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Abstract
Background: Functional connectivity (FC), defined as the statistical reliance among different brain 
regions, has been an effective tool for studying cognitive brain functions. The majority of existing 
FC-based research has relied on the premise that networks are temporally stationary. However, there 
exist few research that support nonstationarity of FC which can be due to cognitive functioning. 
However, still there is a gap in tracking the dynamics of FC to gain a deeper understanding of how 
brain networks form and adapt in response to therapeutic interventions by identifying the change 
points that signify substantial shifts in network connectivity across the participants. Methods: The 
proposed approach in this study is based on tensor representation of FC networks of the source 
signals of electroencephalogram (EEG) activities yielding a multi-mode tensor. Then analysis of 
variance has been used to investigate changing points in connectivity of brain activity in sources 
domain in different conditions of tasks, frequency bands, and among subjects in time. High-density 
EEG signals (256 channels) were acquired from 30 tinnitus patients under visual (positive emotion 
induction) and transcranial direct current stimulation (tDCS) stimuli. Results: The proposed method 
of this study could effectively identify the significant brain connectivity change points, indicating 
enhanced effectiveness in capturing connectivity shifts comparing to conventional methods. Findings 
in tinnitus patients suggest that visual stimulation alone may not significantly alter brain connectivity 
networks. Conclusion: Based on the results, a combination of visual stimulation with simultaneous 
High-Definition tDCS is recommended, potentially informing optimal intervention strategies to 
enhance tinnitus treatment effectiveness.
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Introduction
Functional connectivity (FC) is described 
as the statistical dependence of distinct 
regions or the flow of information among 
them.[1,2] The majority of extant FC studies 
assume that networks are temporally 
stationary. Recent empirical research 
show that FC is dynamic due to cognitive 
functioning.[1] The trend in connectivity 
analysis is increasingly moving toward 
identifying dynamic changes. By detecting 
these critical transitions, researchers can 
gain a deeper understanding of how brain 
networks form, dissolve, and reorganize in 
response to cognitive demands in time or 
frequency.

Complementary approaches for tracking 
dynamic FC (dFC) have been developed 

based on clustering of FC networks (FCNs) 
and component analysis base approaches, 
respectively. One approach involves 
clustering FCNs across time and subjects, 
based on the assumption that the network 
occupies a distinct state at each time point, 
with these states varying over time.[3-5] For 
instance, Allen et al.[3] introduced a data-
driven approach utilizing k-means clustering 
to identify “FC-states” from resting-state 
Functional magnetic resonance imaging 
(fMRI) data. Similar clustering-based 
methods for identifying FC states have 
been employed in electroencephalogram 
(EEG) studies.[4,5]

Leonardi et al.[6] proposed principal 
component analysis (PCA)-based method 
designed to capture key fluctuations in 
whole-brain FC. In this approach, network 
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states are represented by eigen connectivities that explain 
the largest variance within a series of dFC networks across 
time and subjects. These selected eigen connectivities 
serve as foundational elements of dFC, with subject-
specific, time-dependent weights calculated through 
orthogonal projection to indicate each eigen connectivity’s 
influence.[7,8]

It is also important to investigate the time and regions 
where connectivity indeed changes due to stimulation across 
conditions as well as dynamic changes. In practice, latent 
components, such as between brain sources, are complex 
and rarely statistically independent. Hence, there would 
be a need to decompose these components to identify the 
changing states in time or space. Linear data models, such 
as PCA[9] and independent component analysis (ICA)[10] are 
commonly used for matrix decomposition. These models 
extract different types of basis vectors according to 
predefined criteria and allow the construction of relevant 
lower-dimensional features by projection. These approaches 
for tracking the dynamic nature of FC generally assume 
that the timing of the various states is predetermined, that 
at each time point the brain is in a discrete state, or that the 
current state is a weighted sum of FC-states.[7,8,10] Although 
these assumptions may be valid for resting-state FC studies, 
task-based research presume that FC states remain quasi-
stationary over time.[11-13]

Hence, it is not sufficient to depend on one criterion, such 
as ICA or PCA, to capture all essential components of 
brain connectivity. Singular value decomposition (SVD) 
has severe shortcomings when treating multidimensional 
data such as EEG recordings, because correlations stretch 
over more than one dimension,[14,15] but cannot manage 
the data segments of different lengths, an issue that often 
arises in brain analysis.[15] As a result, a key expansion 
to present methodologies would be to include algorithms 
for detecting time points when large changes in network 
organization occur. Given that multiple constraints, such as 
nonnegativity, sparsity, smoothness, or orthogonality, can 
be imposed on the factor matrices in various modes, it is 
important to recognize that statistical independence like in 
ICA and PCA is not the sole approach for extracting brain 
sources or isolating brain networks.

Therefore, it is necessary to study the brain connections 
with a comprehensive approach using EEG data using 
method that capability of compromising hidden variables 
and the high dimension of data in time. Combining 
techniques with various criteria and decomposing 
algorithms are indispensable to accurately preserve 
all the necessary components. Multiway data analysis 
extends beyond common linear methodologies to identify 
multilinear patterns and underlying relationships in higher-
order datasets, often referred to as tensors.

Multiway data analysis extends linear methods to 
capture multilinear patterns and underlying relationships 

within higher-order datasets, commonly referred to as 
tensors. Various tensor decomposition techniques have 
been developed for this purpose, including Canonical 
Decomposition also known as parallel factor analysis 
(PARAFAC) and Tucker decomposition.[16-19]

Tensor analysis, extends linear methods to capture 
multilinear patterns within high-order datasets, enabling a 
deeper understanding of complex relationships.[16-19] With 
flexibility for imposing constraints such as nonnegativity 
or sparsity, Tucker decomposition supports diverse 
applications, especially in brain network analysis via 
EEG.[17,19-21] Recent advances now enable the detection of 
significant change points in network connectivity, aiding 
in summarizing FCNs across the intervals of cognitive 
relevance.[17,20,21] In the context of tensor analysis, 
subspaces can often represent the certain properties or 
features of tensors (e.g.,  span of eigenvectors or principal 
components). It is necessary to compare the differences 
between the subspaces or states. As one of the most 
commonly used methods for this purpose, the Grassmann 
distance provides a way to measure how different two 
such subspaces are.

Our proposed study addresses the problem by keeping 
the network structure of FCNs intact by using tensor 
representations to identify the dynamic changes in time 
where significant changes to the network structure occur 
across all subjects due to interventions.

In this study, we aimed to investigate the brain 
dynamic connectivity changing points using analysis of 
Tucker decomposition method to identify FC matrices 
and summarize network structures. Through tensor 
representation, we can capture the variability which is 
common to all subjects across time using the analysis of 
variance (ANOVA). We hypothesized that A relatively 
similar network structure exists for all subjects. Once the 
change points are detected, the network state for the time 
intervals among change points is assumed to be stationary 
and common across subjects, and summarized through 
tensor-matrix projections across subjects, frequency and 
time. Brain activity in source domain obtained from high-
density EEG data from 30 tinnitus patients was used in three 
different types of visual-only stimulation intended to induce 
pleasant sensations, visual combined with high-definition 
transcranial direct current stimulation (HD-tDCS), and 
visual combined with sham stimulation. Tinnitus is often 
associated with altered activity in auditory, somatosensory, 
and limbic systems.[22] Limiting stimulation paradigms to 
visual stimuli might fail to engage the auditory cortex or 
the neural networks most directly implicated in tinnitus 
perception and modulation. Visual stimuli are not directly 
related to the subjective auditory experience of tinnitus. 
Using only visual inputs may fail to simulate real-world 
conditions where auditory and somatosensory systems play 
significant roles in perception and modulation. Functional 
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targeting hypothesizes that the visual with tDCS targeting 
effect is contingent by modulating persistent function.

Materials and Methods
Participants

In this study, we used the data form 30  patients 
(18  male, 54.43  ±  10.31  years) referred to the Centro 
Especializado de Otorrinolaringologia e Fonoaudiologia 
at the Clinical Hospital of Ribeirao Preto, Medical 
School-University of Sao Paulo (HCRP) in Brazil (HCRP 
No.  55716616.1.1001.5440).[22] Patients with consistent 
bilateral subjective tinnitus, auditory thresholds ranging 
from normal hearing to severe sensorineural hearing loss, 
no history of psychoactive drugs, normal color vision, and 
literacy/education are eligible. The study excludes patients 
with pulsatile tinnitus, Meniere illness, otosclerosis, chronic 
headaches, and neurological problems such as brain tumors, 
as well as those receiving mental health treatment. All the 
recruited participants underwent pure-tone audiometry 
(125–16,000 Hz) for hearing assessment at recruiting time. 
Psychoacoustic evaluation of tinnitus was performed at 
recruiting time and before and after each session.

Experimental design

The protocol and data structure are completely explained in 
the study of Ghodratitoostani et al.[22] A brief summary of 
the data acquisition and protocol is provided below:

Data were acquired in an observational crossover-
sectional, randomized, and single-blind study across 
three sessions: (1) picture presentation visual stimulation 
(presenting a set of validated emotionally laden pictures 
for induction of positive emotions./positively emotionally 
charged pictures/positive pictures high positively valenced 
pictures from the Nencki Affective Picture System[22]); 
(2) visual stimulation picture presentation with HD-
tDCS (20 min) (3) Visual stimulation picture presentation 
with sham. In the Sham procedure, only a small amount 
of current is applied to maintain the sensation of actual 
stimulation [Figure 1].

In the experiment, visual stimuli consisting of neutral and 
positive pictures were presented at a fixed screen location 
with a resolution of 1600  ×  1200 pixels. Neutral pictures 
are selected with the valence rate of higher than 4 and 
lower than 6 and the arousal rate lower than 6. A  set of 
20 neutral pictures in four loops is presented in the same 
order per loop. The order of presentation is randomized per 
session. Each picture is presented for 5 s with a cue of 500 
ms in between. Neutral pictures are placed in the resting-
state block (duration =2  min) that starts and finishes with 
tinnitus loudness question “Scale your tinnitus loudness 
from 1 to 10.” Positive pictures are placed in the visual 
stimulation blocks, categorized into two different groups. 
The first group (HAV) contains four pictures with high 
arousal and high valence rated more than 6. The second 

group (HV) contains 16 different pictures in each block 
with valence rate higher than 6.

During the experiment, eighty neutral pictures divided in 
four loop each containing twenty pictures, are presented 
to the patients. Two-hundred positive pictures are also 
displayed in five blocks with two loops; each block 
containing 20 pictures. The order of presentation for both 
neutral and positive pictures is the same. Each picture is 
presented for 5 s with a cue of 500 ms in between. The 
total time duration of picture presentation is almost 28 min. 
Throughout picture presentation, we frequently ask the 
patients to scale their tinnitus loudness from 1 to 10. 
In order to keep the patient’s conscious to their tinnitus 
perception.

Figure  2 shows that timeline of each three sessions is 
illustrated. The session with positive pictures without 
electrical stimulation is entitled Visual Stimulation in 
this schematic protocol. Visual stimulation is the session 
that we only have picture presentation without electrical 
stimulation. Each neutral picture group is presented for 
2  min The positive-valenced pictures presentation starts 
with presenting a fixed picture for 30 s during ramp up 
(The fixed picture is presented for 30 s during ramp up.). 
While 30 s ramp down is included/merged in 20  min 
presentation of positive-valenced pictures.

High-density EEG (256 channels) is used to measure the 
changes in brain activity before, during, and after the 
tDCS. The EEG signal was recorded for 45 min per session 
The 10  −  10 EEG Montage was used with a reference on 
Vertex (Cz) and recorded 1000 samples per second.

Methods

Preprocessing

For preprocessing, EEG data were initially labeled 
according to the timing of image presentations and different 
events. After labeling, the signal was segmented based 
on the timing of each event. First a bandpass filter (0.9–
110  Hz) applied to EEG data to remove DC and keeping 
high-frequency information of the data.[23] Furthermore, 
a notch filter used to remove power line harmonics (50, 
60, 100, and 120  Hz). Once the background noise caused 
by tDC stimulations is removed, then the signals was re-
referenced to common average of electrodes and bad 
channels (channels with abnormally high amplitudes for 
extended periods, such as 5–20 s) were excluded. Bad 
segment rejection was applied to time segments where 
multiple electrodes (e.g.,  more than 10 electrodes) were 
saturated for durations exceeding 500 ms due to leaking 
gel among EEG electrodes and tDCS electrodes.[23,24] The 
bad segments were removed, and the missing data were 
reconstructed using interpolation by averaging the data 
before and after the removed segment to maintain temporal 
consistency for subsequent analyses. Following this, ICA 
was used to remove unwanted components such as nonbrain 



Bahman, et al.: A tensor-based method to identify dynamic changes in brain connectivity

4� Journal of Medical Signals & Sensors | Volume 15 | Issue 8 | August 2025

activities, eye blinks, muscle activity, head movements, 
heartbeat artifacts, and other nonbrain components from 
the raw data by checking temporal activity and spectrum of 
the components using EEGLAB toolbox. Figure  3 shows 
preprocessing steps of EEG data in brief.

Functional connectivity

The connectivity analysis of EEG plays a pivotal role in 
studying the brain’s functional and structural networks, 
offering a window into the dynamic interactions between 
the neural regions. By quantifying how different areas of 
the brain communicate during various tasks, connectivity 
measures help unravel the complex, networked organization 
of the brain. Focusing on source space EEG offers 
significant advantages. EEG recorded at the scalp mixes 
signals from multiple sources due to the volume conduction 
effect. Source localization separates these contributions, 
offering a clearer view of neural activity. Sensor space 
connectivity measures can be confounded by spatial 
leakage, leading to spurious connections and it localizes the 
activity to specific brain regions, providing more precise 
insights compared to scalp-level signals.[22]

Choosing the appropriate method that can mitigate the 
effects of volume conduction is critical for obtaining 

reliable source localization results is important.[25,26] 
Volume conduction refers to the distortion of electrical 
brain signals as they traverse various tissues, including the 
skull and scalp, before reaching the EEG electrodes. This 
phenomenon complicates source localization because the 
recorded signals may not precisely reflect the actual brain 
activity. The electrodes capture a mixture of signals from 
multiple regions, making it difficult to pinpoint their true 
origin.

In this study low resolution electromagnetic tomography 
was used for EEG source localization because it allows for 
the reconstruction of brain activity patterns from the EEG 
data with relatively low noise and good spatial resolution. 
It utilizes the principle of minimizing the estimated error 
across various electrical activities, making it effective 
in localizing brain sources even when there are multiple 
sources present.[26,27]

Since the number of sources obtained in each brain region 
can vary and may differ across different events, our aim is 
to identify a single source to represent each brain region. 
Given that the signal with the highest power typically 
contains the most meaningful information, sources with 
the highest power were selected among the potential 

Figure 1: The sequence of picture presentation. EEG: Electroencephalogram
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sources within each brain region as the representative 
source.

The goal at this stage is to identify the change points in the 
FC matrix of selected sources using tensor decomposition 
methods.

After obtaining potential sources for each brain region 
the FC matrix computed for these sources using the phase 
locking value (PLV) method.[28] PLV is a widely used 
measure to evaluate phase synchronization between two 
signals, indicating the consistency of phase differences 
over time.[28-30] PLV is defined as:

( ) ( )1( )
= 2 ti tN

J=1

1PLV e
N

∅ −∅

∑ � (1)

Where ∅1(t) and ∅2(t) are the instantaneous phases of the two 
signals at time t, and N is the number of time points.

For each session connectivity matrices of 14 selected sources, 
with the dimensions of the matrices being 256  ×  256, 
representing the pairwise FC among the 256 EEG channels. 
For each session of data recording, ultimately E FC 
matrices were obtained. Using these matrices, a tensor with 
dimensions S × S × E was created, where S represents the 
number of selected sources with high power and E represents 
the number of events that occurred during the experiment.

Here in our study, we also needed to capture the effect of 
the stimuluses also in different frequency bands of EEG. 
For group analysis, all FC matrices were included from 

Figure 2: Time line of electrical stimulation. EEG: Electroencephalogram

Figure 3: Preprocessing steps of electroencephalogram data. EEG: Electroencephalogram
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different patients as an additional dimension in the tensor, 
resulting in a tensor with dimensions S × S × E × N, 

where S represents the potential sources, E the events that 
occurred, and N the number of patients.

Figure 4: Diagram of approach for tensor decomposition of connectivity matrices of electroencephalogram sources to identify the dynamic change points. 
EEG: Electroencephalogram
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As explained, in the context of tinnitus research, brain data 
involves multiple dimensions, such as EEG signals over 
time, different brain regions, and various frequency bands. 
Tensors processing allow us to capture and analyze this 
multidimensional structure in its entirety, preserving the 
relationships among these dimensions.

Tensor decomposition

Blind source separation (BSS) is a signal processing 
technique that involves recovering unobserved source 
signals from a mixture of observed signals.[31] Tensor 
decomposition is a powerful tool for BSS as it effectively 
manages multidimensional data, such as time, place, and 
frequency, common in brain connectivity studies. Unlike 
traditional matrix-based methods, tensor approaches 
preserve natural multidimensional relationships, enabling 
more accurate extraction of hidden components like brain 
signals. This is crucial for isolating and identifying brain 
connectivity patterns associated with tinnitus, providing 
insights into neural processes and connectivity changes. 
Constraints like sparsity or nonnegativity are often applied 
to ensure the results are relevant and interpretable, aiding 
in the discovery of meaningful components. In some 
cases, the data matrix is divided into three or more parts 
to enhance the analysis. In the specific case of SVD of the 
data Matrix 𝒀 ∈ ℝ1×T, the following factorization is applied:

1 2= = × × =T T
jj j j

j
Y ADB D  A B d a b∑ � (2)

Where 𝑨 ∈ ℝT×T and 𝑩 ∈ ℝT×T are orthogonal matrices 
and 𝑫 is a diagonal matrix containing only nonnegative 
singular values. The SVD and its generalizations play key 
roles in signal processing and data analysis.[31,32]

Multiple subjects, multiple task data sets can be represented 
by a set of data matrices 𝒀𝒏 and it is necessary to perform 
simultaneous constrained matrix factorizations.

( = 1,2,…, )T
n n nY A B  n N≅ � (3)

Tucker model is especially effective for multiway BSS, 
feature extraction, and classification because it collects 
spatial, temporal, and spectral information and connects 
derived components to meaningful physiological 
interpretations.[17,32] Tucker decomposition reduces the 
dimensionality of the data by breaking it into a core 
tensor and factor matrices.[31,32] The core tensor captures 
the essential interactions among dimensions, while 
the factor matrices represent patterns in individual 
modes (e.g.,  spatial or temporal). This reduces 
computational complexity and noise while retaining 
key signal features. Also, Tucker decomposition 
can isolate noise components and focus on the true 
underlying patterns, aiding in artifact removal and 
signal enhancement.[28-31] The method is increasingly 
used in data fusion, dimensionality reduction, and 
pattern identification, making it ideal for complicated 
neuroimaging data processing.[17,32-36]

In the case of multidimensional data, the simple linear BSS 
model can be straightforwardly extended to multiway BSS 
models using constrained tensor decompositions. A general 
and flexible approach considered here takes advantage of 
the Tucker decomposition model shown in Eq. 4 which is 
also referred to as the Tucker-N model:  [17]
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{ }

1 2

1 2 2
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1 (2)
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Where 𝒀 ∈ ℝI1×I2×…IN is the given data tensor, 𝑮∈ ℝJ1×J2×…JN 
is a core tensor of reduced dimension, 𝑼(1) = [𝒖1

(𝑛), 𝒖2
(𝑛),…, 

𝒖J
 
𝑛

(𝑛)] ∈ ℝI𝑛×J𝑛 (n  =  1,2,…, N) are factors (component 
matrices) representing components, latent variables, 

Figure 5: Estimated changing points out of applying the analysis of variance-based approach a) Mean change points and slope of change. b) Second 
temporal component with the major changes. c) Actual change points detected in time

c

b

a
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common factors or loadings, 𝒀 is an approximation of the 
measurement 𝒀, and 𝑬 denotes the approximation error 
or noise depending on the context. The objective is to 
estimate factor matrices: U(N), with components (vectors) 

( ) ( )= 1,2,…, = 1,2,…,
n

n
j n nu , n N, j J   and the core tensor 𝑮 

∈ ℝJ1×J2×…JN assuming that the number of factors in each 
mode JN are known or can be estimated.[35-37]

Figure 6: (a) connectivity matrices among the major change points, (b) Clustering Connectivity Matrices Using K-mean

a

b
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Since we aimed to identify the major change points, 
this study combined Tucker with ANOVA[38] to capture 
the dynamic variations and first-order derivative and 
Grossman,[39] as follows:
•	 In the ANOVA based method, the slope of the 

tangent line was calculated, and based on the 
changes in the slope, the change points were 
identified

•	 In the first-order derivative method, change points 
were identified based on 95% threshold of derivative 
changes in the connectivity matrix that corresponds to 
the significance level.[18]

While the Tucker decomposition cannot determine the 
component matrices uniquely like PARAFAC, its component 
matrices are orthogonal. The orthogonality property of the 

Tucker decomposition makes it an appropriate decomposition 
for lower dimensional subspace projection and the core 
array.[18,36,37] As the Tucker decomposition is a higher-order 
generalization of SVD for tensors, first elements are the most 
important singular values ich enables us low approximation. 
Hence, based on connectivity matrices, we made the tensor 
including different modes, then using Tucker as explained we 
got the most important singular information and investigated 
variations using the ANOVA [Figure 4].

Once the major changes were identified, new FC matrices 
were computed among these points. Finally, K-means was 
employed to compare the FC matrices among major change 
points as it has been employed in several EEG connectivity 
studies.[18,37,40] This clustering approach allowed us to 
quantitatively evaluate the significant differences in the 

Figure 7: (a) Temporal components variation by parallel factor analysis decomposition, (b) Temporal components variation by TUCKER decomposition
b

a
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FC matrices at various time intervals, providing deeper 
insights into how brain networks evolved across different 
experimental phases.

As shown in Table  1, the regions involved in tinnitus are 
displayed. In addition, Figure  4 presents the flowchart for 
obtaining the signal corresponding to each time segment., 
The representative time signals for each region during the 
prestimulation, stimulation, and poststimulation phases are 
provided in Figure 4.

Results of analysis based on the explained method on 
which decomposition method showed better results and 

results related to ANOVA to reveal the changing points of 
connectivity report in the following.

Experimental results

Based on the results, we proceeded with the Tucker 
decomposition method for further analysis. Here, we 
wanted to know which images as visual stimulus caused 
significant change in dynamic connectivity. Totally, EEG 
data are divided into 14 segments: the first two-time 
sections corresponded to the prestimulus phase, the next 
10 segments corresponded to the stimulation phase, and 

Table 1: Regions involved in tinnitus
Network Seeds MNI coordinates

X Y Z
Emotion 
processing

Right amygdala 18 −7 −17
Left amygdala −17 −2 −24

FPN Right dorsolateral prefrontal cortex 41 38 30
Left dorsolateral prefrontal cortex −43 33 28

CON Right anterior insula 47 14 0
Left anterior insula −44 13 1

AN Right primary auditory cortex 41 −27 6
Left primary auditory cortex −55 −22 9

DAN_1 Right posterior intraparietal sulcus 26 −62 53
Left posterior intraparietal sulcus −23 −70 46

DAN_2 Right frontal eye field 27 −11 54
Left frontal eye field −25 −11 54

DMN Medial prefrontal cortex 8 59 19
Posterior cingulate cortex −2 −50 25

DMN – Default mode network; AN – Auditory network; 
CON – Cingulo‑opercular network; FPN – Fronto‑parietal 
network; DAN – Dorsal attention network; MNI – Montreal 
neurological institute

Figure 8: Most significant change points among the consecutive time steps 
of the functional connectivity network calculated based on singular value 
decomposition and tensor projection

Figure 9: Bar chart of the mean and standard error of phase locking value values before, during, and after stimulation for visual positive emotion induction 
combined with high-definition-transcranial direct current stimulation and Sham sessions using the tensor decomposition method. a) Mean PLV with tensor 
factorization (Upper row). b) Mean PLV without tensor factorization. HD-tDCS: High-definition transcranial direct current stimulation

a

b
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the final 2 segments corresponded to the poststimulus 
phase.

Tucker-analysis of variance

We used the ANOVA slope method to identify the major 
change points of each region among detected time sections 
by Tucker (sections 1, 8 and 12). First, ANOVA was 
computed for connectivity changes in detected segments 
of specified region, and then the slope of changes tracked 
using the following method: the slope was calculated for 
each time section relative to the previous segment, and 
any point where the slope exceeded 90% of the total slope 
changes was considered a major change point.

As shown in Figure  5a, the method using the slope 
tangent to the ANOVA successfully revealed major 
change points. Figure  6b, which illustrates these change 
points, shows that the first change point occurs at image 
number 46. Given that the patient was shown 40 images 
prior to stimulation (arranged in two loops of 20 images 
each) and 200 images during stimulation with the tDCS 
device activated during the first loop of the stimulation 
phase, the algorithm has accurately detected the change 
point, which appears in the initial loop following the 
onset of stimulation. The second change point occurs at 
image number 209, which may result from the continued 
effect of tDCS stimulation. The final change point occurs 
at image number 244, which coincides with the time 
when the tDCS device was turned off, causing a major 
change in the brain’s FC. As shown in Figure 5c, exact 
time of major change point in connectivity are detected 
by method.

After identifying the major change point, as shown in 
Figure 6a, the connectivity matrices were calculated among 
the major change points, with the results for the visual with 
HD-tDCS session. In the next step, to quantify the changes 
in the obtained connectivity matrices, we converted 
the connectivity matrices into vectors and clustered the 
resulting vectors using the K-means method. As shown 
in Figure  6b, the mean of each cluster, corresponding to 
the connectivity matrix among the major change points 
(significant sections of time detected by Tucker), differed 
from one another. As a result, the obtained connectivity 
matrices can be considered the main connectivity matrices 
at each stage.

Method validation

As shown in Figure  7a, we can see PARAFAC 
decomposition did not effectively detect connectivity 
changes in time mode (the connectivity changes over the 
14-time sections for mean all 280 images shown to patient 
did not show significant differences). However, as shown 
in Figure 7b, the changes in connectivity were successfully 
identified using the Tucker decomposition (the most 
significant changes were observed in time sections 1, 8, and 
12, which correspond to the prestimulation, stimulation, 

and poststimulation phases, respectively).

Based on Table 2, dispersion of samples in clusters related 
together that means how points in a cluster (time section 
of stimuli) are far from another one using Silhouette score. 
As we can see, points in clusters are good clustered using 
k-mean by Tucker-ANOVA which means PLV values of 
major change points are significantly differ from each other.

In order to show the effectiveness of tensor-based methods 
compared to the traditional matrix-based methods, the 
upper triangle part of connectivity matrix which was 
vectorized and concatenated across subjects to form a 
matrix to perform tensor decomposition. Similarly, SVD 
is performed on the matrices at each time step similar to 
the tensor approach without subject sampling. An optimal 
rank at each time point is determined using the convex 
hull algorithm. Given the rank at each time, the Grassmann 
distance among consecutive time steps is computed 
concatenated across subjects to form a matrix. As we can 
see in Figure  8, SVD couldn’t find any significant change 
points comparing the two other methods based on tensor 
decomposition. Results also showed that Tucker-ANOVA 
could outperform Grassman because of the sparser results 
of our approach.

Discussion
In this study, our aim was to investigate the effects of 
stimulation on changing dynamic of brain connectivity 
positive emotion induction (PEI) by visual and brain 
stimulations. For this, the high-density EEG data of tinnitus 
patients were used to investigate dynamic changes in brain 
connectivity under different states of stimulation types of 
visual Positive Emotion Induction (PEI) stimulation, PEI 
with HD-tDCS, and PEI combined with sham stimulation. 
Connectivity of data in source domain was calculated then 
using tensor decomposition methods which is capable of 
handling high-dimensional data, we tried to investigate 
change points if dynamic connectivity based of variation 
in results of time domain of results of decompositions 
methods.

First of all, based on our results, Tucker method showed 
promising results of decomposition of the high dimensional 

Table 2: Silhouette score of change points detected from 
Tucker‑analysis of variance and Tucker‑Grassman

Silhouette score
Change points Tucker‑ANOVA Tucker‑Grassman
1–2 0.4 0.3
1–3 0.6 0.5
1–4 0.7 0.6
2–3 0.6 0.4
2–4 0.7 0.5
4–3 0.4 0.3
Mean 0.56 0.43
ANOVA – Analysis of variance
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connectivity matrices (including modes as time domain, 
frequency and subjects). Our results did not show 
significant changes using PARAFAC [Figure  5a and b]. 
Tucker decomposition allows for a more flexible core 
tensor with fewer constraints, which enables it to capture 
more complex interactions among tensor modes. PARAFAC 
imposes a stricter structure on the data, with the factor 
matrices constrained to vary only along one mode while 
being identical across others, which can limit its ability 
to capture complex patterns and our results are along with 
this that Tucker method revealed us significant sections of 
stimuli which connectivity varied related to other sections. 
Our results are aligning with previous researches on 
effectiveness of Tucker to conventional ones when dealing 
with neural data.[17,18,37,40]

Based on that connectivity of the detected section were 
calculated. Figure  8 presents the average connectivity 
matrices before, during, and after stimulation. The top 
row shows the average connectivity using the tensor 
decomposition method, while the bottom row displays the 
average connectivity with preprocessed data using the PLV 
method for four frequency bands of alpha, beta, delta, and 
theta.

As shown in Figure  9, for the PEI combined with HD-
tDCS session (left column), the average connectivity 
during stimulation has the highest value, both with and 
without tensor decomposition. On the other hand, in 
the method without tensor decomposition, the average 
connectivity values before and after stimulation are almost 
similar. However, with tensor decomposition, the average 
connectivity before and after stimulation shows a notable 
difference, with poststimulation connectivity being lower 
than prestimulation. This suggests that tensor decomposition 
can effectively differentiate meaningful connectivity.

In the Sham session (middle column), the average 
connectivity is almost the same across all segments in 
both methods. However, the noteworthy point here is the 
pattern of the connectivity averages, where the matrix’s 
average connectivity is the highest before stimulation and 
lowest during stimulation. This pattern is well-preserved 
when using the tensor decomposition method. In the 
visual session (right column), similar to the Sham session, 
the changes in the average connectivity matrices are not 
significant. However, the pattern of changes in the average 
connectivity matrices using the tensor decomposition 
method is still preserved in this session as well.

Based on Table  2, we can see clustering PLV of detected 
change points [sections 1, 3, 8, and 12, as shown in 
Figure 5] by Tucker are successfully differ from each other. 
This is aligned with Figure  9 which we seen that mean 
PLV of sections in prestimuli, stimuli and poststimuli are 
different significantly. Hence, Tucker detected section as 
change points correctly.

However, an important point is that stimulation using PEI 
along with tDCS caused significant increase in PLV in all 
frequency range off EEG comparing to sham and only 
visual stimulation but as it can be seen in Figure  9a, the 
standard deviation before applying tensor decomposition 
is significantly higher compared to after applying tensor 
decomposition, indicating that tensor decomposition can 
effectively extract important and meaningful connectivity 
[Figure 9b].

Recent studies have utilized Tucker tensor decomposition 
to analyze EEG data, revealing dynamic brain states based 
on multiway tensors reconstructed from time, frequency, 
regions or subjects.[18,37,40-45] These studies highlight the 
efficacy of Tucker decomposition in decoding complex, 
multidimensional EEG data as our results acknowledged 
efficiency of Tucker. Although Tucke has been widely used 
in similar studies, it is important to provide a criterion 
for identifying change points based on Tucker’’s results. 
Mahyari et al., proposed the Grossman to identify change 
points in time[18] but in this study, we used a criterion based 
on variations in Tucker’s component values, which was 
not only better than Grossman and SVD, but also provided 
more sparser results, as shown in Figure 8.

The results showed that in patients with tinnitus, visual 
stimulation alone – intended to induce pleasant sensations – 
may fail to yield the significant changes in the connectivity 
networks. Tinnitus is often associated with altered activity 
in auditory, somatosensory, and limbic systems.[46,47] 
Limiting stimulation paradigms to visual stimuli might fail 
to engage the auditory cortex or the neural networks most 
directly implicated in tinnitus perception and modulation. 
Visual stimuli are not directly related to the subjective 
auditory experience of tinnitus. Using only visual inputs 
may fail to simulate real-world conditions where auditory 
and somatosensory systems play significant roles in 
perception and modulation. Patients with tinnitus show 
variability in how visual and auditory stimuli influence 
their neural processing. Visual-only paradigms may not 
address this heterogeneity, limiting the generalizability of 
results to the broader tinnitus population. Our results are 
consistent with the need to use tDCS along with visual 
stimuli for more effective intervention in tinnitus patients.

As future work, we suggest using EEG-fMRI signals to 
gain more insight into functional networks in tinnitus 
and allow for better detection of connectivity changes 
associated with the disorder and treatments.

Conclusion
The major change points identification and summarization 
of FCNs in both source spaces were performed using 
the tensor decomposition method presented in this paper. 
Moreover, by applying tensor decomposition in the source 
space, we could identify with high accuracy the major 
changes in the connectivity matrices through Tucker-
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ANOVA based approach. Most importantly, Upon the 
achieved results we suggested that in patients with tinnitus, 
visual stimulation alone–intended to induce pleasant 
sensations–may fail to yield significant changes in the 
connectivity networks. Due to promising results of Tucker-
ANOVA for identifying major changing points in dynamic 
brain connectivity, it can be used in various fields related to 
the analysis of changes in brain connections in the presence 
of therapeutic interventions or based on performing 
cognitive activities.
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