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network topology features

Tomasz M. Rutkowski*#**, Masato S. Abe'*,
Tomasz Komendzinski*, Hikaru Sugimoto!?, Stanislaw Narebski*
and Mihoko Otake-Matsuura'*

IRIKEN Center for Advanced Intelligence Project, Tokyo, Japan, 2The University of Tokyo, Tokyo, Japan,
*Nicolaus Copernicus University, Torun, Poland, *Doshisha University, Kyoto, Japan

Introduction: Modern neurotechnology research employing state-of-the-art
machine learning algorithms within the so-called “Al for social good” domain
contributes to improving the well-being of individuals with a disability. Using digital
health technologies, home-based self-diagnostics, or cognitive decline managing
approaches with neuro-biomarker feedback may be helpful for older adults to
remain independent and improve their wellbeing. We report research results
on early-onset dementia neuro-biomarkers to scrutinize cognitive-behavioral
intervention management and digital non-pharmacological therapies.

Methods: We present an empirical task in the EEG-based passive brain-computer
interface application framework to assess working memory decline for forecasting
a mild cognitive impairment. The EEG responses are analyzed in a framework of a
network neuroscience technique applied to EEG time series for evaluation and to
confirm the initial hypothesis of possible ML application modeling mild cognitive
impairment prediction.

Results: We report findings from a pilot study group in Poland for a cognitive
decline prediction. We utilize two emotional working memory tasks by analyzing
EEG responses to facial emotions reproduced in short videos. A reminiscent
interiorimage oddball task is also employed to validate the proposed methodology
further.

Discussion: The proposed three experimental tasks in the current pilot study
showcase the critical utilization of artificial intelligence for early-onset dementia
prognosis in older adults.

KEYWORDS

EEG, dementia, biomarker, mild cognitive impairment, machine learning, artificial
intelligence, prevention, network neuroscience

1. Introduction

Late-age cognitive decline, beginning with mild cognitive impairment (MCI) and
often leading to dementia, caused mainly by Alzheimer’s syndrome (AS) (Herrup, 2021)
or vascular dementia spectrum of neurodegenerative diseases, is an actual healthcare
emergency exemplified by evolved mental impairment in older adults with a span of
psychological or behavioral symptoms (Livingston et al., 2020). Until now, there is no viable
non-invasive biomarker helping to predict a possible early onset of MCI or even dementia,
nor a pharmacological intervention stopping the disease progress, and only a postmortem
autopsy is the conclusive determination (Herrup, 2021). Still, modern late-age dementia
decline diagnostics comprises paper and pencil examinations such as a Montreal Cognitive
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Assessment (MoCA) (Fujiwara et al., 2010). MoCA scores 25 and
below (MoCA< 25) define MCI onset. There are several trials
to develop an objective examination brain monitoring techniques
focusing on non-invasive EEG (Rutkowski et al., 2020b, 2021a,b,
2022a,b) concurrently with behavioral evaluations (Rutkowski
etal., 2020a). Such timely research for a neurodegenerative decline,
particularly MCI, prediction is an essential scientific topic but still
in the emerging research stages (WHO, 2019; Myszczynska et al.,
2020; Shi et al., 2022).

Aging-societies-related dementia case increases represent
a substantial and rapidly rising load on the healthcare
ecosystem (WHO, 2019; Livingston et al.,, 2020). Contemporary
societies expect the feasible attention of Al research to focus on
possible diagnostics and non-pharmacological-therapeutic (NPT)
approaches (Zucchella et al., 2018) in order to aid the wellbeing of
aging communities. Our present report illustrates an application
of a wearable headset Unicorn EEG by g.tec medical engineering
GmbH, Austria. We focus our research on retail wearable headsets
to capture EEG shortly in home-based environments, considering
substantial environmental electromagnetic noise and no clinical
experimental experience of the target older adult users. The
wearable EEG headbands have already been proven satisfactory in
academic research (Barachant et al., 2019; Rutkowski et al., 2022b).

Contemporary neurotechnology applications such as brain-
computer interfaces (BCI) and efficient machine learning (ML)
algorithms improve the daily lives of individuals with limited
mobility or communication skills (Guger et al, 2015). An
extension of the neurotechnology applications to a field of
neuro-biomarkers of age-related cognitive decline and early onset
dementia opens new opportunities to monitor cognitive-behavioral
interventions (Otake-Matsuura et al., 2021) and digital non-
pharmacological therapies (NPT; Sikkes et al., 2020). We discuss a
unique experimental task in an EEG-based passive BCI application
framework to evaluate working memory, which estimates MCI
prediction. We report findings from two older adult volunteer
groups in Poland of the proposed cognitive decline prediction
task by analyzing EEG responses to short facial emotion-displaying
videos. The EEG responses are analyzed in a framework of
network neuroscience using an ordinal partition network (OPN)
approach (Varley et al., 2021; Varley and Sporns, 2022).

A positive result of increased lifespan globally is associated
with
decline (Livingston et al., 2020). Fortunately, a possible application

chronic late-age-related illnesses such as cognitive
of digital health technologies, home-based self-management, and
the development of novel screening tests for assessing cognitive
dysfunction in older adults might help minimize the negative
impact of healthcare systems (WHO, 2019). An introduction of
home-based self-assessment and self-management approaches for
older adults with cognitive dysfunction is of critical importance.
Our research project aims to develop simple EEG wearable-based
neurotechnology for easy self-evaluation and possible cognitive or
lifestyle intervention monitoring.

Behavioral studies have shown that recognizing facial
expressions may be impaired in patients with AS. There is already
literature reporting studies on electrophysiological indicators of
face recognition disorders in patients with AS (Giintekin et al.,
2019), which provides the basis for future research to elucidate
the behavioral and neural basis of facial emotional processing in

AS (Fide et al., 2019). These non-linear methods, especially the

Frontiersin Human Neuroscience

10.3389/fnhum.2023.1155194

calculation of permutation entropy values, offer opportunities
for discrimination leading to the identification of AS. MCI and
AS result in less variability and complexity in brain dynamics.
Moreover, these advanced analysis methods can already apply
to existing EEG data for future research. Thus, reducing EEG
complexity could be considered a marker for detecting AS. The
development of such a classification will give a chance to use this
classification as a clinical tool (Seker et al., 2021). The studies cited
above may be the basis for research on emotional processing in
patients with various types of dementia. The goal here will be to
discover electrophysiological indices helpful in clinical practice as
correlates of emerging behavioral problems.

Lately, there has been a flurry of research inspiration in
modeling the brain as a network, with nodes indicating brain
regions or single neurons and edges resembling structural or
statistical dependencies (Bullmore and Sporns, 2009). Morabito
et al. (2015) suggested a complex network technique integrated
with time dynamics to perform a time-space investigation to
illustrate the progression of AS in longitudinal studies. However,
a recently rising discipline of network neuroscience focusing on
the so-called network analysis of time series (Varley et al., 2021;
Varley and Sporns, 2022) has permitted researchers to leverage
the substantial force of graph theory and network science to
analyze neural manifolds for temporal brain microstate number
elucidation. Varley and Sporns (2022) in a recent review on network
analysis of brainwave time series such as ECoG, LFP, or EEG,
have shown that a complementary branch of network neuroscience,
which focuses on an analysis of temporal data structures instead
of functional or structural connectivity networks, could be a novel
tool in computational neuroscience. Such a novel approach to
network analysis of time series allows for collapsing at a given
instant signal into a single state vector with edges corresponding
to movement via state space. The edges could be directed or
undirected, weighted, or not.

We propose three unique experimental tasks allowing for
EEG recordings that consider the evaluation of working/short-
term during facial emotion assessment learning, evaluation, and
reminiscent interior oddball tasks. We next apply network analysis
of EEG time series to elucidate differences between healthy aging
cognition and MCI in older adult participants. We acknowledge the
limitation of the current study concerning a restricted number of
older adult participants in the reported pilot study. The presented
encouraging results in the leave-one-out-subject cross-validation
setting shall possibly be soon reproduced with a larger older adult
participants cohort. The motivation and details of the proposed
experimental procedure are explained in subsequent sections.
We also develop novel EEG processing and machine learning
classification procedures, which we describe in methods focusing
sections. The results presentation and future application discussion
conclude the paper.

1.1. Working/short-term memory in
healthy and MCIl-concerned older adults

Among late and middle-aged adults, self-reported short-term
memory problems often signify intermediate and long-term risk

factors of vascular and all-cause dementia (Mollers et al., 2022).
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Working-memory impairments often occur in MCI patients and a
further decline in dementia-diagnosed individuals, indicating that
working memory evaluation is a good candidate for assessment
as part of neuropsychological diagnostics of age-related cognitive
decline possibly leading to dementia (Kessels et al., 2011).

As mentioned earlier, the reports indicate impaired working
memory in age-related cognitive decline with a gradient between
MCI and dementia (Gagnon and Belleville, 2011) are feasible
candidates for behavioral and neurotechnological experimental
tasks leading to digital neuro-biomarker development. We propose
including working memory learning of a new skill in the proposed
emotion assessment learning and evaluation task as introduced in
Sections 2.1.1 and 2.1.2.

1.2. Reminiscent image interventions for
the older adults

Reminiscence is a non-pharmacological intervention technique
employed to manage the behavioral and psychological symptoms
of dementia (Khait et al., 2021). Park et al. (2019) reported
depression symptom reduction and increased quality of life in older
adults after applying reminiscence intervention. A reminiscence
is an act of recalling one’s past experiences and affairs. Personal
memories define one’s identity by connecting past events with
the future (Buzsaki et al.,, 2022). Reminiscence intervention or
stimulation is an interaction that involves communicating past life
events utilizing tangible audiovisual aids such as photos, music, or
videos (Thomas and Sezgin, 2021). In the current study, we employ
a previously developed by our research group (Rutkowski et al.,
2021a, 2022b) reminiscent interior photography/images oddball
task to assess the working memory of older adult subjects and
subsequent development of EEG neuro-biomarker as explained in
Section 2.1.3.

1.3. Facial emotion recognition and
visuospatial learning in healthy and
MCI-concerned older adults

Facial emotion recognition and emotional intelligence improve
with age (Gutchess, 2019). Blessing et al. (2010) reported that
even in subjects with severely impaired explicit memory, implicit
learning of affective responses (e.g., valence and arousal ratings) is
still possible in patients with dementia. The above report suggests
that a facial emotion assessment task is feasible for evaluating
short-term memory learning skills of affective responses in MCI-
declining and dementia-diagnosed older adult individuals since
emotion recognition is a stable trait even in dementia, but the short-
term memory declines (Gutchess, 2019). Therefore we propose
to include facial emotion evaluation assessment learning and
testing tasks to utilize implicit learning and short-term memory
characteristics in healthy cognitive aging vs. MCI participants (see
Sections 2.1.1 and 2.1.2 for details).

Alescio-Lautier et al. (2007) reported that visual recognition
memory and specific attentional mechanisms are impaired in
early dementia of AS type. The authors concluded that a
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combination of attentional and visuospatial evaluation should be
a viable direction for discovering predictive neuro-biomarkers
distinguishing MCI individuals from those converting to dementia.
A report by Seo et al. (2018) further suggested that including
visuospatial reproduction and working memory would also
facilitate early detection of MCI. The two above studies inspired
our research team to include a visuospatial task in the experimental
task, a skill-learning task to evaluate facial emotions with an
emoji-grid first proposed by Toet et al. (2018), as explained in
Sections 2.1.1 and 2.1.2.

2. Methods

EEG experimental data collection with the older adult
volunteering participants was accomplished at the Nicolaus
Copernicus University in Torun, Poland, in the summer of
2022. The Institute of Psychology UNC Ethical Committee for
Experiments with Human Subjects has endorsed the investigation.
The experimental procedure and information collection adhered
to The Declaration of Helsinki, regulating ethical principles for
research concerning human subjects, including the investigation
of identifiable human material and data. In the study, 27 older
adult participants took part with a mean age of 70.76 % 5.34 years
old (for detailed age distribution, see Supplementary Figure 1),
single male and remaining female participants. In the initial group
of 27 participants, 18 older adults were MCI and the remaining
nine of healthy cognitive aging (see Supplementary Figures 2-4
for detailed MoCA score distribution in each experimental task).
All participants volunteered for the study and signed informed
consent forms.

2.1. Stimulus presentation

Taking into account previous research findings related to
working memory, facial emotion recognition, visuospatial learning,
and reminiscence, as summarized in Sections 1.1-1.3 we create
three simple cognitive tasks for the older adult subjects.

2.1.1. Emotion evaluation learning task

The stimulus presentation protocol is the same as in the
previously published by our research group employing Japanese
participants (Rutkowski et al., 2020a, 2021b). This time, each Polish
older adult sitting in front of a display presenting short facial
emotion videos from a Mind Reading database (Baron-Cohen,
2004) is instructed to also observe a two-dimensional grid of
valence and arousal (Toet et al., 2018; Rutkowski et al., 2020a,
2021b) and later, after the end of each video, to input similar score
on the same design grid on a touchpad. This task involves facial
emotion assessment evaluation learning and visuospatial memory
elements. In the reported project, we record continuous EEG with
triggers marking all stimulus presentation and participant response
stages from 27 older adults. We present 24 videos (5 s each on
average), from the Mind Reading database (Baron-Cohen, 2004),
for each participant covering valence and arousal for positive and
negative scores (six in each quadrant of a two-dimensional grid;
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Toet et al.,, 2018). An experimental session consists of 24 emotional
video clip presentations resulting in 24 responses contributed by
each subject (212 from healthy and 432 from MCI participants in
total after rejecting responses with missing markers due to stimulus
system or network errors, as explained with #peqny and nycr
variables in the top panels of Figures 1, 2).

2.1.2. Emotion evaluation assessment task

In the subsequent task, we instruct the participants to test
how they learned to evaluate the short facial emotion display
videos. This time they are instructed to input their valence and
arousal evaluation on the same touchpad grid without a preceding
suggestion prompt (Toet et al, 2018; Rutkowski et al.,, 2020a,
2021b). In this case, we also record continuous EEG with triggers
marking all stimulus presentation and participant response stages
from 24 older adults in the reported project. Similarly, as we
have done in an emotion assessment evaluation learning task,
we also present 24 videos (5 s each on average), from the
Mind Reading database (Baron-Cohen, 2004), for each participant
covering valence and arousal for positive and negative scores
(six in each quadrant of a two-dimensional grid; Toet et al,
2018). An experimental session consists of 24 emotional video clip
presentations resulting in 24 responses contributed by each subject
(191 from healthy and 367 from MCI participants in total after
rejecting responses with missing markers due to stimulus system
or network errors, as explained with #j,41,, and npcr variables in
the middle panels of Figures 1, 2).

2.1.3. Reminiscent interior images oddball task

In order to evaluate working memory in older adults, for
dementia neuro-biomarker development purposes, we modify a
standard oddball task to include childhood reminiscent interior
images (Rutkowski et al., 2022b). Each short experimental trial
presents eight types of modern and participants’ childhood-
time interior photographs. As in the classical oddball task, each
stimulus from the series of eight became a target once, and
participants are instructed to remember it before each trial.
Here too, we record continuous EEG with triggers marking all
experimental stages from 23 older adults in the reported project.
Each participant session contains a presentation of eight oddball
sessions containing eight randomly ordered interior images (four
reminiscent and four modern rooms). An experimental session
consists of 8 oddball sessions consisting of a single interior image
(a target) presentation followed by eight presentations with a
randomly positioned target photograph, thus, resulting in 72
responses contributed by each subject (503 from healthy and
1, 141 from MCI participants in total after rejecting responses with
missing markers due to stimulus system or network errors, as
explained with 741, and npcr variables in the bottom panels of
Figures 1, 2).

2.2. EEG capture

We collect EEG data in the current study using a Unicorn
EEG headset by g.tec Medical Engineering, Austria. The Unicorn
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EEG headset has already been proven a reliable experimental
device, compared to other available wearables, in our previously
published studies (Rutkowski et al, 2022c). For the initial
investigation, we use eight EEG channels uniformly covering
the human scalp at the standard locations of (Fz, C3, Cz,
C4, Pz, PO7, Cz, and PO8). The eight EEG streams initially
digitized with a sampling frequency of 250 Hz are bandpass
filtered in the first preprocessing step to remove signal baseline
shifts and high-frequency noise within a frequency band of
1-40 Hz. We next segment (“epoch”) the EEG signals using
video and image stimulus onset recorded triggers in emotion
assessment and reminiscent interior tasks for five- and two-second
epochs, respectively. We implement the filtering and segmentation
procedures using the MNE package ver. 1.3.0 (Gramfort et al,
2014) in Python ver. 3.10.9. In the next step, to remove eye-
blink and muscle movement-related artifacts in the collected EEGs,
we employ a previously developed methodology by the members
of the current research team (Rutkowski et al., 2008; Rutkowski
and Mori, 2015). EEG channels are decomposed into intrinsic
mode functions (IMF) using an empirical mode decomposition
(EMD) method, and all the components that exceed the 100 uV
threshold we reject before the final signal reconstruction from
sub-threshold IMFs. We implement the above EEG cleaning
procedures in PyEMD ver.1.4.0 (Laszuk, 2017). We next rectify
the resulting filtered EEG traces to extract amplitude envelope
traces using a Hilbert transform (SciPy ver. 1.10.0; Virtanen
et al., 2020 implementation) and pass them to the network
neuroscience application to time series, as explained in the
next section.

2.3. Network science approach to EEG
time-series

Permutation sequences in a time series are sensitive
characteristics of the dynamic state of an observed system (Bandt
and Pompe, 2002). They can be efficiently computed even for
long time-series EEG. One crucial advantage of the permutation
analysis approach is the possibility of mapping a continuous EEG
recording to a little cluster of discrete permutations. Subsequently,
it is possible to apply principled information-theoretic approaches,
such as permutation entropy (Bandt and Pompe, 2002).

Varley et al. (2021) proposed an exploration of temporal
dynamics of an observed system to derive ordinal partition
network (OPN) representations of recorded neuropsychological
data (EEG in our case). We also apply a similar procedure,
and to avoid problems with multivariate OPNs, we analyze
each EEG channel separately, and afterward, we combine the
obtained network characteristics as input to final classifiers. Such
a methodology allows for limitations of possible remaining
EEG

and each electrode cortical-region-related network features

artifacts  (eye-blinks, etc.) impact on the analysis,

separate examination with limitations related to the spatial
EEG resolution.

To create an OPN model characterizing EEG time series from
a single channel ¢, we assemble a vector X, = Xx¢1,Xc2, - > Xens

for limited time points t = 1,...,n in a single experimental
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FIGURE 1

Boxplots with marked median, quartile ranges, and whiskers extending to show the rest of the distributions (all non-normal) of the network signal
analysis resulting in node and edge counts for MCI vs. healthy aging cognition subjects for all EEG electrodes analyzed separately (Unicorn EEG
headset with eight Fz, C3, Cz, C4, Pz, PO7, Oz, and PO8 scalp locations). (A, B) represent results from emotion assessment learning, (C, D) from
emotion assessment evaluation, and (E, F) reminiscent interior images oddball tasks, respectively. Wilcoxon rank-sum test for significantly differing
distributions resulting p,-values together with the common language effect size (CLES) (McGraw and Wong, 1992) and area under the ROC curve
(AUC) (Hanley and McNeil, 1982) scores are summarized for each electrode over each panel, respectively.
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Unsupervised clustering (a machine learning training without class labels) scatter plots using UMAP in three experimental tasks and original data
without any data augmentation, thus with unbalanced classes as shown with npeaitny Vs. Nuc) feature numbers above each scatterplot. (A) Emotion
assessment learning. (B) Emotion assessment evaluation. (C) Reminiscent interior oddball.
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trial to be analyzed next. The so obtained data vector is next
embedded in d—dimensional space, utilizing t time-lag. We
select T using the first zero crossing of the autocorrelation for
each EEG channel time series representing an experimental trial.
We limit a search for optimal 7 in a range of 0-80 ms for
computational and research reproducibility reasons. For the same
reasons, we also specify the embedding dimension to d = 5
(similarly as in examples published by Varley et al., 2021), for
results visualization purposes as shown in Figures 1, 2, as well as
in the final supervised learning classification results reported in
Figure 3. The resulting temporally ordered d-length vectors v.; =
[xc,i) Xeit+1> - -
7 to sort, in increasing order, their coefficients. The positions of

.,xc,pr(d,l)r] are next mapped to the permutation

the coefficients are next replaced in ordering 7, and the resulting
T (%¢i(d—1)7)] represents
a permutation of the numbers 1,2,...,d. These permutations we

new vector n.; = [7(xci), T(Xcite), - -

consider as nodes in a directed network graph. The nodes we
connect with directed edges and create from consecutive points.
The so-created transition network results with fewer nodes than
the initially analyzed EEG channel time series since there might
be many i for which the delay vectors v; result in the same
permutation 7. The final OPN receives weights to each node
representing a count of time points i representing the same
permutation. At our project’s current stage, we characterize each
EEG channel ¢ with a number of nodes and edges modeling
each experimental trial (the so-called EEG epoch). The open-
source package OPyN (Varley et al., 2021) has been used in our
project to compute network neuroscience applications to EEG
time series.

2.4. Unsupervised machine learning for
network features visualization and
dimensionality reduction

Unsupervised machine learning methods allowing for a
datasets dimensionality reduction and visualization such as a
uniform manifold approximation and projection (UMAP; McInnes
et al., 2018) assume the available features (in the current project
case, those are network node and edge counts from analyzed
EEG electrode time-series separately as explained in Section 2.3;
thus the final inputs to unsupervised model contain eight-
node and edge counts obtained from each EEG responses and
concatenated together, resulting in 16-dimensional feature vectors)
are uniformly distributed across a topological manifold. The
manifold could be approximated from these finite network features
and projected to a lower-dimensional space. In the presented
study, we apply the UMAP technique first in unsupervised
learning mode to visualize EEG-derived network neuroscience
features (Varley et al., 2021; Varley and Sporns, 2022) separability
with results presented in Section 3.2. Next, a supervised learning
mode of UMAP (Mclnnes et al., 2018) is applied for the network
neuroscience features’ dimensionality reduction in a leave-one-
out-subject cross-validation classification to prove further the
proposed methodology validation for future healthy cognitive
aging vs. MCI early diagnostics with results discussed in
Section 3.2.
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2.5. Supervised machine learning models
for leave-one-out-subject cross-validation
of healthy aging vs. MCI EEG classification

In order to finally evaluate the usability of the proposed
network neuroscience application to EEG time series for the
early onset dementia (MCI with MoCA < 25) elucidation, we
employ several machine learning models in the leave-one-out-
subject cross-validation (LOOS) setting. Similarly, as in the case
of the unsupervised model discussed in Section 2.4 here, initial
supervised machine learning input features are likewise composed
of the network node and edge counts concatenated for all analyzed
EEG electrode time-series separately as explained in Section 2.3
creating 16-dimensional integer-value-features, which are next
reduced to eight dimensions using a supervised version of UMAP
methodology explained in Section 2.4. The LOOS approach allows
for keeping in each cross-validation step all data of a single subject
and training a model using all the remaining subjects; thus, the
procedure could be repeated for all the available subjects and
final accuracies are concatenated and averaged, with a standard
deviation calculation as discussed in Section 3.3.

In the reported study, we first applied UMAP supervised
dimensionality reduction (McInnes et al., 2018) and next the
following machine learning models (see Table 1 for details),
available in the scikit-learn ver. 1.2.0 (Pedregosa et al., 2011)
for classification: logistic regression (LR), linear discriminant
analysis (LDA), linear kernel support vector machine (linearSVM),
random forest classifier (RFC), deep fully connected neural
network (DFNN).

3. Results

The results of the present study could be summarized three-
fold. Firstly, we have shown that the network neuroscience
approach to EEG time series resulted in statistically significantly
differing node and edge counts. Secondly, applying the
unsupervised machine learning clustering UMAP technique
visualized a clear separation of network neuroscience application
to EEG time series features from healthy cognitive aging and MCI
participants in three simple cognitive experimental tasks. Finally,
the leave-one-out-subject cross-validation evaluation of supervised
machine learning classifiers resulted in mean classification

outcomes that were significantly above chance levels.

3.1. Network neuroscience node and edge
distribution results

Results of EEG time-series analysis with the OPN technique
described in Section 2.3 were summarized in the form of
the network node and edge count distributions as shown in
Figure 1. For all introduced in this paper, experimental cognitive
tasks of facial emotion assessment learning (Section 2.1.1) and
evaluation (Section 2.1.2), as well as reminiscent interior images
(Section 2.1.3), healthy cognitive aging participants resulted in

significantly higher results comparing to MCI cases as evaluated in
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A Mean LOOS crossvalidation classification accuracies of MCI (MoCA < 25) vs. healthy cognition
with 95% confidence intervals (class balancing: none; emotion assesment learning paradigm)

LR: AUC=0.83 | f1=0.85 | precision=0.85 | recall=0.85 | p(ACC>67%) < 5.8e-20

LDA: AUC=0.83 | f1=0.85 | precision=0.85 | recall=0.85 | p(ACC>67%) < 5.8e-20

linearSVM: AUC=0.83 | f1=0.85 | precision=0.85 | recall=0.86 | p(ACC>67%) < 5.9e-20

RFC: AUC=0.83 | f1=0.85 | precision=0.85 | recall=0.85 | p,(ACC>67%) < 5.8e-20

100 DFNN: AUC=0.82 | f1=0.85 | precision=0.85 | recall=0.85 | p{ACC>67%) < 5.8e-20

95
90

85
80
75
70
65

linearSVM DFNN

Accuracy [%]

Tested classification method
Emotion assessment learning

B Mean LOOS crossvalidation classification accuracies of MCI (MoCA = 25) vs. healthy cognition
with 95% confidence intervals (class balancing: none; emotion assesment evaluation paradigm)

LR: AUC=0.90 | f1=0.92 | precision=0.92 | recall=0.92 | p,(ACC>65%) < 1.1e-31

LDA: AUC=0.90 | f1=0.92 | precision=0.92 | recall=0.92 | p,(ACC>65%) < 1.8e-32

linearSVM: AUC=0.91 | f1=0.92 | precision=0.92 | recall=0.92 | p(ACC>65%) < 1.8e-32

RFC: AUC=0.91 | f1=0.92 | precision=0.92 | recall=0.92 | p(ACC>65%) < 1.8e-32

1 DFNN: AUC=0.90 | f1=0.92 | precision=0.92 | recall=0.92 | p,(ACC>65%) = 1.1e-31

95

90
85
80
75
70
65

linearSVM DFNN

Accuracy [%]

Tested classification method
Emotion assessment evaluation

c Mean LOOS crossvalidation classification accuracies of MCI (MoCA =< 25) vs. healthy cognition
with 95% confidence intervals (class balancing: none; reminiscent interiors paradigm)

LR: AUC=0.94 | f1=0.95 | precision=0.95 | recall=0.95 | p,(ACC>69%) < 5.8e-51

LDA: AUC=0.94 | f1=0.95 | precision=0.95 | recall=0.95 | p(ACC>69%) =< 6.2e-51

linearSVM: AUC=0.94 | f1=0.95 | precision=0.95 | recall=0.95 | p,(ACC>69%) =< 5.8e-51

RFC: AUC=0.94 | f1=0.95 | precision=0.95 | recall=0.95 | p(ACC>69%) < 5.8e-51

100 DFNN: AUC=0.94 | f1=0.95 | precision=0.95 | recall=0.95 | p,(ACC>69%) < 6.2e-51

95
90
85
80
75
70
65

linearSVM DFNN

Accuracy [%]

Tested classification method

Reminiscent interior oddball

FIGURE 3

Bar plots with 95% confidence intervals of mean accuracies in leave-one-subject-out (LOOS) cross-validation setting of MCl vs. healthy aging
cognition subjects using logistic regression (LR), a linear discriminant analysis (LDA), linear support vector machine (linearSVM), random forest (RFC),
and deep fully-connected neural network (DFNN) classifiers. AUC, f1-scores, precision, recall, and Wilcoxon rank-sum test for significance p,-values
(all non-normal distributions) of the accuracy distributions above training set chance levels (denoted in parentheses for all experimental settings
separately), which we listed above the bar plots, further supported good results of the proposed methodology. (A) Emotion assessment learning. (B)
Emotion assessment evaluation. (C) Reminiscent interior oddball.
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TABLE 1 Supervised machine learning models employed in the study for
binary classification of healthy aging cognition vs. early onset dementia
(MCI) (Pedregosa et al., 2011).

Machine learning (ML) Parameters

model name

LR—logistic regression Liblinear solver

LDA—linear discriminant analysis Solver using least-squares

linearSVM—linear support vector
machine

Squared hinge loss; [2—penalty

RFC—random forest classifier Maximum depth of 15

DFNN—deep fully connected neural
network

Six layers of 8, 256,245,128, 32,16
ReLU units (RU);

two softmax units; early stopping;
ADAM optimizer

non-parametric Wilcoxon rank-sum tests at p, < 0.01, except for
Pz electrode for which p, < 0.05 for nodes in emotion assessment
tasks. All results did not follow normal distributions (normality
tests failed with p, < 0.05 for all); thus, non-parametric statistical
significance outcomes we supported by reliable common-language-
effect-size (CLES) (McGraw and Wong, 1992) and area under
the ROC curve (AUC) (Hanley and McNeil, 1982) evaluations
indicated above all panels in Figure 1. The Pz electrode location
has been known for difficulties in clear EEG recording due to
larger hair volumes, especially in female subjects, who were a
majority in the reported experiments. Limiting the number of EEG
electrodes shall also contribute to a more comfortable experimental
setup for the older adult participants. The significantly higher
node and edge network counts refer to higher consciousness levels
as previously reported by Varley et al. (2021) in anesthetized vs.
awake animals. In the current study, the MCI subject EEG analysis
resulted in significantly lower node and edge numbers than the
healthy cognition participants, as shown in Figure 1. In previous
animal study (Varley et al., 2021), results reported in anesthesia-
modulated consciousness also resulted in lower network node and
edge counts of analyzed brainwaves in lower awareness. Therefore,
we hypothesize that the MCI group’s EEG in our study might
suggest lower stages of participant awareness than the healthy aging
cognition group. The results also illustrated a less predictable EEG
signal structure in healthy cognitive aging participants or more
flexible than in MCI cases.

3.2. Unsupervised UMAP clustering results

A subsequent application of unsupervised UMAP clustering
technique resulted in the majority of cases separation as
visualized in Figure 2 for all three experimental tasks described
in Sections 2.1.1-2.1.3. The very encouraging results on a still
limited participant group of 27 in emotion assessment learning
(Section 2.1.1), 24 emotion assessment evaluation (Section 2.1.2),
and 23 in the final reminiscent interior oddball (Section 2.1.3)
supported the project hypothesis of network neuroscience
methodology feasibility as a strong candidate for early onset
dementia neuro-biomarker development. In order to address the
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problem of imbalanced datasets (almost double of MCI cases
compared to healthy participants), we resembled results with data
augmentation steps using majority under- and minority class over-
sampling steps as implemented using a synthetic minority over-
sampling technique (SMOTE; Chawla et al., 2002; Lemaitre et al.,
2017). We summarized the still easily separable clustering results
in Supplementary Figures 5, 6. Future research steps shall confirm
the preliminary findings with a more extensive and preferably
multicultural research group focusing on dementia level regression
or multi-class or -cluster approaches.

3.3. Supervised leave-one-out-subject
cross-validation classification of MClI vs.
healthy aging cognition cases

The very encouraging results in the LOOS setting modeled a
future real-world neuro-biomarker application, in which a machine
learning model would be trained on a known, limited dataset
and next applied to an unknown brainwave dataset for diagnostic
purposes. The LOOS supervised machine learning accuracy results
applied to four shallow- and one deep-learning models, as
explained in Section 2.5, were summarized in Figure 3. Here again,
to address the problem of imbalanced datasets (almost double
of MCI cases compared to healthy participants), we resembled
results with data augmentation steps using majority under-
and minority class over-sampling steps as implemented using
a synthetic minority over-sampling technique (SMOTE; Chawla
et al., 2002; Lemaitre et al., 2017). The data augmentation-based
class balancing results did not vary significantly, as summarized
in Supplementary Figures 7, 8. For the case of the facial emotion
assessment learning (Section 2.1.1), mean accuracies were safely
above chance levels of 67% as imposed by training data imbalance
and summarized in the top panel of Figure3 with following
results: ACCrr = 81.63% (83.24% for class-balance over-sampling
and 83.31% for under-sampling), ACC;ps = 81.63% (83.24%
for class-balance over-sampling and 83.08% for under-sampling),
ACCiipearsym = 81.69% (83.24% for class-balance over-sampling
and 83.08% for under-sampling), ACCrrc = 81.64% (83.24%
for class-balance over-sampling and 83.08% for under-sampling),
ACCppnN = 81.34% (83.24% for class-balance over-sampling and
83.08% for under-sampling); for all the cases median accuracies
were at 100% level for LR, LDA, linearSVM, RFC, and DFNN
(see Section 2.5 for details), respectively. Similarly, mean accuracy
results in the facial emotion assessment evaluation task (see
Section 2.1.2 for details) were safely above chance levels of 65%
as imposed by training data imbalance and summarized in the
middle panel of Figure 3 with following results: ACCrr = 91.53%
(92.56% for class-balance over-sampling and 92.82% for under-
sampling), ACCrpa = 91.57% (92.56% for class-balance over-
sampling and 92.61% for under-sampling), ACCj;pearsym = 91.78%
(92.56% for class-balance over-sampling and 92.61% for under-
sampling), ACCrrc = 91.78% (92.56% for class-balance over-
sampling and 92.82% for under-sampling), ACCppny = 91.53%
(92.56% for class-balance over-sampling and 92.61% for under-
sampling); for all the cases median accuracies were at 100% level for
LR, LDA, linearSVM, RFC, and DFNN (see Section 2.5 for details),
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respectively. Finally, mean accuracy results in the reminiscent
interior oddball task (see Section 2.1.3 for details) were safely
above chance levels of 69% as imposed by training data imbalance
and summarized in the bottom panel of Figure 3 with following
results: ACCrr = 94.94% (95.81% for class-balance over-sampling
and 95.48% for under-sampling), ACCrpa = 95.20% (93.74%
for class-balance over-sampling and 95.48% for under-sampling),
ACClinearsym = 95.02% (95.81% for class-balance over-sampling
and 95.48% for under-sampling), ACCrrc = 95.09% (95.72%
for class-balance over-sampling and 95.48% for under-sampling),
ACCprnN = 94.84% (95.53% for class-balance over-sampling and
95.48% for under-sampling); for all the cases median accuracies
were at 100% level for LR, LDA, linearSVM, RFC, and DFNN
(see Section 2.5 for details), respectively. The excellent supervised
learning and LOOS cross-validated accuracy results with median
accuracies reaching 100% levels for all the proposed cognitive tasks
further supported a choice of network neuroscience approaches as
the very reliable dementia neuro-biomarker prospects.

4. Discussion

Previous application of network neuroscience analysis to
brainwave time series resulted in consciousness level association
with network edge and node numbers (Varley et al., 2021) in
anesthetized animals. Higher consciousness levels were associated
with the larger node and edge numbers modeling brainwave
time series, pointing to higher complexity and more brain
microstates associated with those cognitive states (Varley et al.,
2021). Consciousness is closely related to awareness (Ehret and
Romand, 2022); thus, results presented in the current study with
conscious (awake) subjects clearly show significantly lower network
node and edge counts in MCI participants, indicating lower
awareness levels compared to healthy cognitive aging older adults.
In the presented study, more significant numbers of node and edge
numbers in networks modeling EEG in healthy cognitive aging
participants elucidated those brains characterized by more affluent
microstates during cognitive tasks designed for the current study.
Three different experimental tasks introduced in the study resulted
in a larger number of modeling network nodes and edges for
healthy cognitive aging vs. MCI older adults, further confirming a
stable neuro-biomarker candidate, as summarized in Section 3.1.

The reproduced results in three cognitive tasks also elucidate
potentially sound characteristics of the network neuroscience
neuro-biomarker prospect. The statistical significance of network
node and edge distribution differences was also confirmed with
the unsupervised machine learning clustering UMAP approach as
presented in Section 3.2.

The resulting unsupervised clusters formed easily separable
quantities for most analyses used in the study. The final LOOS
cross-validation experiment presented in Section 3.3 indicated a
possible subsequent candidate for the following study with a more
significant number of participants to infer all MoCA or other
cognitive scores and not only binary healthy vs. MCI stages, as in
the currently reported project.

The inherent study limitation has been a still low number of
subjects (27, 24, and 23 in the three evaluated tasks) and unbalanced
class membership (double the number of MCI compared to healthy
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cognitive aging). A single male participant also limited the study
from the gender impact evaluation perspective. A near-future
project with better gender-balanced subjects and possibly in cross-
cultural settings shall be conducted to reproduce and validate
the results. Another limitation of the current study, due to a
low number of participants, has been a binary class membership
(MCI vs. healthy cognitive aging). A subsequent study with more
participants shall aim at continuous cognitive state estimation
by predicting (regressing) exact MoCA or other cognitive state
evaluations. A final limitation of the current study was a lack of
relation of the predicted MCI stages based on only MoCA scores.
The proposed neuro-biomarker shall be further validated with PET
and cerebrospinal fluid (CSF) biomarkers for AS or structural MRI
for vascular dementia evaluation.

5. Conclusions

This work discusses how network neuroscience methods
application to EEG time series can elucidate the separation between
two distinct states of age-related healthy cognition and MCI. To
assess each EEG channel’s temporal dynamics, we assemble discrete
state-transition graphs employing the ordinal partition networks
approach, demonstrating how the brain evolves through state space
in time. We discover that the healthy cognitive aging condition
is characterized by a high degree of within each EEG channels
interactions. Additionally, a less predictable EEG signal structure,
or more flexible, is observed in healthy cognitive aging participants
compared to MCI. Finally, unsupervised and supervised machine
learning approaches allow us to separate and classify network
neuroscience features for possible subsequent diagnostics of early
onset dementia (MCI with MoCA < 25) onset. The work is a step
forward in developing a low-cost, home-based neuro-biomarker to
monitor cognitive interventions and dementia care management.

Data availability statement

The datasets presented in this article are not readily available
because, the raw EEG data generated and analyzed for this
study cannot be shared due to participant privacy protection
purposes. Requests to access the datasets should be directed to
tomasz.rutkowski@riken.jp.

Ethics statement

The studies involving human participants were reviewed and
approved by the Institute of Psychology UNC Ethical Committee
for Experiments with Human Subjects. The patients/participants
provided their written informed consent to participate in this study.

Author contributions

TR conceived the concept of the working memory emotional
learning and assessment, as well as reminiscent interior images
oddball tasks, designed and programmed experimental stimulus
presentation, EEG acquisition, analysis, and wrote the manuscript.
TR and MA proposed network neuroscience to EEG time-series

frontiersin.org


https://doi.org/10.3389/fnhum.2023.1155194
mailto:tomasz.rutkowski@riken.jp
https://www.frontiersin.org/journals/human-neuroscience
https://www.frontiersin.org

Rutkowski et al.

application for subsequent classification using unsupervised and
supervised machine learning methods. TK, SN, and TR recruited
and managed the subjects, as well as conducted the experiments.
TR, MA, SN, TK, and HS interpreted the results. TR, MA, HS, SN,
TK, and MO-M examined outcomes. All authors contributed to the
article and approved the submitted version.

Funding

MO-M was supported in part by the JSPS KAKENHI (Grant
Numbers: JP18KT0035, JP19H01138, JP20H05022, JP20H05574,
JP22H04872, and JP22H00544) and the Japan Science and
Technology Agency (Grant Numbers: JPMJST2168, JPMJPF2101,
and JPMJMS2237). MA was supported in part by the KAKENHI,
the Japan Society for the Promotion of Science Grant No.
JP18K18140. MO-M and TR were supported in part by the Japan
Science and Technology Agency AIP Trilateral AT Research Grant
No. JPMJCR20GI from the Japan Science and Technology Agency.
TR was supported by Nicolaus Copernicus University in Torun,
Poland, Mobility Grant 2022 and 2023 Editions. HS was partly
supported by the JSPS KAKENHI (Grant Number: JP19K14489).

Acknowledgments

The authors appreciate participation in the project of the
senior volunteers from Kamienica Inicjatyw in Torun, Poland.

References

Alescio-Lautier, B., Michel, B., Herrera, C., Elahmadi, A., Chambon, C., Touzet,
C., et al. (2007). Visual and visuospatial short-term memory in mild cognitive
impairment and Alzheimer disease: role of attention. Neuropsychologia 45, 1948-1960.
doi: 10.1016/j.neuropsychologia.2006.04.033

Bandt, C., and Pompe, B. (2002). Permutation entropy: a
complexity ~measure for time series. Phys. Rev. Lett. 88,
doi: 10.1103/PhysRevLett.88.174102

Barachant, A., Morrison, D., Banville, H., Kowaleski, J., Shaked, U., Chevallier, S.,
et al. (2019). muse-Isl. ZENODO. doi: 10.5281/zenod0.4540829

Baron-Cohen, S. (2004). Mind Reading - The Interactive Guide to Emotions. London:
Jessica Kingsley Publishers.

natural
174102.

Blessing, A., Zoellig, J., Dammann, G., and Martin, M. (2010). Implicit
learning of affective responses in dementia patients: a face-emotion-association
paradigm. Aging Neuropsychol. Cogn. 17, 633-647. doi: 10.1080/13825585.2010.
483065

Bullmore, E., and Sporns, O. (2009). Complex brain networks: graph theoretical
analysis of structural and functional systems. Nat. Rev. Neurosci. 10, 186-198.
doi: 10.1038/nrn2575

Buzsaki, G, McKenzie, S, and
Neurophysiology ~of remembering. Annu.  Rev.
doi: 10.1146/annurev-psych-021721-110002

Chawla, N. V., Bowyer, K. W,, Hall, L. O., and Kegelmeyer, W. P. (2002).

Smote: synthetic minority over-sampling technique. J. Artif. Intell. Res. 16, 321-357.
doi: 10.1613/jair.953

Davachi, L.
Psychol. 73,

(2022).
187-215.

Ehret, G., and Romand, R. (2022). Awareness and consciousness in humans and
animals-neural and behavioral correlates in an evolutionary perspective. Front. Syst.
Neurosci. 16, 941534. doi: 10.3389/fnsys.2022.941534

Fide, E., Emek-Savas, D. D., Aktiirk, T., Giintekin, B., Hanoglu, L., and Yener, G.
G. (2019). Electrophysiological evidence of altered facial expressions recognition in
Alzheimer’s disease: a comprehensive ERP study. Clin. Neurophysiol. 130, 1813-1824.
doi: 10.1016/j.clinph.2019.06.229

Fujiwara, Y., Suzuki, H., Yasunaga, M., Sugiyama, M., Jjuin, M., Sakuma, N., et al.
(2010). Brief screening tool for mild cognitive impairment in older Japanese: validation

Frontiersin Human Neuroscience

10.3389/fnhum.2023.1155194

The presented in the paper, EEG-based neuro-biomarker research
could not advance without the seniors’ vibrant assets.

Conflict of interest

The authors declare that the research was conducted in the
absence of any commercial or financial relationships that could be
construed as a potential conflict of interest.

Publisher’s note

All claims expressed in this article are solely those
of the authors and do not necessarily represent those of
their affiliated organizations, or those of the publisher,
the editors and the reviewers. Any product that may be
evaluated in this article, or claim that may be made by
its manufacturer, is not guaranteed or endorsed by the
publisher.

Supplementary material

The Supplementary Material for this article can be found
online at: https://www.frontiersin.org/articles/10.3389/fnhum.
2023.1155194/full#supplementary-material

of the Japanese version of the Montreal Cognitive Assessment. Geriatr. Gerontol. Int.
10, 225-232. doi: 10.1111/j.1447-0594.2010.00585.x

Gagnon, L. G., and Belleville, S. (2011). Working memory in mild cognitive
impairment and Alzheimer’s disease: contribution of forgetting and predictive value
of complex span tasks. Neuropsychology 25, 226. doi: 10.1037/a0020919

Gramfort, A., Luessi, M., Larson, E., Engemann, D. A., Strohmeier, D., Brodbeck,
C., et al. (2014). MNE software for processing MEG and EEG data. Neurolmage 86,
446-460. doi: 10.1016/j.neuroimage.2013.10.027

Guger, C., Allison, B., and Muller-Putz, G. (eds.). (2015). “Brain-computer interface
research,” in SpringerBriefs in Electrical and Computer Engineering, 1st Edn (Cham:
Springer International Publishing). doi: 10.1007/978-3-319-25190-5_1

Gintekin, B., Hanoglu, L., Aktiirk, T., Fide, E., Emek-Savas, D. D., Rusen, E.,
et al. (2019). Impairment in recognition of emotional facial expressions in Alzheimer’s
disease is represented by EEG theta and alpha responses. Psychophysiology 56, e13434.
doi: 10.1111/psyp.13434

Gutchess, A. (2019). Cognitive and Social Neuroscience of Aging. Cambridge
Fundamentals of Neuroscience in Psychology. Cambridge; New York, NY: Cambridge
University Press. doi: 10.1017/9781316026885

Hanley, J. A, and McNeil, B. J. (1982). The meaning and use of the
area under a receiver operating characteristic (roc) curve. Radiology 143, 29-36.
doi: 10.1148/radiology.143.1.7063747

Herrup, K. (2021). How Not to Study a Disease: The Story of Alzheimer’s. Cambridge,
MA: MIT Press. doi: 10.7551/mitpress/12423.001.0001

Kessels, R. P., Molleman, P. W., and Oosterman, J. M. (2011). Assessment of
working-memory deficits in patients with mild cognitive impairment and Alzheimer’s
dementia using wechsler’s working memory index. Aging Clin. Exp. Res. 23, 487-490.
doi: 10.1007/BF03325245

Khait, A. A., Reagan, L., and Shellman, J. (2021). Uses of reminiscence intervention
to address the behavioral and psychosocial problems associated with dementia:
an integrative review. Geriatr. Nurs. 42, 756-766. doi: 10.1016/j.gerinurse.2021.
03.021

Laszuk, D. (2017). Python Implementation of Empirical Mode Decomposition
Algorithm. Available online at: https://github.com/laszukdawid/PyEMD

frontiersin.org


https://doi.org/10.3389/fnhum.2023.1155194
https://www.frontiersin.org/articles/10.3389/fnhum.2023.1155194/full#supplementary-material
https://doi.org/10.1016/j.neuropsychologia.2006.04.033
https://doi.org/10.1103/PhysRevLett.88.174102
https://doi.org/10.5281/zenodo.4540829
https://doi.org/10.1080/13825585.2010.483065
https://doi.org/10.1038/nrn2575
https://doi.org/10.1146/annurev-psych-021721-110002
https://doi.org/10.1613/jair.953
https://doi.org/10.3389/fnsys.2022.941534
https://doi.org/10.1016/j.clinph.2019.06.229
https://doi.org/10.1111/j.1447-0594.2010.00585.x
https://doi.org/10.1037/a0020919
https://doi.org/10.1016/j.neuroimage.2013.10.027
https://doi.org/10.1007/978-3-319-25190-5_1
https://doi.org/10.1111/psyp.13434
https://doi.org/10.1017/9781316026885
https://doi.org/10.1148/radiology.143.1.7063747
https://doi.org/10.7551/mitpress/12423.001.0001
https://doi.org/10.1007/BF03325245
https://doi.org/10.1016/j.gerinurse.2021.03.021
https://github.com/laszukdawid/PyEMD
https://www.frontiersin.org/journals/human-neuroscience
https://www.frontiersin.org

Rutkowski et al.

Lemaitre, G., Nogueira, F., and Aridas, C. K. (2017). Imbalanced-learn: a python
toolbox to tackle the curse of imbalanced datasets in machine learning. J. Mach. Learn.
Res. 18, 1-5. doi: 10.5555/3122009.3122026

Livingston, G., Huntley, J., Sommerlad, A., Ames, D., Ballard, C., Banerjee, S.,
et al. (2020). Dementia prevention, intervention, and care: 2020 report of the lancet
commission. Lancet 396, 413-446. doi: 10.1016/50140-6736(20)30367-6

McGraw, K. O., and Wong, S. P. (1992). A common language effect size statistic.
Psychol. Bull. 111, 361. doi: 10.1037/0033-2909.111.2.361

McInnes, L., Healy, J., and Melville, J. (2018). UMAP: uniform manifold
approximation and projection for dimension reduction. arXiv preprint
arXiv:1802.03426. doi: 10.21105/j0ss.00861

Mollers, T., Stocker, H., Perna, L., Rujescu, D., Holleczek, B., Schottker, B., et al.
(2022). Subjective short-term memory difficulties at ages 50-75 predict dementia
risk in a community-based cohort followed over 17 years. Age Ageing 51, afac113.
doi: 10.1093/ageing/afac113

Morabito, F. C., Campolo, M., Labate, D., Morabito, G., Bonanno, L.,
Bramanti, A., et al. (2015). A longitudinal EEG study of Alzheimer’s disease
progression based on a complex network approach. Int. J. Neural Syst. 25, 1550005.
doi: 10.1142/S0129065715500057

Myszczynska, M. A., Ojamies, P. N, Lacoste, A. M. Neil, D., Saffari,
A, Mead, R, et al. (2020). Applications of machine learning to diagnosis
and treatment of neurodegenerative diseases. Nat. Rev. Neurol. 16, 440-456.
doi: 10.1038/s41582-020-0377-8

Otake-Matsuura, M., Tokunaga, S., Watanabe, K., Abe, M. S., Sekiguchi, T.,
Sugimoto, H., et al. (2021). Cognitive intervention through photo-integrated
conversation moderated by robots (PICMOR) program: a randomized controlled trial.
Front. Robot. AI 8, 54. doi: 10.3389/frobt.2021.633076

Park, K., Lee, S., Yang, J., Song, T., and Hong, G.-R. S. (2019). A systematic review
and meta-analysis on the effect of reminiscence therapy for people with dementia. Int.
Psychogeriatr. 31, 1581-1597. doi: 10.1017/S1041610218002168

Pedregosa, F., Varoquaux, G., Gramfort, A., Michel, V., Thirion, B., Grisel, O., et al.
(2011). Scikit-learn: machine learning in Python. J. Mach. Learn. Res. 12, 2825-2830.

Rutkowski, T. M., Abe, M. S., Koculak, M., and Otake-Matsuura, M. (2020a).
“Classifying mild cognitive impairment from behavioral responses in emotional
arousal and valence evaluation task—AI approach for early dementia biomarker
in aging societies,” in 2020 42nd Annual International Conference of the IEEE
Engineering in Medicine Biology Society (EMBC) (Montreal, QC), 5537-5543.
doi: 10.1109/EMBC44109.2020.9175805

Rutkowski, T. M., Abe, M. S., Komendzinski, T., and Otake-Matsuura, M.
(2021a). “Older adult mild cognitive impairment prediction from multiscale entropy
EEG patterns in reminiscent interior image working memory paradigm,” in
2021 43rd Annual International Conference of the IEEE Engineering in Medicine
Biology Society (EMBC) (Guadalajara), 6345-6348. doi: 10.1109/EMBC46164.2021.
9629480

Rutkowski, T. M., Abe, M. S., and Otake-Matsuura, M. (2020b). “EEG and fNIRS
biomarkers of dementia prediction and monitoring,” in The 42nd Annual International
Conference of the IEEE Engineering in Medicine and Biology Society (EMBC). (Montreal,
QC: IEEE Press).

Rutkowski, T. M., Abe, M. S., and Otake-Matsuura, M. (2021b). “Neurotechnology
and Al approach for early dementia onset biomarker from EEG in emotional
stimulus evaluation task,” in 2021 43rd Annual International Conference of the
IEEE Engineering in Medicine Biology Society (EMBC) (Guadalajara), 6675-6678.
doi: 10.1109/EMBC46164.2021.9630736

Rutkowski, T. M., Abe, M. S., Tokunaga, S., Komendzinski, T., and Otake-
Matsuura, M. (2022a). “Dementia digital neuro-biomarker study from theta-band
eeg fluctuation analysis in facial and emotional identification short-term memory
oddball paradigm,” in 2022 44th Annual International Conference of the IEEE

Frontiersin Human Neuroscience

12

10.3389/fnhum.2023.1155194

Engineering in Medicine Biology Society (EMBC) (Glasgow: IEEE Press), 4129-4132.
doi: 10.1109/EMBC48229.2022.9871991

Rutkowski, T. M., Abe, M. S., Tokunaga, S., Sugimoto, H., Komendzinski, T.,
and Otake-Matsuura, M. (2022b). “Passive BCI oddball paradigm for dementia
digital neuro-biomarker elucidation from attended and inhibited ERPs utilizing
information geometry classification approaches,” in 2022 IEEE International
Conference on Systems, Man, and Cybernetics (SMC) (Prague: IEEE Press), 2657-2662.
doi: 10.1109/SMC53654.2022.9945159

Rutkowski, T. M., and Mori, H. (2015). Tactile and bone-conduction auditory brain
computer interface for vision and hearing impaired users. J. Neurosci. Methods 244,
45-51. doi: 10.1016/j.jneumeth.2014.04.010

Rutkowski, T. M., Narebski, S., Bekier, P., Komendzinski, T., Sugimoto, H., and
Otake-Matsuura, M. (2022c). “Cross-cultural evaluation of dementia passive BCI
neuro-biomarker candidates,” in 2022 Joint 12th International Conference on Soft
Computing and Intelligent Systems and 23rd International Symposium on Advanced
Intelligent Systems (SCISISIS) (Ise-Shima), 1-5.

Rutkowski, T. M., Toshihisa, T., Cichocki, A., and Mandic, D. P. (2008). “Clustering
EMD components for muscular interference separation from EEG—a time/frequency
approach with different distance measures,” in Proceedings of 23rd SIP Symposium
(Kanazawa: IEICE), 52-57.

Seker, M., Ozbek, Y., Yener, G., and Ozerdem, M. S. (2021). Complexity of
EEG dynamics for early diagnosis of Alzheimer’s disease using permutation
entropy neuromarker. Comput. Methods Prog. Biomed. 206, 106116.
doi: 10.1016/j.cmpb.2021.106116

Seo, E. H., Kim, H., Choi, K. Y., Lee, K. H.,, and Choo, 1. H. (2018). Pre-
mild cognitive impairment: can visual memory predict who rapidly convert to mild
cognitive impairment? Psychiatry Invest. 15, 869. doi: 10.30773/pi.2018.07.29.1

Shi, J., Kirihara, K., Tada, M., Fujioka, M. Usui, K, Koshiyama, D.,
et al. (2022). Criticality in the healthy brain. Front. Netw. Physiol. 1, 21.
doi: 10.3389/fnetp.2021.755685

Sikkes, S. A., Tang, Y., Jutten, R. J., and et al. (2020). Toward a theory-based
specification of non-pharmacological treatments in aging and dementia: focused
reviews and methodological recommendations. Alzheimer’s Dement. 17, 255-270.
doi: 10.1002/alz.12188

Thomas, J. M., and Sezgin, D. (2021). Effectiveness of reminiscence therapy in
reducing agitation and depression and improving quality of life and cognition in long-
term care residents with dementia: a systematic review and meta-analysis. Geriatr.
Nurs. 42, 1497-1506. doi: 10.1016/j.gerinurse.2021.10.014

Toet, A., Kaneko, D., Ushiama, S., Hoving, S., de Kruijf, L., Brouwer, A.-M.,, et al.
(2018). EmojiGrid: a 2D pictorial scale for the assessment of food elicited emotions.
Front. Psychol. 9, 2396. doi: 10.3389/fpsyg.2018.02396

Varley, T. F.,, Denny, V., Sporns, O., and Patania, A. (2021). Topological analysis
of differential effects of ketamine and propofol anaesthesia on brain dynamics. R. Soc.
Open Sci. 8,201971. doi: 10.1098/rs0s.201971

Varley, T. F., and Sporns, O. (2022). Network analysis of time series:
NOVEL approaches to network neuroscience. Front. Neurosci. 15, 787068.
doi: 10.3389/fnins.2021.787068

Virtanen, P., Gommers, R., Oliphant, T. E., Haberland, M., Reddy, T., Cournapeau,
D., et al. (2020). SciPy 1.0: fundamental algorithms for scientific computing in python.
Nat. Methods 17, 261-272. doi: 10.1038/s41592-020-0772-5

WHO (2019). Risk Reduction of Cognitive Decline and Dementia: WHO Guidelines.
Technical report, World Health Organization.

Zucchella, C., Sinforiani, E., Tamburin, S., Federico, A., Mantovani, E., Bernini, S.,
et al. (2018). The multidisciplinary approach to Alzheimer’s disease and dementia.
a narrative review of non-pharmacological treatment. Front. Neurol. 9, 1058.
doi: 10.3389/fneur.2018.01058

frontiersin.org


https://doi.org/10.3389/fnhum.2023.1155194
https://doi.org/10.5555/3122009.3122026
https://doi.org/10.1016/S0140-6736(20)30367-6
https://doi.org/10.1037/0033-2909.111.2.361
https://doi.org/10.21105/joss.00861
https://doi.org/10.1093/ageing/afac113
https://doi.org/10.1142/S0129065715500057
https://doi.org/10.1038/s41582-020-0377-8
https://doi.org/10.3389/frobt.2021.633076
https://doi.org/10.1017/S1041610218002168
https://doi.org/10.1109/EMBC44109.2020.9175805
https://doi.org/10.1109/EMBC46164.2021.9629480
https://doi.org/10.1109/EMBC46164.2021.9630736
https://doi.org/10.1109/EMBC48229.2022.9871991
https://doi.org/10.1109/SMC53654.2022.9945159
https://doi.org/10.1016/j.jneumeth.2014.04.010
https://doi.org/10.1016/j.cmpb.2021.106116
https://doi.org/10.30773/pi.2018.07.29.1
https://doi.org/10.3389/fnetp.2021.755685
https://doi.org/10.1002/alz.12188
https://doi.org/10.1016/j.gerinurse.2021.10.014
https://doi.org/10.3389/fpsyg.2018.02396
https://doi.org/10.1098/rsos.201971
https://doi.org/10.3389/fnins.2021.787068
https://doi.org/10.1038/s41592-020-0772-5
https://doi.org/10.3389/fneur.2018.01058
https://www.frontiersin.org/journals/human-neuroscience
https://www.frontiersin.org

	Machine learning approach for early onset dementia neurobiomarker using EEG network topology features
	1. Introduction
	1.1. Working/short-term memory in healthy and MCI-concerned older adults
	1.2. Reminiscent image interventions for the older adults
	1.3. Facial emotion recognition and visuospatial learning in healthy and MCI-concerned older adults

	2. Methods
	2.1. Stimulus presentation
	2.1.1. Emotion evaluation learning task
	2.1.2. Emotion evaluation assessment task
	2.1.3. Reminiscent interior images oddball task

	2.2. EEG capture
	2.3. Network science approach to EEG time-series
	2.4. Unsupervised machine learning for network features visualization and dimensionality reduction
	2.5. Supervised machine learning models for leave-one-out-subject cross-validation of healthy aging vs. MCI EEG classification

	3. Results
	3.1. Network neuroscience node and edge distribution results
	3.2. Unsupervised UMAP clustering results
	3.3. Supervised leave-one-out-subject cross-validation classification of MCI vs. healthy aging cognition cases

	4. Discussion
	5. Conclusions
	Data availability statement
	Ethics statement
	Author contributions
	Funding
	Acknowledgments
	Conflict of interest
	Publisher's note
	Supplementary material
	References


