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Results: Spline interpolations of EEG signals onto a head mesh model with 6067 virtual

electrodes resulted in an effective method for integrating electrode layouts. Z-score
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1 | INTRODUCTION

Alzheimer’s disease (AD) and behavioral variant frontotemporal
dementia (bvFTD) are two of the most common and impactful forms
of dementia globally. As a result, AD and bvFTD are life-limiting
conditions that represent an enormous burden on developing coun-
tries and across underrepresented populations, where socioeconomic
and educational inequities compromise access to traditional demen-
tia biomarkers and undermine the timely diagnosis of the disease.?
Efforts to overcome these challenges include the development of
biomarkers derived from high-density electroencephalography (hd-
EEG), a cost-effective, scalable, and portable technology that allows
for the accurate assessment of brain oscillatory dynamics and network
disintegration.>* In this regard, functional connectivity (FC) analy-
ses are particularly relevant because FC is associated with cognitive
deficits and neuronal dysfunction in neurodegeneration.”®

Two major challenges underpin the development of dementia
biomarkers derived from EEG connectivity. First, progress in this field
relies on large-scale multi-center studies addressing geographic and
sociodemographic heterogeneities. These studies require harmoniza-
tion protocols to bring heterogeneous data together into a unified
analytical space, thereby minimizing batch effects.”® Second, various
conceptual frameworks comprising different connectivity metrics and
estimation procedures have been used to assess EEG connectivity.”1°
To comprehensively characterize abnormal FC in dementia, compos-
ite connectivity metrics that provide insight into various types of
functional interactions are needed.’®! Joint analyses of FC ben-
efit from EEG source localization methods,'213 since they provide
topographic information on brain functional interactions and reduce
spurious effects commonly observed in sensor-space connectivity
analyses.'*

This study presents a novel framework for dementia characteri-
zation, in which joint analyses of EEG source space connectivity in
site-harmonized data serve as input for gradient-boosting machine
learning classifiers tuned by Bayesian optimization.'®>¢ The tool con-
siders four essential stage of harmonization that follow recommen-
dations for assesing EEG connectivity in neurodegenerative diesasese

(the ConnEEGtome),!! the tool incorporates four critical harmoniza-

transformations of EEG time series resulted in source space connectivity matrices
with high bilateral symmetry, reinforced long-range connections, and diminished short-
range functional interactions. A composite FC metric allowed for accurate multicentric
classifications of Alzheimer’s disease and behavioral variant frontotemporal dementia.
Discussion: Harmonized multi-metric analysis of EEG source space connectivity can
address data heterogeneities in multi-centric studies, representing a powerful tool for
accurately characterizing dementia.

AD, automatic harmonization, bvFTD, dementia classification, EEG, inverse solution methods,
multi-centric studies, whole-brain functional connectivity

tion stages: (a) adoption of standards for data storage that facilitate
information exchange!’; (b) adequate reference schemes by imple-
menting average reference or Reference Electrode Standardization
Technique (REST)8:1%; (c) integration of different electrode layouts2?;
and (d) EEG rescaling using patient-control normalizations.' 1>

We hypothesized that (1) spline interpolations of re-referenced EEG
allow for the integration of different electrode layouts, (2) a more com-
prehensive representation of the EEG source space connectomics is
obtained after the patient-control normalization of the EEG data using
Z-score transformations, and (3) multi-metric analyses of source space
connectivity allow for the accurate classification of dementia subtypes.
The following sections describe the workflow for data harmonization
and classification. The validity of the harmonization procedures and
the use of the multi-metric approach to source space EEG connectivity
for dementia characterization is illustrated. The study is accompanied
by a repository where the code, a user guide, and source space con-
nectivity matrices are available (https:/github.com/PavelPrado/EEG-
Harmonization).

2 | METHODS

2.1 | Data set for validation (AD, bvFTD, and HCs)
Because the resting state EEG (rsEEG) is the ideal acquisition proto-
col for data harmonization in EEG multicentric studies,! the pipeline’s
functioning is described using this EEG modality. To illustrate the dif-
ferent steps of the processing pipeline, we used eyes-closed rsEEG
acquired from participants enrolled in two centers of the Multi-
Partner Consortium to Expand Dementia Research in Latin America
(ReDLat),? a regional effort aimed at the harmonization of participant
enrollment and neurocognitive assessment in multi-centric studies.
Therefore, the pipeline’s validation was carried out using data from
a well-described cohort that was recruited and assessed for cogni-
tive abilities using standardized procedures. Consequently, inter-site
variability was restricted predominantly to the EEG acquisition.
Participants were patients with AD (n = 35), patients with bvFTD
(n = 19), and healthy control (HCs, n = 46). All patients were in
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the early/mild stages of the disease and had no proven track of
substance abuse, primary language deficits, and neurological or psy-
chiatric disorders. The demographic information of the sample (Table
A1), the diagnosis criteria, and the neurophysiological examinations
are presented in Appendix A. The EEG acquisition is also described in
Appendix A. The study was approved by the institutional review board
at each recruitment site. A signed informed consent was provided by all
participants, following the Declaration of Helsinki.

2.2 | Analysis workflow

The pipeline runs with a default workflow that can be modified
following instructions provided in the user guide (Appendix B). Addi-
tional technical and practical information is provided elsewhere.?! The
pipeline has a modular organization in which a module can offer dif-
ferent processing alternatives, for example, seven data normalizations,
three methods for EEG source space estimation, and 22 possible joint
analyses of connectivity (Table C1, Appendix C). Therefore, more than
462 different processing strategies can be implemented.

2.2.1 | Data structure

The pipeline (Figure 1) is implemented in Matlab as a Command Line
Interface and built upon pre-existing tools. Data (rsEEG or task-related
activity) is organized according to the EEG-BIDS format, an extension
of the brain imaging data structure (BIDS) that addresses the het-
erogeneity of data organization by following the FAIR principles of
findability, accessibility, and interoperability.}”

2.2.2 | Preprocessing

In the preprocessing module (Figure 1A), filtering (default cut-off: 0.5
and 40 Hz) and resampling (default frequency: 512 Hz) are executed
automatically via EEGLAB.22 These steps are followed by a bad chan-
nel inspection that incorporates a built-in graphical user interface (GUI)
to facilitate the manual identification of noisy channels. Next, data are
referenced using the average reference (AVE, the average time series
of all channels) or REST.181? Artifact removal can be carried out with
(1) ICLabel, a classification method that labels EEG-independent com-
ponents into signals and different categories of noise,2? (2) EyeCatch,
a tool containing a database of manually identified eye-related ICA
scalp maps,?* and (3) BLINKER, a toolbox for blinking extraction and
quantification of ocular indices.?> Subsequently, channels marked as
noisy are replaced by spherical interpolation of neighboring channels
26 (Figure 1A).

2.2.3 | Spatial normalization

In this stage, EEG acquired with different electrode layouts is regis-

tered into a common topographical space using a modified version of

Disease Monitoring

RESEARCH IN CONTEXT

Systematic review: Authors reviewed the literature using
traditional sources (e.g, PubMed) regarding functional
connectivity (FC) with electroencephalography (EEG) for
dementia and harmonization protocols to target cross-site
variability and batch effects in multi-center studies. In
addition, integrative connectivity analysis in the EEG source
space were reviewed. No previous work has proposed a
harmonized, multi-centric and multi-metric approach to EEG
source connectivity in dementia research.

Interpretation: Findings indicate the effectiveness of critical
harmonization steps to reduce cross-site methodological dif-
ferences. The high accuracy of classifications based on joint
analysis of theoretical information metrics of FC highlights
the relevance of integrative approach to assess complex
connectivity patterns that profit the characterization and
classification of dementia subtypes.

Future directions: Results strengthen global strategies for
the assessment of dementia based on scalable and cost-
effective technologies. Future studies need to explore har-
monization steps to control the effect of demographic covari-
ates, and the test-retest reliability of the composite metrics
for connectivity.

the EEGLAB function “headplot,”2427 which projects the original EEG
into a 6067-point mesh head model and projects the signal back into
the desired layout (Figure 1B). Currently the spatial normalization step
supports two EEG layouts: Biosemi128 and Biosemié4 (international
10/20 system).

2.2.4 | Patient-control normalization

This data rescaling aims to reduce cross-site (centers) variability. The
normalization is carried out separately by each recruitment center and
consists of computing a constant for rescaling (weighting factor) from
the data belonging to HCs (Figure 1B). Subsequently the EEG of all
individuals is rescaled using the same weighting factor. Seven options
of normalization are included, where the default option is the Z-score
transformation.’>¢ The latter metric describes the position of a raw
score in terms of its distance from the mean when measured in stan-
dard deviation units. Other rescaling factors included in the pipeline
are (1) the robust standard deviation of all data, (2) the robust stan-
dard deviation per channel, (3) the Huber mean of robust standard
deviation per channel, (4) the Huber mean of the robust standard
deviation per subject, (5) the mean of robust standard deviation per
subject, and (6) the L-2 norm of the robust standard deviation per

subject.20
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connectivity. From left to right, the figure presents the five modules of the pipeline. Traditional reprocessing steps are indicated in module 1. This is
followed by the normalization stage, where spatial harmonization and data rescaling are conducted (module 2). Source reconstruction (module 3)
assessing the inverse problem in EEG is implemented for joint analyses of functional whole-brain functional connectivity in Alzheimer’s disease
(AD) and behavioral variant frontotemporal dementia patients (bvFTD) (module 4), alongside parameters describing the performance of machine

learning classification of each dementia subtype (module 5).

2.2.5 | EEG source space estimation

The pipeline includes three methods for solving the EEG inverse prob-
lem. The default method is the exact Low-Resolution Electromagnetic
Tomography (eLORETA),%8 which is a distributed, linear, weighted mini-
mum norm inverse solution method providing exact localization to test
seeds, albeit with a high correlation between neighboring generators.
Alternatively, EEG sources can be localized using the Bayesian model
averaging (BMA) method.2? The BMA method considers anatomic con-
straints to address the model uncertainty, thereby allowing for the
accurate estimation of deep EEG generators. The second alternative is
the minimum-norm estimation (MNE) method, which provides the EEG
inverse solution that best fits the sensor data with minimum overall
amplitude of brain activity.3°

2.2.6 | Estimation of FC

Whole-brain FC is computed using 82 anatomic compartments of
the Automated Anatomical Labeling Atlas (AAL atlas)3! (Table C2,
Appendix C), and therefore comprises 3321 pair-wise functional
interactions.>233 The set of connectivity metrics comprises four
frequency-domain connectivity metrics (Table 1), which in turn con-
siders instantaneous, lagged, and total connectivity in eight EEG
frequency bands: delta (5: 1.5-4 Hz), theta (6: 4-8 Hz), alphaq (aq:
8-10 Hz), alpha, (ap: 10-13 Hz), betaq (81: 13-18 Hz), beta, (8,: 18-
21 Hz), betas (B3: 21-30 Hz), and gamma (y: 30-40 Hz). This results
in 96 frequency-domain connectivity metrics (96 representations of

TABLE 1 Connectivity metrics for the analysis of whole-brain

functional connectivity.

Functional connectivity

Frequency-domain Time-domain

Linear Linear connectivity (LC) Pearson’s correlation (rho)
metrics
Coherence (Coh)
Nonlinear Nonlinear connectivity Mutual information (Ml)
metrics (nLC)
Phase synchronization Weighted mutual
(PS) information (WMI)

Conditional mutual
information (CMI)

O-information (O_info)

whole-brain FC). In addition, five time-domain connectivity metrics
can be computed (Table 1). Therefore, it is possible to conduct joint
analyses of up to 101 connectivity metrics.3* The FC metrics and the
technical parameters used to compute the FC matrices are presented
in Prado et al.3* and in Appendix C (sections Connectivity metrics and
Feature selection, respectively).

2.3 | Multi-feature analyses for classification

A threefold multi-feature analysis'®353¢ is implemented using the

entire set (or a predefined subset) of connectivity metrics. First, the



PRADOET AL.

Diagnosis, Assessment 50f12

most relevant EEG features for binary classifications (i.e., AD vs HC and
bvFTD vs HC) are identified by combining statistical tests and progres-
sive feature elimination in the training sets, which consisted of 80%
of the total samples (one set containing ADs and HCs, the other con-
taining bvFTD and HCs). In this stage, statistical criteria are used to
reduce the dimension of the connectivity matrices to those connec-
tions with statistically significant differences between the dementia
subtype (AD or bvFTD) and HCs (Feature filter selection section).
Once optimum features are selected, the machine learning classifier is
used on new out-of-sample data. Finally, we run a feature importance
analysis to gain insights into which features played a more signifi-
cant role in classifying the testing sample (machine learning algorithm

section).

2.3.1 | Filtering for feature selection

The dimension of the connectivity matrices is reduced using group-
level statistics.3* This step is conducted independently for each con-
nectivity metric by comparing the whole-brain connectivity maps of
the groups being assessed (a given dementia subtype and HCs, for
example) using nonparametric permutation tests (¢ = 0.05; 5000
randomizations).®” To control the false discovery rate (FDR), the Ben-
jamini and Hochberg FDR method was utilized.3 This filter method®?
avoids adaptation to the data set specificities (overfitting) and there-
fore increases generalizability.*? Furthermore, this approach allows for
a more direct interpretation of the results than other alternatives of
dimensionality reduction, such as principal component analysis,** it
is computationally inexpensive, and does not consider the classifier
performance.®? Connections with statistically significant differences
between groups (e.g., HCs-AD, and HCs-bvFTD) are selected for the
subsequent analysis steps.

2.3.2 | Machine learning algorithm

Machine learning classifiers utilize connections that vary significantly
between groups as features to distinguish between dementia subtypes
and HCs, using the procedure described in Moguilner et al.1¢ Ran-
dom divisions of the data set are obtained using an 8:2 split ratio
for training and testing, respectively, without using the testing data
set during the validation phase for out of k-folds (k = 10) predic-
tions. Stratified cross-validation is used during the training phase to
tune Bayesian hyperparameters and ensure equal sample distribution
among the folds, thereby reducing potential biases in classification due
to imbalanced sample sizes.

In addition, regularized boosting helps to reduce overfitting. The
classification accuracy values (F1 score) are reported along with the
receiver-operating characteristic (ROC) curve and the SHapley Addi-
tive exPlanations (SHAP), which allow identifying the set of parameters
that provide a compressive explanation of the classification. Further
details of the classification algorithm are provided in Section 8.2,

Appendix B.
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3 | RESULTS

Validation of the pipeline approached critical steps for data harmo-
nization (spatial normalization and Z-transformation for EEG rescal-
ing) and using a composite connectivity metric to classify AD and
bvFTD.

3.1 | Spatial normalization for harmonization
of EEG data

We quantitatively evaluated the spatial normalization by transforming
the EEG (128 channels, Biosemi acquisition system) to a 64-channel
10/20 layout, using the 6067-point head model, and repeating the
process in the opposite direction (Figure 2A). The validity of the nor-
malization was expressed as the absolute error of the transformation,
that is, the absolute difference between the original and recreated sig-
nals. For all electrode locations, the transformation error was always
two orders of magnitude lower than the original signal (Figure 2A). Fur-
thermore, regression analyses showed that the recreated signal was
accurately predicted from the original voltages. In this scenario, the
spatial normalization resulted in moderate underestimations of volt-
agesindistal frontotemporal scalp locations (Figure 2B). This distortion
in the EEG topology resulted in phantom activities estimated in infe-
rior portions of frontolateral, temporal, and occipitotemporal cortical
regions (Figure 2B). Nevertheless, the maximum error in the estimation
of cortical activities (differences of the current density maps derived
from the original and recreated EEG topologies) was also two orders
of magnitude lower than the original cortical activity, which confirmed
the validity of the spatial normalization.

3.2 | Effect of data rescaling on FC

Examples of time courses of EEG at different scalp locations, along
with the corrections derived from the Z-score transformation, are illus-
trated in Figure 3A. The rescaling caused only slight variations in the
EEG topology. At the source space level, the spatial normalization did
not disturb the topographical distribution of the EEG generators. Nev-
ertheless, the current density of some cortical areas varied (Figure 3B).
In this illustrative example, the latter is reflected in the reduced activ-
ity of the left inferior frontal gyrus, and the left inferior temporal gyrus
obtained after normalization (Figure 3B).

Furthermore, rescaling induced modest corrections of the EEG
source space connectivity maps (Figure 3C). Toillustrate the above, the
20 strongest connections in the EEG alpha band were estimated before
and after applying the Z-score transformation. Connectivity maps were
computed with two frequency-domain metrics: coherence and phase
synchronization (Figure 4). The EEG rescaling resulted in brain FC with
reduced hemispheric asymmetry (lateralization). This was reflected by
the emergence of interhemispheric connections and long-range con-
nections within a particular hemisphere, accompanied by a reduction
of short-range interactions (Figure 4).
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FIGURE 2 Spatial normalization of electroencephalography (EEG). (A) A scheme of the validation strategy (comparison of original and
estimated voltage samples of the 128 Biosemi electrode layout) is illustrated in the left, top panel. The absolute error between the original and
estimated voltages recorded in one healthy control is presented for each electrode in the left, inferior panel. Original and estimated voltages, as
the theoretical line representing the relationship between original and predicted voltages, are plotted in the right panel. The parameters of the
regression analysis are presented in the table. (B) Scalp distribution of voltages of the original and recreated EEG, as well as their corresponding
brain generators estimated using the eLORETA method. Errors (differences between the original and recreated voltages) are provided.

3.3 | Classification of dementia subtypes using a
composite metric of FC

Figure 5 illustrates how joint analyses of FC help characterize demen-
tia. In this case, AD and bvFTD were classified by integrating infor-
mation theoretic metrics (MI: mutual information, CMI: conditional
mutual information, and O info: Organizational information). A com-
prehensive analysis of the integration of frequency-domain connectiv-
ity metrics is reported elsewhere.3*

The number of features used for the classification (which resulted
from the feature filter selection step, section 2.3) is presented in Table

C3 (Appendix C). The location of these features within the connectivity

matrices is illustrated in Figure SC1 (Appendix C), which is comple-
mented by the list of AAL regions provided in Table C4 (Appendix C).
The complete list of connections used for the classifications is provided
in Tables C4 (AD vs HCs classification) and C5 (bvFTD vs HCs classi-
fication) (Appendix C). Finally, how features were sorted to input the
classifier is illustrated in Figure C1 (Appendix C).

During the validation stage, the maximum performance of the
classification (F1) was 0.93 (for AD vs HCs) and 0.97 (for bvFTD
vs HCs) (Figure 5). The complete list of optimum features is pre-
sented in Table C7 (Appendix C). It is noteworthy that the opti-
mum set of features comprised connections captured by differ-
ent metrics (Table C2). Furthermore, these sets of features varied
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FIGURE 3 Electroencephalography (EEG) rescaling using the Z-score transformation. (A) Illustrative examples of EEG time series acquired at
different scalp locations, from an elderly healthy control. Original signals are presented along with their corresponding transformations. (B) Scalp
distribution of voltages of the original and rescaled EEG, as well as their corresponding brain generators estimated using the eLORETA method.

Different views of the brain are presented. (C) Whole-brain functional connectivity estimated in the low alpha EEG frequency band with different
frequency-domain connectivity metrics. Functional connectivity matrices computed from original and rescaled EEG. The differences between the
connectivity matrices are illustrated. For clarity, only inferior triangles of the connectivity matrices are presented. ext, external; in, internal; phase

sync., phase synchronization.

for the AD and bvFTD classifications. The classifications resulted
in ROC curves of 0.89 and 0.91 for AD and bvFTD, respectively.
The complete set of performance metrics is presented in Table C8
(Appendix C).

Regions with atypical connectivity included the superior middle and
inferior frontal gyri, the parahippocampal gyrus and the anterior cin-
gulate cortex, the middle temporal pole, the supramarginal gyrus, and
the fusiform gyrus (Figure 5A, model explanation). For bvFTD, atyp-

ical connectivity was restricted mainly to areas in the frontal and

temporal lobes (Figure 5B, topographical information). The areas iden-
tified included the precentral gyrus, the superior and middle frontal
gyri, the Heschl gyrus, and the supramarginal gyrus (Figure 5A, model
explanation).

The analyses above were repeated in a matched subsample with
an equal number of subjects to ensure that the results were not
driven by the differences in sample size or demographics (Table C9,
Appendix C). The results (Table C10 and C11, Appendix C) confirmed

the classifications obtained with the whole sample.
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FIGURE 4 Topographic distribution of the 20 strongest brain functional connections estimated in the electroencephalography (EEG) low
alpha frequency band with (A) instantaneous coherence and (B) instantaneous phase synchronization. The EEG source space connectivity was
estimated from the original time series (Left panels: Z-transformed representations). Left, right, and interhemispheric connections are illustrated
with different colors.

4 | DISCUSSION sequence facilitates the analysis of large data volumes with minimal
supervision. The pipeline’s strengths rely on storage, transparency,

An automatic pipeline supporting multi-centric studies of EEG source data set reusability, and reproducibility of the results.

space connectomics was implemented. The pipeline incorporates stan-

dards for data storage and critical harmonization stages, including

integrating different electrode layouts and rescaling algorithms for 4.1 | Harmonization steps

patient-control normalizations. Results show that joint analyses of

connectivity allow for assessing complex connectivity patterns not evi- The four essential elements of data harmonization are discussed below.

dent in traditional single metric approaches, thereby improving the The first relates to adopting BIDS standards for storage and data

characterization of dementia subtypes. The automatic processing step exchange.!” The second aspect is incorporating uniform criteria for
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FIGURE 5 Dementia classification based on source localized resting state EEG (rsEEG) connectivity estimated with theoretic-information
metrics. (A) Classification of Alzheimer’s disease (AD). (B) Classification of behavioral variant frontotemporal dementia (bvFTD). For each
classification, the performance of the classification (F1 during validation) is presented as a function of the number of features (functional
connections) that were sequentially included in the analyses. The performance (F1) obtained with the optimum set of features is provided. The
topographical information of the optimum set of features of the classification is shown (topographical information). Regions denoted by “mult” in
the color bar belong to atypical connections captured by different connectivity metrics. The z coordinate of the horizontal plane of the brain is
presented in the right low portion of each volume view. The receiver-operating characteristic (ROC) curves are presented. The area under the
curve (AUC) is indicated for each case. ROC curves are presented as the mean (thick line) and the 95% confidence interval (shadows), which were
obtained by bootstrapping (5000 times). Connections with the highest contributions to the predictive model are presented (model explanation) in
descendent order of relevance (SHAP values). ACC: anterior cingulate cortex; AD, Alzheimer’s disease; AUC, area under the curve; bvFTD,
behavioral variant frontotemporal dementia; CMI, conditional mutual information; FG, fusiform gyrus; HG, Helsch gyrus; IFGoper, opercular part
of the inferior frontal region; MFG, middle frontal gyrus; MI: mutual information; O_info: Organizational information; ORBmid: orbital part of the

middle frontal gyrus; ORBsup: orbital part of the superior frontal gyrus; PCG, precentral gyrus; PHG, parahippocampal gyrus; ROC, receiver
operating characteristic curves; SFG, superior frontal gyrus; SHAP, SHapley Additive exPlanations; SMG, supramarginal gyrus, TPOmid, middle

temporal pole.

EEG re-referencing, which is achieved by using the AVE reference
and the infinite reference estimated with REST. These two reference
choices provide consistent results in EEG connectivity studies and
outperform single electrode (Cz) and linked mastoid references.'81?
The third element is the integration of different electrode layouts,
which had been addressed previously using assignment/replacement
procedures based on the closest equivalent electrodes and minimum
electrode distance.2242 |n this study, electrode layouts are integrated
by generating virtual sensors computed from topographic interpola-
tion transforms. The high correlation between the EEG topographies
constructed from the spherically splined EEG field map and that result-
ing from the original signals reflect the efficacy of this method of spatial
harmonization (Figure 2A).

The fourth aspect, the patient-control normalization using the Z-
score transform, has been applied successfully in multi-centric studies

on neurodegeneration!>16

and has been crucial to developing quanti-
tative EEG norms® that increase the diagnostic accuracy of brain dys-

function. In addition, the Z-score transformation results in FC matrices

with higher bilateral symmetry than that obtained with unharmonized
EEG (Figure 4). This method promotes the emergence of interhemi-
spheric connections and long-range connections within a particular
hemisphere while reducing short-range interactions (Figure 4). The
latter is particularly relevant because short-range connections can
be interpreted as spurious interactions that result from head volume
conduction effects on the estimation of FC.*3

4.2 | A multi-metric analysis of FC for dementia
classification

EEG source space connectivity analyses provide topographic represen-
tations of brain functional interactions'* with increased test-retest
reliability, compared to sensor-space estimates.** FC analyses pro-
vide better classification performance of dementia in comparison
with spectral descriptors.*>*¢ Likewise, joint analyses of connectiv-

ity result in a more robust classification of dementia than single



100f 12 Diagnosis, Assessment

PRADO ET AL.

Disease Monitoring

metric approaches.*>*” The heterogeneous set of features underlying
AD and bvFTD classifications (Figure 5A) confirms the relevance of this
integrative approach and the utility of joint analyses of EEG spectral
measures and FC descriptors.?4647

The atypical connectivity observed in AD supports the hypothesis
that AD is a disconnection syndrome, mainly affecting posterior brain
regions.”*® Nodes of the default mode network (DMN) are signifi-
cantly affected by this condition.*?>° In bvFTD, the anterior cingulate
and the insula (hubs of the salience network),’! the dorsolateral pre-
frontal cortex, and the orbitofrontal cortex are critically impaired. >0-52
Other frontotemporal regions with atypical connectivity have been
associated with diverse symptoms in bvFTD.>2

It is noteworthy that the multi-metric approach to dementia imple-
mented in this study is boosted by machine learning algorithms. Critical
elements are recursive feature reduction (from thousands to dozen) to
prevent overfitting, and Bayesian optimization for tuning model hyper-
parameters on datasets consisting of several features. As a result, the
performance of dementia classifications based on this multi-metric
and multi centric framework!é#¢ approaches those obtained using

advanced biomarkers.

4.3 | Limitations and future directions
The main limitation of this study resides in the lack of steps to con-
trol the effects of demographic covariates (age, sex, and ages of formal

853 on dementia classification (but see the confirmation

education)
results using matched samples in Appendix C). Future pipeline imple-
mentations will allow for the inclusion of demographics in the clas-
sification, as is done elsewhere.1¢3>3¢ Likewise, future studies must
address statistical approaches to validate the best pipelines created by
the synergy of available choices (options for spatial normalization, EEG
source reconstruction, connectivity metrics, and classification algo-
rithms). Although this study focused on integrating three time-domain
connectivity metrics, network topologies across EEG frequency bands
and dementia classifications based on integrating frequency-domain
connectivity metrics have been provided.3* Nevertheless, the accuracy
of classifications based on integrating frequency- and time-domain
metrics needs to be explored. Furthermore, although joint connectivity
analyses benefit dementia classification even without controlling for
metric crosswalk,3* a better classification accuracy may be achieved by
limiting the analysis to uncorrelated metrics.”*

To confirm if the advantages of spatial normalization mentioned
in this research are relevant to electrode arrangements offered by
other suppliers, additional testing is required. Likewise, EEG inverse
solution methods that reduce distortions in connectivity due to the
leakage effect®® and the use of individual head models based on
electrode digitalization and anatomic MRI information should be fur-
ther considered. Future research should include additional validation
by comparing normalized versus non-normalized data and resting-
state fMRI. In addition, the benefits of using simultaneous recording
of EEG and functional near-infrared spectroscopy could be explored.

Furthermore, conceptualizing short-range connections as potentially

spurious is a complex issue requiring further investigation, as well
as the enhanced bilateral symmetry and long-range connectivity that
resulted from spatial normalization. To ensure accuracy and validity,
it is important to gather diverse and sizable samples from both main-
stream and underrepresented populations.>1¢ |t is also essential to
test the reliability of connectivity analyses through repeated testing.”®
Doing so will help address geographic and socioeconomic variability
and validate classification strategies with worldwide impact.

5 | CONCLUSIONS

We present a robust workflow for harmonizing multi-metric analysis
of source space EEG connectivity and developing composite metrics
of FC for the classification of dementia subtypes. Findings emphasize
the importance of spatial and patient-control normalizations to con-
trol cross-site variance. In addition, the study highlights the relevance
of joint analyses of information-theoretic metrics of EEG connectivity
to accurately classify dementias. This multi-metric approach may allow
for a more comprehensive characterization of functional brain inter-
actions in neurodegeneration, supporting the development of neu-
roimaging biomarkers of dementia based on scalable and cost-effective

technologies.
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