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Abstract: We proposed a set of quantitative, inexpensive, and non-invasive
methods for screening dementia based on resting EEG. The methods used here
included ensemble Holo spectrum (eHolo), ensemble intrinsic Probability Den-
sity function (eiPDF), and ensemble intrinsic Multiscale Entropy (eiMSE). These
methods were developed originally for physical sciences, specifically to study
the wave-turbulence interaction phenomena. Applications, however, were found
in neuroscience and bioengineering. Tested on mostly retrospective open-source
EEG data, the results measured by receiver operating characteristic (ROC)
curves and area under the curve (AUC) values based on micro- and macro-aver-
age methods all passed the clinically acceptable threshold of 70%. Specifically,
the AUC scores are these: eHolo above 0.89, eiPDF at 0.82, and eiMSE above
0.87, respectively. If we use all three methods in combination, the AUC score is
above 0.91. Emulating the bone-density measurement, we have also established
a quantitative Z-score to measure the relative standing of each subject. Encour-
agingly, the Z-score shows a moderate correlation with the widely scattered CDR
score, with RHO values between 0.26 and 0.46. We strongly suggest that large-
scale clinical trials be organized so that the method can be validated and ready
for the WHO and Chinese calls for screening of the general population by 2030.
Keywords: Fast screening for dementia, eHolo, eiPDF, eiMSE, Holo-Hilbert
spectral analysis, Hilbert-Huang Transform.

1. INTRODUCTION

Dementia is a time bomb for any society, rich or poor. With the eco-
nomic development and the advances of medical and health technol-
ogy, the worldwide average life expectancy is at a venerable 73.33
years in 2024. But there is another number, the Healthy Life Expec-
tancy (HALE), which varies significantly across different regions. For
example, the U.S. had a life expectancy of 78.5 but a HALE of 66.1
years in 2019. During the unhealthy period, dementia is one of the most
terrible and costly scourges. To call the attention of the worldwide gov-
ernments, the World Health Organization, United Nations, issued a
plan and call for action in 2017 [1], urging each country to screen at
least 50% of their senior citizens for dementia by 2025.

Few countries heeded the call. With 30 percent of the global total
dementia sufferers, the Chinese government picked up the challenge
and published an action plan and planned to establish a dementia/
alzheimer’s prevention system by 2030 [2, 3]. However, it is realized
that achieving the goal using existing methods and available resources
will be extremely challenging. For example, accommodating 50% of
the elderly in care institutions would require a cumulative number of 15
million trained dementia care personnel by 2030. Such difficulties had
been foreseen by and reported in the World Alzheimer Report 2021 and
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2022 [4, 5], and in China by Xiao et al. and Liu et al.
[2, 6]. Not only is there a shortage of personnel, but
there is also a lack of universal access to the exten-
sive equipment necessary for traditional screening
and diagnosis.

The traditional clinical assessment of cogni-
tively challenged patients, as detailed in the World
Alzheimer’s Report 2021: Journey through the di-
agnosis of dementia [4], is based on primary care
providers, or family doctors, who are familiar with
the patients. The multiple and varied etiologies of
dementia pose a challenge for any attempt to diag-
nose it. According to the World Alzheimer’s Report,
dementia could be roughly divided into the follow-
ing etiologies:

Alzheimer’s: 60 to 80%
Vascular dementia: 5 to 10%
Dementia with Lewy bodies:
Frontotemporal dementia
Young-onset dementia: 3%
Mixed dementia

The detailed differential diagnosis was reported
by Rosa-Neto [7]. The purpose of the assessment is
to identify functional cognition deficits involving
learning and memory, language, executive function,
complex attention, perceptual-motor, social cogni-
tion, and behavior that would impact the patient’s
autonomy and independence. The key is to iden-
tify the presence of disease pathophysiology with
biomarkers, with emphasis on Alzheimer’s disease
(AD). Although AD accounts for only 60—80% of de-
mentia, the separation of AD from the dementia pop-
ulation would influence treatment and care forms.
Current dementia diagnosis heavily relies on clinical
assessments involving primary care providers and
specialists, who evaluate cognitive function primar-
ily through behavioral observations and subjective
reporting [4, 5]. However, these traditional methods
face numerous limitations. Firstly, they are highly
subjective and dependent on clinician expertise and
patient cooperation, often resulting in significant
misdiagnosis or underdiagnosis rates [4]. Secondly,
the clinical assessments are time-consuming, costly,
and require substantial medical resources, mak-
ing large-scale, population-wide screening difficult
[2, 6]. Furthermore, many dementia cases involve
mixed neuropathologies, complicating accurate
diagnosis [8—11]. Granted that there is no cure for
the neurodegenerative type of dementia, an earlier
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diagnosis is urgent, for it could lead to early inter-
vention that might be able to slow down the devel-
opment of the disease.

Previous EEG-based research has shown the
possibility of differentiating dementia patients from
healthy controls [e.g., 12-16]. Some prominent
electrophysiological features for dementia have
been identified, such as “EEG slowing” indexes
[see 12], and the decreased theta connectivity [e.g.,
14]. We also have demonstrated that by applying
a new method, the ensemble intrinsic probability
density function (eiPDF) [17], consciousness vs.
unconsciousness, different states of sleep, and de-
mentia vs. healthy could be clearly separated by
EEG signals. Here we propose two advanced EEG
analyses for dementia screening: the ensemble Holo
spectrum (eHolo) and the ensemble intrinsic multi-
scale entropy (eiMSE). These methods collectively
allow rapid screening—within approximately 15
minutes—meeting the practical requirements for
widespread population screening.

2. METHODS AND MATERIALS

2.1. Basic Requirements of EEG
Acquisition and Preprocessing

Basically, even if there are simply two EEG chan-
nels, the proposed eiPDF, eHolo, and eiMSE meth-
ods can be applied to the EEG signals. However, to
obtain the whole brain EEG features based on the
three proposed methods, at least the standard 10-
20 system with 21 EEG channels is suggested. The
sampling rate of data acquisition should be at least
200 Hz to involve gamma oscillations. For obtaining
stable results, a minimum of a 3-minute eye-closed
resting EEG is required. In addition, employing a
preprocessing step of an ICA analysis for the re-
moval of ocular artifacts is preferable.

2.2. Data Sources

The data we used in this study cover a wide range of
sources, from the Max-Planck Institute to the local
Qingdao Elderly Mental State Cohort, for a total of
1252 subjects, including 772 healthy controls (HC),
207 with mild cognitive impairment (MCI), and 273
with dementia of mixed etiology. The data sources
and the demographic information are given in
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Table 1 (for open or free data sources, see [18-20]).
The local data offered by Qilu Hospital and Shaanxi
Provincial People’s Hospital were collected through
experimental procedures approved by the Institu-
tional Review Board of Qilu Hospital and Shaanxi
Provincial People’s Hospital, respectively. Further-
more, informed consent was obtained from every
subject. For those open data sources, we have con-
firmed that all the required ethical considerations have
been well addressed in the related papers [18-20].
In the following analyses of using each of the three
methods, as well as combining all of them, to clas-
sify dementia and HC, we limit subjects’ ages within
the range of 60-100, resulting in 246 dementia and
442 HC. However, when we introduce the use of the
Z-score of each feature for estimating each subject’s
current status, we use all the HC (N, = 722), a portion
of MCI (N, = 144), and a part of dementia (N,= 48) to
form a reference group similar to the world standard
population in which the percentages of HC, MCI, and
dementia are approximately 85%, 15%, and 5%.

As the EEG data are from various sources with
different EEG systems and montages, these data are
pre-processed with the following steps:

1. Based on the standard 10-20 EEG montage,
brain waves on 19 channels shared by all the data
sources are chosen for the following analysis.

2. The data are resampled at 200 Hz.

3. All data are filtered with a high-pass of 0.5 Hz
and a low-pass of 70 Hz, and notch filtered both
at 50 and 60 Hz to remove possible power line
contamination.

4. Using 3-sigma mean filter to remove outliers.

5. Using Second Order Blind Identification (SOBI)
for ICA analysis to remove ocular artifacts [21].

6. Using the Multiple Artifact Rejection Algorithm
(MARA) to remove false signals [22, 23].

7. EEG data of bad channels are replaced by inter-
polation from the neighboring EEG data.

8. Whole brain average-reference is used.

Basically, our preprocessing steps follow the HAPPE
program proposed by Gabard-Durnam [24].

2.3. Intrinsic Probability Density Function

In the current study, for each subject, 3 epochs of
50-second EEG are used for the intrinsic probability
density function (iPDF) analysis.

The iPDF, as a new way to look at probability
density functions (PDF), is proposed by Huang
et al. recently [17, 25]. Essentially, iPDF endows
the PDF with a spectral-like property that enables
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us to examine the intrinsic probabilistic properties in
great detail for both large and small amplitude com-
ponents, and stationary and nonstationary processes.

The proposed iPDF is based on Empirical Mode
Decomposition (EMD) [26], an adaptive approach
designed to analyze data from nonlinear and nonsta-
tionary processes. With EMD, any data can be decom-
posed into a set of intrinsic mode functions (IMFs)
that represent oscillatory activities from small to large
time scales (see Equation S1). EMD could be viewed
as a multi-scale detrending tool [27]. With the EMD
expansion, we can study the probability distribution of
each intrinsic and scale-separated component, i.e., an
IMEF, as well as of any partial sum of a range of IMFs
for any data, stationary or nonstationary, and gain new
physical understanding of the underlying distribution
properties. The concrete steps are as follows: First,
we will obtain the various partial sums of the IMFs
from the data through EMD (see Equation S2), which
is essentially an EMD-based high-pass filter bank to
detrend the data at various time scales. Since each IMF
is zero mean and narrow band, the partial sums should
also be zero mean and provide excellent characteristics
for being represented as PDFs. The time scale of each
partial sum is limited by the last IMF included; thus,
the mean period of the last IMF can serve as an esti-
mate of the partial sum’s time scale. Next, we will ac-
quire the PDF of each of the partial sums. These PDFs
of successive partial sums can be plotted together by
representing the probability distributions as a function
of time scale and standard deviation. This spectral rep-
resentation of PDFs in two dimensions could show the
clear range of time scales for each underlying PDF
pattern in the data. Thus, iPDF is a scale-dependent
PDF, whereas traditional PDF is the final marginal
result of the full data. To make the results easy to in-
terpret, we employ the PDF of the standard normal
distribution as the baseline, i.e., we subtract the stand-
ard normal distribution’s PDF from the PDF of each
partial sum. The resulting baseline-corrected PDFs
in various time scales are designated as the intrinsic
Probability Density Function (iPDF). The new pres-
entation endows the iPDF as a ‘spectrum’ like PDF;
it is equivalent to a spectrum of PDF, rather than de-
pending solely on z values in a histogram. To increase
the stability of the results, we also use a two-layer en-
semble approach with different levels of added noise
in the data analysis. That is, our iPDF result is an en-
semble mean of iPDFs obtained from multiple ensem-
ble EMD (EEMD) [28], with various levels of assisted
white Gaussian noise (WGN). We designate the iPDF
result as ensemble iPDF (eiPDF).

Human Brain (2025) 4(1) | 3
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Additionally, the partial sum distribution would
eventually approach the traditional PDF with the
full data, which is just the marginal value of the par-
tial sum. Therefore, the partial sum is easily appre-
ciated by and related to the traditional probability
study.

It should be pointed out that there is a drastic
difference in PDF between additive and multi-
plicative processes. Linear additive processes are
simply superpositions without any interactions
between the wave and the white noise. The influ-
ence of the dominant wave will only show up when
the scale reaches the wave period and leave all the
other IMFs untouched. The multiplicative process,
however, will influence all the IMF components
and make the iPDF super-Gaussian. It should be
emphasized that the super-Gaussian characteristics
of a PDF should be one of the hallmarks of nonlin-
ear processes.

2.4. The Holo-Hilbert Spectral Analysis
and Various Projections

In the current study, for each subject, 10 epochs of
10-second EEG are used for Holo-Hilbert spectral
analysis (HHSA) [29].

HHSA is one of the final goals for Hilbert-Huang
Transform (HHT) [26]. As designated by NASA, the
US Space Agency, the HHT consists of the special
adaptive EMD and the spectral representation for
nonlinear and nonstationary data. In its final form,
HHSA is a multi-dimensional manifold for full rep-
resentation of time domain data from both additive
and multiplicative processes, or for oscillations as
well as modulations. Based on HHT, HHSA is also
an adaptive method and is designed for nonlinear
and nonstationary data.

The HHT is essentially different from the Fourier
transform (together with its inverse transform),
which is an integral transform that decomposes the
time domain data into a linear combination of oscil-
latory components, each with a constant frequency,
W, and a constant amplitude, a, resulting in the
Fourier spectrum, F(w).

In contrast, HHT is achieved by EMD that de-
composes any time domain data into IMFs, fol-
lowed by a process of estimating each IMF’s instan-
taneous frequency and amplitude function through
Hilbert transform or an improved direct quadrature
method [30], which can be represented as a function
of time and the instantaneous frequency, H(w, t),
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referred to as Hilbert time-frequency Spectrum (see
Equation S3), or simply Hilbert Spectral Analysis
(HSA) [30].

Heavily influenced by the Fourier analysis in
the past, HSA had also emphasized the carrier os-
cillation of the system; therefore, the characteris-
tics of amplitude variation, especially the periodic
modulation, are not fully included. To remedy this
deficiency, Huang et al. proposed the Holo-Hilbert
Spectral analysis (HHSA) by adding a simultane-
ous expansion of the amplitude achieved by EMD
or EEMD [29], designated as the second-layer
EMD, which results in the second-layer IMFs, and
thus introduces the concept of amplitude modula-
tion (AM) and the definition of AM frequency Q
(see Equations S4 & S5). Therefore, the oscilla-
tory power can be represented as a high-dimesional
petrum, HH(Q; w, t), achieved by representing the
spectral power on a space spanned by time and the
two frequencies, Q for the amplitude modulation
(AM) and w for the carrier oscillation (or frequency
modulation; FM), designated as the Time-FM-AM
spectrum of HHSA.

Or, for the sake of ease in presentation, by taking
the marginal mean concerning time, we would get
a dimensionality-reduced spectrum, which is simply
a function of the AM frequency Q and the carrier
frequency w, referred to as the FM-AM spectrum
of HHSA, HH(Q, ) (see Equation S6). We employ
this FM-AM spectrum to demonstrate the results of
HHSA in the current study. Similar to eiPDF, our
result is an ensemble mean of FM-AM spectra ac-
quired from multiple two-layer EEMD with various
levels of assisted WGN. This spectrum is referred to
as the ensemble Holo spectrum (eHolo).

2.5. Intrinsic Multiscale Entropy

In the current study, for each subject, 3 epochs of
50-second EEG are used for the intrinsic multiscale
entropy analysis. Entropy is an excellent tool to
study the brain. It provides a sensitive way of cate-
gorizing different groups based on neural functions
[31]. Various measures of entropy have been used
in analyzing a wide range of biological signals such
as in anesthesia (e.g., [32-34]); in aging and degen-
erative brain (e.g., [35—40]; and review studies: [41,
42]); and in sleep (e.g., [43—45]). Most of the time,
these entropy measures provide a holistic measure of
the complexity of the system rather than the details
of the mechanisms. Furthermore, the results are dif-
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ficult to interpret, especially when it comes to relat-
ing to the physiological mechanism, partly due to the
various approximations made in implementing the
computations [46].

Traditionally, entropy is a single value representing
the degree of randomness in the data. Costa et al. in-
troduced an approach to analyzing entropy in multiple
time scales: the multiscale entropy (MSE) [47, 48],
which will give a set of entropy values representing
the complexity of the given data in various time scales.
This extension greatly expanded the information con-
tained in the results. However, all measures of entropy
computation depend on the probability distribution of
the data. Therefore, as discussed above (see “Intrinsic
Probability Density Function”), the MSE cannot es-
cape its limitation to stationary processes. To circum-
vent the difficulty and also expand the information
within the result, Yeh et al. proposed the intrinsic mul-
tiscale entropy (iMSE) [49], which computes the MSE
consecutively for the partial sums of IMFs, as did the
iPDF (see Equation S2). Thus, the entropy result is
changed from a single value to a function of time-scale
in MSE, and finally to a function of both time-scale
and the partial sum’s range of IMFs in iMSE. To make
the results more stable, similar to eiPDF, our iMSE
result is an ensemble mean of iMSEs acquired from
multiple EEMD with various levels of assisted WGN.
This method is called ensemble iMSE (eiMSE).

3. CLASSIFICATION WORKFLOW

The classification targets are dementia (246 cases) as
the positive class, and HC (442 cases) as the nega-
tive class. In this study, the special nonlinear features
for classifying dementia and HC are extracted from
eHolo, eiPDF, and eiMSE, with noise ensembles of
added noise levels ranging from 0.01 to 0.07 with a
step of 0.01. For each subject, the eHolo is obtained
by averaging across eHolo results of 10 epochs of
10-sec eye-closed resting EEG, and the eiPDF or
eiMSE is attained by averaging across eiPDF/eiMSE
of 3 epochs of 50-sec eye-closed resting EEG. Based
on the 19 channels shared by all the data sources,
the eHolo, eiPDF, or eiMSE results are further av-
eraged over channels within each of the frontal (F),
central (C), parietal and occipital (PO), left temporal
(TL), and right temporal (TR) regions to form the
regional features (for the information about which
region each EEG channel belongs to, please see the
following results of data classification using each
method). An input feature for each of the three meth-
ods is described as follows:
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eHolo: The eHolo mean value inside a designated
region (F, C, PO, TL, or TR) within a specific dy-
adic range of AM frequencies (1/8-1/4 Hz, 1/4—
1/2 Hz, ..., 32-64 Hz; refer to Figs. 1(c, d) and
within a particular dyadic range of FM frequen-
cies (1/4-1/2 Hz, 1/2-1 Hz, ..., 32-64 Hz). This
yields a total of 220 features (5 regions and 44
AM-FM ranges).

eiPDF: The eiPDF mean value inside a specified
region (F, C, PO, TL, or TR) for a particular z
value range (one from 4:1:4 + 0.5) and a certain
partial sum (made up of IMFs 1 through n, n <
8). This gives a total of 360 features (5 regions, 8
partial sums, and 9 z ranges).

eiMSE: The eiMSE mean value inside a desig-
nated region (F, C, PO, TL, or TR) for a particular
scale (one from [1, 3, 5, 7, 9, 12, 15, 18, 21, 24,
28, 32, 40, 50]) and a certain partial sum (made
up of IMFs 1 through n, n < 8). This results in a
total of 560 features (5 regions, 8 partial sums,
and 14 MSE scales).

Combined features: Merging all the above fea-
ture sets (220 + 360 + 560) gives the entire 1,140
features.

The classifier employed in the current study is
Light Gradient-Boosting Machine (LightGBM)
[50], applied to each of the four feature scenarios. In
each run of LightGBM analysis, random grouping of
subjects is performed such that 80% individuals are
assigned to the training set and 20% individuals to
the testing set. The classification is iterated 25 times
to reduce randomness from single runs. For each it-
eration, the SHAP (SHapley Additive exPlanations)
[51] values are computed for all features to quantify
each feature’s importance. SHAP values from all 25
iterations are further averaged to determine an esti-
mate of the importance of each feature. To preserve
critical features while mitigating overfitting risks
from high-dimensional data, we perform a proce-
dure of feature selection and optimization in which
we retain the top 30% of features based on SHAP
values, and then repeat the aforementioned process
of iterated classification with the reduced feature
set. After that, we calculate the Receiver Operating
Characteristic (ROC) curves by aggregating the bi-
nary classification probabilities predicted from the
25 iterations. We compute four types of ROC curves:

1) Micro-Average ROC (micro-ROC);

2) Macro-Average ROC (macro-ROC);

3) Dementia-Class ROC (Dementia-ROC); and
4) Healthy Control ROC (HC-ROC).

https://doi.org/10.37819/hb.1.2068
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Figure 1. eHolo results from dementia patients and healthy controls. (a and b) eHolo for demen-
tia patients and healthy controls (HC), respectively. Results from 4 channels (Fp1, Fp2, O1, and 02)
are demonstrated. (c) P values and (d) 7 map of topographical differences in eHolo between demen-
tia and HC (two-sample #-tests). (e) A scheme for classifying dementia and HC achieved by eHolo
features designed by a combination of eHolo values from 5 regions of channels, 9 dyadic ranges of
AM frequency from 1/8 to 64 Hz, and 8 dyadic ranges of FM frequency from 1/4 to 64 Hz. Four
types of ROC curves are shown: 1) Micro-average ROC curve (AUC score: .90)—merge all true
positives (TP), false positives (FP), true negatives (TN), and false negatives (FN) in both the demen-
tia and HC classes, and uniformly calculate the global true positive rate (TPR) and false positive rate
(FPR); 2) Macro-average ROC curve (AUC score: .89)—calculate TPR and FPR from each class,
and then the TPR and FPR are averaged across the two classes; 3) ROC curve of class-1-Dementia
(AUC score: .89)—calculate TPR and FPR from the dementia class; and 4) ROC curve of class-2-
HC (AUC score: .89)—calculate TPR and FPR from the HC class. (f) The SHAP (SHapley Additive
exPlanations) information for the data classification using eHolo.
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Furthermore, to preserve critical features while
mitigating overfitting risks from high-dimensional
data, we perform a procedure of feature selection
and optimization in which we retain the top 30%
of features based on SHAP values, and repeat the
process of classification with the reduced feature
set. Finally, by aggregating all predictions and com-
paring them with ground truth labels, we compute
the scores of true positive (TP), false negative (FN),
false positive (FP), and true negative (TN), thereby
obtaining a confusion matrix for the following
metrics:

1) Accuracy = (TP + TN) / (TP + FN + TN + FP);

2) Precision = TP/ (TP + FP);

3) Sensitivity = TP/ (TP + FN);

4) Specificity = TN / (TN + FP); and

5) F1-Score = 2 x Precision x Sensitivity /
(Precision + Sensitivity).

4. RESULTS

Having presented the methodologies and data, we
are ready to present the results. We first demonstrate
the results of eHolo, eiPDF, and eiMSE separately,
and then the results of a combination of all three
methods.

The presentation format is always on group av-
erage from HC and dementia patients with a single
electrode measured at frontal (Fpl and Fp2) and
occipital (O1 and 02), based on the standard 10-
20 19-channel EEG montage. Then, we will pres-
ent the group mean topographic maps from all 19
electrodes. The differences of the topographic maps
between HC and dementia are given in P-values and
true magnitudes. Finally, for each method or the
combination of the three methods, we present the re-
sult of the classification between dementia and HC
with ROC curves and AUC scores.

4.1. Holo-Hilbert Spectral Analysis:
eHOLO

Figs 1(a, b) give the group averages of the eHolo
spectrum for dementia and HC at Fp1, Fp2, O1, and
02. In both cases, the most energetic components
are from the frequency band around 8 Hz, the typical
traditional a-band for eye-closed. The differences

Human Brain (2025) 4(1)
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are clearly visible. Then, the detailed differences for
all 19 channels are given in their P-values and true
magnitude differences, as shown in Fig. 1(c, d), re-
spectively. Fig. 1c indicates that the differences in
almost every FM-AM frequency band were statisti-
cally significant, and Fig. 1d indicates that dementia
patients suffer a deficiency at high FM frequency
bands (8 Hz to 64 Hz) and a surplus at lower FM fre-
quency bands (any bands less than 4 Hz) in spectral
power. This trend has been observed by a number of
prior studies (e.g., [52-59]).

Finally, Fig. 1e gives the ROC curve and the AUC
score based on micro- and macro-average methods;
the values are all at and above 0.89, indicating that
using HHSA alone, we can sort out healthy and de-
mentia patients clinically with excellent results. In
case clinicians are interested in the location of bio-
markers associated with cortical zones to point out
the etiology from this machine learning model, the
SHAP information [51] is given in Fig. 1f, in which
AM 2 to 4 Hz and FM 8-16 Hz in the TR region
is the most important eHolo feature for classifying
dementia and HC.

4.2. eiPDF

eiPDF is a newly developed method. Its performance
is outstanding in differentiating between conscious-
ness and unconsciousness, as in anesthesia [17]. In
the current study, eiPDF is demonstrated for z values
from —4 to 4 and for partial sums made up of IMFs
1 through n, with all n < 8. Figs. 2(a, b) give the
group average eiPDF results for HC and dementia at
Fpl, Fp2, O1, and O2 electrodes. Again, the differ-
ences are visible. The detailed differences from the
topographic map based on eiPDF for all 19 chan-
nels are given in their P-values and true magnitude
differences, as shown in Figs. 2(c, d), respectively.
Here, the statistically significant area is not as solid
as in the case of HHSA. Fig. 2d indicates that de-
mentia patients suffer a deficiency along the mean
value of the probability density at z near zero. This
implies that the inter-cortical interactions are weaker
for the dementia patients than for the healthy con-
trol group, which makes the kurtosis value slightly
lower. The critical areas seem to concentrate around
sigma equals plus and minus 1.

https://doi.org/10.37819/hb.1.2068
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Figure 2. eiPDF results from dementia patients and healthy controls. (aandb) eiPDF for dementia patientsand HC.
Results from4 channels (Fp1,Fp2,01,and O2) are demonstrated. (¢) P values and (d) 7'map of topographical differences
in eiPDF between dementia and HC (two-sample #-tests). (e) A scheme for classifying dementia and HC achieved by
eiPDF features designed by acombination of eiPDF values from 5 regions of channels, 9 zvalue ranges from—4 to4,and 8
partial sums formed by IMFs 1-8. Four types of ROC curves are shown: 1) Micro-average ROC curve (AUC score: .84);
2) Macro-average ROC curve (AUC score: .82); 3) ROC curve of class-1-Dementia (AUC score: .82); and 4) ROC
curve of class-2-HC (AUC score: .82). (f) The SHAP information for the data classification through eiPDF. Conven-
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tions are the same as in Figure 1.
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The performance of eiPDF can be seen from the
ROC (Receiver Operating Characteristic) curve and
the AUC score based on micro- and macro-average
methods, given in Fig. 2e. The scores are at or above
0.82, indicating a good performance but not as sat-
isfactory as the result of eHolo. The SHAP informa-
tion is given in Fig. 2f, in which the eiPDF value of

the partial sum of IMFs 1:8 and Z = -3 in the PO
region is the most important eiPDF feature for clas-
sifying dementia and HC. As compared to eHolo,
eiPDF is easier to compute, and the physiological
implications are more direct and clearer: less kurto-
sis due to fewer modulations from the inter-cortical
interactions.

Figure 3. eiMSE results from dementia patients and healthy controls. (a and b) eiMSE
for dementia patients and HC. Results from 4 channels (Fp1, Fp2, O1, and O2) are demon-
strated. (¢) P values and (d) T map of topographical differences in eiMSE between dementia
and HC (two-sample t-tests). (e) A scheme for classifying dementia and HC achieved by
eiMSE features designed by a combination of eiMSE values from 5 regions of channels, 14
MSE scales: [1, 3,5, 7,9, 12, 15, 18, 21, 24, 28, 32, 40, 50], and 8 partial sums formed by
IMFs 1-8. Four types of ROC curves are shown: 1) Micro-average ROC curve (AUC score:
.90); 2) Macro-average ROC curve (AUC score: .87); 3) ROC curve of class-1-Dementia
(AUC score: .87); and 4) ROC curve of class-2-HC (AUC score: .87). (f) The SHAP infor-
mation for the data classification through eiMSE. Conventions are the same as in Figure 1.

10 |

a
Dementia: eiMSE, Fp1l Dementia: eiMSE, Fp2 HC: eiMSE, Fpl HC: eiMSE, Fp2
1 1 1 1
12 12 12 12
13 13 13 13
B oo 14 B o 14
g 15 1S g s 1:5
16 16 16 16
17 17 17 17
18 18 18 s |
15 9 13172125293337 414549 159 13172125203337414549 15 913172125293337 414549 15 913172125293337414549
Dementia: eiMSE, O1 Dementia: ¢iMSE, 02 HC: ¢iMSE, O1 HC: ¢iMSE, 02
1 1 1 1
12 12 12 12
13 1 13 13
o1 14 I=IRE} 14
g 15 15 g 1S 15
16 16 L6 | L6 |
17 17 17 17
18 18 18 18
15 9 13172125293337 414549 159 13172125203337414549 15 913172125203337414549 159 13172125293337414549
Scale Scale
C P values of Dementia vs HC: eiMSE
IMFI - . Y : o &8 & . o~
! ®'s @ @& ‘o W U 4
IMEL2 G S T i i o - i - = .
] ( & (57 ' X] 0001
L L ) Q@ @
S -
LS ) QA o (
-
- N 0005
A 00000000000 .
@B @B, 0000000000
005
@ @0 0000000000
@00 T 0000000000
@O T 0000000000 -
Scale=] 3 5 7 9 12 15 182 4 32 450 1
d T map of Dementia vs HC: eiMSE
IMF1 3 : - : - i - 6
) )
QP PV ODOBDODOOOS
M2 R D D DO 3 ; 2 3
» [0 <] [ [ »
PP PCCOPOGOPIOCOCOES |
»
@S0 00000000000
= 2
C00000000000
OO
s o
5 @
S 0000000000
@O @ 0000000000 -
nw @ @@ P0000000000
4
" @00 "P0000000000
Seale=1 3 5 7 9 12 15 18 2 u 2 32 40 50 6
(] Receiver Operating C (ROC curve)

True Positive Rate(Sensitivity)

+ =+ micro-average ROC curve (area = 0.90)
«++ macro-average ROC curve (area = 0.67)
ROC curve of class-1-Dementia (area = 0.87)
ROC curve of class-2-HC (area = 0.87)

Human Brain (2025) 4(1)

04 06 08
False Positive Rate(1 - Specificity)

10

s
3

https://doi.org/10.37819/hb.1.2068

02 03 0
Importance (SHAP values)




Research Article
4.3. eiMSE

Usually, eiMSE is more powerful than eHolo and
eiPDF for data classification. Figs 3a, b give the
group averages of eiMSE for dementia and HC at Fp1,
Fp2, O1, and O2. In this study, eiMSE is computed
for scales from 1 to 50, with the MSE parameters m =
2 and r = 0.2, and for partial sums comprising IMFs
1 through n with all n < 8. This is because we con-
sider the 8th IMF’s residue (activity < 0.5 Hz) as the
definitive trend of the current investigation. In Figs.
3a and b, the traditional sample entropy is given by
the single value at the lower left corner on scale 1 and
the partial sum of IMFs 1:8. The conventional MSE
result is given at the margin along the partial sum of
IMFs 1:8 with all the scales. The scale information is
expanded in eiMSE with the help of EEMD, realizing
a systematic detrending process for computing MSE.
The transition for the small scales, approximately from
3 to 8, occurs at partial sums of IMFs 1:3 and 1:4 (cor-
responding to the traditional 8 and a bands). An ener-
getic component with the scales from 5 to 8 came in
the partial sum of IMFs 1:5 and dominated thereafter.
The difference of the 19-channel complexity top-
ographic map is given in Figs. 3(c, d) for P-values
and true magnitude differences. The most statisti-
cally significant differences are found around IMF 3
and 4, indicating that the dementia patients suffer a
deficiency of entropy at short scales but a surplus of
entropy at longer scales, as shown in Fig. 3d.

Receiver Operating Characteristic (ROC curve)
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Finally, Fig. 3e gives the ROC (Receiver
Operating Characteristic) curve and the AUC score
based on micro- and macro-average methods; the
values are all at and above 0.87. Thus, we can use
eiMSE to sort out healthy and dementia patients
clinically with excellent results. In case clinicians
are interested in the location of biomarkers associ-
ated with cortical zones to explain the etiology from
this machine learning model, the SHAP information
is given in Fig. 3f, in which the eiMSE of the par-
tial sum of IMFs 1:3 and scale 21 in the TR region
demonstrates the highest importance (i.e., the high-
est SHAP value) in classifying dementia and HC.

4.4, Full Combination

Having examined each method separately, we can
also combine all the methods and give the best result
from all the methods. The ROC curve and the AUC
score based on micro- and macro-average methods
are given in Fig. 4a. The values are all at and above
0.88, similar to but higher than the results from only
eHolo or eiMSE. For clinicians interested in the lo-
cation of biomarkers associated with cortical zones
to point out the etiology from this machine learning
model, the SHAP information is given in Fig. 4b, in
which TR FM 8-16 Hz and AM 2-4 Hz, TL FM 16—
32 Hz and AM 1/4-1/2 Hz in HHSA, and PO IMF
1:1 and Z = 2 in iPDF show the top three importance
in classifying dementia and HC.

b
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Figure 4. Full combination results for classifying dementia patients and healthy controls. (a) A scheme
for classifying dementia and HC by combining eHolo, eiPDF, and eiMSE features. Four types of ROC curves
are shown: 1) Micro-average ROC curve (AUC score: .92); 2) Macro-average ROC curve (AUC score: .91); 3)
ROC curve of class-1-Dementia (AUC score: .91); and 4) ROC curve of class-2-HC (AUC score: .91). (b) The
SHAP information for the data classification through combining features from the three methods. Conventions

are the same as in Figure 1.
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4.5. Sensitivity and Specificity

Finally, a bar chart (Fig. 5) provides a summary of
the performances of each method and their combi-
nation for comparison. The eiPDF gives the low-
est performance score in every performance index.
In general, the combination of all methods out-
performs the individual ones, as expected. Based
on the AUC scores, all methods could be demon-
strated as excellent (eHolo: 0.89; eiPDF: 0.82;
eiMSE: 0.87; full: 0.91) in classifying healthy
control and dementia. However, these methods
show a characteristic of low sensitivity (eHolo:
0.70; eiPDF: 0.57; eiMSE: 0.67; full: 0.70) and

Norden E. Huang et al.

high specificity (eHolo: 0.90; eiPDF: 0.87; eiMSE:
0.91; full: 0.92). According to an acceptable stand-
ard of clinical testing in which the sum of sensi-
tivity and specificity should be at least 1.5, eHolo
(1.6), eiMSE (1.58), and the full combination
(1.62) are considered useful, whereas eiPDF (1.44)
is not good enough. Nevertheless, considering the
computational cost, the direct connection to the
modulation, and the visible kurtosis as an indica-
tor, we deem the eiPDF worthy of being included.
Appendix 1 demonstrates the confusion matrix of
these scores given by the current application of
lightGBM to the proposed methods.

Figure 5. A summary of the performances of each method and their combination. Based
on the AUC scores, all methods could be demonstrated as excellent (eHolo: 0.89; eiPDF: 0.82;
eiMSE: 0.87; full: 0.91) in classifying healthy control and dementia. However, these methods
show a characteristic of low sensitivity (eHolo: 0.70; eiPDF: 0.57; eiMSE: 0.67; full: 0.70) and
high specificity (eHolo: 0.90; eiPDF: 0.87; eiMSE: 0.91; full: 0.92). According to an acceptable
standard of clinical testing in which the sum of sensitivity and specificity should be at least 1.5,
eHolo (0.70 + 0.90 = 1.6), eiMSE (0.67 + 0.91 = 1.58), and the full combination (0.70 + 0.92 =
1.62) are considered useful, whereas eiPDF (0.57 + 0.87 = 1.44) is not good enough.
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4.6. The Z-Score

Inspired by the bone density measurement, we de-
cided to introduce an overall Z-score, which would
be convenient for the patients as well as the health
care providers. To calculate the Z-score, we use a
reference group (N = 964) that is consistent with the
world standard population [60] in the proportions

12 | Human Brain (2025) 4(1)
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of HC (80%; N, = 772), mild cognitive impairment
(MCI; 15%; N, = 144), and dementia (5%; N,= 48).
We employ the best feature according to the SHAP
scores in each of the nonlinear eHolo, eiPDF, and
eiMSE methods, as shown in Figs. 1f, 2f, and 3f, to
test their effectiveness in screening MCI and demen-
tia in the reference group. Based on each feature, the
Z-score of each subject in the reference group, as
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well as the corresponding degree of dementia (HC =
0; MCI = 1; and Dementia = 2) of each subject, are
shown in Fig. 6a. Fig. 6b shows the distributions of
the values of the best feature in eHolo, eiPDF, and
eiMSE for the subgroups HC, MCI, and Dementia,
as well as for the entire reference group. They appear
to be distinct from each other. Finally, Fig. 6¢ gives

A Fast Screen System for Dementia Based on EEG Signals

the corresponding relationship between Z-score and
the degree of dementia for the best feature in eHolo,
eiPDF, and eiMSE, showing their Spearman’s rank
correlation coefficients as —.46, —.26, and .45, re-
spectively, with Ps < .001 (Bonferroni corrected for
the three analyses). Therefore, we are confident that
the current method is useful clinically.

Figure 6. The Z-score for HC, MCI, and Dementia in a reference group. (a) The Z-score of each subject in
the reference group based on the best feature of each of the eHolo, eiPDF, and eiMSE methods (black line). Each
red line indicates the corresponding degree of dementia (HC = 0; MCI = 1; and Dementia = 2) of these subjects
in the reference group. (b) The distributions of the values of the best feature in eHolo, eiPDF, and eiMSE for the
subgroups HC, MCI, and Dementia, as well as for the entire reference group. (c) The correlation between Z-score
and the degree of dementia for the best feature in eHolo (RHO = -.46; P <.001), eiPDF (RHO = -.26; P <.001),
and eiMSE (RHO = .45; P <.001), corrected by Bonferroni method.
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5. DISCUSSION AND CONCLUSION

Based on our analysis, we demonstrate that the non-
linear eHolo, eiPDF, and eiMSE methods are clini-
cally viable for a fast screening of dementia patients,
individually or in combination. The administration
of these methods is non-invasive, fast, and easy. Fif-
teen minutes of EEG data acquisition and 10 minutes
for off-line analysis would be sufficient for obtaining
personalized Z-scores related to classification mark-
ers identified by the abovementioned methods. Given
that dementia has many different etiologies [7], de-
tecting it must be treated as a first step. A detailed
differential diagnosis will have to be followed. The
ways to further differentiate the different etiologies

https://doi.org/10.37819/hb.1.2068

using EEG data and nonlinear analysis methods are
underway. The preliminary results are encouraging
and will be reported separately later.

The differences in eHolo between dementia and HC
are closely related to the phenomenon of “EEG slow-
ing”, which could potentially be seen in other condi-
tions such as metabolic encephalopathy [e.g., 62].
Therefore, those conditions that share the EEG slow-
ing characteristics may display eHolo patterns similar
to dementia. However, since the results of eiPDF and
eiMSE are scale-dependent, dementia and other “EEG-
slowing” conditions may show different patterns of
eiPDF or eiMSE in some scales. Further investigations
about whether eHolo, eiPDF, and eiMSE can differen-
tiate dementia from other conditions are needed.
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According to the AUC scores, all methods are ex-
cellent in classifying healthy controls and dementia.
However, our methods in general showed a charac-
teristic of low sensitivity and high specificity. This
may be caused by that our data covered a wide range
of sources with various EEG montages, amplifiers,
and experimental environments. Although trying to
limit data sources to a certain montage or amplifier
may further improve the performance, the recruit-
ment of a wider range of data sources could be closer
to the practical scenario in EEG application.

There are many advantages to using this objective
and quantitative method as a screening tool. First,
a routine use of this method could provide us with
an objective longitudinal standard record for clinic
and research purposes. The lack of an objective re-
cord has prevented us from being able to forecast
the progression of dementia in patients. Second,
this fast and quantitative method could help us to
fulfill the WHO and the Chinese government’s call
to screen the elderly population without great trou-
ble. Third, this new method, which focuses on brain
function, aims to improve or take the place of the
current tests that rely on people’s behavior, like the
Mini-Mental State Examination (MMSE) and the
Montreal Cognitive Assessment (MoCA), which
have been shown to be unreliable according to Xiao
et al. and Arevalo-Rodriguez et al. [2, 61]. Here, we
present an alternative that solely necessitates a ba-
sic EEG device, making it portable, affordable, and
potentially universally accessible. Following the
EEG recording, the fast-screening analysis could be
done with a device similar to a sophisticated com-
puter. Thereafter, if the screening result shows that
the participant might suffer from dementia, teleme-
tric service could be arranged with real-time results
available to the patients and clinicians.

The limitations here are that we have lumped
all dementia subtypes together. This is a first step
and out of necessity due to the paucity of EEG data
collected with other diagnosis methods. Further dif-
ferential diagnoses are needed and are under devel-
opment. Most importantly, those patients suffering
from Alzheimer’s disease need to be further iden-
tified as early as possible. As 60-80% of dementia
would eventually develop into or be a comorbidity
for Alzheimer’s, this method could be used as a
screening for AD too. We will study those cases as
data becomes available. Secondly, given the limited
sample size, we should refine the Z-score based on
age and sex as the sample size grows. Finally, we
demonstrate the current screening method using

14 | Human Brain (2025) 4(1)

Norden E. Huang et al.

retrospective data. Although the results are respect-
able, we should consider organizing and initiating
large-scale clinical trials to validate the method so
that we can fulfill the WHO and Chinese govern-
ment calls to screen dementia cases fast and inex-
pensively by 2030.
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Appendix 1: Summary of the confusion metrix scores based on light GBM.

eHolo | eiPDF | eiMSE Full
Accuracy 0.83 0.76 0.83 0.84
Precision 0.80 0.71 0.80 0.83
Sensitivity 0.70 0.57 0.67 0.70
Specificity 0.90 0.87 0.91 0.92
F1-Score 0.74 0.63 0.73 0.76
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