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Alzheimer’s disease (AD) is the most prevalent form of dementia. Although there is no current cure,
medical treatment can help to control its progression. Hence, early-stage diagnosis is crucial to maximize
the living standards of the patients. Biochemical markers and medical imaging in combination with neu-
ropsychological tests represent the most extended diagnosis procedure. However, these techniques require
specialized personnel and long processing time. Furthermore, the access to some of these techniques is
often limited in crowded healthcare systems and rural areas. In this context, electroencephalography
(EEG), a non-invasive technique to obtain endogenous brain information, has been proposed for the
diagnosis of early-stage AD. Despite the valuable information provided by clinical EEG and high density
montages, these approaches are impractical in conditions such as those described above. Consequently, in
this study, we evaluated the feasibly of using a reduced EEG montage with only four channels to detect
early-stage AD. For this purpose, we involved eight clinically diagnosed AD patients and eight healthy
controls. The results we obtained reveal similar accuracies (p-value= 0.66) for the reduced montage (0.86)
and a 16-channel montage (0.87). This suggests that a four-channel wearable EEG system could be an
effective tool for supporting early-stage AD detection.

Keywords: Alzheimer’s disease; reduced EEG montage; wearable EEG; automated detection; artificial
intelligence.
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1. Introduction

Alzheimer’s disease (AD) is the most common
form of dementia. This neuro-degenerative pathol-
ogy involves a series of symptoms at the cognitive
and emotional levels, such as memory loss, language
deterioration, or mood changes. According to the
World Health Organization, dementia affects more
than 55 million people worldwide, and prevalence
will increase to 78 million by 2030.1 Since AD rep-
resents 60–70% of dementia cases, this means that
around 50 million people are expected to live with
AD by then. With regard to the costs associated to
the disease, the estimated direct medical and social
care costs will surpass USD 1.68 trillion by 2030.
Unfortunately, at present there is no cure for AD,
however, the progression of the disease can be con-
trolled through clinical treatment, thus improving
the quality of life of the patients. Therefore, accu-
rate detection during the early stages is one of the
main aims in AD care.2

The most accepted techniques for AD detection
at the clinical level are those based on the detection
of amyloid plaques3,4 and neurofibrillary tangles.5,6

This is typically performed through the analysis of
biochemical markers extracted from cerebro-spinal
fluid (CSF)7–9 or the processing of medical images
(single-photon emission computed tomography,10

magnetic resonance imaging,11 or positron emis-
sion tomography12). Nonetheless, both approaches
present some drawbacks. On the one hand, the anal-
ysis of biochemical markers involves risks associated
to the invasiveness of the procedure for extracting
the cerebro-spinal fluid (infections, tissue damage,
patient reluctance, etc.). On the other hand, the effi-
cacy of image-based techniques is limited for the
detection of early-stage AD, although their combi-
nation with artificial intelligence algorithms has been
proven to be more effective.10,11,13,14 In addition to
these limitations, the main disadvantage of these
techniques towards the detection of early-stage AD
is the long sample acquisition and processing times,
which prolongs detection times and contributes to
growing clinical waiting lists.

Neuropsychological tests are another relevant
tool extensively utilized in AD clinical practice.
These tests are considered as the gold-standard
for the detection of cognitive impairment, which
is essential for dementia diagnosis. They evaluate

the performance in different cognitive areas, such as
orientation, memory, and language. The Montreal
cognitive assessment15 and the mini-mental state
examination16 are the most widespread assessments.
Nonetheless, these tests can be influenced by fac-
tors such as visual pathologies, educational level,
and emotional state, which may impact their reli-
ability.17,18

As a complementary alternative to the meth-
ods relying on biochemical markers, medical imag-
ing, and neuropsychological tests, some authors
have proposed other approaches based on electroen-
cephalography (EEG)19–26 and magnetoencephalog-
raphy27–29 (MEG). EEG analysis leans on endoge-
nous information and its acquisition and processing
times are reduced compared to methods based on
biochemical markers and medical imaging. Although
this technique cannot provide etiological informa-
tion, EEG studies have demonstrated the effects pro-
duced by AD in brain electrical activity. Such effects
have been evidenced in spectral power,30,31 com-
plexity,32,33 connectivity,34,35 or event-related poten-
tials,36,37 among other features.

Recent EEG approaches often consist in pro-
cessing the resting state brain activity and apply-
ing machine learning algorithms16,22,38–46 and have
shown classification accuracies above 80%.17,20,21,47

Subsequently, EEG represents a valuable alternative
to support AD detection before standard medical
techniques are applied to render a comprehensive
diagnosis. Particularly, the application of approaches
based on resting state EEG and machine learning
could be advantageous in neurology or even pri-
mary care services. Frequently, healthcare systems
are crowded, which reduces the span of medical
checks and limits access to medical trials, mainly in
low and mid-income countries, and rural areas. In
this respect, clinical EEG and high density montages
report valuable diagnostic information, and multiple
works have demonstrated their relevance for connec-
tivity,48 source localization49,50 and other analyses.
Nonetheless, they are limited in terms of usability
considering the scenario described above. This is par-
tially due to the number of electrodes typically used,
which often ranges between 64 and 128. Additionally,
clinical EEG often requires trained personnel and
dedicated facilities, which makes these approaches
impractical for primary care services.
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In this context, we conceived a scenario where
clinicians may potentially detect early-stage AD dur-
ing a short resting state session using a minimal
EEG system. For this, the EEG montage must meet
comfort and portability standards similar to those
from daily-life wearable devices. As an initial step
in this direction, in this work we present a study
whose main goal is to investigate the feasibility of
detecting early-stage AD from a reduced selection of
four EEG channels. For this purpose, we recorded the
resting state EEG activity of a group of AD patients
and healthy controls using a 16-channel montage.
Then, we estimated an accumulated score per chan-
nel based on the statistical differences between the
EEG features of both groups. Using this score, we
elucidated the four-channel selection, which we refer
to as reduced montage. With this paper, we extend
our previous work2 by analyzing the statistical dif-
ferences in the EEG relative power and complexity
of the two groups studied. We also compare the clas-
sification performance of the four-channel and the
original 16-channel montages. Importantly, the goal
of this study is not to investigate AD etiology, nor to
find the optimal channel selection in terms of classifi-
cation, but to assess the feasibility of a four-channel
selection that could be included in a wearable mini-
mal montage for early-stage AD detection.

2. Materials and Methods

2.1. Participants

Sixteen participants (AD patients and controls) took
part in this study. The participants were recruited by
neurologists from the Cognitive and Behavioral Neu-
rology Unit at Hospital Universitario Virgen de las
Nieves (HUVN) de Granada (Spain). None of the
participants were under a medical treatment that
could alter their EEG activity nor affected by other
neurological diseases. The AD group included eight
participants (five females, three males, mean age
68.8 ± 4.9), and the control group included eight
healthy age-matched controls (seven females, one
male, mean age 67.0 ± 3.5). The participants in the
patient group were cataloged as early AD by the neu-
rologists based on two evaluations: (a) a validated
neuropsychological test battery especially adapted to
the local population51–53 and (b) a CSF or a PET-
amyloid analysis following memory complaints dur-
ing the year prior to the start of this study.

For PET-based detection, trained nuclear
medicine specialists used 18F-florbetaben to analyze
the scans. Then, they reported the scans as posi-
tive or negative depending on the presence of amy-
loid plaques. The doubtful cases were discussed by
the specialists and a final decision was adopted by
consensus. For CSF-based detection (total-τ , Aβ42,
and τ -phosphorylated fraction), CSF was extracted
through lumbar puncture utilizing a syringe and a
20-gauge needle. Two independent laboratories per-
formed the CSF analysis. Subsequently, the analy-
sis results were encoded as pathological or normal.
Considering this, the AD patients either tested pos-
itive for amyloid plaques in the PET scan or yielded
pathological results in the CSF analysis.

This study was conducted at HUVN after proto-
col approval by the ethics committee. The partici-
pants signed an informed consent document prior to
the experimental session, and members of the hospi-
tal staff monitored them throughout the whole study.

2.2. EEG acquisition and
pre-processing

We recorded the EEG activity of the participants
for six minutes while they were comfortably resting
in a chair (resting state) with their eyes open. For
this purpose, we used the Versatile EEG acquisition
device by Bitbrain (Zaragoza, Spain), which works
at a sampling frequency of 256Hz and provides sup-
port for 16 channels. Regarding the montage, we per-
formed the acquisition using 16 positions of the 10–20
International System (see Fig. 1(a)). The ground
electrode was located in the AFz position, whilst we
set the reference at the left ear lobe. The sensors used
were semi-dry, and during the recordings, the skin-
sensor impedance was kept in the appropriate range
through the real-time impedance monitoring feature
of the acquisition software.

We pre-processed the recordings offline accord-
ing to the procedure described in Refs. 2, 54 and 55
(see Fig. 1(b)). First, we filtered the raw EEG sig-
nals using a FIR bandpass filter with 1–45Hz pass-
band and zero phase-shift. Then, we split the filtered
signals into four-second segments (epochs) without
overlapping. This epoch length is in a range typically
adopted in the literature.38 Finally, we applied arti-
fact rejection using Autoreject and independent com-
ponent analysis (ICA) and we normalized the epochs
to unit mean. Autoreject is a data-based algorithm
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(a) (b)

Fig. 1. (a) Channel montage (left) and versatile EEG recording system by Bitbrain (right) utilized in this study for the
EEG acquisition. (b) Pre-processing pipeline of the raw EEG.

designed to find an amplitude threshold for each
channel in order to identify and reject artifactual
signal segments.56 Additionally, we applied ICA to
reject artifacts related to eye blinks. This algorithm
is often applied in the EEG literature to find and
reject artifactual components like blinks.57 We auto-
matically identified the blink component based on a
correlation analysis of the components’ time series
and the time series of the prefrontal channel Fp1,
which is the location where most of the blink energy
is captured (excepting electrooculogram channels).
Thereby, Fp1 acted as an electrooculogram proxy.
Then, we reconstructed the EEG without the blink
component.

2.3. Relative power features

The relative power of a signal in a frequency band
represents the proportion of the total signal power
that is contained in the range of the band. We
included the relative power in our analysis because
resting state EEG slowing is a well-known effect in
AD patients.58 Slowing translates into an increase
of the relative power in the delta and theta bands,
coupled with a decrease of the relative power in the
alpha and beta bands. Equation (1) shows the for-
mula for the relative power.

RP =

∑fend
fini

P
∑

∀ f P
, (1)

RP stands for relative power, f ini and f end repre-
sent the boundaries of the band where the relative
power is estimated, and P represents power.

For this study, we extracted the relative power in
delta (1–4Hz), theta (4–8Hz), alpha (8–13Hz), beta
(13–30Hz), and lower gamma (30–45Hz). Hence, we
extracted a total of 80 relative power features per

epoch (corresponding to 16 channels and five bands).
To extract the relative power, we utilized the com-
pute pow freq bands function in the MNE Python
package with the default input parameters, which
estimates the relative power using Welch’s method
with a Hamming window and no overlap.

2.4. Complexity features

We extracted two complexity features for each epoch:
spectral entropy and Hjorth complexity. We included
these two complexity features in our analysis because
a decrease in EEG complexity is another widely
reported effect in AD patients in the literature.38,59

Spectral entropy represents the Shannon entropy
of the power spectra of a signal. It describes the
power spectra distribution uniformity, and therefore,
the regularity of the EEG. Consequently, spectral
entropy is maximal for white noise (very uniform
power spectra), and minimal for a pure sine wave
(very narrow power spectra). Equation (2) represents
the spectral entropy.

SE = −
∑

f

S(f) · log2 S(f), (2)

SE stands for spectral entropy, f for the frequencies
in the spectral range of the signal, and S for the
normalized signal spectrum.

On the other hand, Hjorth complexity is one of
the three Hjorth parameters (activity, mobility, and
complexity). This feature compares the similarity of
a signal to a pure sine wave and augments with signal
regularity. Equation (3) represents the Hjorth com-
plexity.

HC =
σ′′

s /σ′
s

σ′
s/σs

, (3)
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HC stands for Hjorth complexity, and σs, σ
′
s and σ′′

s

stand for the standard deviation of the EEG signal,
and of its first and second derivatives.

Since we extracted the two complexity features
described in this subsection for each channel individ-
ually, we obtained 32 complexity features per epoch.
To extract the two features described in this subsec-
tion, we also utilized the MNE Python package.

2.5. Statistical analysis

The feature extraction procedure yielded a total of
112 features per epoch. This corresponds to 80 rel-
ative power features (corresponding to 16 channels
and five bands) and 32 complexity features (corre-
sponding to sixteen channels and two complexity
metrics).

With this in mind, we evaluated the statistical
differences between AD patients and controls feature
by feature. To do so, for each participant, we aver-
aged all the features across the epochs. Thereby, we
ended up with a single observation for each feature
per participant and channel. Then, for each feature,
we grouped the observations into two independent
samples: AD patients and controls, and we applied
an independent samples t-test. This test was pre-
ceded by a Shapiro–Wilk test to assess the normality
of the distributions. For all the statistical analyses,
we set the significance threshold at 5% (α = 0.05).
Since for each feature we compared the group distri-
butions across 16 channels, we applied multiple com-
parison correction using the Benjamini and Hochberg
method.60

Additionally, we evaluated the differences
between the AD and control groups for the average
relative power and complexity across the scalp. For
this purpose, we averaged the single-observation fea-
tures across channels. For instance, for the spectral
entropy, we started with 16 features (one per chan-
nel), and we averaged them to obtain a single spec-
tral entropy value for the scalp. Then, we applied
an independent samples t-test to evaluate the dif-
ferences between the two groups. We applied the
method referred in the previous paragraph for mul-
tiple comparison correction.

Subsequently, we identified those channels where
the differences between the two groups were most
significant. To do so, we estimated the relative uni-
variate score for each feature using the p-value from

the corresponding t-test. Concretely, in order for this
score to be inversely proportional to the p-value,
we estimated the relative univariate feature score as
indicated by Eq. (4).

FS(x) =
−log10pvalue(x)

max(−log10pvalues)
, (4)

FS(x) represents the relative univariate feature score
for a particular feature x, (e.g. Hjorth complexity
at channel Cz); pvalue (x) represents the p-value
obtained for the comparison of the distribution of
feature x across the two study groups; and the
denominator is a scaling factor applied in order for
the FS to range from 0 to 1.

Then, we obtained a single score per channel by
summing the scores of all the features from each
channel and we represented the channel scores in
a topographical map. Lastly, we used these scores
to select the channels for the reduced montage.
To assess the performance of the original and the
reduced montage, we compared their performance
in terms of the average classification accuracy, the
confusion matrices, and the ROC curves. Further-
more, we applied a Mann–Whitney test to evaluate
the statistical differences between them. We applied
this test because the distributions compared did not
meet the assumptions for a parametric test.

2.6. Classification of AD versus
controls

Following feature extraction, we created the feature
matrix for the AD versus controls classification prob-
lem. First, for each participant, we arranged the
extracted features in a matrix with epochs in the
rows and features in the columns. As outlined in sub-
sections 2.5, for each participant, we extracted 112
features per epoch. Then, to increase the signal-to-
noise ratio, we followed the procedure described in
Refs. 2 and 61 and we averaged every six succeeding
epochs. Beyond this point, the rows of the feature
matrix no longer represented individual epochs, but
the average of every six consecutive epochs. Nonethe-
less, for readability, we will refer to the rows of the
feature matrix as epochs throughout the rest of this
work. Finally, we concatenated the matrices of all
the participants to create the feature matrix for the
classification problem.
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Subsequently, we set a classification pipeline that
included a feature scaler and a classifier. We exam-
ined three classifiers: a logistic regressor (LR), a sup-
port vector machine (SVM) with radial basis func-
tion kernel, and a multi-layer perceptron (MLP).
We selected these classifiers because they have been
widely utilized in the literature.38 For the mentioned
classifiers, we evaluated the following hyperparame-
ters: the inverse of the regularization strength (C),
the weights of the classes (class weight), and the
penalty term (penalty) for the LR, the regularization
strength (C), and the kernel coefficient (gamma) for
the SVM, and finally, the activation function (acti-
vation), the regularization strength (alpha), and the
hidden layer sizes (hidden layers), for the MLP.

To evaluate these classifiers, we applied the Grid-
SearchCV function from the open-source Python
package Scikit-learn. This function performs grid-
search (in order to obtain the best classifier hyperpa-
rameters) and cross-validation (to evaluate the per-
formance of the classifiers). Since the classification
problem assessed in this work involves the discrim-
ination of participants from clinical groups, we fol-
lowed a leave-one-subject-out (LOSO) strategy for
the cross-validation (see Fig. 2). This cross-validation
strategy works as follows: first, the dataset is par-
titioned into as many folds as participants; then,
an iterative procedure is conducted for as many

Fig. 2. Cross-validation strategy adopted in this study.
For each iteration, the train set (in blue) holds the data of
all the participants but one, which is held out for testing
(in red). The last two rows represent the group (AD in
light blue and control in brown), and the epochs of each
participant.

iterations as folds; for each iteration, the classifier
is trained using the data from all the participants
except one, which is held out to test the perfor-
mance of the classifier. Therefore, data from the
same participant is never used for training and
testing simultaneously. We implemented this cross-
validation strategy because it contributes to avoid-
ing bias and serves as a robust approach for clas-
sification performance assessment. Indeed, LOSO
cross-validation is the most widely adopted cross-
validation strategy in the literature for the discrimi-
nation of AD groups from resting state EEG.38

3. Results

3.1. Relative power analysis

Figure 3 represents, for the original 16-channel mon-
tage, the results of the statistical group compari-
son between the two groups for the relative power
features. We split the features into five subplots
corresponding to the five frequency bands where we
estimated the relative power. We found statistically
significant differences in the theta band (for F5)
and the beta band (for Fp1, Fz, Cz, C3, C4, and
P6). However, the statistical significance disappeared
after applying multiple comparison correction, and
only the p-values for the comparisons at Fp1, Fz,
Cz, C4, and P6 in the beta band remained below
0.1.

Figure 4 represents the channel-averaged relative
power in the five bands for the two study groups.
For this analysis, we found statistically significant
differences for the beta band. Nonetheless, statisti-
cal significance disappeared after applying multiple
comparison corrections.

3.2. Complexity analysis

Figure 5 displays the results of the statistical group
comparison between the two groups for the complex-
ity features. In this case, the analysis yielded sig-
nificant differences for the Hjorth complexity at Fz
and Cz. However, statistical significance disappeared
after applying multiple comparison correction. Alter-
natively, we did not find statistically significant dif-
ferences for the spectral entropy in any channel.

Figure 6 shows the channel-averaged complexity
features for the two study groups. For this analysis,
we did not find any statistically significant differences
between the two groups.
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Fig. 3. Comparison of the relative power features for the two study groups using the original 16-channel montage. Each
chart shows the results for a frequency band. The bars and error bars represent the mean and the standard deviation of
the samples, respectively. � indicates close to significant (p-value ≤ 0.15), * indicates p-value ≤ 0.05, and ** indicates
p-value ≤ 0.01. The statistical significance disappeared after applying multiple comparison correction. Only the p-values
for the comparisons at Fp1, Fz, Cz, C4, and P6 in the beta band remained below 0.1.

3.3. Channel selection for reduced
montage

Figure 7 represents the different elements of the
channel selection for the reduced montage: the uni-
variate score per feature, the accumulated univariate
score per channel, and the topographic representa-
tion of the accumulated scores. The highest ranked
features belonged to the beta band, and the highest

ranked channels were located in the fronto-central
region of the scalp.

For the reduced montage, we initially selected the
top three channels in terms of accumulated feature
score: Cz, Fz, and C4 (see Fig. 7(b)). Since perfor-
mance was far from the original montage, we decided
to add a fourth channel. First, we added P6, but aver-
age accuracy was still far from expected (0.74±0.31).
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Fig. 4. Comparison of the channel-averaged relative
power. The bars and error bars represent the mean
and the standard deviation of the samples, respec-
tively. � indicates close to significant (p-value ≤ 0.15)
and * indicates p-value ≤ 0.05. The statistical signifi-
cance disappeared after applying multiple comparison
correction.

Since multiple works have shown the importance
of using channels from both hemispheres,22,47,62 we
replaced P6 with the next channel from the left
hemisphere in the ranking, Fp1. In this case, mean
accuracy improved (0.78 ± 0.32) but remained clear

of the expected performance. Finally, replacing Fp1
with C3, resulted in a performance similar to the
original montage (0.86±0.20) and also a very conve-
nient arrange for a minimal wearable EEG headset.

3.4. Classification performance

Table 1 shows the hyperparameters that yielded
the best classification performance for the three
classifiers assessed in this work. Although the clas-
sification performance was similar among the classi-
fiers, the highest accuracy was achieved using logistic
regression, and multi-layer perceptron for the orig-
inal montage (0.87 ± 0.23), and the reduced mon-
tage (0.86 ± 0.20), respectively. We also performed
a permutation analysis to find the chance level of
the classifiers for both montages. To do so, for 10
different permutations, we randomized the labels
of the dataset and we performed cross-validation.
The average permutation accuracy for the origi-
nal and reduced montages were 0.48 ± 0.04 and
0.51±0.01 (mean± std.), respectively. For the rest
of this subsection, the results reported in refer to
those obtained with the best classifier for each of the
two montages assessed in this study.

Fig. 5. Comparison of spectral entropy (a) and Hjorth complexity (b) for the two study groups using the original
16-channel montage. The bars represent the mean of the feature, and the error bars indicate the standard deviation. �
indicates close to significant (p-value ≤ 0.15) and * indicates p-value ≤0.05. The statistical significance disappeared after
applying multiple comparison correction.
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(a) (b)

Fig. 6. Comparison of the complexity features averaged across channels for the two study groups. Bars and error bars
indicate the mean and the standard deviation, respectively.

(a) (b)

(c)

Fig. 7. (a) Top 10 features ranked by normalized univariate score. (b) Accumulated univariate feature score per channel.
(c) Topographical representation of the accumulated univariate feature score per channel.
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Table 1. Results of the grid-search cross-validation in terms of best hyperparameters
found for each classifier and the corresponding accuracy for each of the two montages
evaluated in this work. Accuracy is reported as mean± standard deviation.

Best value Best value Accuracy Accuracy
(original (reduced (original (reduced

Classifier Hyperparameter montage) montage) montage) montage)

LR C 104 1
class weight balanced balanced 0.87 ± 0.23 0.82 ± 0.27

penalty 12 12

SVM C 100 100
gamma auto auto 0.87 ± 0.27 0.82 ± 0.29

MLP activation tanh relu

alpha 10−3 10−8 0.85 ± 0.22 0.86 ± 0.20
Hidden layers 10–10 3–3

(a) (b)

Fig. 8. Test accuracy for all the cross-validation iterations. Black dashed line represents the 0.5 chance accuracy level. (a)
Original montage; (b) Reduced montage. We did not find statistically significant differences between the results yielded
by the two montages.

Figure 8 represents the test accuracy per cross-
validation iteration for the original and the reduced
montage. The Mann–Whitney test that we applied
to compare the accuracy distributions for both mon-
tages yielded a p-value equal to 0.66. Therefore, there
were no statistically significant differences between
the performance of the two montages.

Table 2 shows the confusion matrices at the epoch
level and the participant level for the original and
the reduced montages. For the epoch-level matrix, we
grouped all the true labels and their corresponding
predictions for the test sets of all the cross-validation
iterations, and we calculated the class accuracy. For
the participant level matrix, we followed a more clin-
ically oriented approach: we considered the classifier
correctly predicted the label of a participant if it cor-
rectly classified more than 50% of their epochs. This
latter approach has been reported in the literature

Table 2. Confusion matrices at the epoch and the
participant levels for the original and the reduced
montage.

Montage

Original Reduced

Level Group AD Control AD Control

Epoch AD 0.92 0.08 0.83 0.17
Control 0.17 0.83 0.12 0.88

Participant AD 8 0 7 1
Control 1 7 1 7

because it represents a more realistic scenario in
terms of clinical detection.

Finally, Fig. 9 displays the receiver operating
characteristic (ROC) curves corresponding to the
two montages evaluated in this work. For each
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Fig. 9. ROC curves for the original 16-channel and the
reduced four-channel montages. The area under the curve
(AUC) is reported in the figure legend.

montage, we estimated the curve from the cross-
validation predictions scored by the best classifier
(see Table 1).

4. Discussion

4.1. Group differences in relative
power and complexity

With respect to the relative power analysis displayed
in Fig. 3, we found different patterns for each of the
bands. For the delta band, the results suggest an
increase in relative power for the AD group compared
with the controls at the left prefrontal (Fp1), frontal
(Fz), and central (Cz and C4) regions. With respect
to the theta band, we found a statistically significant
increase for the AD group at the left frontal region
(F5), and a close to significant increase at the right
frontal (F6), temporal (T7 and T8), and right pos-
terior (P6) regions. Conversely, for the alpha band,
we observe a close to significant decrease in the rel-
ative power for the AD group at the right central
region (C4). The eyes open condition adopted dur-
ing the resting state acquisition may be the reason
behind the lack of differences in this frequency band.
Alternatively, for the beta band, we observe a statis-
tically significant decrease in the relative power for
the AD group at the left prefrontal (Fp1), frontal
(Fz), central (Cz, C3, and C4), and right posterior
(P6) regions. The preliminary results obtained for

these four bands agree with the slowing effect widely
reported in the literature58,63 and described in Sec.
2.3. Nonetheless, since some of the results discussed
were only close to significant, they need to be taken
with caution. Interestingly, the results for the gamma
band suggest an increase in the relative power for
the AD group in the right temporal (T8), left cen-
tral (C3), and posterior (Pz, P6, and P5) regions.
Although the results reported in the literature for
this band are conflicting, some works have reported
this same trend.64,65

The differences between the AD and control
groups are more evident for certain channels, which
could be indicative of their higher potential to dis-
criminate the two groups. Furthermore, for the aver-
age of the relative power across channels (see Fig. 4),
we only found statistically significant differences for
the beta band and close to significant differences for
the theta and gamma bands. The reason behind this
may be the inter-channel differences as well as the
statistical effects resulting from the reduced sample
involved for this study. Furthermore, the results in
terms of the relative power discussed previously need
to be interpreted with caution, since the statistical
significance results found disappeared after correct-
ing for multiple comparisons.

Regarding the complexity analysis, we observe
opposite behaviors for the spectral entropy and the
Hjorth complexity according to the results displayed
in Fig. 5. This implies that the results obtained for
both metrics are consistent, since sample entropy and
Hjorth complexity augment with complexity and reg-
ularity, respectively. For the spectral entropy (see
Fig. 5(a)), we found a close to significant decrease
for the AD group in the frontal (Fz) and central
(Cz) regions. Since these differences between the two
groups were not statistically significant, they need to
be carefully considered. Alternatively, for the Hjorth
complexity, we observed the expected inverted pat-
tern (see Fig. 5(b)). Particularly, we found a statis-
tically significant increase for the AD group at the
frontal (Fz) and central (Cz) regions. This matches
the close to significant results obtained for the sam-
ple entropy for those same channels. In addition, we
also found a close to significant increase for the AD
group at the left prefrontal (Fp1) and right central
(C4) regions. In conclusion, the results obtained for
the complexity analysis, suggest a pattern of com-
plexity reduction for the AD group with respect to
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the controls. This is reflected by a decrease in sample
entropy and an equivalent increase in Hjorth com-
plexity. Such results agree with the prevailing view
in the literature regarding EEG complexity in AD
patients. This view supports a reduction in the EEG
complexity as a result of the progressive loss of neural
connections observed in the AD patients.32,58,66,67

Nonetheless, these results need to be carefully con-
sidered as the statistical significance found for the
Hjorth complexity disappeared after correcting for
multiple comparisons. Furthermore, the heterogene-
ity of the dementia symptoms may lead to different
neurological changes in different individuals.23 This,
together with the heterogeneity of the metrics uti-
lized to evaluate complexity, hinder the comparison
between the results reported in the literature.

With respect to the average across channels for
the complexity metrics (see Fig. 6), we observe a lack
of statistical significance for the differences between
the two groups. We believe that the reason behind
this may be the reduced sample size involved for this
study.

4.2. Conventional EEG montage versus
reduced montage for AD detection

The main aim of this work was to investigate a
reduced montage based on wearable EEG for the
detection of early AD. The results that we obtained
suggest that a reduced four-channel montage may
feasibly support early-stage AD detection.

For this, we estimated a normalized feature score
for each feature (Fig. 7(a)), then we accumulated
these scores by channel (Fig. 7(b)) as a measure
of their relevance and presented them in a topo-
graphical map (Fig. 7(c)). According to this anal-
ysis, the four channels with the highest accumu-
lated score were: Cz, Fz, C4, and P6. However, we
deemed this channel distribution impractical for a
low-cost plug-and-play wearable system (e.g. simi-
lar to a music headset). Consequently, upon check-
ing that performance was not noticeably affected, we
replaced P6 with C3, a channel with a fairly high
score (see Fig. 7(b)) and that allowed a symmet-
rical four-channel montage (Cz, Fz, C4, and C3).
The resulting montage is in agreement with stud-
ies where channels from the two hemispheres were
utilized.22,47,62

Regarding the classifiers explored in this study,
according to the results presented in Table 1, the

three classifiers yielded sound performance under
both montages. In fact, the lowest inter-class accu-
racy was 0.82 while the highest was 0.87. Concretely,
for the original and the reduced montage, the clas-
sifiers that yielded the highest inter-class accuracy
were the LR (0.87±0.23) and the MLP (0.86±0.20),
respectively.

Upon the results shown in Table 2, the perfor-
mance of the two montages in terms of the confusion
matrices (at the epoch and the participant levels)
was comparable. At the epoch level, with the origi-
nal montage, we obtained classification accuracies of
0.92 and 0.83 for the AD and the control classes,
respectively. Alternatively, with the reduced mon-
tage, we obtained accuracies of 0.83 and 0.88. On
the other hand, at the participant level, using the
original montage, 8 out of 8 and 7 out of 8 par-
ticipants were correctly detected for the AD and
the control classes, respectively. Using the reduced
montage, the performance for the AD class slightly
dropped to 7 out of 8, while those for the control
class remained equal. This is clearly noticeable in
the cross-validation results displayed in Fig. 8: for
the original montage, the classifier only misclassified
more than 50% of the epochs for one participant,
whilst for the reduced montage, this happened for
two participants. Likewise, the ROC curves shown
in Fig. 9, provide additional evidence of the similar-
ity between the performance corresponding to both
montages (with a slightly higher AUC for the original
montage).

In fact, the statistical comparison between the
cross-validation results for the two montages yielded
a p-value equal to 0.66, which is far above the
significance threshold. This implies that the cross-
validation accuracy was analogous for the two mon-
tages.

In relation to other studies, the reduced mon-
tage approach presented in this work yielded a clas-
sification accuracy comparable to analogous works
in the literature,68–70 superior47,62,71 in some cases,
and inferior in others.20,21,23,72 In terms of chan-
nel number, most of the published works considered
between 17 and 32 channels, with typical including
16,17,72 19,21,22,47,69–71 or 32.23,73,74 Alternatively,
the montage that we propose includes only four chan-
nels, which represents an important asset in terms of
preparation time and patient comfort. Regarding the
cross-validation strategy, we applied LOSO because
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we believe that this is the strategy that better repre-
sents the patient screening procedure, as data from
the same participant is not used for training and test-
ing simultaneously. Although most studies in the lit-
erature adhered to this strategy,38 other works fol-
lowed a k-fold20,70,75 strategy, which undermines the
robustness of the classifier when clinical cohorts are
handled.76 Lastly, with regard to artifact processing,
in this work we applied two automated techniques:
Autoreject and automated ICA. This represents a
potential benefit in terms of time and costs compared
to traditional approaches based on visual inspection,
since no additional trained personnel is required to
perform a manual epoch selection.

In view of the results discussed in the previous
subsections, we believe that the approach proposed
in this work can contribute to opening the door for
accessible support tools aimed at the detection of
early-stage AD in the clinical practice, for example,
a low-cost plug-and-play device in the form of a head-
band.

4.3. Limitations of the study

Although the results discussed in the previous sub-
sections are promising, this study also presents some
limitations. First, the conclusions drawn in this work
need to be cautiously taken given the reduced sample
size. In fact, after applying correction for multiple
comparisons, the significance of the results disap-
peared for the relative power and the complex-
ity analyses, which was expected in view of the
reduced sample size. To validate our reduced mon-
tage approach, further studies should reproduce the
procedures presented in this preliminary work on
a larger sample. Additionally, we used the original
16-channel montage to perform the ICA decomposi-
tion. This implies that a new blink artifact rejec-
tion approach must be considered for a potential
future application of the reduced montage proposed
in this work. Regarding this, since the experimen-
tal session included a personal interview, a cognitive
evaluation, setting up the 16-channel EEG montage,
and the EEG resting state acquisition, we conducted
the latter stage under eyes-open resting state to
avoid drowsiness. In a potential future application
of our approach, we could perform the acquisition
under eyes-closed resting state because the consult-
ing session would be substantially shorter than an

experimental session, which would remove the need
for blink artifact processing. Indeed, whilst eyes-
closed resting state has been thoroughly applied in
the literature, some studies have investigated the
acquisition during eyes-closed resting state or dur-
ing certain cognitive tasks and have obtained vary-
ing results.23,66,77 Hence, the comparison of differ-
ent recording conditions is key to finding the best
possible balance between patient comfort and detec-
tion accuracy. Furthermore, due to the recruiting
strategy, the patients taking part in this work do
not represent a fully realistic sample of the popula-
tion under study. The patients who attend health-
care services sometimes suffer from multiple neuro-
logical pathologies and they are often under medical
treatment. However, following the trend in literature,
we involved patients who were diagnosed only with
AD and who were not under a medical treatment
that could interfere with their cognitive status. This
is an ineluctable challenge that needs to eventually
be confronted to effectively transfer these research
approaches to practice. Finally, clinical techniques
like CSF analysis or PET, enable the identification
of structures linked to AD, such as amyloid plaques,
which is part of the procedures established to deliver
a clinical diagnosis. Evidently, the approach pre-
sented in this paper cannot unveil such information,
nonetheless, it may represent a fast minimal support-
ing tool for the detection of the disease prior to the
application of clinically accepted techniques.

5. Conclusions

In a previous work, we demonstrated that early-stage
AD can be detected using a simplified EEG mon-
tage during a resting state acquisition. In this paper,
we extended that work by statistically analyzing the
differences in EEG relative power and complexity
between AD patients and controls. We estimated
a feature score based on the statistical differences
between the two study groups (AD and controls).
The top 10 statistically different features were rela-
tive power in the beta band at Cz, Fp1, C4, P6, and
Fz, Hjorth complexity at Fz and Cz, and relative
power in theta at F5, in beta at C3, and in gamma
at P5. Then, we estimated the accumulated feature
score per channel to elucidate the four-channel selec-
tion to create a reduced montage. Finally, we com-
pared the performance of the reduced four-channel
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and the original 16-channel montages through dif-
ferent classifiers. The preliminary results that we
obtained support our hypothesis that a reduced EEG
montage could be used for supporting early-stage AD
detection. With this in mind, we envision a scenario
where early-stage AD can be screened within minutes
in primary care services using a four-channel plug-
and-play wearable system. Such approach may rep-
resent a valuable supporting tool prior to the applica-
tion of standard clinical techniques. Eventually, this
could contribute to reducing screening costs and to
increasing the accessibility to EEG-based early-stage
AD analysis, especially in the context of crowded
healthcare systems or rural environments. Nonethe-
less, additional studies are required to validate this
approach on a larger sample size and to evaluate the
detection of other stages of the disease. For instance,
longitudinal studies involving preclinical AD patients
may bring important insights regarding the detection
of prodromal stages of the disease.
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