older adults [236]—suggests that LPP modulation
reflects a broadly replicable neural mechanism of successful emotion regulation.

Frontal-midline theta shows context-dependent modulation during affective process-
ing, with reward-related feedback paradigms demonstrating differential theta responses
to positive and negative outcomes [251], providing insights into the neural basis of rein-
forcement learning. Attention bias modification training demonstrates the modulation of
emotional processing, with LPP reductions indexing improved cognitive regulation [241].

4.4. EEG Biomarkers for Mental Health Assessment and Treatment

Our analysis of 19 clinical studies [261-279] identified several promising EEG biomark-
ers for mental health applications. The meta-analysis of clinical interventions revealed an
overall large effect favouring treatment (k = 10; d = —0.77, 95% CI [-1.05, —0.50]; p < 0.001;
I = 75.4%), with the substantial heterogeneity reflecting meaningful differences between
clinical conditions.

Preliminary evidence from two studies (k = 2) suggests very large effects for neurofeed-
back in PTSD (d = —1.98, 95% CI [—2.50, —1.47]; I? = 0.0%); however, these findings must
be interpreted with considerable caution given the extremely small number of contributing
studies. Prediction intervals cannot be reliably estimated from k = 2, and independent
replication in adequately powered, pre-registered trials is required before any clinical
conclusions can be drawn. Other conditions showed medium effects: ASD (d = —0.72) [277],
anxiety (d = —0.62) [268], ADHD (d = —0.60) [273,274], and depression (d = —0.42) [262].

Frontal alpha asymmetry (FAA) shows potential as a predictor of treatment response
rather than a diagnostic marker for depression. In the largest study examining EEG
predictors of antidepressant response (n = 1008), Arns et al. [262] identified gender-specific
effects: relatively greater right-frontal alpha in women predicted a favourable response to
escitalopram (OR = 1.42) and sertraline (OR = 1.38), but not to venlafaxine-XR. The absence
of FAA differences between MDD patients and controls in some studies challenges the
diagnostic utility of FAA, highlighting the important distinction between trait markers and
treatment-response predictors.

Several neurobiological and sociocultural mechanisms may explain why FAA predicts
antidepressant response specifically in women. Oestrogen modulates serotonergic neuro-
transmission and prefrontal GABAergic tone, directly influencing frontal alpha amplitude;
the gender-specific predictive value of FAA for SSRI response therefore plausibly reflects the
interaction between sex hormones and serotonin-dependent prefrontal regulation. Higher
rates of ruminative coping and interpersonal stressor sensitivity in women are associated
with right-lateralised frontal alpha patterns, potentially amplifying the role of FAA as
a predictor in this group. The absence of FAA predictive value for venlafaxine-XR (an
SNRI) is mechanistically consistent with the hypothesis that FAA indexes serotonin-specific
rather than noradrenaline-dependent pathways. Together, these findings position FAA as
a candidate trait marker of serotonergic tone in women that could inform pharmacoge-
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nomically guided antidepressant selection, pending replication in larger, prospectively
designed cohorts.

4.5. Neural Oscillations and Mechanisms of Neuromodulation

Our analysis of 61 studies [280-340] examined the functional significance of EEG
oscillatory patterns and the effects of neuromodulation. The meta-analysis of alpha event-
related desynchronization (ERD) during cognitive engagement revealed a medium-to-large
effect (k = 18; d = —0.70, 95% CI [—0.85, —0.55]; I?> = 0.0%), confirming alpha suppression
as a reliable index of cortical activation during task performance. The consistency of this
finding across diverse cognitive tasks supports alpha ERD as a candidate domain-general
marker of cognitive engagement, pending prospective validation.

Neurofeedback studies within this domain provide evidence that oscillatory patterns
can be trained to influence cognitive performance, with closed-loop paradigms demon-
strating learning effects that persist after feedback removal [166], suggesting genuine skill
acquisition rather than feedback-dependent performance. Brain stimulation approaches —
including transcranial direct current stimulation (tDCS) and transcranial alternating current
stimulation (tACS) — demonstrated frequency-specific modulation of oscillatory activity
with associated cognitive effects [291,332,335], supporting the functional significance of
targeted neuromodulation. These findings collectively point to the potential for oscillatory-
based interventions to support cognitive enhancement and rehabilitation, though further
replication and standardisation are required.

4.6. Integration of Findings Across Research Domains

A key contribution of this review is the integration of findings across traditionally sep-
arate research domains. Theta oscillations emerged as a unifying marker across cognitive
control, learning, and emotion regulation, supporting theoretical models that emphasise
common neural mechanisms underlying diverse cognitive—emotional functions. The con-
sistent involvement of frontal-midline theta in response inhibition (d = 0.89), memory
encoding (d = 0.70), and affective processing suggests a domain-general role in adaptive
behaviour. Similarly, alpha oscillations showed consistent patterns across domains, with
task-related desynchronization indexing cognitive engagement (4 = —0.70) and frontal
asymmetry patterns reflecting emotional processing and regulation. The complementary
nature of oscillatory power and ERP components—N2 (d = 0.76), LPP (d = 0.87)—provides
a rich characterisation of neural function across cognitive and affective domains (Table 5).

Table 5. Summary of key meta-analytic findings by research domain.

Domain Key Biomarker d 95% CI I Interpretation
Cognitive Control FM® (NoGo > Go) 0.89 [0.72,1.07] 0.0% Large, highly consistent
Cognitive Control N2 Conflict 0.76 [0.61, 0.90] 0.0% Medium-large, consistent
Learning/Memory Theta consolidation 0.70 [0.50, 0.89] 0.0% Medium-large, consistent
Emotion Processing LPP emotional 0.87 [0.75, 1.00] 0.0% Large, highly consistent

Emotion Regulation LPP reappraisal —0.65 [-0.79, —0.51] 0.0% Medium-large, consistent
Clinical (Overall) Treatment effects -0.77 [—1.05, —0.50] 75.4% Large, condition-dependent
Clinical (PTSD) NFB intervention —1.98 [—2.50, —1.47] 0.0% Very large, consistent
Neural Oscillations Alpha ERD (task) —0.70 [—0.85, —0.55] 0.0% Medium-large, consistent

Note. FM6 = frontal-midline theta; LPP = late positive potential; NFB = neurofeedback; ERD = event-related
desynchronization. Negative effect sizes indicate favorable treatment effects or task-related suppression.
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4.7. Technical and Methodological Considerations for Clinical Translation

Despite promising advances, several challenges remain in translating EEG biomarkers
into clinical practice. While some studies report high accuracy, sensitivity, and specificity,
further validation in diverse clinical populations is required before widespread clinical
application. The gap between controlled research settings and real-world clinical environ-
ments necessitates rigorous validation studies that account for the heterogeneity of clinical
populations and practical constraints of clinical settings.

Methodological standardisation represents a critical need. Variability in EEG acquisi-
tion parameters, preprocessing pipelines, and analytical approaches limits comparability
across studies. Our quality assessment revealed that 58.6% of studies (1 = 123) were rated
as high quality and 41.4% (n = 87) as moderate quality; no studies were rated as low quality.
Methodological heterogeneity may nonetheless have contributed to the publication bias
detected in some analyses (Egger’s p < 0.05 for RQ1 theta and RQ3 LPP). The development
of consensus guidelines for EEG methodology in biomarker research would substantially
advance the field.

The low heterogeneity (I* = 0.0%) observed in most of our meta-analyses warrants
careful interpretation and should not be taken as unambiguous evidence of true homo-
geneity. Several alternative explanations must be considered: (a) insufficient statistical
power—with k = 10-18 studies per analysis, the Q-test has limited power to detect moderate
heterogeneity, meaning I? = 0.0% may reflect type I error rather than genuine homogeneity;
(b) REML convergence at zero — the restricted maximum likelihood estimator commonly
returns 12 = 0 when between-study variance is small relative to sampling error, a statistical
artefact rather than a substantive finding; (c) restrictive inclusion criteria — by requiring
specific EEG markers and paradigms, our inclusion criteria may have introduced method-
ological homogeneity that artificially suppresses heterogeneity estimates; and (d) EEG
preprocessing heterogeneity—electrode reference schemes, high-pass filter cutoffs, and line
noise removal methods varied substantially across the 210 studies. Reference scheme and
high-pass filter cutoff were included as moderators in meta-regression analyses; neither was
significantly associated with the magnitude of effect sizes (all p > 0.10), suggesting these
factors did not introduce systematic bias. Nonetheless, the diversity of preprocessing ap-
proaches represents a source of unmeasured heterogeneity, and the low I? values reported
herein should be treated as lower bounds on true between-study variance. The adoption
of standardised preprocessing frameworks (e.g., BIDS-EEG) would substantially improve
cross-study comparability in future meta-analyses. The exception—clinical intervention
studies (I? = 75.4%)—demonstrated that heterogeneity can be meaningfully decomposed
by clinical condition, providing actionable information for treatment selection.

For transparency, we operationalise “robust” EEG biomarkers as meeting all of the
following criteria: (1) pooled d > 0.50; (2) z-statistic > 5.0; (3) 12 < 25% across k > 10 studies;
(4) consistent direction of effect across at least two independent paradigms; and (5) leave-
one-out range Ad < 0.10. We note that preregistration and independent replication—
additional criteria that would strengthen confidence—could not be applied systematically
due to insufficient documentation across the literature.

The implementation of advanced computational approaches in clinical settings re-
quires user-friendly interfaces and interpretable outputs. Machine learning and deep
learning methods show promise for improving diagnostic accuracy, but their clinical util-
ity depends on developing explainable Al approaches that provide clinically meaningful
insights rather than black-box predictions.
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4.8. Future Research Implications and Directions

Our systematic analysis of 210 studies highlights several promising directions for
future research in EEG biomarkers for cognition, emotion, and mental health.

4.8.1. Longitudinal Developmental Studies

Prospective longitudinal studies beginning in childhood and continuing through
adulthood are essential for capturing the developmental trajectories of neural biomarkers.
Understanding how EEG signatures of cognitive control and emotion regulation evolve
across development will inform age-appropriate intervention strategies and identify critical
periods for intervention [341-347]. Our finding that children showed somewhat smaller
theta effects [154] underscores the need for developmental research.

4.8.2. Larger and More Diverse Samples

The current limitations in sample size (median = 25 participants; n available for
174/210 studies; mean n = 47.3) and demographic diversity restrict the generalizability of
many promising biomarkers. The significant negative relationship between sample size
and effect size in meta-regression (3 = —0.004, p = 0.007) suggests potential small-study bias.
Collaborative multicenter studies pooling resources across institutions could address this
challenge while standardizing protocols. Special attention should be given to the inclusion
of underrepresented populations [348-356].

4.8.3. Multimodal Integration

Integrating EEG data with other neuroimaging modalities (fMRI, f{NIRS), genetic in-
formation, behavioral measures, and environmental factors will yield more comprehensive
biomarkers. This multimodal approach acknowledges the complex, multifactorial nature of
cognitive and emotional processes and their dysfunction in mental health conditions [357-365].

4.8.4. Precision Medicine Approaches

Developing biomarkers that predict individual responses to specific interventions
will facilitate personalized treatment planning. The gender-specific FAA effects for an-
tidepressant response [262] and condition-specific treatment effects (PTSD: d = —1.98 vs.
depression: d = —0.42) exemplify the potential for precision approaches. Identifying re-
sponders versus non-responders early in treatment would enable adaptive protocols and
treatment matching.

4.8.5. Explainable Al Development

The advancement of Al methodologies that provide interpretable and explainable
results will be crucial for clinical translation. Ensuring that Al-derived insights are ac-
cessible and meaningful to clinicians represents a critical step toward implementation in
clinical practice [366-373].

4.8.6. Real-World Implementation Research

The development of user-friendly, cost-effective EEG protocols suitable for widespread
clinical implementation remains a crucial goal. Simplified systems, automated analysis
pipelines, and clear interpretation guidelines would facilitate adoption in diverse clinical
settings, including primary care and community mental health contexts [374-382].

4.9. Limitations and Considerations

Despite significant progress, several limitations must be acknowledged in interpreting
the findings of this systematic review:
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Heterogeneity of Study Designs: The included studies varied substantially in experi-
mental paradigms, EEG acquisition parameters, and analytical approaches. While most
meta-analyses showed negligible heterogeneity (I> = 0.0%), clinical intervention studies
showed substantial heterogeneity (I?> = 75.4%) that was largely explained by differences
across conditions.

Publication Bias: Egger’s regression test indicated significant funnel plot asymmetry
for some analyses (RQ1 theta: p = 0.032; RQ3 LPP: p < 0.001; RQ5 alpha: p < 0.001),
suggesting a possible selective reporting of positive findings. However, trim-and-fill
analyses indicated minimal adjustment to effect estimates (Ad < 0.02).

Sample Characteristics: Most studies examined relatively homogeneous samples
of healthy young adults (60.0%) or specific clinical populations. The generalizability of
findings to older adults (4.8% of studies), individuals with comorbidities, and diverse
cultural populations remains to be established.

Replication Concerns: Many promising findings from individual studies have not
been independently replicated. Large-scale, preregistered replication studies are needed to
establish the robustness of the proposed biomarkers.

Clinical Translation Gap: Most of the research was conducted in controlled laboratory
settings. The translation of these findings to real-world clinical applications requires
additional validation in ecologically valid contexts.

Temporal Scope: By focusing on studies from 2015 to 2025, this review captures
recent advances but may underrepresent foundational work from earlier periods that estab-
lished key methodological and theoretical frameworks. Small Individual Study Sample
Sizes: The median sample size across included studies was 25 participants (n available for
174/210 studies; mean = 47.3), substantially smaller than recommended for stable EEG
effect estimates. Meta-regression confirmed a significant negative relationship between
sample size and effect size (3 = —0.004, SE = 0.001, p = 0.007), indicating a potential small-
study bias, in which smaller studies reported larger effects. This pattern is consistent with
publication bias or inflated estimates in underpowered studies and suggests that the pooled
effect sizes reported here may modestly overestimate true population effects.

EEG Methodological Variability: The 210 included studies employed heterogeneous
EEG acquisition systems, electrode reference schemes (average reference, linked mastoids,
nose tip, Cz), high-pass filter cutoffs (0.1-1.0 Hz), artifact rejection methods, and time-
frequency analysis approaches. Although meta-regression showed no significant main
effects of the reference scheme or filter cutoff on the pooled effect sizes (all p > 0.10),
unmeasured interactions between these factors may contribute to variance not captured
by our heterogeneity estimates. The adoption of BIDS-EEG standardized preprocessing
protocols and consensus reporting guidelines would substantially improve cross-study
comparability in future syntheses.

Domain Overlap and Classification Uncertainty: Forty-seven studies (22.4%) received
secondary RQ assignments, reflecting meaningful contributions to more than one domain,
and five cases required third-reviewer adjudication. The keyword-based classification
algorithm, while validated (k = 0.91), is an approximation; studies at domain boundaries
may be more accurately characterized by alternative assignments. Sensitivity analyses con-
firmed Ad < 0.05 across all primary meta-analyses when borderline cases were reassigned,
indicating that classification uncertainty did not substantively alter the conclusions.

Neurofeedback Evidence Limitations: The neurofeedback literature is subject to
methodological challenges specific to this intervention type: sham-control conditions
are difficult to implement convincingly, expectation effects are known to influence self-
regulation learning (see Section 4.5), and selection bias in study populations may favor
individuals predisposed to successful neurofeedback learning. The PTSD neurofeedback
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Common preprocessing pipeli
implementing reproducible artifact rejection procedures

Open-source software tools

findings (k = 2) are particularly limited: with only two contributing studies, the pooled
estimate is dominated by individual study characteristics, prediction intervals cannot
be reliably computed, and the risk of false-positive conclusions is substantially elevated.
Independent, pre-registered replication studies are urgently needed.

Causal Inference Constraints: The majority of studies in this review, particularly in
the observational EEG biomarker domain (RQs 1, 3, 5), did not employ the experimental
manipulation of EEG states. Correlational associations between EEG markers and cognitive—
emotional outcomes, even when consistent and replicable, do not establish that modifying
the EEG marker will produce the hypothesized clinical benefit. Biomarker-informed
treatment decisions have not yet been prospectively validated in pragmatic clinical trials.
Any clinical application of findings from this review must await this validation step; the
present findings support the candidacy of EEG markers for such trials, not their readiness

for routine clinical implementation.

4.10. Proposed Implementation Framework for Clinical Translation

Based on our comprehensive synthesis of 210 studies, we propose a multi-phase im-
plementation framework to translate these research findings into clinical practice (Figure 8):

PHASE 2: Clinical Translation Pathway

Technical Infrastructure Standardization

Retrospective validation studies

Standardized acquisition protocols
for clinical EEG with validated quality control metrics in diverse clinical populations; demographic & comorbidity profiles

Clinician-accessible interfaces
integrating biomarker data with standard clinical measures

Prospective studies

Benchmarked feature extraction methodologies
prioritizing techniques with highest reproducibility STEP1 -2 comparing standard assessment with biomarker-enhanced approaches

Health economic analyses

demonstrating cost-effectiveness for healthcare systems

enabling consistent implementation across sites
OUTPUT: Standards. OUTPUT: Evidence

PHASE 4: Training and Ethical Implementation
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Simplified, clinical-grade EEG systems

omarkers

optimized for robus
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Technical training for computational scientists

addressing clinical needs
Comprehensive ethical guidelines EVIDENCE BASE
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Figure 8. Proposed implementation framework for translating EEG biomarkers into clinical practice.
The four-phase approach addresses technical infrastructure standardization, clinical translation
pathways, accessible technology development, and training with ethical implementation. Arrows
indicate sequential dependencies and feedback loops, enabling continuous refinement based on

implementation outcomes.

Phase 1: Technical Infrastructure Standardization: The first critical step is to establish
consensus standards for EEG acquisition, preprocessing, and analysis. This includes:
(1) standardized acquisition protocols for clinical EEG with validated quality control
metrics; (2) common preprocessing pipelines implementing reproducible artifact rejection
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procedures; (3) benchmarked feature extraction methodologies prioritizing techniques
with the highest reproducibility; and (4) open-source software tools enabling consistent
implementation across sites.

Phase 2: Clinical Translation Pathway: Bridging research and practice requires: (1) retro-
spective validation studies in diverse clinical populations ensuring biomarker efficacy across
demographic variables and comorbidity profiles; (2) the development of clinician-accessible
interfaces integrating biomarker data with standard clinical measures; (3) prospective stud-
ies comparing standard assessment with biomarker-enhanced approaches; and (4) health
economic analyses demonstrating cost-effectiveness for healthcare systems.

Phase 3: Accessible Technology Development: Addressing implementation barriers
requires: (1) simplified, clinical-grade EEG systems optimized for robust biomarkers;
(2) automated analysis pipelines minimizing the need for specialized expertise; (3) cloud-
based processing enabling advanced analytics without local computational infrastructure;
and (4) mobile and wearable EEG solutions for monitoring outside clinical settings.

Phase 4: Training and Ethical Implementation: Successful implementation requires an
attention to human factors: (1) interdisciplinary training programs enhancing clinicians’
ability to interpret and apply biomarker data; (2) the development of technical training for
computational scientists addressing clinical needs; (3) comprehensive ethical guidelines
addressing algorithm fairness, transparency, and equity of access; and (4) patient education
materials explaining biomarker assessment and its implications.

5. Conclusions

This systematic review and meta-analysis synthesized data from 210 studies (pub-
lished between 2015 and 2025) that assessed electroencephalographic correlations of cog-
nition, emotion, and mental health across five major research areas. Our comprehensive
review found substantial neural biomarkers with large effect sizes across different study
types. Frontal-midline theta oscillation was the most prominent marker of cognitive control,
demonstrated a large effect on response inhibition, and showed consistent enhancement
during conflict monitoring, working memory maintenance, and error processing.

The late positive potential served as a potentially sensitive neurophysiological in-
dicator of emotional processing and regulation, with consistent discrimination between
emotionally salient and neutral stimuli and notable modulation following cognitive reap-
praisal across diverse paradigms and populations. Neurofeedback interventions were
shown to have clinically meaningful effects across a range of mental health disorders,
with preliminary evidence of very large treatment effects for post-traumatic stress disorder
requiring independent replication, and medium treatment effects for anxiety, attention-
deficit/hyperactivity disorder, and depression. There is a clear overlap in oscillatory
markers (theta activity), particularly across the three main domains of cognitive control,
learning, and emotion regulation, which support theoretical models that highlight common
neural mechanisms underlying adaptive behavior.

Perhaps the most important finding of the meta-analyses was the low level of het-
erogeneity in most biomarker analyses, indicating notable consistency of effects within
each domain across the reviewed studies; however, independent replication in diverse
prospective cohorts is required before conclusions about reliability and clinical utility can
be drawn. The results of the present study also have significant implications for clini-
cal translation. EEG-based candidate biomarkers show preliminary potential to improve
diagnostic accuracy, predict treatment outcomes, and guide personalized interventions.

Frontal alpha asymmetry may be a useful gender-specific predictor of antidepressant
response and may provide guidance for the identification of patients most likely to benefit
from interventions. Neural markers of inhibitory control capacity may be predictors of
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outcome following trauma-focused therapy and may therefore provide a basis for the use
of baseline EEG assessments to guide treatment planning.

The effect sizes observed for neurofeedback interventions are in a range comparable
to some established treatments in preliminary analyses, which is encouraging; however,
the evidence base remains limited, particularly for PTSD (k = 2), and robust conclusions
about comparative efficacy require adequately powered, independently replicated, and
pre-registered trials before EEG-based approaches can be recommended as alternatives
or adjuncts to standard care. The advantages of EEG include its temporal resolution,
cost-effectiveness, portability, and non-invasiveness compared with other neuroimaging
techniques, which are likely to make it suitable for widespread clinical application.

Although there has been progress in this area, many important challenges remain.
While most cognitive and emotional biomarker analyses yielded highly consistent ef-
fects, the effects of clinical interventions varied widely, and most of this variability was
attributable to differences between diagnostic groups, suggesting that future treatments
should be developed on a diagnosis-specific basis rather than using a one-size-fits-all
approach. Sample characteristics in the existing literature are often lacking in diversity,
with too few samples from older adults, minority populations, and individuals with comor-
bidities, making generalization difficult.

A further challenge is the gap between the controlled laboratory settings used to
develop these biomarkers and the complex, unpredictable nature of real-world clinical
environments, underscoring the need for rigorous validation studies. The implementation
of advanced computational approaches (such as artificial intelligence) will require the
development of explainable Al frameworks accessible to clinicians with limited training
in these technologies. To meet these challenges, we propose a four-phase implementation
framework consisting of technical infrastructure standardization with consensus acqui-
sition protocols and open-source software tools; clinical translation pathways including
validation studies and health economic analyses; accessible technology development in-
cluding automated analysis pipelines and mobile EEG solutions; and training and ethical
implementation that includes algorithmic fairness and transparency, equal access to the
technology, and the education of patients regarding the technology.

Overall, EEG biomarkers have the potential to transform both assessment and inter-
vention across cognitive and mental health domains. The notable consistency of effects
across studies within each domain provides an encouraging foundation for further investi-
gation; however, independent replication in diverse, prospective cohorts remains essential
before these findings can be considered established for clinical translation. Through pursu-
ing the research directions outlined above, including longitudinal developmental studies,
multimodal integration, precision medicine approaches, real-world implementation re-
search, and the recruitment of larger and more diverse samples, the field can move closer
to developing clinically actionable biomarkers that will lead to improved outcomes for
individuals throughout their lives.

Combining machine learning with traditional neurophysiological approaches, along
with growing knowledge of the neural mechanisms underlying cognition and emotion,
positions EEG-based neuroscience as a promising area with meaningful clinical potential.
However, realizing this potential will require sustained collaboration among researchers,
clinicians, technologists, and patient advocacy groups in order to ensure that scientific
developments are translated into accessible, equitable, and effective clinical tools that
reduce health inequity and improve mental health outcomes for all.
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Supplementary Materials: The following supporting information can be downloaded at: https:
/ /www.mdpi.com/article/10.3390/brainsci16040368/s1. Table S1: Characteristics of all 210 included
studies (estimated n ~ 9935; 38 countries; 2015-2025), organized by research question domain with
columns for study design, population, EEG biomarker, and task/paradigm; Table 52: PRISMA
2020 Checklist, documenting adherence to all 27 reporting items with specific manuscript section
references; Table S3: Quality assessment for all 210 studies using the Newcastle-Ottawa Scale (NOS)
and Cochrane Risk of Bias Tool 2.0 (RoB 2.0); inter-rater reliability k = 0.89; Table S4: Per-study
effect sizes for all seven meta-analyses, reporting individual Cohen’s d (95% CI), standard error,
random-effects weight, and pooled estimates with Q-statistics and heterogeneity indices.
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ERP Event-related potential
FMo Frontal-midline theta
LPP Late positive potential

FAA Frontal alpha asymmetry
ERN Error-related negativity
SMR Sensorimotor rhythm
EPN Early posterior negativity
NFB Neurofeedback

tDCS Transcranial direct current stimulation
TMS Transcranial magnetic stimulation

tACS Transcranial alternating current stimulation
TBS Theta Burst Stimulation

PTSD Post-traumatic stress disorder

ADHD  Attention-deficit/hyperactivity disorder
ASD Autism spectrum disorder

MDD Major depressive disorder
ACC Anterior cingulate cortex
vmPFC  Ventromedial prefrontal cortex
rIFG Right inferior frontal gyrus
BCI Brain—computer interface
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