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Research on noise-induced
hearing loss based on functional
and structural MRI using machine
learning methods

Minghui Lv, Liping Wang, Ranran Huang, Aijie Wang, Yunxin Li & Guowei Zhang™*

Noise-induced hearing loss (NIHL) is a common occupational condition. The aim of this study was to
develop a classification model for NIHL on the basis of both functional magnetic resonance imaging
(fMRI) and structural magnetic resonance imaging (sMRI) by applying machine learning methods.
fMRI indices such as the amplitude of low-frequency fluctuation (ALFF), fractional amplitude of low-
frequency fluctuation (fALFF), regional homogeneity (ReHo), degree of centrality (DC), and sMRI
indices such as gray matter volume (GMV), white matter volume (WMV), and cortical thickness were
extracted from each brain region. The least absolute shrinkage and selection operator was used to
reduce and select the optimal features. The support vector machine (SVM), random forest (RF) and
logistic regression (LR) algorithms, were used to establish the classification model for NIHL. Finally,
the SVM model based on combined fMRI indices, achieved the best performance, with area under the
receiver operating characteristic curve of 0.97 and an accuracy of 95%. The SVM classification model
that integrates fMRI indicators has the greatest potential for identifying NIHL patients and healthy
people, revealing the complementary role of fMRI indicators in classification and indicating that it is
necessary to include multiple indicators of the brain when establishing a classification model.

Keywords Noise-induced hearing loss, Functional magnetic resonance imaging, Structural magnetic
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Noise-induced hearing loss (NIHL) is a hearing disorder caused by sensorineural hearing loss resulting from
long-term exposure to occupational noise. NIHL is defined as long-term continuous exposure to unprotected
environmental noise beyond the limits of national health standards. It typically presents as a progressive, high-
frequency bilateral symmetrical sensorineural hearing loss. NIHL is the second most common occupational
disease in the world after pneumoconiosis!. While hearing loss caused by NIHL is irreversible, it is preventable.
Studies>* have shown that early intervention is crucial for long-term protection. Therefore, early detection and
diagnosis are particularly important.

Magnetic resonance imaging (MRI) is a noninvasive and reproducible imaging method for studying brain
morphology and function. Functional magnetic resonance imaging (fMRI) can reflect baseline spontaneous
neural activity associated with changes in brain function. Structural magnetic resonance imaging (sMRI) can
reflect the anatomical structure of the brain. The development of MRI technology has made it possible for
humans to explore and study the function and structure of the brain in detail.

Machine learning is an important research field in artificial intelligence. It has gradually become a powerful
data analysis tool and has been used by an increasing number of researchers to study magnetic resonance
data. Machine learning models have been widely used in the context of neuropsychiatric diseases and have
demonstrated that alterations in brain function are highly important for distinguishing patients from healthy
controls®. To construct a precise NIHL classification model, this paper introduces machine learning methods.
The basic principle is that a model is trained by inputting a large amount of data, and the model learns the rules
of the data and then classifies or predicts the newly input data. Studies® have demonstrated that machine learning
algorithms are potential tools for the prediction of noise-induced hearing impairment in workers exposed to
diverse complex industrial noises. The support vector machine (SVM) is one of the most widely used machine
learning models and has been used for classification modeling of hearing loss-related diseases®®. The random
forest (RF)® and logistic regression (LR)® algorithms were also used. Three classification models for NTHL were
established on the basis of the combination of MRI data and machine learning algorithms.
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Specifically, the amplitude of low-frequency fluctuation (ALFF), fractional amplitude of low-frequency
fluctuation (fALFF), regional homogeneity (ReHo) and degree of centrality (DC) were extracted from fMRI, and
the gray matter volume (GMV), white matter volume (WMYV) and cortical thickness were obtained from T1-
weighted images. These MRI indicators were used because prior studies have successfully revealed alterations
in ALFF!®!1 fALFF!213 ReHo!*, DC'®, GMV!:16, WMV!718 and cortical thickness! in various brain regions of
NIHL patients, such as the temporal, occipital and parietal lodes. Furthermore, indices derived from fMRI and
sMRI are straightforward to calculate and analyze, thereby offering distinct benefits for clinical practice.

At present, there are no NTHL studies to determine which indicators can achieve the best classification
performance with fMRI and sMRI data and whether multiple MRI index combinations can improve classification
performance. Only a few studies have used MRI indicators to construct classification models for hearing loss
patients?’, while other studies have used machine learning methods to predict hearing loss conditions®*21:22,
For example, in one study?, it was reported that the SVM model performed the best among the tested prediction
models, with an accuracy of 75.36%. Li et al.?® reported that the combination of sMRI and fMRI can be of added
value in the construction of SVM classifiers to aid in the accurate identification of bipolar disorder in clinical
settings.

Therefore, in this study, a classification model for NIHL patients based on fMRI and sMRI combined with
machine learning methods was constructed. The main objectives were to investigate which MRI metric performs
better and whether the combination of multiple MRI indices can improve classification performance. The aim of
this study was to construct an NIHL classification model with good diagnostic efficiency and relatively stability,
providing an image reference for clinical diagnosis. Therefore, this model could offer highly important insights
for the prevention and early intervention of NIHL.

Materials and methods

Participants

In accordance with China’s national occupational hygiene standards (GABZ 49-2014)4, male patients diagnosed
with NIHL at our hospital between 2014 and 2020 were selected. These individuals were of Han nationality
and had education backgrounds ranging from primary school to university. Their mental status was normal
(Mini-Mental State Examination (MMSE) score >27), with no presence of neuropsychiatric disease. There were
no systemic diseases or other factors that might affect brain structure or function. The personal information
collection table, Hamilton Anxiety Scale (HAMA) and simple MMSE were used. Finally, the study included
66 NIHL patients and 66 age-, sex-, and education-matched healthy controls (HCs). Written informed consent
was obtained from all participants after a full explanation of the procedures involved. This study protocol was
approved by the Yantaishan Hospital Ethics Committee. The ethics approval number (2023014).

Statistical analysis

IBM SPSS26 software was used to analyze the data. Variables such as age, years of education, noise exposure
time, HAMA score, MMSE score and other measurement data are presented as the mean + standard deviation.
Independent sample t tests were performed to compare two groups, and p<0.05 was considered statistically
significant.

There were no significant differences in age, years of education or MMSE scores between the two groups (all
p>0.05), but there were significant differences in HAMA scores between the two groups (p <0.05), it is shown
in Table 1:

The flow chart of this study is shown in Fig. 1:

MRI acquisition

A GE Discovery MR 750 3.0 T scanner equipped with an 8-channel brain coil was used. All participants were in
a supine position, with their eyes closed and ear plugs inserted to protect their hearing. The participants’ heads
were fixed. The T1-weighted 3D-FSPGR sequence parameters were as follows: repetition time (TR) of 6.9 ms,
echo time (TE) of 3.4 ms, slice thickness of 1 mm, no septum, field of view (FOV) of 25.6 cm x 25.6 cm, matrix
size of 256 x 256, excitation frequency of 1, and flip angle of 12°. The resting state fMRI (Rs-fMRI) eco planar
imaging (EPI) parameters were as follows: TR of 2000 ms, TE of 35 ms, slice thickness of 4 mm, no gap, FOV of
24 cm x 24 cm, matrix size of 64 x 64, excitation number of 1, and flip angle of 90°.

Variable HC NIHL p value
Age (years) 46.47+7.70 | 45.12+7.58 | 0.313
Education level (years) 10.85+2.23 | 10.41+1.73 | 0.209
Noise exposure time (years) | 0 15.19+7.96 | -
HAMA score 3.76+1.18 7.28+7.61 | 0.019
MMSE score 28.53+1.24 | 28.83+1.49 | 0.208

Table 1. Comparison of clinical data between NIHL patients and HCs (mean * standard deviation). HC,
healthy control; NIHL, noise-induced hearing loss; HAMA, Hamilton Anxiety Scale; MMSE, Mini-Mental
State Examination.
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Fig. 1. Flow chart of this study. Feature extraction: fMRI included ALFF (amplitude of low-frequency
fluctuation), fALFF (fractional amplitude of low-frequency fluctuation), ReHo (regional homogeneity), DC
(degree of centrality); sMRI included GMV (gray matter volume), cortical thickness, WMV (white matter
volume); A total of 360 fMRI and 328 sMRI features were extracted. The LASSO algorithm was subsequently
used for feature selection. Three machine learning methods, the support vector machine (SVM), random forest
(RF) and logistic regression (LR) algorithms, were used to establish a classification model for NIHL.

Functional data processing

Research on fMRI has revealed that the main indicators reflecting the activity of local brain regions include
ALFF, fALFF, ReHo, and DC. The functional data were preprocessed via DPABI (https://rfmri.org/DPABI)*
software. The preprocessing steps included the following: (1) conversion of DICOM file to NIfTT format; (2)
removal of the first 10 time points; (3) slice-timing adjustment; (4) correction of head movement: data with head
movement range >2 mm or head rotation angle > 2° were excluded; (5) spatial normalization (the most widely
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used DARTEL-based segmentation registration method was used, and the voxels were resampled to a size of
3x3x3 mm?); (6) removal of covariates: the aim was to exclude the influence of mixed signals such as head
movement, white matter, and cerebrospinal fluid (CSF) on the statistical results; (7) removal of linear drift: the
linear drift of the signal caused by the heating of the magnetic resonance scanner during the image scanning
process was removed; (8) filtering: the waveform of each voxel was bandpass filtered (0.01-0.08 Hz) in the time
domain to reduce the physiological (breathing, heartbeat) noise interference at low and high frequencies; and (9)
spatial smoothing: reducing the registration error, improving the signal-to-noise ratio and the normality of the
data. A smoothing kernel with a size of 4 mm was used.

Following the initial data preprocessing and smoothing, mean ALFF and fALFF maps were generated. ALFF
measures spontaneous low-frequency fluctuations within each voxel, while fALFF is the ratio of the ALFF signal
of each voxel divided by the signal power in the whole frequency range. The ALFF/ALFF reflects the intensity of
local brain activity. Following the initial data preprocessing and filtering, mean ReHo maps and mean weighted
DC with a correlation threshold exceeding 0.25 were calculated and then smoothed with a Gaussian kernel of
4 mm. The ReHo measure quantifies the consistency of neural activity within a local neighborhood by calculating
the Kendall coefficient of concordance (KCC) between a specific voxel and its neighboring voxels (27 voxels).
Weighted DC, which represents the node strength, is defined as the sum of weights from edges connecting to a
node. Through this process, we eventually obtained 90 ALFF, 90 fALFF, 90 ReHo and 90 weighted DC features
by averaging all the voxels in each region of interest on the basis of the anatomical automatic labeling (AAL)
template. Consequently, we extracted a total of 360 functional MRI features.

Structural data processing

The CAT12 toolbox (https://neuro-jena.github.io/cat/) in SPM12 (https://www.fil.Ion.ucl.ac.uk/spm/) was used
to preprocess the sMRI data with the following steps: the format of the image was converted; the tissue probability
map template was used to segment the images into gray matter, white matter and cerebrospinal fluid; on the
1.5 mm isotropic adult brain template provided by CAT12, the DARTEL algorithm was used for registration
and Montreal Neurological Institute (MNI) coordinate space normalization; the quality and homogeneity of the
standardized images were checked; and a Gaussian kernel of 8 mm was used for further smoothing. Finally, the
GMYV, WMV and cortical thickness were extracted via CAT12, including 90 GMVs and 90 WMVss. Features were
obtained via the AAL template, and 148 cortical thickness features were obtained via the Destrieux aparc.a2009s
atlas®. Consequently, we extracted a total of 328 sMRI features.

Feature selection
In data analysis and machine learning, feature selection is a key step that helps reduce model complexity, improve
classification accuracy, and enhance model interpretability. Among the many feature selection methods, least
absolute shrinkage and selection operator (LASSO) methods have attracted much attention because of their
unique properties and wide application. LASSO regression was first proposed by Robert Tibshirani?”. In LASSO
regression, a penalty term is added in the optimization of the objective function to introduce L1 regularization.
The aim of L1 regularization is to achieve sparsity. Constraints can be imposed on some redundant variable
coefficients to compress them 0. By selecting the nonzero coefficient corresponding characteristics, the features
of the target variable that have the maximum predictive ability can be extracted to simplify the model and
improve its generalizability.

In the model to be optimized, LASSO imposes constraints on the model coeflicients through the penalty
term formed by the L1 norm. The loss function to be optimized with constraints is as follows:

N P 2 P
argﬁminz v =Y Bk A 1B, (1)
i=1 j=1 j=1

where y/" is the class label of the i-th sample and N is the number of samples. z, is the j-th feature of the i-th
sample. 3; is the regression coefficient for the j-th feature and is a regularization parameter that determines the
sparsity of the model. The larger ) is, the sparser the model; that is, the closer to 0 3; is, the fewer features are
selected. By selecting the features corresponding to nonzero coefficients, feature selection is realized.

In this study, the LASSO function in MATLAB was used for feature selection. When the minimum value
of formula (1) is found, the mean squared error (MSE) is usually calculated and used to evaluate the model
quality. To improve the classification accuracy, it is necessary to select the model corresponding to A whose
MSE is as small as possible. Tenfold cross-validation was used to select the optimal regularization parameter
for the current model. The ‘MSE’ value represents the mean prediction squared error for each lambda value, as
determined through cross-validation calculations. Figure 2 presents the cross-validation curve of the LASSO
regression analysis. Two values of \ are generated in cross-validation: lambda.min’ and lambda.1se’ Lambda.
min is the best A value that yields the minimum mean of the target parameter among all A values, and lambda.1se
is the A value that yields the simplest model within the same variance range as that for lambda.min. After A
reaches a certain value, increasing the number of independent variables of the model, that is, reducing the A
value, cannot significantly improve the model performance. In this study, lambda.min is selected as the optimal
A because its penalty value is weaker than that for lambda.lse, which can contain enough eigenvalues. After
obtaining the optimal A value, the sparse coeflicients corresponding to the optimal A values are obtained, and the
final eigenvalues are obtained by filtering the nonzero coefficients. Initially, the LASSO regression method was
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Fig. 2. Cross-validation curve of LASSO regression analysis. In figure a, the dashed line on the left side
represents lambda.min, and the dashed line on the right side represents lambda.1se. In figure b, each curve
represents the change trajectory of an independent variable coeflicient, and the upper abscissa in the figure
represents the number of nonzero coefficients in the model at this time.

employed to select the input features for single MRI index models. Then, LASSO dimensionality reduction was
applied to the features selected by the sMRI and fMRI composite indices.

Machine learning algorithms

Support vector machine

The SVM, introduced by Cortes and Vapnik in 1990, operates by identifying a hyperplane that maximizes the
margin between different classes to satisfy the classification requirements.

In addition, the good performance of the SVM requires the use of kernel functions, which allow high-
dimensional data mapping to make the original high-dimensional data separable. The Gaussian kernel function
was used in this study. Djemai et al.® reported that an SVM based on the Gaussian kernel function has strong
robustness and flexibility. Compared with other kernel functions, the RBF kernel function is more suitable for
datasets with different characteristics. In this study, an SVM model with an RBF kernel was created on the basis of
the LIBSVM?® toolbox in MATLAB. Two important parameters are the penalty factor C and the kernel function
y. C is a regularization coefficient, which indicates the tolerance of the model to errors. y is a hyperparameter of
the radial basis function, which determines the distribution of the data after mapping to the new feature space.
Grid search and cross-validation were used to find the optimal values for both C and y. Various possible C and y
values were found via grid search, and then cross-validation was performed to find the C and y values that yield
the highest training accuracy. Then, the optimal parameters were applied to the training model, and the model
performance index was obtained with the test set.

Logistic regression
LR is a widely used classification algorithm that solves binary classification problems. The rationale is divided
into the following parts:

1. The core of logistic regression is to find a suitable predictor function. Usually, a linear function is chosen
as the basis for the predictor function. Then, a sigmoid function is added. The sigmoid function can be used to
map the output of a linear function between 0 and 1, resulting in a value that indicates the probability of a sample
belonging to a certain class.

Sigmoid function:

- _ 2
8(2) = 1= )
Prediction function:
ho(z) = g(0"z) = !
ol@) = 9(6"2) = ——r. 3)
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The value of h(z) is the probability that the result is 1. Therefore, for an input z, the probability of classifying it
as class 1 or class 0 is as follows:
Py = 1]a;0) = ho(z)

Ply = 0lz;60) = 1 — ho(a), @

2. The cost function is a measure of the deviation between the output of the prediction function and the class of
the training data. It is usually derived on the basis of maximum likelihood estimation.

{— log(he(z))

Cost(ha(2):9) =\ _1og(1 — ho(z) *

(5)

The cost function can be expressed as the cross-entropy of the training data class y to the predicted output h, i.e.,

1y Dy o
J(0) =~ Cost(ho(z™),y)
i=1

m
1 @ @ @ @
- log h 1- log(1 —h
-~ lz_jy ogho(x) + (1 =) log(1 — he(x) | ,
A smaller J() value indicates a more accurate prediction function.
3. To find the optimal model parameters, the cost function needs to be minimized. In this study, the gradient

descent algorithm was used to solve 6. In the gradient descent method, 0 is updated in the opposite direction of
the gradient of the cost function at each iteration until the cost function reaches its minimum value.

Random forest algorithm

The RF algorithm, which is an ensemble learning algorithm, was proposed by Breiman et al.”. By constructing
multiple decision trees and combining them, more stable and accurate prediction results can be obtained. In a
random forest, each decision tree is constructed by randomly selecting samples and features; this randomness
reduces the overfitting of the decision tree to the training data and improves the generalizability of the model.
For the classification problem, the random forest algorithm determines the final prediction result by voting.

Performance indices

In medical diagnosis, the accuracy rate and recall rate are usually used to evaluate the classifier quality. Accuracy
reflects the proportion of instances that are accurately categorized in relation to the entire set of instances within
a specified test collection. Recall, also known as sensitivity, is the ratio of samples that were actually positive
and were predicted to be positive to samples that were actually positive. Specificity indicates the proportion of
samples that are correctly identified as negative among those that are actually negative.

TP+TN

A A =
ccuracy cc TP+ TN £ FP LN (7)
. TP
SenSlthlty : Sens = m (8)
o _ TN
Specificity : Spec = FP+TN 9)

Note: TP: True Positive; TN: True Negative; FP: False Positive; FN: False Negative;

The receiver operating characteristic (ROC) curve also reflects the performance of different classification
algorithms. The vertical axis represents the true positive rate (TPR), which is also sensitive, and the horizontal
axis represents the false-positive rate (FPR). The closer to the vertical axis the ROC curve is, the better the model
prediction. The larger the area under the receiver operating characteristic (AUROC) curve is, the better the
performance of the algorithm.

Results

LASSO feature selection

Figure 3 shows the LASSO regression analysis cross-validation curve. The numbers of features selected by ALFE,
fALFE ReHo, DC, cortical thickness, GMV, and WMV were 19, 33, 27, 21, 12, and 3, respectively. The number
of features selected by combined fMRI was 42, including 15 ALFE, 7 fALFEF, 15 ReHo, and 5 DC features. The
number of features selected by combined sMRI was 25, including 4 GMW, 4 WMYV, and 17 cortical thickness
features. The number of features selected by the combined fMRI and sMRI was 14, which included 6 ALFF, 7
ReHo, and 1 cortical thickness features.

Classifier performance for MRl indices alone

Table 2 shows the performance values of the AUC, accuracy, sensitivity, and specificity of single MRI indices in
the SVM, LR, and RF classification models. Figure 4 shows the ROC curves of the individual indicators in the
three classification models. On the basis of a single MRI index, the SVM model for ReHo performed best, with
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Fig. 3. LASSO selection of the optimal lambda value through cross-validation. Notes: ALFF, amplitude of low-
frequency fluctuation; fALFF, fractional amplitude of low-frequency fluctuation; ReHo, regional homogeneity;
DC, degree of centrality; GMV, gray matter volume; WMV, white matter volume; fMRI, functional magnetic
resonance imaging; and sMRI, structural magnetic resonance imaging. The longitudinal coordinate represents
the binomial deviation. The dashed line on the left represents lambda.min, and the dashed line on the right
represents lambda.1se.

an AUC of 0.94 and an accuracy of 88%. Good performance was also noted using the SVM model with ALFF,
with an AUC of 0.93 and an accuracy of 89%. The performance of the GMV and WMV classification models
was poor.

Classifier performance for combined MRI indices

Table 3 shows the performance values of the AUC, accuracy, sensitivity, and specificity of the combined MRI
indicators for the SVM, LR, and RF classification models. Figure 5 shows the ROC curves of the combined
MRI indicators for the three classification models, among which the SVM model of the comprehensive fMRI
indicators performed best, with an AUC of 0.97 and an accuracy of 95%. A Delong test was applied to compare
ROC curve performance of the three models, and it was found that there were significant differences between
SVM and RF and between SVM and LR (SVM vs. RF and SVM vs. LR: p <0.05).
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Model | Indices AUC | Acc | Sens | Spec
ALFF 093 |0.89 |091 |0.87
fALFF 0.88 |0.83 |0.81 |0.84
ReHo 094 |0.88 | 0.86 |0.90

SVM | DC 0.88 |0.84 | 0.82 | 0.86
GMV 0.65 |0.65|0.71 |0.59
WMV 0.65 |0.68 | 0.78 | 0.59

Cortical thickness | 0.82 | 0.79 | 0.77 | 0.80

ALFF 092 |0.84 | 0.78 |0.91
fALFF 0.71 10.73 | 0.72 |0.75
ReHo 090 |0.84 | 0.88 |0.82
RF DC 0.75 |0.77 | 0.85 | 0.69
GMV 0.58 |0.65 | 0.57 |0.75
WMV 0.66 |0.69 | 0.69 |0.69
Cortical thickness | 0.79 | 0.77 | 0.85 | 0.69
ALFF 092 |0.84 | 0.73 | 1.0
fALFF 0.70 | 0.53 | 0.66 | 0.50
ReHo 093 |0.88 |0.77 |0.82
LR DC 0.75 |0.56 | 0.84 | 0.42
GMV 0.52 |0.58 | 0.62 |0.50
WMV 0.63 |0.61 |0.61 |0.61

Cortical thickness | 0.72 | 0.56 | 0.50 | 0.66

Table 2. Performance of classification models on the basis of a single MRI index. AUC, area under the

curve; Acc, accuracy; Sens, sensitivity; Spec, specificity. ALFE, amplitude of low-frequency fluctuation; fALFF,
fractional amplitude of low-frequency fluctuation; ReHo, regional homogeneity; DC, degree of centrality;
GMY, gray matter volume; WMV, white matter volume; SVM, support vector machine; RF, random forest; LR,
logistic regression;

The combined fMRI indices lead to the extraction of 42 feature values through LASSO regression analysis.
According to the coefficients of the selected variables, the most important features for the prediction of the
target variable can be understood. The greater the absolute value of the coeflicient is, the greater the influence
of the variable on the response variable, that is, the greater the contribution to the classification model. The top
10 contributors were the ALFF of the right fusiform gyrus (FFG. R), fALFF of the left middle temporal gyrus
(TPOmid. L), ReHo of the left insula (INS. L), ReHo of the left median cingulate and paracingulate gyri (DCG.
L), ALFF of the right superior parietal gyrus (SPG. R), fALFF of the left inferior frontal gyrus (IFGoperc. L),
ReHo of the left superior frontal gyrus (SFGmed. L), fALFF of the right superior occipital gyrus (SOG. R), ReHo
of the right middle occipital gyrus (MOG. R), and ReHo of the right fusiform gyrus (FFG.R).

The middle 20 regions included the ReHo of the left inferior occipital gyrus (I0G. L), ReHo of the left middle
frontal gyrus (MFG. L), fALFF of the right parahippocampal gyrus (PHG. R), ReHo of the left superior frontal
gyrus (SFGdor. L), and ReHo of the right insula (INS. R), DC of the left temporal pole (TPOsup. L), ALFF in
the right cuneus (CUN. R), ReHo of the left postcentral gyrus (PoCG. L), left postcentral gyrus (CAU. L), right
inferior parietal (IPL. R), ALFF of the left temporal pole (TPOmid. L), fALFF values in the right supplementary
motor area (SMA. R) and right inferior parietal (IPL. R), ALFF of the left inferior parietal (IPL. L), left fusiform
gyrus (FFG. L), left postcentral gyrus (PoCG. L), ReHo of the right lenticular nucleus (PUT. R), ALFF of the
temporal pole (TPOsup. L), DC of the right Rolandic operculum (ROL.R).

The other 12 brain areas included the ALFF of the left temporal pole (TPOmid. R), fALFF of right
supplementary motor area (SMA. R), right inferior parietal (IPL. R), ALFF of the left inferior parietal (IPL. R), left
fusiform gyrus (FFG. L), left postcentral gyrus (PoCG. L), ReHo of the right lenticular nucleus, putamen (PUT.
R), ALFF of the temporal pole: superior temporal gyrus (TPOsup. L/R), DC of the right Rolandic operculum
(ROL. R), and ReHo of the left angular gyrus (ANG. L), ALFF in the left cuneus (CUN. L), left inferior frontal
gyrus (IFGoperc. L), and ReHo of the right hippocampus (HIP. R), ALFF in the left precuneus (PCUN. L), left
caudate nucleus (CAU. L), the DC of the left lenticular nucleus, the pallidum (PAL. L), left superior frontal gyrus,
medial (SFGmed. L), right fusiform gyrus (FFG. R), ALFF of the left supramarginal gyrus (SMG. L), fALFF of
the right gyrus rectus (REC. R), and ALFF in the left angular gyrus (ANG.L). We found that the consistently
selected brain regions in the ALFF, fALFE, ReHo, DC and combined fMRI data were the fusiform gyrus (FFG),
superior parietal gyrus (SPG) and precuneus (PCUN).

Owing to the large number of selected feature values, we only show the regions of the top 20 features in the
brain, as shown in Fig. 6 for details. Figure 7 shows the contribution values of these features to the classification
model calculated via LASSO regression.
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Fig. 4. ROC curves of classification models based on a single MRI index. Notes: ALFF, amplitude of low-
frequency fluctuation; fALFF, fractional amplitude of low-frequency fluctuation; ReHo, regional homogeneity;
DC, degree of centrality; GMV, gray matter volume; WMV, white matter volume; AUC, area under the curve;
REF, random forest; LR, logistic regression; SVM, support vector machine.
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Model | Indices AUC | Acc | Sens | Spec
fMRI 0.97 10.95 096 |0.93
SVM | sMRI 0.84 |0.82|0.78 |0.84
fMRI+sMRI | 0.92 |0.89 | 0.87 |0.90
fMRI 0.93 |0.88 |0.90 |0.86
RF sMRI 0.80 |0.77 | 0.71 |0.84
fMRI+sMRI | 0.85 |0.80 | 0.71 |0.91
fMRI 095 10.89 |0.95 |0.84
LR sMRI 0.76 | 0.66 | 0.63 |0.70
fMRI+sMRI | 091 |0.84 | 0.78 |0.90

Table 3. Performance of classification models based on the combined MRI index. AUC, area under the curve;
Acc, accuracy; Sens, sensitivity; Spec, specificity; SVM, support vector machine; RE, random forest; LR, logistic
regression; fMRI, functional magnetic resonance imaging; sMRI, structural magnetic resonance imaging; fMRI
indices included ALFE fALFE ReHo and DC; sMRI indices included GWV, WMV, and cortical thickness; and

fMRI + sMRI indices included ALFF, fALFE ReHo, DC, GWV, WMV, and cortical thickness.

Discussion

This study introduces machine learning with the combination of multiple MRI indices to distinguish NIHL
patients from healthy controls. We used three different classifiers, SVM, RF, and LR, to construct a classification
model. The SVM model, which integrates various fMRI metrics, such as ALFE, fALFF, ReHo and DC,
demonstrated superior classification efficacy.

When considering individual MRI indices, the ReHo metric, which is utilized within an SVM classification
framework, demonstrated superior efficacy, whereas the ALFF index also yielded creditable results. ReHo is a
resilient computational technique that enables the quantification of the resting-state local synchronization of
adjacent voxels, offering valuable insights into the uniformity of neural activity across the entire brain®. Studies*
have shown that abnormal changes in ReHo provide diagnostic value for neuroimaging biomarkers related to
sudden sensorineural hearing loss disease. Wei Xinru et al.! constructed a deep learning classification model for
the auxiliary diagnosis of bipolar disorder and reported that ReHo had greater sensitivity in capturing differences
in image features and that fMRI data based on ReHo could improve the performance of the classification model
to a certain extent. The classification models do not perform well for GMV and WMV. However, research on the
combination of sMRI data and machine learning methods to construct noise-based deafness prediction models
is scarce. Considering the results of this study, the efficacy of employing a singular sMRI index for differentiating
between individuals with NIHL and those without such data requires additional validation.

As expected, the classification model in which the combination of multilevel fMRI indices was implemented
performed better than the single MRI index did. ALFE, fALFE, ReHo, and DC each provide unique insights
into the neuroimaging alterations associated with NIHL. ALFF reflects the intensity of regional spontaneous
brain activity’’; fALFF reflects the relative contribution of the oscillations®’; ReHo represents local coherence
of spontaneous brain activity’’; and weighted DC shows the functional connectivity strength of a certain brain
region to the whole brain. Furthermore, integrating various MRI indices at different levels clearly enhances the
efficacy of classification models. This finding indicates a complementary effect of ALFE, fALFE, ReHo and DC on
the classification of NTHL patients and HCs.

In this investigation, SVM demonstrated better performance than the LR and RF classifiers did, achieving
notably elevated accuracy rates. This finding is consistent with previous research, Huang, FF. et al.3> used MRI
indices to discriminate patients with obsessive-compulsive disorder from HCs and reported that the SVM model
with combined fMRI indices had the greatest potential to discriminate patients with obsessive-compulsive
disorder from HCs. The superiority of the SVM method may be due to its ability to solve small-sample, high-
dimensional problems. Abu Bakar et al.’ conducted a study on the importance of machine learning in hearing
impairment and analyzed machine learning technology related to hearing assessment over the past 13 years.
The SVM classifier outperformed other methods, with an accuracy of over 80%, and was recognized as the best-
suited model within the field of auditory research.

Within the SVM framework, which integrates multiple fMRI indices, the features included the visual network
(such as the fusiform gyrus, superior occipital gyrus, middle occipital gyrus, and cuneus), frontal parietal network
(middle frontal gyrus, inferior frontal gyrus, etc.), and attention network (thalamus, medial and lateral cingulate
gyrus, and dorsal-lateral superior frontal gyrus). These features include several auditory brain regions, such
as the temporal pole: superior temporal gyrus and temporal pole: middle temporal gyrus, which is consistent
with the findings of previous studies>**, Wu et al.* combined static and dynamic neuroimaging features to
distinguish sensorineural hearing impairment, and the selected brain regions after feature selection included
auditory and non-auditory regions, such as temporal pole: superior temporal gyrus, precuneus and the superior
parietal gyrus. Chen et al.!* investigated the functional brain changes associated with sudden sensorineural
hearing loss (SSNHL) using fMRI, They found that the primary regions exhibiting changes due to SSNHL are
located in the auditory and visual cortices, as well as the precuneus. Li et al.*° discovered that in the static fALFF,
there is a significant decrease in the fusiform gyrus of patients with sudden sensorineural hearing loss. The
consistent brain region in single fMRI measurements is the precuneus, which belongs to the parietal lobe and is
involved in visual processing?; the fusiform gyrus is a part of the visual association cortex that is involved mainly
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Fig. 5. ROC curves of classification models based on combined MRI indices. Notes: AUC, area under the
curve; RE random forest; LR, logistic regression; SVM, support vector machine; fMRI, functional magnetic
resonance imaging; SMRI, structural magnetic resonance imaging; combined fMRI indices included ALFF,
fALFF, ReHo and DC; combined sMRI indices included GWV, WMV, and cortical thickness; and combined
fMRI and sMRI indices included ALFFE, fALFE, ReHo, DC, GWV, WMV, and cortical thickness.

in the processing of visual speech; and the superior parietal gyrus is responsible mainly for processing higher-
level cognitive functions, such as sensory integration and visuospatial processing, and plays an important role in
cognitive and motor-related processes®. Some studies**~*? have suggested that auditory deprivation may lead to
functional reorganization of the auditory cortex and may enhance the interaction between auditory and visual
brain areas. There is cross-modal reorganization of brain regions associated with hearing loss. Studies** have
shown that hearing impairment is associated with alterations in resting-state brain organization, and effects have
been shown in attention and cognitive control networks, as well as visual and sensorimotor regions. Hearing loss
affects both auditory and nonauditory brain regions. The results of this study suggest that the role of each brain
area index should be comprehensively considered in future research and that the neurophysiological mechanism
of noise-induced hearing loss should be further explored.

There are several limitations in our study. For example, the sample size of this study was relatively small, and
for machine learning research, the effect will be more stable with a larger sample size. This study involved only
single-center data. Thus, more multicenter data need to be included to verify the practicality and stability of the
model.
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Fig. 6. Features of the contribution value for the top 20 included features in the combined fMRI indices. Notes:
ALFE amplitude of low-frequency fluctuation; fALFE, fractional amplitude of low-frequency fluctuation;
ReHo, regional homogeneity; DC, degree of centrality.

In summary, the SVM model of combined fMRI indices, including ALFF, fALFF, ReHo and DC, exhibited
good performance in discriminating NTHL patients from HCs. In future research, more feature combinations
and algorithm optimization can be explored to further improve the classification accuracy and practicability.
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Fig. 7. The contribution of the top 20 features with combined fMRI indices. Notes: ALFE, amplitude of low-
frequency fluctuation; fALFF, fractional amplitude of low-frequency fluctuation; ReHo, regional homogeneity;
DC, degree of centrality.
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