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ABSTRACT

Background: Early detection of Alzheimer’s disease (AD) is critical for timely intervention, yet current diagnostic tools
can be costly and invasive. Quantitative electroencephalography (qEEG) and event-related potentials (ERPs) offer non-
invasive, cost-effective alternatives with high temporal resolution.

Objective: This study evaluated the BrainView system, a multi-modal EEG platform integrating gEEG, source localization,
ERP analysis, and machine learning, to assess its utility in detecting early cognitive decline.

Methods: Z-scored brain maps, sSLORETA source localization, and ERP waveforms were analyzed in individuals with
suspected early AD. Key frequency ratios and cortical activity patterns were compared against normative databases.
Machine learning models, including XGBoost with LASSO regression, were trained to classify cognitive status.

Results: Elevated delta and theta activity, alongside reduced alpha and beta power, reflected typical EEG slowing associated
with early AD. sSLORETA localized these abnormalities to frontal and parietal regions. ERP analysis revealed attenuated
P200 responses and atypically early, amplified P300 components, suggesting possible compensatory mechanisms. The
XGBoost machine learning model achieved high classification accuracy (sensitivity = 0.88, specificity = 0.94), supporting
the diagnostic value of EEG-based features.

Conclusion: The BrainView system effectively identifies neurophysiological patterns consistent with early AD. Combined
with machine learning, EEG-based tools offer a scalable, non-invasive approach for early cognitive screening and
monitoring. Further validation in larger, diverse cohorts is needed to support clinical integration.

Keywords cases in younger populations are also observed [3,4]. Currently,
BrainView, qEEG, Event-related potentials, ERP, Evoked over 55 million people globally are living with dementia, and this
potentials, Alzheimer’s Disease, Mild cognitive impairment, number is projected to rise to 130—140 million by 2050, with AD
sLORETA, Brain mapping, z-score power, Frequency bands. comprising the majority of cases [5-7].

Introduction AD is a progressive neurodegenerative disorder characterized
Alzheimer’s disease (AD) is the most common form of dementia, by memory loss, cognitive decline, behavioral disturbances, and
accounting for approximately 60-80% of cases worldwide [1,2]. eventual loss of functional independence [8,9]. Pathologically,
While it primarily affects individuals over the age of 65, early-onset AD is defined by the accumulation of amyloid-f plaques and
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hyperphosphorylated tau tangles, which disrupt synaptic function,
contribute to neuronal hyperexcitability, and impair network
dynamics [10-12]. Functional disruptions are especially prominent
in core brain networks such as the default mode network (DMN),
and abnormal neuronal oscillations are frequently observed [13-
16]. Additionally, mitochondrial dysfunction, oxidative stress, and
chronic neuroinflammation have emerged as key contributors to
AD pathophysiology [10,11,17,18].

The global burden of AD is immense, both personally and
economically. In 2023, the estimated cost of dementia care
exceeded $1.3 trillion [19]. Current treatments offer only
symptomatic relief and do not halt or reverse disease progression
[20]. Thus, early detection is critical, particularly at the stage of
amnestic mild cognitive impairment (aMCI), which frequently
precedes AD [10,20-23]. A substantial proportion of aMCI
patients convert to AD, although some remain stable or even revert
to normal cognition [24]. Therefore, accurate risk prediction at the
MCI stage is vital for enabling timely, individualized intervention.

Despite the promise of biomarker-based diagnostics (e.g., MRI,
PET imaging, and cerebrospinal fluid (CSF) analysis), these
methods are often costly, invasive, and inaccessible, particularly
in low-resource settings [21,25-30]. This has spurred interest
in alternative diagnostic approaches that are less invasive,
more affordable, and scalable. Electroencephalography (EEQG),
particularly quantitative EEG (QEEG) and event-related potentials
(ERPs), offers such potential [31,32]. EEG is low-cost, non-
invasive, and provides high temporal resolution, making it ideal
for detecting subtle functional brain changes before structural
abnormalities become evident. Resting-state EEG, in particular,
is well-tolerated by patients and has been shown to reveal distinct
differences between healthy aging, MCI, and AD [21,33-42].

Typical EEG abnormalities in AD include increased low-
frequency (delta, theta) activity, reduced high-frequency (alpha,
beta, gamma) activity, decreased signal complexity, and disrupted
neural synchronization [37,39,42-50]. These changes reflect
slower brain electrical activity and reduced network efficiency,
hallmarks of neurodegeneration.

ERPs provide complementary information, especially in cognitive
paradigms like the auditory oddball task [51,52]. In AD, P300
components (P3a and P3b) are typically reduced in amplitude
and delayed in latency, indicating deficits in attention, stimulus
discrimination, and cognitive updating [22,53-59]. These ERP
changes correlate with behavioral impairments such as slower
reaction times and reduced accuracy, and have shown predictive
value for MCI-to-AD progression [60-62]. However, ERP
adoption in clinical practice remains limited due to technical and
standardization challenges [60,63-66].

In this study, we evaluate the diagnostic potential of the BrainView
system (developed by Medeia Inc.), which integrates resting-state
EEG, ERP data, neuropsychological assessments, and a machine
learning classifier (XGBoost). This prototype diagnostic classifier

is developed using novel metrics derived from resting-state EEG
and ERPs to assess brain activity. Our primary objective is to
identify the EEG and ERP features that best discriminate AD
patients from non-AD controls. The secondary objective is to
identify features that reflect disease staging and differentiate AD
from other dementia types. This proof-of-concept study aims
to demonstrate the utility of the BrainView system as a rapid,
accessible, and objective tool for early detection of pathological
brain aging. Notably, the BrainView model has achieved a
sensitivity of 0.88 and a specificity of 0.94 in distinguishing
individuals with AD from non-AD control — performance metrics
that underscore its potential clinical utility as a reliable screening
tool. These results suggest that the model can accurately identify
true positive cases while minimizing false positives, making it well-
suited for early detection and risk stratification in diverse clinical
settings. Ultimately, this approach may support more informed
and data-driven decision-making in the diagnosis, monitoring, and
management of AD.

Materials and Methods

A. Subject and Variable Selection

Patient data were collected between 2018 and 2024 across
multiple neurology clinics. The present data were collected as part
of a seven-site multicentre clinical trial focused on discriminating
patients with AD from normal healthy older adults. As part of the
trial protocol, both event-related ERPs and resting-state EEG data
were obtained, in addition to a comprehensive neuropsychological
battery.

The dataset includes two groups: 83 patients diagnosed with
mild AD and a control group of 2,000 non-AD individuals
(‘healthy”), with the primary aim of distinguishing AD patients
from controls. Participants were between 55 and 85 years old,
with 52% identifying as female. Each participant underwent a
comprehensive evaluation that included:

- A full neuropsychological assessment battery commonly
used in AD evaluations

Resting-state EEG recorded from 19 channels (5 minutes with
eyes open, 5 minutes with eyes closed)

ERPs using an oddball paradigm, which included:

Standard tones: 1000 Hz (probability = 0.75)

Target tones: 2000 Hz (probability = 0.15)

Distractor tones: White noise (probability = 0.10)

A total of 100-200 stimuli, presented binaurally at 70 dB

© © © ©

This multimodal data collection was designed to capture both
spontaneous and task-related brain activity, facilitating more
accurate classification of early-stage AD.

Resting EEG samples, obtained with eyes closed or open and free
from artifacts, underwent analysis. Fast-Fourier Transformation
(FFT) and direct Fourier Transform (Complex Demodulation)
techniques were applied to extract at the spectral power resolution
of 0.5 Hz the five primary frequency bands [Delta (0—4Hz), Theta
(4-8Hz), Alpha (8-12Hz), Beta (low: 13-21; high: 21-35 Hz), and
Gamma (35-45Hz)] and the standard ratios of frequency bands.
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Statistical analyses included generation of topographical color
maps for 19 monopolar and all 171 possible combinations of the
19 electrode bipolar derivations of the EEG [67].

Delta Waves: This type of brain wave has the highest amplitude
and occurs at the slowest frequency. It is primarily observed during
deep sleep.

Theta Waves: These brain waves are present when awake or in a
light phase of sleep, such as when falling asleep. When occurring
while awake, theta waves are associated with intense relaxation
and are believed to play a crucial role in information processing
and memory formation.

Alpha Waves: Produced when awake but in a very relaxed state,
typically experienced when first waking up and not concentrating
on anything specific.

Beta Waves: These brain waves are generated when the brain is
fully awake, alert, and focused. They also occur during states of
excitement or arousal.

Gamma Waves: Waves with the lowest amplitude but the fastest
frequency among brain waves. They are generated when an
individual is trying to solve a problem or intensely concentrating
on a specific task, such as during learning.

B. Inclusion/Exclusion Criteria, Demographics and Gender
Subjects completed a neurological history questionnaire for them,
and psychometric evaluations were conducted. Adults (> 18 years)
also completed a neurological questionnaire, and those deemed
unhealthy were excluded based on questionnaire responses and/
or physician comments. Physicians have access to the following
questionnaires: GAD-7 (Anxiety Severity), DSM-5 Level 1 (Cross-
Cutting Symptom Measures), PHQ-9 (Depression), PCL-C (PTSD
Severity), and general neurological questionnaires. Inclusion
required at least one questionnaire score below moderate and
physician-verified health in that the patient was deemed healthy.
Any patient records or previously known medical records with
questionnaire score of ‘moderate’ or ‘severe’ were excluded from
the BrainView EEG database, regardless of other information.

C. Demographic Characteristics

It is crucial that the demographic mixture of males and females,
various ethnic groups, and socioeconomic statuses be reasonably
representative of the expected North American clientele. This
diversity was derived from a large pool of subjects obtained
from eight geographically dispersed sites, reflecting the North
American demographics and addressing a wide range of ethnic
and socioeconomic statuses found in the de-identified patient data
before review.

D. Client-Based BrainView qEEG Database

Each client in the BrainView qEEG database completed a DSM-
based questionnaire. Regression analysis was utilized to remove
any psychopathology-related variance from the EEG data. This

process ensures that the variance in the EEG of ‘healthy’ subjects,
which is explained by the variance in the questionnaire, is removed
to create a ‘psychopathology-free’ qEEG normative database or
discriminant databases for various brain disorders.

Utilizing a client-based normative or discriminant database has its
own set of advantages. Clients may harbor expectations distinct
from those of 'healthy' subjects concerning EEG recordings. Given
that it is common for clients to experience worry or stress during
EEG sessions, research has demonstrated a significant correlation
between anxiety levels and the power distribution of the frequency
band spectrum [68,69]. In essence, profound differences may exist
in the resting state EEG recordings of clients compared to 'healthy'
subjects, differences unrelated to the psychological complaints of
the clients. Therefore, comparing a client's EEG with a normative
database comprising 'healthy' subjects without accounting for the
aforementioned variations might lead to incorrect conclusions and
render the treatment ineffective.

E. Discriminant Databases for Various Brain Disorders

In discriminant databases using quantitative EEG (qEEQG),

identifying the most effective discriminant functions is challenging

due to three key issues [70]:

1. The wide range of possible analytic methods and features (e.g.,
time-domain, frequency-domain, and hybrid time-frequency
measures).

2. The need for high specificity in distinguishing between similar
conditions (e.g., mild traumatic brain injury vs. fatigue).

3. The reliance on individualized baselines or "ground truth" for
accurate comparisons, which is often unavailable in real-world
scenarios.

Discriminant functions are models used to classify data into specific
groups based on qEEG features. Machine learning, particularly
when supported by platforms like Medeia Inc.'s BrainView,
enables automated pattern recognition in qEEG data. These
models require domain expertise for effective feature selection,
which is essential for accurate classification and outlier detection.
Rule-based learning helps make these models interpretable by
identifying key decision rules derived from the data.

For data analysis, AD patients were compared to cognitively
‘healthy’ (non-AD) controls using both LASSO logistic regression
and the XGBoost (Extreme Gradient Boosting) classifier.
XGBoost is a high-performance gradient boosting algorithm that
constructs models by sequentially adding decision trees, with each
tree aiming to correct the errors of the previous one [71]. This
method offers an optimal balance between predictive accuracy
and computational efficiency, making it particularly suitable for
clinical prediction tasks.

One key advantage of XGBoost is its ability to generate feature
importance scores, allowing researchers to identify which variables,
such as neuropsychological test results or depressive symptom
indicators, most strongly influence the model's predictions, thus
providing clinically meaningful insights [71]. Compared to other
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machine learning models such as Random Forest, AdaBoost,
Bagging, and Naive Bayes, the XGBoost framework, particularly
when combined with SHAP (SHapley Additive exPlanations),
demonstrates [72]:

Higher classification accuracy,

Greater sensitivity in detecting minority classes, and

Improved interpretability of complex predictive relationships.

F. Low-Resolution Brain Electromagnetic Tomography

Another important set of metrics from BrainView is derived
through source analysis, an advanced EEG technique that
localizes brain electrical activity by solving the inverse problem,
translating scalp-recorded potentials into estimates of their neural
origins. A key method used is LORETA (Low-Resolution
Brain Electromagnetic Tomography), which generates a three-
dimensional distribution of neuronal activity within the brain’s
grey matter based on surface EEG data [73].

LORETA allows researchers to trace which brain regions are
active during specific tasks or mental states, offering insights
into both spatial and temporal dynamics of neural processing.
It is compatible with various EEG systems and does not rely on
fixed electrode setups. Quantitative LORETA compares a patient's
brain activity to a normative database (40,000+ subjects) to assist
in diagnosis, treatment monitoring, and clinical decision-making.
It produces 3D brain maps for interpreting functional brain states
with greater precision.

Results

A. Z-Scored Power Brain Map — Waveform Ratios
Z-scored brain mapping is a powerful tool used to visualize
deviations from ‘healthy’ EEG patterns. By expressing differences
in brainwave activity as standard deviations (SD) from normative
data, itbecomes easier to detectabnormalities that may be associated
with cognitive impairment. This approach is especially valuable
in applications such as dementia screening, neurofeedback, and
qEEG-based diagnostics.

Figures 1 and 2 present z-scored brain maps, which highlight how
the relative power in various EEG frequency bands differs from a
‘healthy’ population average. In these maps:
- A z-score of 0 SD indicates activity consistent with a ‘healthy’
norm.
Positive z-scores (+1 to +3 SD) reflect increased activity in a
frequency band.
Negative z-scores (-1 to —3 SD) indicate decreased activity.

In Figure 1, the qEEG brain maps show notable increases in slow-
wave activity, particularly across ratios involving theta and delta
frequencies. Several key ratios — theta/alpha, theta/beta, delta/
alpha, and delta/beta — are highly elevated, appearing in the red-
to-orange range of the z-score color scale. These correspond to
z-scores between +2 and +3 SD, indicating that slow-frequency
brainwaves (theta and delta) are dominating over faster ones
(alpha and beta). This is a hallmark of EEG slowing, commonly
associated with AD and MCI. Specifically:

The theta/alpha ratio is elevated with z-scores around +2.5
to +3 SD, reflecting significantly higher theta power relative
to alpha.

The theta/beta ratio shows a similar elevation, reinforcing the
pattern of slow-wave dominance.

The delta/alpha and delta/beta ratios are also strongly
elevated (up to +3 SD), indicating increased delta activity in
relation to faster frequencies.

The theta/high beta and delta/high beta ratios are elevated but
to a slightly lesser extent (approximately +2 to +2.5 SD).

Conversely, the delta/theta ratio remains close to normal (z-score
~ 0 SD) because both delta and theta increase proportionally.

In contrast to elevated slow-wave ratios, the brain maps show
suppressed activity in the faster frequencies, particularly within
the alpha and beta bands:
- The alpha/beta and alpha/high beta ratios fall within the 0 to
—1 SD range, suggesting mild reductions.
These areas often appear blue or white on the map, with some
regions (e.g., central, temporal, and parietal lobes) maintaining
near-normal activity.
The beta/high beta ratio also shows a modest decrease, with
estimated z-scores around —0.5 to —1 SD.
Overall, both beta and high beta bands are reduced, but beta
appears more suppressed, leading to slightly lower ratio scores.

This general pattern — increased slow-wave activity and
decreased fast-wave activity — is consistent with findings reported
in qEEG studies of MCI and AD [33]. Specifically, elevated theta/
alpha and theta/beta ratios are frequently observed in AD patients
and are associated with cognitive slowing, reduced attention, and
impaired working memory.

The suppression of alpha and beta activity, especially in posterior
and temporal regions, aligns with known neuropathological
patterns in Alzheimer’s disease [33]. In more advanced stages,
frontal slowing may also emerge. These findings reflect reduced
cortical arousal, impaired connectivity, and decreased processing
efficiency.

Although the patterns shown in Figure 1 support the presence of
cognitive impairment, qEEG alone is not sufficient to diagnose
MCI or AD. These results must be interpreted in conjunction with
clinical evaluations, cognitive testing, and neuroimaging for an
accurate diagnosis.

The following observations summarize the key patterns evident in
the z-scored brain maps:
Elevated ratios (Red, +2 to +3 SD):
o Theta/alpha, theta/beta, delta/alpha, delta/beta — Indicate
EEG slowing and potential neurodegeneration
Suppressed ratios (Blue, —1 to —2 SD):
o Beta/gamma, alpha/beta, beta/high beta — Suggest reduced
cortical activity or processing
Neutral ratios (White, 0 SD):
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Figure 1: BrainView Z-scored spectral brain maps. A z-score of 0 SD indicates activity consistent with a ‘healthy’ norm. Positive z-scores (+1 to +3
SD) reflect increased activity in a frequency band. Negative z-scores (—1 to —3 SD) indicate decreased activity.

o No significant deviation from ‘healthy’ norms, indicating
relatively preserved function in some areas

These brain mapping results can inform early screening, guide
treatment planning, and support neurofeedback protocols by
identifying regions and frequency bands most affected by cognitive
decline.

The increased presence of slow-wave activity (theta and
delta) alongside reduced fast-wave activity (alpha and beta)
is characteristic of early dementia and is often observed in
individuals with AD or advanced MCI [33]. These findings are
particularly notable in the posterior and temporal regions,
which are commonly affected in the early stages of Alzheimer’s
disease. However, as with all neurophysiological tools, qEEG
findings should be integrated with broader clinical data to enhance
diagnostic accuracy and ensure appropriate intervention strategies.
B. Z-Scored Relative Power Brain Map — Frequency Bands

The z-scored relative power brain map provides a clear visualization
ofhow aclient’s EEG activity deviates from the normative database

established by BrainView. Each scalp map reflects the power of a
specific frequency band, expressed in SD (z-score) units relative to
‘healthy’ population averages. In this context:
Blue/cyan coloring indicates decreased power (below normal)
Red/orange coloring indicates increased power (above normal)

The most prominent finding in the client’s brain map is a
significant increase in delta (2—4 Hz) power, particularly in the
frontal regions. This pattern is not typical of ‘healthy’ adults and is
often associated with pathological brain slowing (Figure 2). Delta
activity is generally linked to deep sleep, and its presence during
awake resting states suggests abnormal neural function.

In addition to delta, there is an increase in theta activity, particularly
within the early theta band (thetal, 4—-6 Hz). Elevated waking theta,
especially in frontal regions, is another classic marker of cognitive
decline [33]. While theta is a normal feature during drowsiness,
excessive theta during rest while awake is considered a hallmark
of MCI and early-stage AD. This increased slow-wave activity
reflects impaired information processing and reduced cognitive
efficiency.
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Figure 2: BrainView Z-scored relative power brain maps. Each scalp map reflects the power of a specific frequency band, expressed in SD (z-score)
units relative to ‘healthy’ population averages. Blue/cyan coloring indicates decreased power (below normal). Red/orange coloring indicates increased

power (above normal).
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Alongside the increase in slow waves, the map reveals reduced
power in the alpha band (8—12 Hz), especially in the parietal regions
(Figure 2). Alpha rhythms are critical for resting-state coordination,
attention, and memory. Suppressed alpha is a common feature of
disrupted cognitive function, and is frequently observed in AD
and MCI [33]. This reduction reflects impaired connectivity and a
breakdown in normal resting-state brain networks.

Beta activity, typically associated with active thinking, focused
attention, and motor planning, is also decreased, especially in
the lower beta ranges. This decline suggests weakened cognitive
engagement and reduced arousal. The combination of elevated
delta/theta and reduced beta power is strongly indicative of EEG
slowing, a well-established pattern in dementia-related disorders
[33].

The Sensorimotor Rhythm (SMR), which falls within the 12—
14 Hz range (Figure 2), is a subset of low beta and is typically
recorded over the sensorimotor cortex (e.g., C3, Cz, C4). SMR
is associated with calm alertness and motor inhibition, where the
brain is focused while the body remains physically still. In the
client’s map, SMR activity is reduced, suggesting impairments in
motor control, attention regulation, or functional connectivity —
a pattern also consistent with early to mid-stage AD. Low SMR
has also been associated with various cognitive and attentional
disorders, and is a common target in neurofeedback protocols
designed to improve alertness or reduce hyperactivity [74].

Gamma activity appears relatively unchanged in this case. While
gamma is linked to higher-order cognitive functions, it is often
difficult to interpret reliably in scalp EEG due to its susceptibility
to noise and muscle artifacts [75-79]. In some studies, gamma
activity in AD patients has been reported as unchanged, reduced,
or even elevated, depending on the methodology [80]. Thus,
its neutral appearance in this brain map may reflect either a
preservation of high-level processing or measurement limitations,
rather than a definitive clinical indicator.

The overall pattern observed in Figure 2 is strongly suggestive of
advanced MCI or early-stage AD. Key features supporting this
interpretation include:

Excess slow-wave activity in the delta and theta bands

Suppressed alpha and beta power

Frontal slowing and posterior hypoactivation

These EEG patterns are not typical of ‘healthy’ aging and reflect
underlying disruptions in large-scale brain networks, particularly
the DMN and the fronto-parietal attentional system, both of which
are known to degrade in the early stages of AD. The combination
of increased delta/theta and reduced beta/alpha activity forms a
classic "slowing" pattern in EEG, which aligns with reduced
neural efficiency, impaired cognitive control, and loss of network
coordination often seen in dementia-related conditions.

The z-scored relative power brain map provides strong
neurophysiological evidence of abnormal brain function consistent

with MCI or early AD. Specifically, the elevated delta and theta
activity, combined with decreased alpha and beta power, suggest
impaired attention, memory processing, and cognitive control.
Although gamma activity appears unaffected, its interpretation
remains limited due to technical constraints.

These findings should be considered in the broader context
of clinical evaluation, including neuropsychological testing,
functional assessments, and neuroimaging. While EEG slowing is
a valuable biomarker, it is not sufficient alone for diagnosis, but
rather, serves as a supportive tool in identifying and tracking the
progression of cognitive impairment.

C. Source-Level EEG Findings: SLORETA Analysis

Standardized Low-Resolution Electromagnetic Tomography
(sLORETA) is an advanced EEG source localization method
that estimates where in the brain (in three-dimensional space)
electrical activity in different frequency bands originates [81].
Unlike traditional EEG scalp topographies, which show surface-
level activity, SLORETA projects this activity into the anatomical
structure of the brain, enabling visualization of power distribution
in specific cortical regions. sLORETA and similar source
localization tools are increasingly used in qEEG to identify the
likely neural generators of observed activity. This approach is
particularly useful for detecting abnormal cortical patterns related
to neurodegenerative diseases, such as AD and MCI.

Figure 3 displays a notable increase in thetal (4-6 Hz) and theta2
(6-8 Hz) power, particularly in the frontal and parietal regions.
These areas appear in orange to yellow, indicating elevated theta
activity relative to normative databases. This widespread increase
in theta power is consistent with cortical slowing, a hallmark of
cognitive decline. In particular:
- Excess frontal and parietal theta is frequently observed in early-
stage AD and amnestic MCI.
Theta activity in these regions suggests reduced neural
efficiency, as the brain requires more effort to perform cognitive
tasks.
Frontal-midline theta may also reflect executive compensation,
a mechanism whereby the brain recruits additional frontal
resources to offset deficits in memory or attention, commonly
seen in MCI.

These patterns are not typically present in ‘healthy’ aging and
instead reflect early neurodegenerative changes.

The alphal band (8-10 Hz) is normally associated with relaxed
wakefulness, internal attention, and sensory inhibition. In
‘healthy’ individuals, alpha activity is most prominent in the
posterior cortex, particularly the parietal and occipital lobes,
during resting states (especially with eyes closed). However,
Figure 3 reveals a widespread reduction in alphal power (blue/
cyan coloring), particularly in the posterior regions. This posterior
alpha hypoactivity is characteristic of:

Disrupted resting-state networks

Reduced cortical inhibition and attentional control
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Impaired sensory integration and alertness

This posterior alpha attenuation is very typical in AD and progressed
MCI, and reflects functional disconnection within the DMN, a
network known to deteriorate early in Alzheimer’s pathology.

In Figure 3, SMR activity, associated with calm focus, motor
inhibition, and physical stillness with mental alertness, is
significantly reduced, particularly in sensorimotor and parietal
areas. This suppression is consistent with:

Impaired motor planning or motor system connectivity

Reduced functional integrity of sensorimotor networks

Neurodegeneration associated with early- to mid-stage AD
SMR suppression further supports the presence of both cognitive
and sensorimotor slowing, often seen in neurodegenerative
conditions [82].

The sLORETA-derived source localization maps provide deeper

Frequency
4-6Hz
(Theta1)

Frequency:
6-8Hz
(Theta2)

Freguency:
8-10Hz
(Alphat)

Freguency:
12-14 Hz
(SMR)

insight into the client’s EEG profile by confirming the presence of
abnormal brain activity in anatomically meaningful regions [33].
Spec1ﬁcally, the findings include:
Elevated thetal and theta2 activity in frontal and parietal
cortices, indicating cortical slowing and possible executive
compensation (cortical slowing and compensatory effort).
Suppressed alphal activity in posterior regions, reflecting
disrupted resting-state dynamics and reduced cortical inhibition
(resting-state network dysfunction).
Reduced SMR in sensorimotor and parietal regions, suggesting
compromised motor planning and connectivity (motor and
attentional slowing).

Together, these abnormalities form a pattern that is strongly
consistent with early AD or advanced MCI, particularly of the
amnestic subtype. These findings are not typical for ‘healthy’ aging
and are well-aligned with known pathophysiological changes in the
early phases of AD. Importantly, source-localized qEEG findings

Figure 3: Brain maps of source-level EEG activity (via SLORETA) across different frequency bands. Warm colors (red/yellow) indicates increased
power or activation. Cool colors (blue/cyan) indicates decreased power or hypoactivity.
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should be integrated with clinical history, neuropsychological
testing, and neuroimaging to confirm diagnosis and guide treatment
planning.

D. ERP Analysis

Figure 4 illustrates averaged ERP waveforms recorded during an
oddball paradigm, comparing responses between ‘healthy’ controls
and individuals with AD. The graph displays two traces — blue for
the control group and red for the AD group — plotted across a
time window from —0.2 to 1.0 seconds. Voltage amplitudes are
represented on the y-axis in microvolts (uV), with reference points
provided at +2.31 pV, +0.44 uV, and —1.42 uV.

The ERP components of particular interest in this figure are the
P200 (P2) and P300 (P3), both of which are associated with distinct
stages of sensory and cognitive processing. The P200, occurring
approximately 150-250 milliseconds after stimulus onset, is
generally understood to reflect early perceptual processing. In
this dataset, the control group shows a pronounced P200 peak,
indicative of strong initial sensory engagement. In contrast, the AD
group exhibits a reduced P200 response, suggesting diminished or
delayed early perceptual processing, a pattern commonly reported
in the literature on Alzheimer’s and MCI [65].

The P300, typically observed around 300-600 milliseconds
post-stimulus, is associated with attention allocation, stimulus
evaluation, and working memory updating [83]. In most ERP
studies, AD patients tend to show a delayed and attenuated P300
response, reflecting slower cognitive processing and reduced
capacity to allocate attentional resources [84-88]. However, the
pattern observed in Figure 4 diverges from this expected trend.

Surprisingly, the AD group demonstrates an earlier and
larger P300 response (approximately 350 ms) compared to the
control group’s later and smaller P300 (around 400 ms). This
atypical finding suggests the possibility of compensatory neural
mechanisms at play, particularly in early-stage AD or MCI, where
increased cognitive effort or alternative processing strategies may
temporarily sustain performance. While this is not the normative
pattern seen in mid-to-late stage AD, such results have been
reported in some studies under specific task conditions [89].
There is no clear consensus on P300 amplitude, possibly due to
methodological differences among the studies [87,89]. Although
P300 latency delays are commonly found in individuals with
AD, findings in MCI are inconsistent [83]. Some studies report
no difference in P300 latency between MCI patients and healthy
controls, while others suggest delays in P300 and P3b latency [90-
92]. These discrepancies may stem from variations in task design
and the heterogeneity of MCI groups.

Interestingly, the control group’s weaker P300 response may
indicate less effortful engagement with the task or subtle
differences in stimulus timing and task demands [89,93]. This
observation highlights how ERP outcomes can be influenced not
only by disease pathology but also by factors such as task design,
sensory modality (e.g., visual vs. auditory), and the specific scalp
region used for analysis (e.g., parietal vs. frontal electrodes)
[89,94]. The P300 wave is linked to several cognitive processes,
including decision-making, memory, orienting, and response
selection, particularly during tasks requiring the discrimination of
target from non-target stimuli [95-100]. This target selection relies
on attention and working memory, as participants must remember
and compare stimuli [22,83].

02 0 of
2.31 }

0.6 0.8 1s
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Figure 4: ERP analysis of P200 and P300. The graph displays two traces — blue for the control group and red for the AD group — plotted across a time
window from —0.2 to 1.0 seconds. Voltage amplitudes are represented on the y-axis in microvolts (uV), with reference points provided at +2.31 pV,

+0.44 uV, and —1.42 pVv.
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Although the current findings deviate from typical P300 patterns
observed in AD, they are not without precedent. In early stages
of cognitive decline, patients may exhibit signs of compensatory
activation, leading to earlier or more pronounced ERP responses in
certain brain regions [101-103]. Such variability underscores the
complexity of using ERP as a diagnostic marker but also points to
its potential utility in detecting subtle neurophysiological changes
before more overt symptoms emerge. Despite progress in biomarker
detection and drug development for AD, its core mechanisms
remain unclear [103]. Diagnostic methods have improved through
neuroimaging and cerebrospinal fluid biomarkers, yet these often
fail to reflect the actual stage of disease progression, as many years
may have passed since its onset. This leads to a disconnect between
biomarkers and patients’ cognitive and functional performance,
posing a challenge in clinical practice [103].

As this study serves as a proof of concept for the BrainView system
as a potential diagnostic and monitoring tool for MCI and its
progression to AD, these preliminary results should be interpreted
cautiously. Several factors may contribute to the atypical ERP
profiles observed, including the early disease stage of participants,
modality-specific task effects, regional brain activity differences,
and individual variability within a small sample size.

Further research is essential to validate these findings and refine
ERP-based biomarkers for cognitive impairment. Future studies
should account for disease stage, task design, and electrode
configuration to better understand the mechanisms underlying
ERP changes in aging and neurodegeneration.

Discussion

A. QEEG in AD and MCI: Biomarker Potential and Clinical
Implications

AD is the most common form of dementia, characterized by
progressive deterioration in memory, cognition, and daily
functioning. While structural and functional neuroimaging (e.g.,
MRI, PET) have improved diagnostic accuracy, there remains
an urgent need for accessible, cost-effective, and sensitive
electrophysiological biomarkers for early detection. EEG and
ERP offer high temporal resolution and directly measure cortical
activity. In AD, EEG typically shows generalized slowing, with
increased delta and theta activity and reduced alpha and beta
power, a pattern reflecting cortical dysfunction and disrupted
neural communication.

QEEG enhances traditional EEG by applying advanced analyses
such as spectral power calculations and source localization. While
traditional EEG does not fully meet the 1998 National Institute
on Aging biomarker criteria, qEEG shows strong promise as a
non-invasive, low-cost tool for detecting early signs of dementia
and MCI [104]. BrainView qEEG findings support this promise,
revealing:

Elevated delta and theta power: Indicative of cortical slowing

and executive network disruption.

Suppressed alpha and beta activity: Reflecting impaired resting-

state synchrony and cognitive processing.
Reduced SMR and beta power: Suggesting decreased motor
inhibition, increased fatigue, and lower arousal — common in
neurodegenerative disorders.
A spatial dissociation pattern of anterior hyperactivity
(potentially compensatory) and posterior hypoactivity
(degenerative), consistent with early AD and aMCI.
These findings align with previous research, which report EEG
slowing, reduced complexity, and weakened connectivity as
hallmarks of AD progression [21,42,43,47,105].

Complexity-based EEG features offer additional diagnostic power.
For example, Ghassemkhani et al. used fractal dimension and long-
range temporal correlations (LRTCs) to distinguish between AD
and frontotemporal dementia (FTD) [106]. While both conditions
show increased slow-wave power, AD was marked by frontal
activity, and FTD by posterior (caudal) changes. These findings
highlight the potential of complexity metrics in differentiating
dementia subtypes. While complex EEG features are being
explored, simple power ratios (e.g., theta/alpha, theta/beta) remain
practical and effective diagnostic indicators [21].

B. Source Localization Enhances Spatial Resolution
A key limitation of qEEG is its low spatial resolution, making it
difficult to precisely identify the origin of abnormal activity [33].
This is addressed by SLORETA, which localizes cortical sources
of EEG signals [81]. In BrainView’s SLORETA analysis:
Thetal (4-6 Hz) and Theta2 (6—8 Hz) sources were increased in
frontal and parietal cortices, possibly reflecting compensatory
activation of attention networks.
Alphal (8-10 Hz) and SMR (12—14 Hz) activity were reduced
in posterior and sensorimotor regions, indicating disruption of
the DMN and motor circuits.

These patterns mirror findings
eLORETA studies [33]:
AD shows reduced posterior alpha activity and increased slow-
wave power [40,107,108].
aMCI patients demonstrate intermediate alpha power and
progressive reductions in posterior regions over time.
EEG source analysis helps differentiate between AD-MCI,
DLB-MCI, and healthy aging based on distinct frequency
patterns.

from previous sLORETA/

C. Clinical Considerations, Limitations, and Integration
While the qEEG patterns observed in AD and MCI are well
documented, they are not specific [65,109]. Similar EEG slowing
can occur in vascular cognitive impairment, major depression,
traumatic brain injury, metabolic disturbances, medication effects,
and sleep deprivation or fatigue. Therefore, qEEG must be
interpreted in a clinical context, alongside cognitive testing [e.g.,
Mini-Mental State Examination (MMSE), Montreal Cognitive
Assessment (MoCA)], structural and functional imaging, and
laboratory and neurological evaluations. To establish qEEG as a
primary biomarker in clinical practice, several steps are essential [33]:
Validation against gold-standard biomarkers (e.g., CSF AP/tau,
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PET imaging)
Large, annotated datasets from diverse populations
Standardization of EEG recording and analysis protocols
Integration with multimodal tools (e.g., MRI, ERP, Al-based
platforms)
Recent efforts emphasize the importance of standardized,
multicenter studies to confirm diagnostic reliability and promote
broader clinical adoption [110].

QEEG is an emerging, non-invasive, and cost-effective tool for
detecting and monitoring AD and related cognitive disorders. By
offering real-time, network-level insights into brain function, it
complements traditional assessments and may play a central role in
personalized dementia care. While it cannot independently diagnose
AD or MCI, qEEG provides valuable physiological context that
— when combined with cognitive and imaging assessments —
supports early intervention, monitoring, and treatment evaluation.
Continued advancements in source localization, data integration,
and machine learning will be key to unlocking its full clinical
potential.

D. ERPs in AD: Diagnostic and Research Applications

ERPs are invaluable in memory research because they provide
high temporal resolution, capturing the rapid processes involved
in memory encoding and retrieval, both of which are closely
linked to synaptic plasticity [111,112]. Later ERP components
are particularly sensitive to pathological changes seen in AD,
especially in regions such as the medial temporal lobes and
association neocortices, which are affected early in the disease
[113,114].

Studies using visual stimuli have reported delayed P200 latency
in AD patients during pattern reversal or flash paradigms, even
when earlier visual components like P100 remain normal [65].
For example, Martinelli, et al. found that delayed P200 latency
correlated with visuospatial deficits in AD patients, supporting
its use in differentiating AD from other forms of dementia [115].
Similarly, ERP studies using olfactory stimuli, which engage areas
vulnerable to early AD pathology, have shown superior sensitivity
compared to traditional auditory P300 [85,116]. In one study,
olfactory ERP (OERP) components such as P200 and P300 were
significantly delayed in AD patients, correlating strongly with
disease severity and distinguishing AD from normal aging with
up to 92% accuracy [116]. In contrast, studies involving verbal
stimuli (spoken or written words) have shown that N100 and P200
components are generally preserved in mild AD, suggesting that
early sensory processing in these modalities may be relatively
unaffected [117,118].

Longer P200 and N200 latencies have also been reported in AD
patients during more demanding cognitive tasks like the two-back
working memory task [119]. These mid-latency ERP components
may reflect deficits in early attentional and inhibitory control
processes, adding to the diagnostic utility of a multi-component
ERP approach.

In MCI, several studies have reported abnormalities in N200 and

P300 components [120-122]. These include delayed latencies
and reduced amplitudes, which may serve as early markers
distinguishing MCI from healthy aging [120,122]. However,
findings are mixed. For example, Phillips, et al., using the Sternberg
working memory task, found no significant differences in P300
or N200 between MCI patients and controls, although reduced
P300 amplitude was observed in the AD group [123]. Despite the
potential of ERP markers, they are not currently included in the
proposed Preclinical AD diagnostic criteria [124]. Nonetheless,
their non-invasive, low-cost nature makes them highly promising
tools for early detection, particularly in resource-limited settings.

The P300 component, especially P300 latency, has long been
recognized as a reliable biomarker for working memory function,
which is impaired in AD [125-127]. Elicited during attention-
demanding tasks (e.g., oddball paradigms), the P300 waveform
is robust and easy to detect, making it suitable for both research
and clinical applications [128]. Due to our atypical findings with
P300, further research and validation is required to establish
BrainView as a reliable diagnostic tool to differentiate AD from
other neurological disorders.

In AD, P300 latency tends to increase, while amplitude often
decreases as the disease progresses [109]. Although a few studies
have reported no amplitude differences between AD patients and
healthy controls, the increase in P300 latency is one of the most
consistent findings in the ERP literature on AD [94,129,130].
Importantly, no studies have reported shortened P300 latency in
AD patients compared to controls, though at least one study found
no difference [109,131].

Beyond diagnostics, P300 latency is also sensitive to
pharmacological interventions. Studies show that drugs like
cholinesterase inhibitors can alter P300 latency and amplitude,
indicating their effect on cognitive processing [109]. This makes
ERP markers particularly useful for early-phase clinical trials
aimed at evaluating drug efficacy. Additionally, prolonged P300
latency has been observed not only in AD but in a range of other
conditions including Huntington’s disease, transient ischemic
attack, intellectual disabilities, ADHD, sleep deprivation, and
traumatic brain injury (TBI), further supporting its general utility
as a cognitive biomarker [109].

In summary, ERP components, especially P300 latency, offer
a valuable, non-invasive window into synaptic function and
cognitive decline. Their use in detecting and tracking AD and
MClI is well supported, and they also hold potential for monitoring
treatment effects and predicting therapeutic efficacy. While
current diagnostic frameworks have yet to formally include
ERP biomarkers, their clinical and research value is increasingly
recognized, and ongoing studies are likely to pave the way for their
broader adoption.

E. Machine Learning Advancements in EEG-Based Diagnosis
and Prediction of AD
Machine learning (ML) is playing an increasingly pivotal role
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in enhancing the diagnostic and predictive capabilities of qEEG
and other data modalities in AD and MCI. By integrating EEG
features, imaging biomarkers, and clinical data with advanced
classifiers, ML models are delivering promising results in terms of
accuracy, interpretability, and clinical applicability.

The BrainView system demonstrated the diagnostic utility of EEG
combined with ML by classifying probable AD versus non-AD
‘healthy’ controls (N = 83) using the XGBoost algorithm with
LASSO Logistic Regression. The BrainView model achieved
a sensitivity of 0.88 and specificity of 0.94, highlighting the
potential of EEG-based features in supporting early diagnosis.
These results underscore the effectiveness of tree-based ensemble
methods for handling complex, high-dimensional EEG data in
neurodegenerative contexts.

Hossain developed an interpretable ensemble ML model using
data from 2,149 adults aged 60-90. This stacked ensemble
combined Gradient Boosting, XGBoost, and Logistic
Regression as a meta-learner [132]. The model demonstrated
balanced and robust performance across AD and non-AD
classifications, achieving a 97% AUC. The meta-learning strategy
effectively harnessed the strengths of each base model, enhancing
both predictive power and interpretability, making it suitable for
integration into clinical decision-support systems.

In a larger longitudinal study, Fernandez-Blazquez and colleagues
developed ML models to predict MCI onset in cognitively
healthy older adults over a three-year period. Using data from
845 individuals aged 65-87, the most comprehensive XGBoost
model, which incorporated demographic, clinical, and cognitive
variables, achieved an accuracy of 86% [71]. This study reinforces
the practicality of non-imaging, ML-based tools for early risk
prediction and highlights their cost-effectiveness, especially in
large population screenings.

A more advanced approach combined deep learning and
ensemble learning, utilizing a fine-tuned VGG19 convolutional
neural network alongside an XGBoost classifier to analyze MRI
data [133]. This hybrid model achieved an impressive accuracy
of 99.6%, outperforming traditional classifiers by effectively
addressing class imbalance and overfitting [133]. Key techniques
included transfer learning, data augmentation, and ensemble
integration. These results support the use of multimodal Al-
driven frameworks for high-accuracy AD diagnosis, with future
directions focusing on generalizing across diverse populations and
integrating additional modalities such as EEG and genetics.

To tackle the challenge of interpreting ML decisions, Yi, et al.
proposed an interpretable ML framework combining XGBoost
with SHAP (SHapley Additive exPlanations) [72]. The model
was designed to classify stages of cognitive decline — normal
cognition (NC), MCI, and AD — while managing class imbalance.
It utilized a wide range of features including cognitive scores,
imaging biomarkers, and genetic data. Performance results across
two major datasets [AD Neuroimaging Initiative (ADNI) and

National Alzheimer’s Coordinating Center (NACC)]:
Accuracy: 87.6% (ADNI), 80.5% (NACC)
AUC: 0.91 (ADNI), 0.88 (NACC)
Sensitivity/Specificity: >74% and >89%, respectively

This framework not only achieved superior performance compared
to traditional classifiers (e.g., Random Forest, AdaBoost, Naive
Bayes) but also offered clinically meaningful interpretability,
allowing clinicians to understand how and why predictions were
made.

Jang's study was the first to apply an XGBoost-based model using
EEG features alone for dementia classification [134]. Utilizing
24 EEG features, the model achieved a balanced accuracy of
94.12% [134]. Key differentiators included:
Lower alpha/theta (A/T) and alpha-to-baseline ratios in
dementia patients, reflecting reduced attention and working
memory.
Application of RFECV (Recursive Feature Elimination with
Cross-Validation) to optimize feature selection and model
interpretability.
Weighted class balancing to address the challenge of small,
imbalanced datasets.
Compared to traditional classifiers like Random Forest, the
XGBoost + RFECV model delivered superior performance,
underscoring the value of tree-based algorithms and EEG
biomarkers in early dementia detection.
While these studies, Jang and Hossain, highlight the promising
potential of ML in AD diagnosis, several limitations and future
research priorities remain [132,134]. These challenges include:
Small sample sizes and imbalanced datasets may limit
generalizability.
Most models require external validation across larger, more
diverse, and longitudinal cohorts.

To broaden the application of ML in AD, future efforts must focus
on seamlessly integrating these models into clinical workflows
to provide real-time decision support, as proposed by Jang and
Hossain [132,134]. A key direction is the fusion of multimodal
data, combining EEG, MRI, PET imaging, cognitive assessments,
and genetic information, to create a more comprehensive and
accurate diagnostic framework. Validation across diverse
populations and healthcare settings is essential to ensure that these
tools are generalizable and effective in real-world clinical practice.
In parallel, the development of federated learning frameworks
will allow for secure, privacy-preserving collaboration across
institutions, enabling the use of larger, more representative
datasets without compromising patient confidentiality. To support
widespread clinical adoption, there is also a pressing need for
improved interpretability tools that provide clinicians with clear,
actionable insights from ML outputs. These advancements, as
emphasized by Jang and Hossain, will help translate machine
learning from research to routine care in the diagnosis and
management of Alzheimer’s disease [132,134].

The integration of ML with qEEG, neuroimaging, and clinical data
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offers a powerful path toward early, accurate, and interpretable
diagnosis of AD and related cognitive disorders. As models
become more refined and validated across populations, these Al-
driven tools hold the potential to revolutionize dementia care,
supporting earlier interventions, personalized treatment strategies,
and improved patient outcomes.

Conclusion

This study demonstrates the potential of qEEG and ERPs, in
combination with machine learning, as promising tools for the
early detection and monitoring of MCI and AD. Through the
BrainView system’s multi-modal EEG analysis — including
z-scored brain maps, sSLORETA, and ERP waveforms — consistent
neurophysiological patterns were identified that align with
established biomarkers of cognitive decline. Specifically, elevated
delta and theta activity, coupled with suppressed alpha and beta
power, reflect classical EEG slowing observed in early-stage AD.
Source-level findings further localized these abnormalities to
frontal and parietal cortices, reinforcing the hypothesis of network
disruption within the default mode and attentional systems.

ERP analysis revealed attenuated P200 components and an
atypically early and amplified P300 response in individuals
with suspected early AD or advanced MCI, possibly indicating
compensatory neural activation during early disease stages.
Although these ERP patterns diverge from canonical AD profiles,
they underscore the complexity and individual variability of
cognitive decline—highlighting the need for nuanced interpretation
based on disease stage and task design.

Machine learning models applied to EEG data demonstrated
high sensitivity and specificity in distinguishing between AD and
healthy controls. These results validate the diagnostic value of
EEG-derived features, especially when supported by interpretable
models such as XGBoost with SHAP analysis. Such approaches
not only enhance classification accuracy but also offer clinicians
greater transparency into model decision-making — an essential
step toward integration into routine clinical workflows.

Despite the promising results, EEG-based diagnostics should
be viewed as complementary rather than standalone tools. EEG
abnormalities can overlap with other neurological and psychiatric
conditions, necessitating comprehensive evaluation alongside
cognitive testing, neuroimaging, and laboratory assessments. The
interpretive power of EEG is further strengthened when integrated
with multimodal data and validated in diverse populations.

In summary, qEEG and ERP analysis — augmented by source
localization and machine learning — offer valuable insights into the
functional neurodynamics of MCI and early AD. As standardization
and validation efforts continue, these non-invasive, cost-effective
techniques have the potential to support earlier diagnosis, guide
individualized interventions, and monitor disease progression with
greater precision.
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