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Abstract

In the field of audiology, achieving accurate discrimination of auditory impairments remains a formidable challenge.
Conditions such as deafness and tinnitus exert a substantial impact on patients' overall quality of life, emphasizing
the urgent need for precise and efficient classification methods. This study introduces an innovative approach, utiliz-
ing Multi-View Brain Network data acquired from three distinct cohorts: 51 deaf patients, 54 with tinnitus, and 42
normal controls. Electroencephalogram (EEG) recording data were meticulously collected, focusing on 70 electrodes
attached to an end-to-end key with 10 regions of interest (ROI). This data is synergistically integrated with machine
learning algorithms. To tackle the inherently high-dimensional nature of brain connectivity data, principal compo-
nent analysis (PCA) is employed for feature reduction, enhancing interpretability. The proposed approach undergoes
evaluation using ensemble learning technigues, including Random Forest, Extra Trees, Gradient Boosting, and Cat-
Boost. The performance of the proposed models is scrutinized across a comprehensive set of metrics, encompass-
ing cross-validation accuracy (CVA), precision, recall, F1-score, Kappa, and Matthews correlation coefficient (MCC).
The proposed models demonstrate statistical significance and effectively diagnose auditory disorders, contributing
to early detection and personalized treatment, thereby enhancing patient outcomes and quality of life. Notably, they
exhibit reliability and robustness, characterized by high Kappa and MCC values. This research represents a significant
advancement in the intersection of audiology, neuroimaging, and machine learning, with transformative implications
for clinical practice and care.

Keywords Neurological disorders, Auditory impairments, Deafness, Tinnitus, Multi-View Brain Networks, EEG-based
diagnosis, Ensemble learning, Feature reduction, Diagnostic modeling

1 Introduction
Audiological disorders, including deafness and tinni-
tus, represent significant challenges to individuals and
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advanced neuroimaging techniques and machine learn-
ing approaches to provide more objective and accurate
means of diagnosis. Integrating Multi-View Brain Net-
work data with state-of-the-art machine learning algo-
rithms shows promising results [4]. This organ is the
product of successful evolution, allowing us to perceive,
understand, and interact with the world in ways that sur-
pass all other species [5]. The brain’s intricate network of
neurons, synapses, and signaling pathways directs human
cognition and behavior [6]. The brain networks are like
a massive communication network, with interconnected
areas constantly transmitting signals [7]. Neural net-
works sustain our consciousness, emotions, and memo-
ries, creating unique human experiences. These networks
intricately weave together to create a tapestry that sets us
apart as unique individuals [8]. Advanced technologies
are crucial for neuroscience to comprehend the intrica-
cies of neural networks, such as functional magnetic
resonance imaging (fMRI) and EEG, to peek into the
real-time dynamics of brain activity [9]. Brain network
analysis tools reveal how our cognitive and emotional
faculties work. The study of connections between neu-
rons and humans provides insight into consciousness,
self-determination, and human nature [10].

Deafness is a sensory impairment that exerts a con-
siderable impact on the organization of human brain
networks, leading to neuroplasticity [11]. Changes in
sensory input or experiences can trigger the brain’s reor-
ganization ability. This is especially true for individuals
who experience hearing loss, such as those who are deaf.
As a result, they often possess superior visual processing
skills, including improved visual acuity, motion detec-
tion, and spatial abilities [12]. Changes in connectivity
among different brain regions, including the left hemi-
sphere responsible for sign language processing, occur
in patients with hearing loss due to the reorganization
of brain networks [13]. Acknowledging sign language as
a legitimate language significantly influences the brain
regions that manage language processing. The cognitive
system responsible for short-term memory and informa-
tion manipulation is often enhanced in deaf individuals
[14]. Hearing loss can have a significant impact on social
and emotional processing. It is widely acknowledged
that people with normal hearing process emotional sig-
nals differently than those with hearing impairment [15].
Understanding neural adaptations and developing tar-
geted interventions and assistive technologies are essen-
tial to improve the quality of life for individuals with
hearing impairments [16]. Tinnitus is a common medical
condition that causes individuals to experience sounds in
their ears even when there is no external auditory stimu-
lus. This condition affects millions worldwide and should
not be taken lightly [17]. Tinnitus has many factors that
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interact in complex ways, leading to its cause. Although
the cause may not always be clear, it is believed that alter-
ations in brain networks could play a role in its develop-
ment [18]. Any changes within the auditory system will
undoubtedly affect its ability to hear and process sound
effectively [19].

Machine learning in audiology is indispensable for
the Automated Diagnosis of auditory disorders through
Multi-View Brain Networks. With their remarkable abil-
ity to process vast amounts of data and identify intricate
patterns, Machine Learning algorithms are highly effec-
tive in accurately and efficiently classifying auditory dis-
orders [20].

The primary objective of this study is to create a system
that can improve the diagnosis of auditory disorders such
as deafness and tinnitus. This is achieved by analyzing the
complex relationships between different brain regions
using a clustering coefficient based on triangle motifs.
The feature reduction technique PCA is utilized to man-
age the high-dimensional nature of brain connectivity
data. The study employs ensemble learning techniques
to produce accurate and reliable predictive models. The
main contributions of this work can be summarized as
follows:

Use machine learning for early and accurate diagnosis
of deafness and tinnitus to enhance patient outcomes
and quality of life. Apply Multi-View data and combine
different views in EEG data and 10 ROI to achieve bet-
ter diagnosis results. Build a Robust model by leveraging
the strengths of ensemble learning algorithms. Assess the
effectiveness of classification findings by evaluating pro-
posed models using a variety of metrics. Compare our
findings results with existing state-of-the-art approaches.
The remaining sections of this paper are arranged in the
following: Sect. 2 provides a comprehensive overview of
pertinent research concerning identifying auditory disor-
ders through Multi-View Brain Networks. Section 3 cov-
ers the proposed research methodology, which includes
the creation of multi-view brain networks, exploratory
data analysis, and data visualization. In section 5, the
details of our experimental hypothesis modeling and
setup are outlined. The experimental findings and results
are detailed in Sect. 6. Section 7 gives the work conclu-
sion and recommendations for future work that can be
implemented to achieve positive outcomes.

2 Related work

In recent years, the intersection of audiology, neuroim-
aging, and machine learning has prompted various inves-
tigations to advance the understanding and diagnosis of
auditory disorders. A survey of relevant literature reveals
several pertinent studies that contribute to developing
similar methodologies.
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Chen et al. [21] explored the application of fMRI data
in characterizing functional brain network alterations
associated with tinnitus. Their study underscored the
utility of resting-state fMRI data in identifying distinc-
tive connectivity patterns within the auditory networks
of tinnitus patients.

Smith and Jones [22] conducted an extensive review of
neuroimaging studies focused on deafness-related plas-
ticity in the auditory cortex. Their synthesis highlighted
the remarkable capacity of the brain to reorganize neural
pathways in response to auditory deficits, a phenomenon
contributing to the establishment of novel diagnostic
frameworks.

In machine learning, Li et al. [23] explored the efficacy
of Support Vector Machines in classifying individuals
with tinnitus based on their neuroimaging profiles. Their
results demonstrated promising classification accuracy,
motivating further exploration of diverse machine learn-
ing techniques as we undertake in this study.

Moreover, Johnson et al. [24] intersects with our
methodology by utilizing Multi-View Brain Network
data to differentiate neurological disorders. While not
confined to auditory disorders, their successful integra-
tion of multi-view data offers a model for a multi-modal
approach.

EEG data were used in [25] to build a brain networks
model and detect functional connectivity patterns for
individuals with auditory disorders. By analyzing func-
tional connectivity in brain networks, another study
[26] sought to differentiate between prelingually deaf
infants with and without cochlear implants. Using a
novel method for dividing regions of interest (ROIs), the
study obtained significant enhancements in classification
accuracy.

In addition, machine learning has been used to predict
normal and pathological phenotypes from large-scale
human brain networks by comparing various brain net-
work kernels for classification purposes [27]. Moreo-
ver, functional near-infrared spectroscopy (fNIRS) and
machine learning have been used to differentiate indi-
viduals with and without tinnitus, with significant
differences between tinnitus patients and controls in rest-
ing-state measures of connectivity and evoked responses
[28]. While fMRI studies have examined brain activation
in tinnitus patients, cognitive control, and default mode
networks may be involved in non-auditory aspects of the
disorder [29].

The structure of the human cerebral cortex can be
estimated using intrinsic functional connectivity. Using
resting-state functional connectivity magnetic reso-
nance imaging (MRI), the configuration of networks in
the human cerebrum was investigated [30]. Local net-
works confined to the sensory and motor cortices and
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distributed networks of association regions were dis-
covered. Functional connectivity within the sensory and
motor cortices followed topographic representations
across adjacent areas, whereas connectivity patterns in
the association cortex frequently exhibited abrupt net-
work boundary transitions [31]. According to another
study, three interdependent architectural gradients
underline the organization of intrinsic functional con-
nectivity in the human cerebral cortex. These gradients
correlated with external versus internal information
sources, content representation versus attentional modu-
lation, and central versus peripheral brain regions [32]. In
addition, intrinsic functional connectivity MRI was used
to compare rodent and human cortico-hippocampal con-
nectivity. The results demonstrated preferential connec-
tivity of sensory cortical networks in rats, as opposed to
association cortical networks in humans [33].

Using machine learning techniques, human brain net-
works can be analyzed [34]. These techniques employ
various algorithms, including K-Nearest Neighbor, Sup-
port Vector Machine, and Artificial Neural Network, to
analyze brain images and identify connectivity patterns
[35]. Machine learning methods can also be used to
develop fMRI network inference methods, such as Brain-
NET, which quantify the contributions of various brain
regions [36]. Deep learning techniques, such as Graph
AuTo-Encoding (GATE), have been devised to character-
ize the population distribution of brain graphs and infer
their relationships with human characteristics [37]. In
addition, deep learning methods have been applied to
classify brain networks for detecting Alzheimer’s disease
(AD) [38]. Several statistical and machine learning link
selection methods have been evaluated for brain func-
tional networks, resulting in better utilization of network
representations. Multimodal neuroimaging can present
valuable information in the diagnosis of dementia. How-
ever, the small size of complete multi-modal data limits
the ability of representation learning. In Ref. [39], the
authors proposed a novel framework for the AD diag-
nosis called Multimodal-Representation-Learning and
Adversarial Hypergraph-Fusion. This framework com-
bines distribution-based GraphGAN and CNN-based
GraphAE to extract features in the representation space.
An adversarial strategy is utilized in modal fusion to
improve the accuracy of AD detection. Results obtained
on the ADNI dataset show that prior information can
help enhance discrimination of representation learning.
Also, adding more modalities can improve the detection
performance.

In Ref. [40], the authors proposed a novel Consistent
Perception Generative Adversarial Network (CPGAN)
for semi-supervised stroke lesion segmentation. The pro-
posed CPGAN can reduce the reliance on fully labeled
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samples. Specifically, a Similarity Connection Module
(SCM) was designed to capture the information of multi-
scale features. The proposed SCM can selectively aggre-
gate the features at each position by a weighted sum. An
assistant network was constructed using a consistent per-
ception strategy to improve meaningful feature represen-
tation learning to enhance brain stroke lesion prediction
accuracy for unlabeled data. They employed the assistant
network and the discriminator to decide whether the
segmentation results were real or fake. The CPGAN was
evaluated on the Anatomical Tracings of Lesions After
Stroke (ATLAS). The experimental results demonstrated
that the proposed network achieves superior segmenta-
tion performance.

3 Proposed research methodology

3.1 Data insights

The multi-layer brain network dataset was collected by
Sun Yat-sen University [41]. The dataset includes three
distinct groups, consisting of 51 deaf cases, 54 with tin-
nitus, and 42 healthy individuals. The study thoroughly
analyzed their respective brain network function.

Resting-state EEG data can provide valuable informa-
tion on neural processes. Extracting multi-layered brain
network datasets from this data helps us understand how
the brain functions. Complex datasets require advanced
analysis methods, including varied subjects, electrodes,
and frequency bands. These data examine the brain net-
work dynamics in individuals with deafness, tinnitus,
and those without hearing problems using 70 electrodes.
Data acquisition and preprocessing are explained.

The dataset features nine different frequency bands,
namely Delta, Theta, Alphal, Alpha2, Betal, Beta2,
Beta3, Gammal, and Gamma2. Pearson’s correlation
coefficients calculate the interconnections of the elec-
trodes for each frequency band. Based on EEG data,
the network highlights significant disparities in neural
networks between the three subject types. The dataset
provides vital insights into the characteristics of brain
networks in deafness and tinnitus patients compared to
normal controls.

3.2 Exploratory data analysis and visualization

Exploratory data analysis (EDA) is crucial in data science
as it helps understand data patterns and gain insights.
Visualizations and plots play a significant role in mak-
ing complex data more accessible. In this EDA, we have
employed various visualization techniques to elucidate
the multi-layer brain network datasets obtained from
EEG data. Graphical representations and data visualiza-
tions are essential for transforming intricate numerical
data into easily understandable graphics. During this
EDA process, we have tailored these visualizations to
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meet the unique requirements and characteristics of the
multi-layer brain network datasets.

Histograms display how connection strengths are dis-
tributed within brain networks, such as the ’alphal’ and
‘alpha2’ connections in the normal category. These his-
tograms group connection strengths into bins to reveal
whether the networks consist predominantly of weak or
strong connections. This visualizes the connections in
the brain, where varying cell sizes indicate strength and
color intensity represents patterns like clusters. Adja-
cency matrices offer a comprehensive network topology
view by revealing how nodes are interconnected.

The clustering coefficient, based on triangle motifs or
transitivity, measures how tightly knit a network is [42]. It
is calculated as shown in Eq. 1:

2T;

Ci= kitk; — 1)’ M

where C; is the clustering coefficient of node i, T; is the
number of triangles node i is part of and k; is the degree
of node i.

A node’s local clustering (per class) coefficient meas-
ures how well its neighbors are connected. It is calculated
as shown in Eq. 2:
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where C; is the local clustering coefficient of node i, E; is
the number of edges between the neighbors of node i and
k; is the degree of node i. Figure 1 shows the clustering
coefficients for the frequency band of the three cases and
their corresponding averages. Provides a visual represen-
tation of clustering coefficients in EEG data that can be
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Fig. 1 The clustering coefficients obtained from EEG scan data

for three different auditory diagnosis cases: "Normal’, "Tinnitus’,

and "Deafness. Each bar in the plot represents the clustering
coefficient for a specific scan channel and a particular diagnosis case
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used as features to understand neural dynamics in audi-
tory disorders better [43].

The clustering coefficient measures how tightly con-
nected nodes are in a network, reflecting the degree of
local connectivity in the EEG data. Across all scan chan-
nels, the "Deafness” case tends to have slightly higher
clustering coefficients compared to the "Normal” and
“Tinnitus” cases. Additionally, the ”delta” scan chan-
nel exhibits the highest clustering coefficients among all
cases. Furthermore, scan channels "alphal” and ”alpha2”
demonstrate relatively high clustering coefficients for all
diagnosis cases. The clustering coefficients obtained from
the EEG scan data for the three cases of auditory diagno-
sis have ignited a strong motivation to explore machine
learning for classification. These coefficients provide a
unique perspective on local connectivity patterns within
the EEG data, offering insights into the intricate relation-
ships between different scan channels and diagnostic
outcomes. The higher clustering coefficients associated
with the "Deafness” case across various scan channels
hint at distinctive network properties that may indicate
auditory disorders. This observation sparks curiosity
about the underlying neural dynamics and its potential
role in auditory conditions.

Moreover, the clustering coefficients shed light on the
complex interplay between brain regions and their con-
nectivity patterns. This intricate network of connections
can be harnessed as valuable features for machine learn-
ing models to classify auditory diagnosis cases. Variations
in clustering coefficients between different scan channels
highlight the potential for discriminative features that
capture the essence of each diagnostic category. We aim
to create accurate machine learning models that classify
individuals by auditory diagnosis for early detection to
get accurate treatment.

4 Ensemble learning classifiers

Identifying auditory impairments is challenging but cru-
cial to improving quality of life. Efficient classification
methods are needed to distinguish between affected and
healthy individuals. Ensemble learning classifiers in audi-
ology combine multiple models to improve classification
accuracy and reduce variability and noise in auditory
data [44, 45]. To effectively address auditory impair-
ments, classification methods must be able to identify
and understand subtle patterns and relationships within
the data. Ensemble learning classifiers inherently cap-
ture diversity by incorporating distinct base classifiers,
each specialized in recognizing specific patterns within
the auditory features [46]. By using techniques such as
bagging, boosting, and stacking, ensemble classifiers can
better utilize the complex nature of auditory data [47].
Ensemble learning classifiers can accurately diagnose and
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treat auditory impairments using multiple models, pro-
viding better care for those with augitory disorders.

Given an annotated dataset {(X;, yi)}ﬁ\i 1» Where X ;
represents the input features and y; is the corresponding
target label to build the ensemble.

4.1 ExtraTrees classifier

The Extra Trees classifier is known for effectively cap-
turing complex patterns within intricate datasets [48].
Furthermore, brain networks provide a comprehensive
display of functional connectivity across various neu-
ral regions. The Extra Trees classifier is a random forest
algorithm that seeks to improve diversity and generali-
zation by creating a group of decision trees [49]. It uses
the input features and their corresponding target labels
to build the ensemble, which involves training several
decision trees. A single decision tree in the Extra Trees
ensemble is grown using a random subset of features
and training samples [50]. The splitting process aims to
reduce the variance and overfitting inherent in individual
trees [49]. The prediction of the tth tree is represented
by h:(x), which is based on the input feature vector x
provided. The ensemble prediction for an input «x is cal-
culated by averaging the predictions of all trees as pre-
sented in Eq. 3:

T
1
F(x) = T § iy (x). (3)
t=1

The variable T represents the total number of trees in the
ensemble. To create a prediction model, several decision
trees are generated by training them in various random
subsets of the data. The final prediction is made by com-
bining the predictions of these trees. The randomness in
the training process helps increase the model’s diversity
and prevents overfitting [51]. This algorithm is simple
and works as an ensemble. The algorithm’s simplicity
and ensemble approach make it effective for various clas-
sification tasks, including diagnosing auditory disorders
such as deafness, tinnitus, and normal auditory func-
tion. By enhancing the diversity among decision trees
and considering the multi-view aspect of brain networks,
the Extra Trees classifier holds the potential to enhance
the accuracy and reliability of complex medical classifica-
tions. The combination of Extra Trees can lead to prom-
ising results in diagnosis.

4.2 CatBoosting classifier

The CatBoosting classifier is a tool that can identify
complex patterns within various datasets [52]. One area
where it has been particularly useful is in analyzing the
multi-view nature of brain networks. This allows for a
detailed understanding of how different parts of the brain
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are connected and function together. The CatBoosting
classifier is designed to improve an objective function by
creating a sequence of decision trees. It achieves this by
repeatedly building an ensemble of decision trees. The
main function for CatBoosting can be expressed as in
Eq. 4:

N T
Obj(6) = > Llyu Fx)) + Y Q(f), @

=1 t=1

where 0 represents the model parameters, F(x;) is the
ensemble prediction for input x;, L is the loss function
measuring the discrepancy between predicted and true
labels, and 2 (f;) is a regularization term for the ¢-th deci-
sion tree f;. Each decision tree is constructed by recur-
sively partitioning the feature space based on binary
splits. The splitting process minimizes the loss function
by determining optimal threshold values for each fea-
ture. Furthermore, CatBoosting uses a category-specific
enhancement mechanism to effectively handle categori-
cal characteristics [53]. When building trees with Cat-
Boost, it is crucial to follow a step-by-step approach.
Each new tree should be trained to learn the residu-
als of the previous ensemble’s predictions. This is done
through gradient boosting, where new trees are added to
reduce the gradient of the loss function. Combining the
CatBoosting classifier with the multi-view approach can
create a more accurate diagnostic model for identifying
auditory disorders.

4.3 Gradient Boosting classifier

The Gradient Boosting algorithm is a powerful classifier
that can detect complex patterns in complicated datasets
[54]. Combined with the multi-view analysis of brain net-
works, it comprehensively represents functional connec-
tivity across different brain regions. Gradient Boosting
combines weak learners to create a powerful predictive
model [55]. The objective is to find an additive model as
denoted in the Eq. 5:

T
Fx) =Y Bihi(x), )
t=1

where F(x) is the final prediction for input x, T is the total
number of weak learners, B; is the weight assigned to
weak learner /4, (x) which represents the output of the ¢tth
weak learner. Gradient Boosting minimizes the difference
between predicted and actual labels using a loss func-
tion as denoted L(y, F(x)). This is done by adding weak
learners to the ensemble in an iterative manner. In each
iteration, a new weak learner denoted /;(x), is trained to
estimate the negative gradient of the loss function related
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to the predictions of the current ensemble. This negative
gradient is represented by the Eq. 6:

oL(y, F(x))
 9F(x) (©)

The weight B, is determined by minimizing the loss func-
tion when the new weak learner is presented as in Eq. 7:

N
B = arg rrgnZL(yi,Pt_1<xi> + Bhe(x2), (7)

i=1

where F;_ (x;) represents the ensemble’s prediction up to
the (¢ — 1)-th iteration. The ensemble prediction is then
updated as in Eq. 8:

Fr(x) = Fr—1(x) + Behy(x). (8)

Gradient Boosting uses weak learners and adjusts their
weights to create an accurate predictive model. This
method combines the strengths of multiple learners for
more accurate results [56]. To diagnose auditory disor-
ders effectively, use gradient boosting and multi-view
network data in the proposed model.

4.4 Random Forest classifier

The Random Forest algorithm is a trustworthy machine
learning technique that uses ensemble learning to achieve
accurate classifications [57]. This classifier is essential for
managing large and complex data, which has been widely
used in various fields [50, 58, 59]. The Random Forest
classifier is an ensemble learning technique that aims to
improve the predictive accuracy and robustness of indi-
vidual decision trees [60]. The proposed algorithm con-
structs an ensemble of decision trees to make predictions.
In a Random Forest ensemble, each decision tree is built by
dividing the feature space using binary splits. To introduce
randomness, only a subset of features is considered for
each split during training. The output of a decision tree for
a given input feature vector is denoted as /¢ (x). The ensem-
ble prediction for input x is obtained by aggregating the
predictions of all trees as presented in Eq. 3. The Random
Forest algorithm mitigates the overfitting often associated
with individual decision trees. The ensemble approach
leverages the diverse perspectives of individual trees to
improve generalization performance. By introducing ran-
domness in the feature selection process and aggregating
the predictions, Random Forest balances bias and variance,
leading to robust and accurate predictions.

5 Experimental modeling hypothesis

Developing a robust classification model to differenti-
ate between individuals with auditory disorders requires
the integration of Multi-View Brain Networks. These
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complex neural connectivity patterns captured by Multi-
View Brain Networks provide a rich source of informa-
tion for the classification process. Therefore, leveraging
these multi-dimensional brain network representations
can potentially build an effective and accurate classifica-
tion model. This model can distinguish between different
auditory diagnosis classes and underlying neural mecha-
nisms associated with these conditions. This can be a sig-
nificant step in enabling early diagnosis and treatment of
auditory disorders.

5.1 Evaluation metrics

To rigorously assess the performance and efficacy of our
classification model, we employ a comprehensive set of
evaluation metrics, each offering unique insights into its
capabilities. These metrics include:

1. Accuracy: The main measure for performance by
computing the proportion of instances that are cor-
rectly classified and provides an overall model per-
formance.

2. Cross-validation accuracy (CVA): An important met-
ric that measures the performance of a model across
multiple iterations of cross-validation. It ensures that
the classification model is consistent and can make
accurate predictions across diverse data.

3. Precision: A measure that quantifies the proportion
of true positive predictions relative to the total posi-
tive predictions when evaluating the model’s ability
to make accurate positive classifications.

4. Recall: The appropriate measure to evaluates the
model’s ability to identify all actual positive instances
by calculating the proportion of true positives identi-
fied correctly.

5. Fl-score: A measure balances precision and recall by
considering false positives and negatives, providing a
robust measure of accuracy.

6. Kappa: A measure provides a reliable measure of
classification understanding between the model’s
predictions and actual labels.

7. MCC: A useful metric for imbalanced data. It meas-
ures the correlation between a model’s predictions
and the actual labels.

8. Zero-one loss: A measures for the ratio of misclassi-
fied instances and highlights the severity of misclas-
sifications.

9. Hamming loss:A measures computes the proportion
of incorrectly assigned labels, providing insight into
multi-class classification accuracy.

We use Multi-View Brain Networks to classify auditory
diagnostic cases through a hypothesis-based method-
ology. By incorporating essential metrics and diverse
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evaluation techniques, we aim to conduct a thorough
assessment of the classification model’s effectiveness by
leveraging a comprehensive suite of evaluation metrics
(Table 1).

5.2 Proposed modeling: experimental setup

To create accurate classification models for individuals
with auditory disorders, a comprehensive experimental
setup was designed to ensure reliable and meaningful
results. This involved fine-tuning the hyperparameters
and optimizing the preprocessing steps to enhance the
performance of the ensemble learning model. The study
used extra trees, random forest, gradient boosting, and
CatBoost due to their proven efficacy in complex classi-
fication tasks. Due to their intrinsic capacity to capture
complex relationships within the data, these models
were considered suitable for diagnosing auditory disor-
ders from Multi-View Brain Networks data. An essential
step in the experimental process was to preprocess the
raw data, improving its suitability for model training and
evaluation. PCA was used to reduce the dimensional-
ity of brain connectivity data effectively. This technique
reduces feature space while retaining influential patterns.
The data were then divided into training and testing sub-
sets for model evaluation. Normalization was applied
as an essential preprocessing step to ensure all features
were on the same scale. This minimized the influence of
varying scales on model performance and accelerated the
convergence of iterative optimization algorithms. As a
result, the training process was more efficient and effec-
tive. Table 2 shows the selected hyperparameters for each
model after tuning.

5.3 Wilcoxon signed-rank test

The Wilcoxon signed-rank test is a non-parametric sta-
tistical test used to determine whether there are statisti-
cally significant differences between two related or paired

Table 1 The hypothetical formulation of the model’s evaluation
metrics based on the classifier outputs and sample true label

Measure Mathematical formula
Accurac — __IP4+IN
uracy Accuracy ~ Total samples
Precision ision = -7
ecisio Precision = 75
Recall (sensitivit - _IP_
( y) Recall = w7y
F1-score - — 2xPrecisionxrecall
Fl-score = Precision+Recall
Kappa __ Accuracy—Expected accuracy
PP Kappa = T—Expected accuracy
MCC MCC = TPxTN—FPxFN
= JTPAIP) < (TP+7N) x (TN+FP) x (TN+FN)
Zero-one loss _ __ Number of Misclassified samples
Zero-one L = Total samples
Hamming loss HL = Number of incorrect label assignments

Total number of labels
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Table 2 Hyperparameter settings for each model Table 3 Classification results for each model per class
Model Hyperparameters Model Class Precision (%) Recall (%) F1-score
Extra Trees N Classifiers=100 Extra Trees Normal 91.30 92.65 91.97
max depth=none Deafniess  89.58 87.16 8836
Random Forest N Classifiers=100 Tinnitus ~ 86.96 88.24 8759
max depth=none ) ’ ’
. . . CatBoost Normal 92.54 91.18 91.85
Gradient Boosting Learning rate=0.001
max depth=10 Deafness 8859 89.19 88.89
N Classifiers=50 Tinnitus  86.86 87.50 87.18
CatBoost Learning rate=0.021 Random Forest Normal 89.51 94.12 91.76
max depth=8 Deafness  92.20 8784 8997
N Classifiers=100
Tinnitus 87.50 87.50 87.50
Gradient Boosting ~ Normal 9248 90.44 91.45
diti 611 It i idel df . Deafness  87.92 88.51 88.22
groups or conditions [61]. is widely used for experi- Tinnitus 86.96 884 8759

ment evaluation purposes such as in [62—-64]. This test
is particularly useful when the assumptions of normality
and equal variances still need to be met or when dealing
with ordinal or non-normally distributed data. The Wil-
coxon signed-rank test compares two sets of related or
paired observations [65]. These paired observations can
represent measurements taken before and after an inter-
vention or any other related data points.
Hyperparameters were fine-tuned through grid search
and cross-validation technique (K=5 folds) to optimize
performance and improve generalization while mitigat-
ing overfitting. The combined approach of preprocess-
ing, hyperparameter tuning, and ensemble learning was
tested. Models trained on preprocessed data with opti-
mized hyperparameters showed better performance in
classifying individuals with auditory disorders.

6 Experimental findings and results

In audiology, it can be challenging to differentiate individ-
uals who suffer from hearing loss or tinnitus from normal
cases. It demands careful identification and comprehen-
sive analysis, which cannot be underestimated. Patients
suffering from auditory disorders experience a significant
reduction in their quality of life. Therefore, it is essential
to develop accurate and efficient classification methods.
This study presents a novel approach that utilizes Multi-
view Brain Networks data and various ensemble learning
technologies. Analyzing brain connectivity data obtained
from EEG measurements can be difficult due to the many
dimensions involved. This study effectively overcomes
the challenge by implementing PCA. PCA can decrease
the number of dimensions of features but also enhance
the accuracy of the diagnosis process [66].

6.1 Classification results

Table 3 provides a comprehensive overview of the per-
formance of each of the four ensemble learning models
per class. As an instance, the Extra Trees model indicates

CVA rates of 89.58% for individuals with deafness and
86.96% for those tinnitus cases. These metrics reflect
the model’s capability to diagnose the respective classes
accurately. Moreover, the recall values, which measure
the model’s accuracy in correctly identifying instances
from each class, are closely aligned with the precision
values.

When evaluating the performance of different models,
the F1-score is a useful metric that considers both preci-
sion and recall. Specifically, it measures how well a model
balances correct classifications by minimizing false posi-
tives and negatives. For instance, the Gradient Boosting
model has an Fl-score of 88.22 for the deafness class,
indicating its ability to achieve this balance effectively.

Table 4 presents the evaluation results of the pro-
posed models for classifying individuals with auditory
disorders. The Extra Trees model demonstrated a bal-
anced performance with accuracy, precision, recall,
and Fl-score of approximately 89.5%, indicating con-
sistent accuracy across different classes. Moreover,
CatBoost had slightly lower precision and recall values
within the range of 89%. However, the Random Forest
model outperformed the other models with accuracy
and F1-score of 89.76%, accompanied by correspond-
ing precision and recall values of 89.74%. This shows
a solid ability to minimize false positives and false
negatives. Although Gradient Boosting had slightly
lower metrics, it maintained competitive precision,
recall, and F1l-score scores above 89%. Also, Table 4
displays the performance metrics that evaluate the
effectiveness of the proposed models in handling the
classification of auditory disorders. This analysis gives
a complete overview of their performance. Interest-
ingly, Extra Trees had the highest Kappa and MCC
values, reaching over 0.84. This highlights its strong



Ahmed et al. Brain Informatics (2024) 11:3

Table 4 Comprehensive classification results for proposed models
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Model Extra Trees CatBoost Random Forest Gradient Boosting
CVA (%) 89.52 89.52 89.76 89.05
Precision (%) 89.56 89.33 89.74 89.11
Recall (%) 89.52 89.29 89.76 89.05
F1-score 89.49 89.31 89.74 89.08
Kappa 0.84244 0.79155 0.83525 0.81382
MCC 0.84322 0.79363 0.83533 0.81385
Zero-one loss 0.10476 0.13810 0.10952 0.12381
Hamming loss 0.10476 0.13810 0.10952 0.12381
Mean 89.52 89.37 89.75 89.02
Variance 0.00015 0.00067 0.00031 0.00029

ability to capture the underlying patterns accurately.
Extra trees consistently displayed low values for zero-
one loss and hamming loss, with a score of 0.10476,
highlighting its ability to minimize misclassifications
across multiple classes. The Random Forest algorithm
demonstrated exceptional performance, achieving
Kappa and MCC values above 0.83. This highlights its
ability to classify data and minimize prediction errors
accurately. Even though CatBoost and Gradient Boost-
ing had slightly lower metrics than Extra Trees and
Random Forest, they still had impressive Kappa and
MCC values, exceeding 0.79. Furthermore, their zero-
one loss and hamming loss results were slightly ele-
vated but fell within an acceptable range. Based on the
results, it is clear that ensemble learning models were
successful in multiple performance metrics. In par-
ticular, Extra Trees and Random Forest demonstrated
exceptional performance across all metrics, proving
their ability to classify individuals with auditory disor-
ders while accurately minimizing classification errors.
We have included mean and variance values, develop-
ing our model performance evaluation. Mean values
provide an important direction measure, showing the
average performance across different cross-validation
folds. For instance, the mean classification results
range from 89.02 to 89.75%, demonstrating our mod-
els’ consistency. Variance values provide insights into
the spread or variability of the results, highlighting the
stability of our proposed methodology. Low variance
values, such as 0.00015, suggest a narrow distribution
of performance metrics, increasing the robustness and
reliability of our classification models. This accurate
examination of mean and variance values enhances the
clarity and completeness of our evaluation, contribut-
ing to a more slight understanding of our models’ per-
formance characteristics.

6.2 Proposed study findings and discussion
To accurately diagnose auditory disorders, evaluating
the effectiveness of different methodologies is essen-
tial. Recent advancements in this field have the poten-
tial to significantly improve diagnostic and therapeutic
approaches, ultimately leading to better patient care. Pei-
Zhen et al. [25] conducted a study using a Random For-
est algorithm-based classification model to enhance the
precision of auditory disorder diagnoses. We performed
a comparative analysis of our proposed methodology and
the findings presented by Pei-Zhen et al. in their study.
Our results are shown in Fig. 2, where the bars and error
indicators illustrate the superiority of our approach in
terms of both performance and stability. Furthermore,
our proposed model outperformed Pei-Zhen et al’s study,
indicating significant improvement in classification accu-
racy. This promising result could lead to the development
of refined diagnostic frameworks and more effective
therapeutic interventions for auditory disorders.

Table 5 compares the proposed approach and Pei-Zhen
et al’'s method, indicating that the difference is significant

B Proposed
= Pei-Zhen et al

Accuracy (%)

Normal

Deaf
Cases

Fig. 2 Over 20 runs, the measures mean accuracy represented
by bars with standard deviation as error bars for the proposed model
and Pei-Zhen et al. using random forest classifier classification results

Tinnitus
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with a p-value of 0.0001 and a test statistic of 210. There
is a significant difference in performance between the
two methods, with a test statistic of 210 and a p-value
of 0.0001. Our approach outperforms Pei-Zhen et al’s
method significantly. The test statistic reflects the mag-
nitude of this difference, and the low p-value indicates a
high level of significance, further supporting the superi-
ority of our approach.

Table 6 provides the statistical significance of proposed
different classifiers used in diagnosing auditory disorders
with Multi-View Brain Network data.

It presents the outcomes of the Wilcoxon signed-rank
test, which includes test statistics, p-values, and corre-
sponding significance classifications. This information
sheds light on the effectiveness of each classifier and
their differences in the diagnosis of auditory disorders.
The comparison between the "Random Forest” clas-
sifier and other classifiers such as "Extra Trees’, "Gra-
dient Boosting”, and “CatBoost” showed statistically
significant differences in accuracy. The test statistic was
22.5000 with a p-value of 0.0296 for "Extra Trees’, 0.001
with a p-value of 0.0039 for "Gradient Boosting’, and
12.200 with a p-value of 0.0002 for "CatBoost” These
results highlight the significant differences in diagnos-
tic performance between "Random Forest” and each of
these classifiers, emphasizing the critical nature of clas-
sifier selection in influencing diagnostic accuracy. On
the other hand, the comparison between "Extra Trees”
and "Gradient Boosting” resulted in a "Not significant”
outcome with a test statistic of 48.0000 and a p-value of
1.0000. This implies a lack of statistically discernible dif-
ferences in accuracy between these two classifiers, sug-
gesting a certain level of similarity in their diagnostic

Table 5 Comparison of proposed approach vs. Pei-Zhen et al's

method
Method pair Test statistic p-value Result
Proposed vs. Pei-Zhen et al. 210 0.0001 Significant

Table 6 Wilcoxon signed-rank test results for classifier comparisons
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performance. The comparisons between “Extra Trees”
and "CatBoost” (test statistic = 4.0000, p-value = 0.0156)
and "Gradient Boosting” and "CatBoost” (test statistic =
8.0000, p-value = 0.0010) produced "Significant” results,
indicating significant disparities in diagnostic accuracy
between these classifier pairs. These findings highlight
the important impact of classifier selection on diagnos-
tic outcomes, as the choice between "Extra Trees” and
"CatBoost” or "Gradient Boosting” and "CatBoost” sig-
nificantly influences the overall diagnostic performance
in auditory disorders. In closing, the outcomes of the
Wilcoxon signed-rank test provide a slight understanding
of the statistical significance underpinning the compara-
tive performance of diverse classifiers in the diagnosis of
auditory disorders using Multi-View Brain Network data.
The discerned "Significant” disparities in accuracy, pre-
sented in the comparisons involving Random Forest with
Extra Trees, Gradient Boosting, and CatBoost, highlight
the significant differences in performing Random Forest
compared to these classifiers. Conversely, the observed
"Not Significant” result for the Extra Trees vs. Gradient
Boosting pairing explains the absence of a discernible dif-
ference in accuracy, emphasizing the similarity in their
performance. The additional "Significant” findings for the
Extra Trees vs. CatBoost and Gradient Boosting vs. Cat-
Boost comparisons highlight the essential role of classi-
fier selection in auditory disorder diagnosis. These results
highlight the significance of robust statistical analyses in
guiding the selection of the most effective models, pre-
senting a promising avenue for advancing early detection
and personalized treatment strategies and contributing
to reducing the quality of life for individuals with audi-
tory disorders.

7 Conclusion and future scope

The main aim of this study is to address the essential chal-
lenges associated with differentiating individuals with hear-
ing impairments, such as deafness and tinnitus, from those
with normal hearing. The study has contributed signifi-
cantly to the field by presenting an improved approach for

Classifier pair Test statistic p-value Result
Random Forest vs. Extra Trees 22.5000 0.0296 Significant
Random Forest vs. Gradient Boosting 0.001 0.0039 Significant
Random Forest vs. CatBoost 12.200 0.0002 Significant
Extra Trees vs. Gradient Boosting 48.0000 1.0000 Not significant
Extra Trees vs. CatBoost 4.0000 0.0156 Significant
Gradient Boosting vs. CatBoost 8.0000 0.0010 Significant

Using Wilcoxon signed-rank test to indicate if exists a statistically significant and reliability for differences in scored accuracy of each model, according to the test

outcomes only significant comparisons with p-value<0.5 are marked Bold
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accurately classifying auditory disorders. We achieved this
by using Multi-View Brain Network data and leveraging
advanced machine learning algorithms, including Random
Forest, Extra Trees, Gradient Boosting, and CatBoost. Our
research findings have revealed that our proposed model
performs exceptionally well across multiple evaluation
metrics, such as accuracy, precision, recall, and F1-score.
Notably, the Random Forest model has shown outstand-
ing accuracy, precision, and Fl-score values, highlighting
its effectiveness in differentiating between different subject
groups. These promising results have the potential to revo-
lutionize the early detection and personalized treatment of
auditory disorders, leading to better patient outcomes and
an enhanced quality of life. Our study investigates the per-
formance of different classifiers in diagnosing auditory dis-
orders and compares them using the Wilcoxon signed-rank
test. This statistical analysis emphasizes the importance of
selecting the appropriate classifier for accurate diagnosis.
The significant differences in accuracy between various
classifiers highlight the critical need to choose the right
model for maximizing diagnostic accuracy. In the future,
more research can be conducted to improve this work by
including other data sources, such as neuroimaging data or
genetic markers, which can increase the model’s predictive
power. Testing the model’s reliability among different pop-
ulations is also recommended to ensure its effectiveness in
various clinical settings. As deep learning and neuroscience
advance, there is a great opportunity to refine and enhance
the model’s methods, which can lead to significant progress
in audiology and auditory disorder diagnosis.
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