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Abstract
Introduction: Alzheimer’s disease is a type of dementia characterized by a buildup of ꞵ-amyloid plaques and neurofibrillary
tangles. Prior to the development of Alzheimer’s disease, patients may experience mild cognitive impairment, characterized by
a decline in cognitive abilities while maintaining independent function. Electroencephalography has shown promise as a clinical
predictor of mild cognitive impairment. The purpose of this study is to review the existing literature on clinical biomarkers
using resting-state electroencephalography or event-related potentials to differentiate Alzheimer’s disease or mild cognitive
impairment from normal aging.
Methods: A search of primary research articles was conducted in PubMed. Selected articles examined mild cognitive
impairment and Alzheimer’s disease utilising electroencephalography, event-related potential data, and resting-state data.
Reviews, conference abstracts, and studies without human controls were excluded.
Results: Our search identified 100 and 125 records on resting-state and event-related potential data, respectively. The most
common findings from resting-state studies included a reduction in alpha power, an increase in delta and theta power, a
reduction in signal complexity, and differences in functional connectivity. The most common findings from event-related
potential studies included reduction in P3 wave amplitude, as well as latency in both P3 and N2 waves.
Discussion: Resting-state and event-related potential electroencephalography studies indicate distinct changes in oscillatory
brain activity and waveform shape which indicate distinct differences in MCI or AD compared to HC which may be clinically
relevant.
Conclusion: There is evidence to support the use of certain electroencephalographic biomarkers for the diagnosis of
Alzheimer’s disease or mild cognitive impairment. Future research should seek to examine how best to apply these findings in
a clinical setting.
Keywords: Alzheimer’s disease; mild cognitive impairment; electroencephalography; resting-state; event-related potential;
literature review; aging

Introduction
Alzheimer’s disease (AD) is a common type of
dementia, characterized by the accumulation of plaques
consisting of the protein fragment amyloid-β, as well as
aggregates of hyperphosphorylated tau proteins [1]. The
initial stages of this disease are marked by impaired encoding
of new memories [2]. Later stages are denoted by cognitive
and behavioural decline, such as impairments in language
[3]. Mild cognitive impairment (MCI) is a stage in which an
individual experiences a decline in cognitive abilities (such
as recollection and familiarity) but maintains independent
function. Individuals with MCI are at an increased risk of
progressing to AD [4]. Early identification is important, as
clinical interventions may reduce the risk of progression to
dementia [3,4]. Although there are treatments for AD
symptoms, such as cholinesterase inhibitors, there is
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currently no cure for MCI or AD [3]. Nevertheless,
identifying individuals with MCI is essential in the pursuit of
developing interventions and treatments to prevent or slow
the progression to AD [3,4].
Currently, a combination of clinical expertise and
neuropsychological assessments is utilized for diagnosis.
The criteria for MCI diagnosis include: 1) A patientidentified cognitive complaint, 2) an objective demonstration
of cognitive impairment 3) having general normal cognition
outside the primarily impaired domain(s) 4) not fitting the
criteria for AD or other dementias [3]. Neuropsychological
assessments are central to the diagnosis of AD [5,6]. For
example, the National Institute of Neurological and
Communicative Disorders and Stroke-Alzheimer's Disease
and Related Disorders Association (NINCDS-ADRDA) tool
is one of the oldest and most reliable tools for AD diagnosis.
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This tool has a sensitivity of 81% and a specificity of 70%
[6]. This implies that the tool returns a positive result 81% of
the time on persons who truly have AD, and returns a
negative result 70% of the time on persons who do not truly
have AD. Given the low specificity of AD diagnostic tools,
there is room for improvement to correctly identify patients
with AD, and even more so for MCI.
Neuropsychological Evaluation versus
Electroencephalography
The assessments used to determine the neurological and
cognitive functions of the human brain can generally be
classified into two categories. Assessments such as magnetic
resonance imaging, electroencephalography (EEG), and
cerebrospinal fluid analysis via lumbar puncture can be
considered neurological in nature. These assessments seek to
ascertain the physical manifestations of physiological
changes occurring in disease or disorders, which then
influence the management and treatment of symptoms [7].
Neurologic tests differ from neuropsychological evaluations,
which seek to evaluate the functional deficits in cognition
and behaviour associated with disease. This is primarily
achieved through task-based or question-based evaluations.
Subsequently, results are used to guide the development of
treatments and therapies meant to address functional and
cognitive deficiencies associated with disease.
Comparisons between these two broad categories of
assessments are challenging, as they serve different
functions. However, a broad assessment is still possible. We
note that the average neuropsychological assessment ranges
between 2 to 6 hours, and can last even longer depending on
the severity and complexity of disease (8,9). Comparatively,
the average EEG ranges from 20 to 60 minutes, far shorter
than a neuropsychological assessment [10]. This may be
combined with the fact that neuropsychological evaluation is
far more dependent on the ability of the experiment to ask
questions and for the patient to respond to said questions.
Barriers in language and understanding present a far greater
challenge in neuropsychological assessments, and given the
much longer assessment times, can lead to greater
frustrations on the part of the participants [11]. Thus, from
the broad perspective of accessibility, EEG and other
neurological tests present far shorter and less frustrating
experiences for participants.
EEG provides accurate, real-time data regarding the
physical attributes of the brain while being sensitive to subtle
changes in neural function that cannot be detected in
neuropsychological testing. [12]. Furthermore, accurate
assessments of temporal relations could be made with EEG
and other neurological tests, allowing for the provision of
additional insights into the physical mechanism observed
with disease [12].
Electroencephalography Fundamentals
To explore EEG in the context of MCI, it is imperative
to understand the fundamentals of this imaging tool. Neurons
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comprise the primary information processing unit of the
brain. Information is relayed from one neuron to another
through the firing of action potentials. An action potential is
a sudden depolarization of a neuron characterized by a sharp
increase in the voltage of a neuron (more positive). This
results in an electrical impulse that is sent along the axon and
is subsequently received by another neuron. EEG is used to
measure the electrical activity of the brain by measuring the
voltage associated with different brain regions across time.
Most commonly, this is done in a non-invasive way by
placing electrodes on the scalp of a participant [13].
Therefore, electrical signals from the brain must transmit
through various layers of tissue in the skull before being
recorded by an electrode.
An EEG study seeks to understand the electrical
processes occurring in the brain. However, during EEG
measurement, several factors (termed “artifacts”) may
interfere with the measurement of desired electrical activity.
Line noise is an artifact caused by measurement of the
activity of a connected electrical power grid [14]. Blinking
and subject movements result in distinct patterns of brain
activity that can interfere with resting-state EEG [15]. Often,
EEG software will reduce noise using a band-pass filter, a
method intended to remove frequencies above or below
defined thresholds. Another preprocessing method useful for
a wide variety of artifact corrections utilizes independent
component analysis to determine statistically independent
component processes that could generate the observed
electrode patterns.
While many techniques can be used to analyze EEG
data, several are more common in the literature. Timedomain EEG data can be visualized as a plot with the neural
voltage on the y-axis, and the time since observation starts
on the x-axis. Figure 1 illustrates time-domain EEG data
collected from several electrodes at once. The fast Fourier
transform (FFT) decomposes time-domain data into
frequency-domain data by determining a series of sine and
cosine functions of different frequencies which may be
added to obtain the time-domain data. [16]. The FFT can be
used to determine the power spectral density, a measure of
the strength of an EEG signal at a given frequency. For
example, a slowly oscillating EEG signal (which would
appear to have a higher period or lower frequency), would
typically be found during states of lower alertness or sleep.
Consequently, this signal would be expected to have a higher
spectral power at lower frequencies. EEG frequency bands
can be divided into delta (1-4 Hz), theta (4-8 Hz), alpha (812 Hz), beta (12-25 Hz), and gamma (>25 Hz) frequency
bands [17].
Figure 2 illustrates a power spectrum determined from
EEG data, showing a peak in the spectral power at 10 Hz
(within the alpha frequency band). Figure 3 illustrates the
aforementioned frequency bands typically used in EEG
analyses. Techniques investigating the power found in
different frequency bands are commonly used in the restingstate EEG literature, which measures neural activity in the
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absence of outside stimuli [18]. Therefore, resting-state EEG
is thought to measure the intrinsic activity of the brain,
particularly in areas known as resting-state networks [19].

Abnormalities in the power spectrum can be characteristic of
several neurological disorders, such as AD.

Figure 1. An example of time-domain eyes-closed resting-state EEG data. Each electrode is labelled with its name (C1.., F1..,
T10. P1.., O1..), with the vertical fluctuations representing changes in electrical voltage. Data obtained from a single subject in
the BCI2000 dataset and analyzed with MNE-Python [20,21].

Figure 2. The power spectral density of a selected EEG channel. The highest power can be found at about 10 Hz (in the alpha
frequency band).
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Figure 3. A graphical representation of the different EEG bands generated by filtering the original data (C1..) to obtain the
components of C1.. contained in each frequency band [18]. High frequencies appear to oscillate quickly, while low frequencies
oscillate slowly.
Event-related potentials (ERP) are neuroelectrical
activities elicited by a sensory, cognitive, or motor stimulus.
Waveform analysis, which analyzes the time-domain EEG
data immediately following the ERP stimulus, is common for
the interpretation of ERP data [18]. Typically, a grand
average ERP waveform is created by aligning the waveforms
of a group of participants, and is compared to another group
of interest. ERP components are specific parts of these
waveforms that may be useful in diagnosing disorders in
information processing. For example, the P50 ERP component
is a positive wave occurring 40-70 ms after auditory stimulus
presentation [23].
Aim
The aim of this literature review is to provide a summary
of the fundings in the literature in both resting-state EEG and
ERPs in differentiating MCI from AD and healthy aging.
Methods
Database searches were conducted in PubMed over the
period of Feb 23rd, 2021to March 19th, 2021, the following
searches were conducted (all: filtered with full text): “mild
cognitive
impairment
AND
Alzheimer’s
AND
(electroencephalogr* OR EEG) AND (detection or
diagnosis) AND (resting-state OR (resting state))”, and
“mild
cognitive
impairment
AND
Alzheimer’s
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(electroencephalogr* OR EEG) AND (detection or
diagnosis) AND (ERP OR event-related potential)”.
Research papers were included if the primary focus was
on the use of EEG to distinguish between individuals with
MCI and individuals with AD, and between individuals with
MCI and healthy controls (HC). As well, papers were
required to use ERPs or resting-state EEG data. Primary,
peer-reviewed
research
was
included,
however
reviews/meta-analyses,
abstracts,
and
conference
proceedings were excluded.
Results
Search results
Searches of PubMed yielded 100 records on restingstate, and 125 results on event-related potentials. Following
title-abstract screening, 62 papers on resting-state were
removed, 73 on event-related potential. The remaining
records underwent full-text screening. Fourteen papers were
relevant for the resting-state portion of this review, and
twenty-eight were relevant for the event-related potential
section of this review.
Resting-state
Power spectral density is a common biomarker used in the
algorithmic classification of MCI versus healthy controls
(HCs). The most common pattern of results reports EEG
slowing in MCI compared with healthy aging in middle-high
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frequencies, typically characterized by a reduction in spectral
power in the alpha band [25-31]. Furthermore, increases in
delta and theta power have also been reported [28,32-35]. As
a typical example, Babiloni et al. [30] statistically tested for
differences in the power spectra in a matched group of
individuals with MCI and healthy controls, finding an overall
decrease in posterior brain alpha power in MCI and increase
in parietal delta power in MCI relative to controls.
Classification of HC versus MCI yielded the highest accuracy
when using a ratio of delta to alpha power in this study. This

is indicative of a slowing of cognition, as an increase in this
ratio indicates increased power in the delta frequency band
(containing low frequencies) and decreased power in the alpha
frequency band (containing middle-high frequencies).
Another common finding in MCI vs HC classification studies
is an overall reduction in EEG signal complexity in MCI, as
measured by approaches which aim to categorize the
predictability of EEG time-domain signals [36-38]. Figure 4
illustrates the idea of signal complexity in more detail.

Figure 4. A graphical representation of the concept of signal complexity. Sample entropy is a measure of signal complexity
that has been previously used for Alzheimer’s disease classification using EEG [38]. This sine wave (perfectly predictable) has
a sample entropy of 0.2, while a uniform random signal (completely unpredictable) has a sample entropy of 2.3. EEG has a
timeseries complexity between the sine wave and the random signal, with a sample entropy of 1.5.
Functional connectivity, the temporal relationship
between EEG activity between brain regions, also appears to
differ between individuals with MCI and HCs. While
connectivity analyses vary, models based on synchronization
are commonly used to determine the functional distance
between pairs of brain regions [40-43]. Two regions with a
high degree of functional connectivity to another may have
highly correlated activity, or may have the present activity in
one region correlated to the past activity of the other [40-43].
Estimated connectivity strengths between different brain
regions can be analyzed using methods based on graph
theory, which models distinct points and the connections
between them. One such metric relevant to MCI is the global
average functional activity, which Franciotti et al. found to
be decreased in MCI compared to HC [39]. Another such
metric which was reduced in MCI was the small world
metric, which identifies how similar a functional network is
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to a “small-world” network, a common model for neuronal
connectivity patterns. In this type of network, most nodes are
not directly interconnected, but can be reached through
connections to a small number of in-between nodes [40].
Event-Related Potential
Among ERPs, changes in the P3 (otherwise known as
P300) wave is among the most well-researched indicators for
MCI and AD. Multiple studies have shown decreased P3
amplitude as well as increased latency in individuals with
MCI as compared to controls. Similar findings were made
when comparing individuals with MCI who progressed to
AD and MCI-stable participants [45-62]. Included studies
examined ERP findings across a variety of tasks, including
auditory oddball paradigms, visual congruency and memory
tasks (including Simon tasks and N-back tasks), and visual
Go-NoGo tasks (both individual and coupled with auditory
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oddball paradigms). An oddball paradigm is a task where
participants are presented with repetitive stimuli that is
infrequently interrupted by a deviant stimulus. The reaction
of the participant to the deviant stimulus, known as the “odd
ball”, is then recorded [63]. Auditory oddball tasks result in
a P300 ERP when shown a deviant stimulus, as shown in the
top image in Figure 5. A Simon task is a task where
participants are presented with visual stimuli and response
features. It is used to measure a participant’s ability to
respond accurately and within a timely manner depending on
the experimental conditions (e.g., stimulus and response are
located on the same side of the participant’s body) [64]. N-

back tasks are continuous recognition measures. During
these tasks, participants are presented a sequence of stimuli,
such as images. They are then asked to judge if the item in
the sequence matched the one presented N items ago [65].
Finally, a Go-NoGo task measures a participant’s
impulsiveness. In this task, participants are tasked to respond
to certain stimuli (the “go” stimuli”) but also instructed to
not respond to other stimuli (the “no-go” stimuli). The main
measure in this task is the commission error rate, which is
the rate of making a “go” response during a “no-go” trial
[66].

Figure 5. A visualization of representative ERP waveforms obtained from the NeuroTechX/EEG-notebooks ERP datasets [67].
The auditory P300 is a positive waveform (becomes more positive), starting at around 0.3 s (300 ms). It occurs when infrequent
(oddball) sounds are shown during an auditory oddball task. The visual N170 is a negative waveform (becomes more negative)
starting at around 0.17 s (170 ms). This is strongly associated with the perception of faces, rather than other images.
These findings remained relatively consistent across
studies despite varying methodologies [45-62]. In particular,
Bennys et al. found prolonged P3 latency in an auditory
oddball tasks was shown to possess an 87% to 95%
sensitivity and specificity respectively when discriminating
individuals with AD patients from those with MCI or
So et al. | URNCST Journal (2021): Volume 5, Issue 8
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controls, with the values dropping to 75% sensitivity and
80% specificity when discriminating MCI from controls
[47]. Overall, P3 waveform readings from cognitive ERPs
provide a reliable and useful tool in the prediction of the
development of MCI or its progressive decline into AD.
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Extended latency has also been identified in the N2 (or
N200) wave in individuals with MCI. In particular,
individuals with amnestic MCI (aMCI), defined as
individuals with a measurable decline in cognitive memory
abilities and at risk for Alzheimer's, have shown significantly
delayed N2 waves in visual Go/NoGo tasks compared to
controls [51,52]. This difference was also found to be more
pronounced in healthy older adults, suggesting an agerelated effect on N2 differences [68]. Compared to the P3,
the N2 possessed greater discriminatory capability when
assessing individuals with MCI and controls, with a 90%
sensitivity and 70% specificity [58]. N2 amplitudes, by
contrast, have shown mixed responses in individuals with
MCI. Studies by Cid-Fernández et al. and Cespón et al. found
decreased N2 amplitudes in certain the aMCI group
compared to controls [46,70]. However, in response to
auditory ERPs, Papaliagkas et al. found individuals with
MCI to possess significantly higher N2 amplitudes than
controls [59]. Regardless of the evidence regarding N2
amplitude, N2 latency may still be utilised effectively
alongside P3 amplitude and latency as a strong marker for
the detection and monitoring of progression of MCI.
In comparison, other waveforms are less well-studied.
The N170 waveform is a negative waveform that is elicited
when faces are shown to subjects, as shown in the bottom
image in Figure 5. The sensory N170 amplitudes elicited
from visual stimuli have been shown to be significantly
increased in individuals with AD and MCI when shown faces
expressing “Anger” or “Fear” compared to controls [71].
N170 latency was also separately demonstrated to be
prolonged in individuals with AD compared to MCI or
controls [71-73]. P1 and N1 waveforms, in contrast, have
shown decreased amplitudes in individuals with MCI
compared to controls [53,56,58,73-76]. The overall lack of
evidence on early sensory ERP waves implies less certainty
on their diagnostic effectiveness when discriminating
between MCI, AD, and healthy aging. However, these waves
may point to future avenues of research, and may
nonetheless be used to support observations gathered from
other ERP waves.

of resting-state EEG features that may be useful in
differentiating MCI from healthy aging.
ERPs may also be utilized to discriminate between
individuals with MCI and those with AD, in addition to
serving as a marker of cognitive decline along the MCI-AD
spectrum of cognitive disorders. Decreased amplitude of the
P3 wave, along with increased latency of the P3 and N2
waves, demonstrate good sensitivity and specificity to
warrant further investigation as potential markers of MCI or
AD. Changes in N2 amplitude may also provide a useful
indicator of MCI, however, whether N2 amplitude increases
or decreases appears to depend on the sensory modality
under examination by the task. More research into the ERP
differences between auditory and non-auditory tasks is
warranted before consideration of using N2 amplitude as an
indicator. Furthermore, some studies have revealed an effect
of age on the differences observed in ERP waves between
AD, MCI, and healthy aging. It remains unclear whether this
is a consequence of the greater risk of AD and MCI in older
age, or a potential marker identifying at-risk older
individuals. Regardless, ERP waveforms hold great potential
as tools to assist in the prediction or diagnosis of MCI and
AD.
The literature supports a wide variety of different
measures using EEG in the diagnosis of MCI. Firstly, the
choice of resting-state versus ERP-based experiments must
be considered. Within resting-state experiments, a number of
different biomarkers may be analyzed (e.g., frequency band
power, complexity measures and functional connectivity
measures). Using ERP data, the latency and amplitude of a
number of different ERP waveforms may be analyzed
instead.
While literature does share a number of common
findings, there does not yet exist a universally accepted best
practice for MCI classification using EEG data. This may
necessitate the collaboration between clinicians and experts
in EEG to facilitate effective use of EEG in clinical settings
[76]. Therefore, further research is needed to clarify effective
AD-MCI biomarkers and to make the literature accessible to
clinicians.

Discussion
The main results in resting-state EEG include a slowing
of spectral power, a reduction in EEG signal complexity, and
a number of differences in functional connectivity. Restingstate EEG studies highlight several distinct differences
between individuals with MCI and healthy controls,
including a possible reduction in the power of oscillatory
brain activity in MCI. Additionally, the literature suggests
that MCI is associated with a general functional
disconnection between brain regions, further suggesting AD
as a disease of disconnectivity. A majority of the studies
attempt to create automatic classifiers differentiating MCI
from healthy aging using spectral, functional connectivity, or
signal complexity measures. This indicates a high level of
coherence in the literature with regards to the general types

Conclusions
In summary, MCI is associated with subtle but distinct
changes in cognition that can be detected by both restingstate EEG data and ERPs. This review has found that both
resting-state EEG and ERP findings indicate a general
slowing of components that relate to cognitive function, with
resting-state studies showing a slowing of the power
spectrum, and ERP studies indicating a greater latency in
ERP components. EEG holds great promise as a clinical tool
to improve AD and MCI diagnosis and monitoring the
efficacy of treatment. Further research may be required to
standardize protocols for acquiring existing resting-state
EEG biomarkers, and to clarify the roles of P100 and N100
in ERP studies. Additionally, more research is needed to
apply these findings in a clinical setting.
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