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Abstract

Objective: Recent studies have suggested an association between age-related hearingloss and cognitive de-
cline. Yet, the underlying mechanism explaining this relation remains unknown. In this regard, several stud-
ies investigated gray matter (GM) differences in age-related hearing loss but presented inconsistent results
regarding the association and regions involved. To our knowledge, a data-driven approach for exploring this
association has not been performed. Therefore, we aimed to investigate possible GM differences and regions
involved in age-related hearing loss using conventional multivariable linear regression and deep learning.

Methods: Within the population-based Rotterdam Study, 2070 participants (mean age: 65.5 years) under-
went pure-tone audiometry to quantify hearing thresholds (hearing loss [> 40 dB], n=205; normal-hearing
controls [< 20 dB], n=822). Magnetic resonance (MR) imaging was performed to obtain GM volumes of the
superior temporal and precentral gyrus, and GM modulated images. Using multivariable linear regression
we investigated the associations between age-related hearing loss and GM volume in the superior temporal
and precentral gyrus. A convolutional neural network (CNN) was trained to classify hearing loss and normal-
hearing controls based on GM modulated images of the whole brain and the region around the superior tem-
poral gyrus. Visualization of relevant features for the classification was performed with gradient-weighted
activation mapping (Grad-CAM).

Results: We found that age-related hearing loss was significantly associated with smaller GM volumes in
the right hemisphere of both the superior temporal gyrus (difference in standardized brain volume per dB
increase: -0.006 [95% CI: -0.010, -0.003]) and precentral gyrus (difference: -0.005 [95% CI: -0.008, -0.001]).
The CNN classification performance ranged between 0.89 and 0.96 area under the receiver-operating char-
acteristic curves. Analysis of relevant features for the classification showed that features were not specific to
the superior temporal gyrus or primary auditory cortex, but appeared across the whole brain. Furthermore,
we noticed that misclassified subjects were significantly related to age.

Conclusion: This study shows that age-related hearing loss is related to both GM volume in the superior
temporal and precentral gyrus. Moreover, relevant features for the classification of age-related hearing loss
were observed across the whole brain. These results may be explained by a third factor affecting both hearing
loss and neurodegeneration. As age likely is the third factor involved, a longitudinal study design or age-
matched groups are required in further studies on age-related hearing loss.
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Introduction

Age-related hearing loss, also known as presbycusis, is highly prevalent in older adults and affects approx-
imately one-third of individuals over 65 years [77]. With a growing and aging population, the number of
people with age-related hearing loss and its consequences will increase accordingly [23].

Age-related hearing loss is characterized by a loss of hearing sensitivity and reduced speech understanding
in noisy environments [25]. In addition, the rate of auditory processing declines and individuals experience
more difficulties with localizing sounds [25].

These symptoms appear due to damage in the peripheral or central auditory system (see Figure 1.1)
[24, 25]. The peripheral system consists of the outer ear, middle ear, and the cochlea; the central auditory
system involves the pathway from the cochlear neurons up to the primary auditory cortex. The primary au-
ditory cortex is the brain region were auditory input is first perceived [32]. Damage in the peripheral system
is seen in the cochlea, where the stria vascularis and the outer hair cells are mainly affected by age-related de-
generation [25, 37]. Besides aging, environmental factors like occupational noise and smoking contribute to
peripheral damage [24, 25, 64], complicating the causal-effect relations for the disease [23]. Other risk factors
for age-related hearing loss include cardiovascular factors, ototoxic medication, and genetic susceptibility
[25, 34, 45, 64].

Primary
Auditory Cortex

Outerear  Middle ear  Cochlea

Figure 1.1: Peripheral (left) and central (right) auditory system [12]

As a result of the impoverished communication, age-related hearing loss may have a profound impact on a
person’s psychosocial and mental well-being and can lead to social isolation, loneliness, depression and a de-
creased quality of life [25, 44, 45, 56]. Recent epidemiological studies also identified an association between
age-related hearing loss, cognitive decline and an increased risk of dementia [12, 23, 28, 31, 45, 51, 75]. How-
ever, the underlying mechanism between hearing loss, cognitive decline and dementia remains unknown.

Several hypotheses have been made to this regard (see Figure 1.2). First, brain changes or cognitive de-
cline may induce hearing loss (see Figure 1.2a). Though little evidence for this ‘cognitive load on percep-
tion’ hypothesis exists from both animal and human structural magnetic resonance imaging (MRI) studies
[39, 53, 75]. Second, age-related hearing loss may precede cognitive decline. Two hypotheses follow this po-
tential relation. One is the ‘information-degradation’ hypothesis, which states that hearing loss leads to a
degraded auditory signal and requires additional cognitive resources (see Figure 1.2b). These resources are
then not available for other cognitive processes and may lead to a compromised cognition. Alternatively,
the ‘sensory-deprivation’ hypothesis states that hearing loss leads to permanent neuroplastic changes and
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cognitive decline due to poorer auditory input [51] (see Figure 1.2¢). Finally, a ‘common-cause’ hypothesis is
proposed, where a third-factor influences both age-related hearing loss and cognitive decline and may po-
tentially lead to a false causal association between hearing loss and cognitive function [53, 60, 69] (see Figure
1.2d).

Cognitive decline | Age-related hearing loss | ‘Agerelated hearing loss Age-related hearing loss

Third factor

L4 Y
Age-related hearing loss Compromised cognition Cognitive decline Cognitive decline

(a) (b) (© (d)

Figure 1.2: Summary of hypothesis explaining the relation between hearing loss and cognitive decline: A) Cognitive Load on Perception
hypothesis, B) Information Degradation Hypothesis, C) Sensory Deprivation Hypothesis, D) Common cause hypothesis

As age-related hearing loss may induce brain changes and cognitive decline, the number of studies investi-
gating structural brain differences in age-related hearing loss has increased. Some studies assessed whole
brain and lobar differences in age-related hearing loss, and observed accelerated gray matter (GM) decline
in the temporal lobe over time [50] or only white matter (WM) changes in all lobes [65]. Other studies in-
vestigated specific auditory and cognitive regions, and suggest an association between age-related hearing
loss and GM differences in the primary auditory cortex [18, 50, 59, 62]. This association was mainly found in
the right hemisphere [50, 59, 62]. Results regarding the association between hearing loss and other language
and cognitive regions were inconsistent [4, 18, 50, 59, 62, 78]. Moreover, most studies had a small sample size
and did not adjust for important confounding factors, like cardiovascular risk factors. A large population-
based study is therefore needed to evaluate the observed differences in the auditory region while adjusting
for important confounding factors. As the size and shape of the primary auditory cortex greatly differ among
humans [6, 32, 33], the superior temporal gyrus, i.e. the region surrounding the primary auditory cortex, may
serve as proxy for the auditory region.

Apart from hypothesis-driven research on brain differences in age-related hearingloss, it would be interesting
to investigate possible brain regions involved in age-related hearing loss using a data-driven approach. So far,
linear models were used to investigate a single imaging biomarker, like the GM volume or thickness, in age-
related hearing loss. However, the complex interactions involved in age-related hearing loss may not be fully
captured by a linear model and other imaging biomarkers, such as shape, could be predictive for the disease
[1]. Deep learning is a multivariate method that can capture complex, non-linear patterns within the data
and can assist in diagnosis and prediction of disease onset or progression [11, 54]. This data-analysis method
has already proven to be successful for brain image analysis, like for the classification of Alzheimer’s disease
[54, 61]. In this task, the model learns important brain differences between MR-images of individuals with
Alzheimer’s and healthy controls to make an accurate prediction about the disease outcome. Despite good
predictions, deep learning models are often difficult to interpret for humans [11, 54, 66]. Recent efforts have
therefore been made to visualize features deemed relevant for the model in the classification task [72]. The
purpose was to better comprehend the model and identify possible failure modes. However, visualization of
the relevant features for disease prediction or diagnosis may as well give insight into regions that are possibly
affected by a disease [9]. To our knowledge, no study has performed deep learning for age-related hearing
loss.

In this study, we investigated the association between age-related hearing loss and GM volume in the superior
temporal gyrus within the large population-based Rotterdam Study. To assess whether possible differences
occur in regions that are independent of auditory function, we also examined the association between age-
related hearing loss and GM volume in the precentral gyrus, or motor cortex.

Furthermore, we employed deep learning as a new analysis method to investigate possible brain differ-
ences and regions involved in age-related hearing loss. Hereto we performed a classification of age-related
hearing loss based on MR-images of the whole brain and of the superior temporal gyrus. Relevant features
for the classification model were visualized and missclassified images were examined.



Methods

2.1. Design and study population

This study is embedded within the Rotterdam Study, a large population-based cohort study in the Omnoord
district in the city of Rotterdam, the Netherlands [35]. The Rotterdam Study was initiated in January 1990
and is aimed at investigating determinants of disease occurrence and progression in the elderly. From 2005
onwards, MRI has been incorporated into the study protocol and hearing assessments have been performed
since 2011. This study comprises participants that underwent both MRI and hearing assessments between
2011 and 2014 (n=2878). From this group, we excluded participants from which no volume information of
the superior temporal gyrus (n=458) or intracranial volume (ICV) (n=1) could be obtained due to incorrect
MRI processing. We additionally excluded participants with asymmetric hearing loss (n=56), prevalent de-
mentia (n=19), or participants for which the time between the MRI and hearing assessment was larger than
3 years (n=275). From the 2878 participants, 2070 participants were therefore eligible for multivariable linear
regression analysis (See Figure 2.1).

For the classification of age-related hearing loss, we additionally excluded participants with mild hear-
ing loss (n=957) and with an incorrect registration (n=86), leaving 1027 participants for analysis with deep
learning (See Figure 2.1).

The Rotterdam Study was approved by the Medical Ethics Committee of the Erasmus MC and by the
Ministry of Health, Welfare and Sport of the Netherlands. A written informed consent was obtained from all
participants.

n=2878

45
No STG volume (n =457) or ICV (n=1)

I

n=2420

56 Hearing thresholds between left and right
ear>25dB

T

n=2364
9

}

Prevalent dementia

n=2345
275 Time between MRI and hearing
—_— assessment > 3 years
! . | 957
Mild hearing loss ‘w— n=2070
u J
‘ n=1113 ‘ i
N L )
Incorrect 86 : . A . .
. . Population for multivariable linear regression (n = 2070)
registration P .
- J ( |

[ Population for deep learning (n = 1027) ]

Figure 2.1: Flow chart of the included participants for analysis with multivariable linear regression and deep learning. Abbriviations:
STG, superior temporal gyrus; ICV, intracranial volume; MRI, Magnetic Resonance Imaging.
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2.2, Hearing assessment

Pure tone audiometry was performed to determine hearing thresholds of every participant. Hearing thresh-
olds were obtained with a clinical audiometer (Decos audiology workstation, version 210.2.6, with AudioN-
igma interface) in a soundproof booth that met the International Organization for Standardization (ISO) stan-
dard 8253-1 [42]. Air conduction thresholds were determined at frequencies between 0.25 and 8 kHz. Bone
conduction thresholds were obtained at 0.5 and 4kHz. All thresholds were measured using ISO-standard
8253-1 and masking was performed according to the method of Hood [36]. The best hearing ear was deter-
mined by taking the average air conduction over all frequencies. Low frequencies were determined as the
average of 0.25, 0.5, and 1 kHz, high frequencies as the average of 2, 4, and 8 kHz. We categorized hearing
loss in three categories according to the Bureau International d’Audiophonologie: normal hearing (0-20 dB),
mild hearing loss (20-40 dB), moderate to severe hearing loss (>40 dB) [10]. Participants were examined on
clinically relevant conductive hearing loss, which was considered to be present when the difference between
air and bone conduction thresholds were larger than 15 dB. As age-related hearing loss is characterized by
symmetric hearing loss [49], participants were also tested on asymmetric hearing loss. Asymmetry was here
defined as a difference of 25 dB or more between hearing thresholds of the left and right ear.

2.3. Other measurements

Detailed information on relevant covariables was collected via physical examinations, interviews and blood
sampling [34]. Glucose was determined enzymatically by the Hexokinase method. Systolic and diastolic
blood pressure was determined using a random zero-sphygmomanometer. Total cholesterol and high-density
lipoprotein cholesterol were measured from fasting blood samples [41]. Body mass index (BMI) was calcu-
lated by dividing weight (kg) by the square of height(m?). Smoking was categorized as never, former, or cur-
rent. Level of education was categorized by having completed primary education, lower, middle or higher
education. Diabetes mellitus was stated present when the fasting blood glucose concentration was > 7.0
mmol/L and/or non-fasting blood glucose was > 11.0 mmol/L and/or when the participant used glucose-
lowering medication. Hypertension was defined as having a systolic blood pressure >= 160 mmHg and a
diastolic blood pressure of >= 90 mmHg or when using blood pressure-lowering medication. Hypercholes-
terolemia was stated present when the total cholesterol concentration was >= 6.2 mmol/L or when using
lipid-lowering medication.

2.4. MRI acquisition

Within the Rotterdam Study, a multi-sequence MRI protocol is performed on a 1.5-Tesla MRI scanner (Gen-
eral Electric Healthcare, Milwaukee, USA). The protocol is extensively described before [40]. Briefly, it in-
cludes a T1-weighted (T1w), proton density-weighted (PDW), and fluid-attenuated inversion recovery (FLAIR)
sequence for morphological imaging. The T1w image is acquired in 3D with full high in-plane resolution with
thin slices (voxel size < 1 mm?3).

2.5. MRI preprocessing
2.5.1. Volume of the superior temporal gyrus

The GM volume of the superior temporal gyrus in the left and right hemispheres was obtained using the
Freesurfer 5.1 pipeline. This pipeline involves preprocessing steps like motion correction and intensity nor-
malization of the original T1-weighted images [71, 73]. Parcellation of the brain with the Freesurfer pipeline
is performed using a surface-based model [21] and is described by the following steps. First, the pial GM sur-
face is estimated from the surface of the WM segmentation and intensity information of the image. Using the
information of the local curvature, a sulcal map is created, which then is registered to a spherical template
[21]. At last, volume measures of anatomical regions of interest can be obtained from a spherical atlas that
is mapped back to the individual sulcal map. Volumes of the superior temporal gyrus were acquired from
the Desikan Killiany atlas, which is a gyral based surface atlas obtained from a data set of 40 MRI-scans [13].
Figure 2.2 shows the superior temporal gyrus of the right hemisphere obtained from Freesurfer with the De-
sikan Killiany atlas on the atlas template. The ICV per subject was quantified using an automated brain tissue
classification method, based on a k-nearest-neighbor algorithm [74].
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Figure 2.2: Desikan Killiany atlas with the superior temporal gyrus of the right hemisphere highlighted in green

2.5.2. GM modulated images

In principle, deep learning models have the ability to extract the relevant features from the image with min-
imal preprocessing of the image. However, previous research suggests that deep learning models may ben-
efit from preprocessing steps like non-linear registration of the image [46]. Especially in the case of a small
dataset, where it is more difficult for the model to train, the alignment of images to a common space may help
the model to find the relevant features. GM modulated images were therefore used as input to our model. To
obtain GM modulated images, the following steps were performed. First, the T1w-images were segmented
into WM, GM and CSF using the k-nearest neighbor algorithm [74]. Second, the MR-images were non-linearly
registered to the common GM probability template, ICBM MNI152GM template with a 1 x 1 x 1 mm3 voxel
resolution. To preserve information on absolute GM volume, a final spatial modulation step was performed
where the image was multiplied with the Jacobian determinant of the transformation matrix [29]. The allowed
range for the Jacobian determinant was set between 0.2 and 5 to avoid highly non-normal distributions that
may occur when the Jacobian determinant has very small, or large values [55].

2.5.3. Correction for confounding factors

To classify individuals with hearing loss from normal hearing controls based on possible brain differences
in MR-images, it is important to control for possible effects of confounding factors. Ideally, both classes are
matched on confounding factors to ensure that they do not drive the classification. However, matched classes
are not always possible, as is the case in the current study for age. GM volume shows a linear decline with
increasing age [29]. Moreover, both sex and ICV are related to brain volume [8] and class differences in these
factors could lead to confounding. Therefore we employed a voxel-wise linear regression to control for the
confounding of age, sex, and ICV. This method was used as a preprocessing step and has previously been
applied for age correction in dementia [17]. For each voxel, the regression coefficients f for the parameters
age, sex and ICV, were determined based on the GM vozxel intensities, y¢, of the control group. The linear
regression model is described by the following equation, where the regression coefficients are estimated via
the ordinary least squares (OLS) method; that is by minimizing the sum of squared residuals, }_ €, > min:

j=p

ye=Po+ Y XcPj+ec 2.1)
j=0

Bo is the intercept of the regression line, j accounts for the parameters age, sex and ICV (p = 3) and X¢ is a
matrix containing the parameter values and a constant for the control group. The contribution of each pa-
rameter was calculated by multiplying the regression coefficient with its deviation from the mean for each
subject. Accordingly, the GM voxel intensities were adjusted by subtracting the contribution of each param-
eter from the original GM voxel intensity:

j=p
Ycor = Yorig — Z ,Bj (Xj - IJ(XCJ)) 2.2)
=0
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2.5.4. Image dimensions

After correction for confounding, images were cropped. For the auditory region, GM modulated images were
cropped to a box that surrounds the superior temporal gyrus. The box was created by calculating the bound-
aries of the superior temporal gyrus for each subject, after which the largest boundaries were taken for the
final coordinates of the box. In this way, the complete superior temporal gyrus for each subject was included.
Deep learning analysis was performed on MR-images of the right superior temporal gyrus, which had a final
box size of (60, 93, 87). For whole-brain analysis, the GM-modulated image (197, 233, 189) was cropped to
exclude background pixels, which resulted in images with size (146, 182, 155).

2.6. Multivariable linear regression analysis

Multivariable linear regression was performed to investigate the association between age-related hearingloss
(hearing threshold per dB increase) and standardized GM volume (Z-score GM volume) in the left and right
hemispheres of the superior temporal gyrus. In addition, we evaluated the association between age-related
hearing loss and standardized GM volume in the precentral gyrus. In the first model, we adjusted for age,
age?, sex, ICV and the time between MRI and auditory tests. To examine the effect of demographic and
cardiovascular risk factors, we additionally adjusted for body mass index, alcohol intake, smoking status, ed-
ucational level, mini-mental-state examination, diabetes mellitus, hypercholesterolemia and hypertension
in the second model.

Missing data on hearing thresholds in 61 participants (0.03%) were imputed when no more than 2 hearing
thresholds were missing per ear. The analyses were performed with IBM SPSS Statistics for Windows, version
24.0 (International Business Machines Corporation, Armonk, New York). The Bonferroni correction for mul-
tiple testing was applied to determine the statistical significance for each examined region (n=6), resulting in
a significance level of p < 0.0083.

2.7. Deep learning analysis

Deep learning is a multivariable data-analysis method that transforms input (images) to output while learn-
ing higher-order features [11, 54]. In contrast to traditional machine learning algorithms that make use of
’handcrafted-features’, deep learning models learn the relevant features from the data itself. In this study,
a deep learning model was trained to classify individuals with age-related hearing loss and normal hearing
controls based on brain differences (features) in MRI-scans. Accordingly, the learned features were visualized
to identify possible brain differences and regions involved. The final step included an evaluation of misclas-
sified images.

2.7.1. 3D CNN for the classification of age-related hearing loss

Convolutional neural networks (CNNs) are currently the best performing deep learning models for image
classification [54]. These models apply convolution operations on images with a set of learnable kernels to
generate feature maps. These kernels have a smaller spatial extent than the input image and are used at every
position on the image, such that the number of learnable parameters is greatly reduced compared to tradi-
tional neural networks [30]. To classify age-related hearing loss based on 3-dimensional (3D) GM-modulated
images, we therefore used a 3D CNN. The classification framework is schematically depicted in Figure 2.3,
where the image is visualized as 2D for simplicity. Our model was based on a 3D CNN for the classification
of Alzheimer’s disease [46]. This model was optimized for the classification of age-related hearing loss (see
Appendix B), which led to the final model that is presented in this section.

Network architecture The architecture of our 3D CNN consists of 4 alternatively stacked convolution and
pooling blocks, followed by a convolution operation with kernel size 1x1x1, global average pooling, and a
softmax layer. The convolution layer generates feature maps with kernels of size 3x3x3, where the number
of feature maps is specified under the blocks in the image (see Figure 2.3). Zero padding was employed to
control the spatial size of the output volume [47]. The feature maps were spatially down-sampled with the
pooling operation, for which we applied a convolution operation with stride 2x2x2. To avoid overfitting and
speed up convergence of the network, both convolution and pooling blocks contain dropout (rate = 0.5) and
batch normalization [30, 43]. Non-linearity was induced by activation with the hyperbolic tangent at the end
of each block. The convolution with kernel size 1x1x1 reduced the total number of feature maps to 2, after
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~

Figure 2.3: Framework for the classification of age-related hearing loss based on GM modulated images. The number underneath each
block represent the number of filters in the convolution layer. Abbreviation: Conv, Convolution layer; Batch norm, batch normalization;
tanh, hyperbolic tangent; GAP, global average pooling

which averaging by global average pooling further lowered the size of the feature maps to a single vector that
could directly be fed into the final softmax layer. Using the softmax function, the final softmax layer generates
a prediction score for both classes (age-related hearing loss or normal-hearing control).

Initialization The weights were randomly initialized using the Glorot initializer with a uniform distribution
[26, 27]; biases were set to 0. The input images were standardized to have zero mean and unit variance. Due
to memory constraints, the batch size for training the whole brain with image dimensions of (146, 182, 155)
was equal to 4; the batch size for training the right superior temporal gyrus with image size (60, 93, 87) was
16.

Training The 3D CNN was trained and validated on 821 images (164 hearing loss, 657 controls) and tested
on a separate dataset of 206 images (41 hearing loss, 165 hearing controls). During training, parameters are
adjusted with the adaptive learning algorithm Adam to minimize the loss function [48]. Experiments revealed
that the optimal initial learning rate was between 0.0005 and 0.001. The loss function quantifies how well
the predicted class scores match the ground truth labels and is often given by the binary cross-entropy for
a binary classification task [7, 47]. To account for class imbalance in our dataset, we used a variant on the
binary cross-entropy, called the balanced cross-entropy loss, Lgcg [5, 52]:

1 N
Lpce= N Y Byilogp(y))+1-PA-y)logl—p(y)) (2.3)
i=1

where N is the number of samples in the batch over which the loss is calculated, § is the balancing term, y;
stands for the given class (0 in case of normal-hearing and 1 in case of hearing loss) and p(y;) is the predicted
probability for that class. This loss function is equal to the binary cross-entropy when f = 0.5. However, for
the classification of age-related hearing loss, f was optimal when =1 - 164/657, which is the inverse of the
class frequency.

Evaluation To evaluate and optimize our model we used a 5-fold cross-validation with stratified shuffle split
and the area under the receiver-operating-characteristic (ROC) curve (AUC) as performance metric on the
test set. The stratified shuffle split method returns stratified random folds while preserving the percentage of
samples for each class. The AUC is defined as the probability that the classifier will rank a randomly chosen
positive instance higher than a randomly chosen negative instance [20]. This performance metric has the
advantage of being insensitive to changes in class distribution and is independent of the chosen classification
threshold [20].
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2.7.2. Visualization of relevant features with Grad-CAM

Gradient-weighted Class Activation Mapping, or Grad-CAM, was used to visualize the features deemed rele-
vant for the model in the classification of age-related hearing loss. This visualization method uses the gradi-
ent of the class score, y°, with respect to the feature maps, Ak to provide visual explanations of the network.
Grad-CAM is described by the following two formula’s [72]:

1 dy°
ap=- —— (2.4)
AT
LGraa-cam = ReLU(}_ aiAk) (2.5)
k

Equation 2.4 represents the importance of each feature map k for a specific class ¢ and is given by the weights
a. Global average pooling is performed to obtain an average weight per feature map, where Z stands for
the number of voxels in the feature map. Equation 2.5 accordingly gives the localisation map per class, L,
using a weighted combination of the weights and feature maps [72]. A ReLU activation function is applied to
highlight only positive features for a specific class. To highlight the discriminating features in the image, the
localization map is scaled back to the original image size and shown as overlay on a reference brain. In the
original method, Grad-CAM uses the gradient information and feature maps of the last convolutional layer
[72]. However, the pooling operations result in smaller feature maps that do not provide location-specific
information when scaled back to the original image. The third convolutional layer provided the best visual
explanation of the network and was hence used for activation mapping.

2.7.3. Evaluation of missclassified subjects

The missclassified subjects were first evaluated using a visual inspection with Grad-CAM. This inspection
yielded some speculations about the role that age could have played in the classification task. To that end, we
performed the Welch'’s test to compare the mean age of the total correct and missclassified subjects in the two
best performing models. The Welch’s test is an alternative to the independent t-test when the groups have
unequal variances and is given by the following formula [67, 76]:

H1— 2

t=—1——" (2.6)
2 2
51 S
A

where p; and pp represent the mean age, s; and s, the variance of age, and N; and N, the amount of correct
and missclassified subjects, respectively. The degrees of freedom, v, can be approximated by the Welch-
Satterthwaite equation:

2 2
(5L 4 22
N; N
vy — 2.7
S1 S
NZ (N -1) * NZ(Np-1)

With the degrees of freedom and the T-table, we can find the minimum t-value that would correspond to a
rejection of the null-hypothesis. Furthermore, Welch'’s test allows us to examine whether there is a statistically
significant difference between the mean age of the correct and missclassified subjects.

2.7.4. Experiments

To gain confidence about the relevant features involved, our CNN was trained twice on both GM-modulated
images of the whole-brain and of the superior temporal gyrus region. We selected the best fold of each train-
ing experiment and combined the Grad-CAM localization maps from all correctly classified subjects to obtain
an average activation map per class for each experiment.

For whole-brain analysis, the classification was performed on images with and without additional GM
extraction. This additional preprocessing step was executed to evaluate the influence of registration errors
at the boundary of the image and within the WM region. GM extraction was employed on GM modulated
images after correction for confounding and cropping.

Since no other study has performed machine learning for the classification of age-related hearing loss yet,
a reference classification performance was lacking. Therefore, we employed a logistic regression in which
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we classified individuals with age-related hearing loss based on gray matter volume in the right superior
temporal gyrus. The logistic regression model uses the same model initialization and evaluation as deep
learning and was used as baseline classification performance for analysis of the region around the superior
temporal gyrus.

For both whole-brain analysis and analysis of the superior temporal gyrus region, we carried out a sanity
check to verify whether the observed features depended on the training data. The sanity check corresponds
to the 'data randomization test, where our CNN was trained on a copy of the dataset in which the labels
were randomly permuted [2]. When activation mapping depends on the correct labeling of the classes, we
should observe a difference in activation mapping of shuffled and correctly labeled data [2]. The randomly
permuted labels yielded similar distributions of correct and false labels in both classes; the fraction of true
and false labels in the hearing loss class was 0.190 and 0.202, respectively. For the normal-hearing control
class, the fraction of true and false labels were 0.810 and 0.798.

2.7.5. Software

The network was trained in Keras with Tensorflow 1.12.0 as backend. All code for analysis with deep learning
was written in Python 3.6.7.






Results

3.1. Multivariable linear regression analysis

Characteristics of the study population for analyzing GM differences in the superior temporal and precentral
gyrus are shown in Table 3.1. The mean age of the population was 65.5 years, and 53.3% of the participants
were women. The average audiogram of the best hearing ear of all participants is shown in Figure 3.1.

Table 3.1: Characteristics of the study population

(N=2070)
Characteristics
Age, years 655+ 7.2 Frequencies (kEi2)
Sex, female, % 53.3 025 05 10 20 40 80
Best ear, left, % 53.1
Hearing threshold, dB 23.5+12.0 000 T
ICV, mL 11379 + 115.3 ~
BMI, kg/m? 27.3+4.0 2 2000 T e
Alcohol intake, g/d 12.7 £ 15,6 E >
Smoking status, % % 4000
Never 32.0 k|
Former 51.3 é §0.00
Current 16.3 =
Educational level, % 8000
Primary 6.8 -
Lower 35.5 10000 e B 1.2 5
Intermediate 30.8
Higher 26.5 Figure 3.1: Average hearing thresholds of the best hearing ear (N =
MMSE test score 28.2+1.7 2070)
Diabetes Mellitus, % 10.7
Hypertension, % 45.1
Hypercholesterolemia, % 54.9

dB, decibel; ICV, intracranial volume; BMI, Body mass index; g/d, grams/day; MMSE,
mini-mental state examination: test to examine cognitive performance [0-30]

In Table 3.2 we present the association between age-related hearing loss and GM volume in the superior
temporal gyrus. We found that a higher hearing threshold, i.e. worse hearing function, was significantly asso-
ciated with a lower GM volume in the superior temporal gyrus of the right hemisphere. We did not observe a
significant association between age-related hearingloss and GM volume in the left hemisphere. The effect es-
timates for above associations were small and were strongest in the lower frequencies. Additional adjustment
for cardiovascular risk factors did not change the effect estimates, although the associations in the lower and
higher frequencies did not remain statistically significant after correction for multiple testing. Moreover, the
difference in effect estimates between the left and right hemispheres in all frequencies became smaller after
additional adjustment for cardiovascular risk factors.

Besides GM differences in the superior temporal gyrus, we observed a significant association between age-
related hearing loss and GM volume in the right hemisphere of the precentral gyrus, i.e. our control region
(see Table 3.3). Similar effect estimates were observed for the associations in both regions. Additional adjust-
ment for cardiovascular risk factors did not change the effect estimate, though the association did not remain
significant after multiple testing.

11
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Table 3.2: Association of age-related hearing loss with gray matter volumes in the superior temporal gyrus using multivariable linear
regression models (N=2070)

Difference in gray matter volume (CI 95%) p-value, per dB increase

Left Hemisphere Right hemisphere
All frequencies
Model 1 -0.002 (-0.005, 0.001) 0.242 -0.006 (-0.010, -0.003) 0.000
Model 2 -0.004 (-0.007, 0.000) 0.032 -0.005 (-0.009, -0.001) 0.007
Low frequencies
Model 1 -0.003 (-0.007, 0.001) 0.184 -0.007 (-0.011, -0.003) 0.001
Model 2 -0.003 (-0.008, 0.002) 0.233 -0.006 (-0.011, -0.002) 0.009
High frequencies
Model 1 -0.001 (-0.003, 0.001) 0.420 -0.004 (-0.006, -0.001) 0.004
Model 2 -0.002 (-0.004, 0.001) 0.260 -0.003 (-0.006, 0.000) 0.024

CI, confidence interval; dB, decibel; GM, gray matter; WM, white matter

Model 1: adjusted for age, age?, sex, intracranial volume, time between MRI and auditory tests. Model 2: Additionally adjusted for body
mass index, alcohol intake, smoking status, educational level, mini-mental state examination, diabetes mellitus, hypercholesterolemia,
and hypertension. Significant findings, p < 0.0083, are shown in bold.

Table 3.3: Association of age-related hearing loss with gray matter volumes in the precentral gyrus using multivariable linear regression
models (N=2070)

Difference in gray matter volume (CI 95%) p-value, per dB increase

Left Hemisphere Right hemisphere
All frequencies
Model 1 -0.004 (-0.008, 0.001) 0.009 -0.005 (-0.008, -0.001) 0.005
Model 2 -0.004 (-0.008, 0.001) 0.022 -0.004 (-0.008, -0.001) 0.021

CI, confidence interval; dB, decibel; GM, gray matter; WM, white matter

Model 1: adjusted for age, age?, sex, intracranial volume, time between MRI and auditory tests. Model 2: Additionally adjusted for body
mass index, alcohol intake, smoking status, educational level, mini-mental state examination, diabetes mellitus, hypercholesterolemia,
and hypertension.

3.2. Deep learning analysis

Characteristics of the hearing loss and normal-hearing control class are shown in Table 3.4. The average au-
diogram of both classes is presented in Figure 3.2. Besides the dissimilarity in the average hearing threshold
between both classes, a large difference in mean age was observed; the mean age of the hearing loss class was
74.7 years, whereas the mean age of the normal hearing control class was 61.5 years. Furthermore, the per-
centage of women in the hearing loss class was lower (44.9 %) in comparison to the normal-hearing controls
(61.2 %).

Frequencies (kHz)
0.25 05 10 20 4.0 8.0
Table 3.4: Characteristics of the hearing loss and 0.0 f Class
normal-hearing control class (N=1027) g -t ¢ -t _ 3’33
g 0,00 1 £ T
Characteristics Controls Hearing loss 2 - -
(N=822) (N=205) R Sl

Age, years 615+55 74.7 £ 8.0 g . .

Sex, female, % 61.2 44.9 § ~L

Best ear, left, % 53.3 405 T -

AVT, dB 13.3+4.1 48.2+8.3 '

ICV, mL 1130.1 + 114.7 1140.2 + 115.0

100,00

AVT, average hearing threshold; dB, decibel; ICV, intracranial volume Error Bars: +/- 2 5D

Figure 3.2: Average hearing thresholds of the best hearing ear for the
hearing loss and normal-hearing control class (N = 2070)



3.2. Deep learning analysis

13

3.2.1. Whole-brain classification

Figure 3.3 shows the classification performance
for whole-brain analysis, with and without GM
extraction, and its corresponding sanity check.
For each experiment our CNN was trained twice,
tl and t2. The classification performance corre-
sponds to the best performing model from the
5-fold cross-validation; individual model perfor-
mance for all folds can be found in Appendix D.
Repeated experiments resulted in a similar per-
formance, which was achieved after less than 20
epochs training. A slightly lower classification
performance was observed after GM extraction
(see Appendix D), which also required a longer
training time to reach convergence. The sanity
check resulted in a model performance with an
AUC = 0.50 for both models.
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v 0.4+
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=
—— CNN-brain, t1 (AUC = 0.92)
—— CNN-brain, t2 (AUC = 0.96)
0.2 —— CNN-GM, t1 (AUC = 0.89)
—— CNN-GM, t2 (AUC = 0.92)
CNN-brain, sc (AUC = 0.40)
0.0 —— CNN-GM, sc (AUC = 0.46)
T T T T T T
0.0 0.2 0.4 0.6 0.8 1.0

False Positive Rate

Figure 3.3: Receiver-operating-characteristic curves for the classifi-
cation based on MR-images with and without GM extraction, CNN-
brain and CNN-GM, and its corresponding sanity check. The CNN was
trained twice with correct labels, t1 and t2. Abbreviation: sc, sanity

check

3.2.2. Classification of the superior temporal gyrus region

Figure 3.4 shows the classification performance
for analysis of the superior temporal gyrus re-
gion with our CNN and with logistic regression.
The CNN was trained twice with correct labels,
tl and t2, and once with shuffled labels, i.e. the
sanity check. Figure 3.4 shows the best perfor-
mance of the 5-fold cross-validation; the indi-
vidual performance across all folds can be found
in Appendix D. Our CNN performed equally well
in repeated experiments with correct labels and
reached convergence within less than 10 epochs.
Thereby, our model resulted in higher perfor-
mance (AUC = 0.94) than classification with lo-
gistic regression solely based on GM volume in
the superior temporal gyrus (AUC = 0.67). When
our model was trained with shuffled labels, the
classification performance was not better than
guessing (AUC = 0.50).

1.09
0.8
2
©
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o 0.44
2
=
0.2 = —— CNN-brain, t1 (AUC = 0.94)
ad —— CNN-brain, t2 (AUC = 0.94)
.
/’ —— Logistic regression (AUC = 0.68)
0.0 CNN-brain, sc (AUC = 0.50)
0.0 0.2 0.4 0.6 0.8 1.0

False Positive Rate

Figure 3.4: Receiver-operating-characteristic curves for the classifica-
tion with our CNN and with logistic regression. The CNN was trained
twice with correct labels, t1 and t2, and once with shuffled labels. Ab-

breviation: sc, sanity check.

3.2.3. Visualization of relevant features in the whole brain

Grad-CAM visualizations for the classification of age-related hearing loss based on whole-brain images after
GM extraction are presented in Figure 3.5. In both classes, activations were observed across the whole brain
and were not specific to the superior temporal gyrus. Furthermore, the visualizations show lower activations
in the hearing loss class in comparison to the control class. Along with these findings, we did not observe
features specific to the superior temporal gyrus in the classification that was based on whole-images without
GM extraction (see Appendix E.1). The sanity check resulted in different class activation maps E.4.1.
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0.8

0.2

(@) (b)
Figure 3.5: Visualization of the average network activation in the whole brain based on MR-images with GM extraction, axial view; (a)
activation of the hearing loss class, (b) activation of the normal-hearing control class. The white contour corresponds to the superior

temporal gyrus, obtained from the Desikan Killiany atlas [13]. The color bar shows the normalized intensity values of the Grad-CAM
image.

3.2.4. Visualization of relevant features in the superior temporal gyrus region
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Figure 3.6: Visualization of the average network activation in the superior temporal gyrus region, axial view; a), (b) and (c) represent
the hearing loss class at three positions; (d), (e) and (f) correspond to the activations of the hearing control class at the same three
positions. The white matter contour corresponds to the superior temporal gyrus, obtained from the Desikan Killiany atlas [13]; the
the black contour represents the primary auditory cortex, obtained from the Juelich atlas [19, 57]. The color bar shows the normalized
intensity values of the Grad-CAM image.
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Figure 3.6 shows the Grad-CAM visualizations for the average class activation in the superior temporal gyrus
at three positions. Within the 3D activation map of the hearing loss class, two regions appeared to be of more
importance. The first region is shown in (a) and relates to the supramarginal gyrus. In the normal-hearing
control class (d), this region was less activated and did not stand out with respect to other brain regions. The
second region where relevant features where observed, is visualized in (b) and involves the insula. Although
similar activation values were found in the control class, the insular region again did not appear to be more
relevant for the classification than other regions in the normal-hearing control class.

Figure 3.6 (c) and (f) visualizes the primary auditory cortex and the surrounding superior temporal gyrus.
Despite the importance of these regions for auditory functioning, our Grad-CAM visualizations do not high-
light these regions as relevant features for the classification of age-related hearing loss (b, c), (e, f).

In general, we observe less activation in the hearing loss class compared to the normal-hearing control
class. Moreover, the visualizations show some activations in the WM region of the hearing loss class (a), which
do not appear in the normal-hearing control class (d). The sanity check showed that the visualizations were
data dependent (see Appendix E.4.2). Additional visualization results, including the corresponding sagittal
and coronal view, from both whole-brain analysis and analysis of the superior temporal gyrus region can be
found in Appendix E.2 and E.3.

3.2.5. Evaluation of misclassified subjects

We evaluated the subjects were the model gave a wrong prediction and observed significant differences in
the mean age of the correctly classified and misclassified subjects (see Table 3.5). For both whole-brain anal-
ysis and analysis of the superior temporal gyrus region, subjects with hearing loss that were misclassified as
hearing controls were younger in comparison to subjects that were correctly classified as hearing loss. The
reverse effect was seen in normal-hearing controls, where misclassified subjects were older compared to the
correctly classified subjects.

Furthermore, we noted that the mean age of misclassified subjects in the hearing loss class was lower than
the mean age of the study population for this class (74.7 + 8.0 years) and higher in case of the normal hearing
controls (61.5 + 5.5). For correctly classified subjects, the opposite relation holds, and smaller differences are
found.

Table 3.5: Age differences between correct and misclassified subjects for each class based on MR-images of the whole brain and of the
superior temporal gyrus region

Hearing loss Controls
Whole brain
Correctly classified 79.1 + 6.7 (n=56)* 60.8 + 5.4 (n=321)*
Missclassified 68.3 +£ 5.1 (n=26)* 70.1 + 2.9 (n=9)*
Superior temporal gyrus region
Correctly classified 76.7 + 7.0 (n=77)* 59.2 + 4.6 (n=279)*
Missclassified 64.8 +£ 5.1 (n=5)* 68.1 + 2.8 (n=51)*

*: significant difference, p < 0.01, in mean age between correct and missclassified subjects of each class
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Discussion and conclusion

In this study, we analyzed GM differences in age-related hearing loss using both multivariable linear regres-
sion and deep learning. We found that higher hearing thresholds were associated with lower GM volume in
both the superior temporal and the precentral gyrus, while the precentral gyrus is not implicated in auditory
function. Using deep learning, we found that relevant features for the classification of age-related hearing
loss were not specific to the superior temporal gyrus, but appeared across the whole brain. For the region
around the superior temporal gyrus, our Grad-CAM visualizations suggest GM differences within the insula
and supramarginal gyrus, and not in the primary auditory cortex. Interestingly, we noticed that misclassified
subjects were strongly related to age.

4.1. Multivariable linear regression

We found that age-related hearing loss was significantly associated with decreased GM volume in the right
hemisphere, but not in the left hemisphere. This observed hemispheric asymmetry is in agreement with
previous studies [50, 59, 62]. Yet, some studies indicate GM differences in the auditory cortex of both hemi-
spheres [18], or no GM differences at all [4, 78]. The latter two studies did not measure the hearing function
of the control group and hence could have underestimated group differences. The right hemisphere also ap-
pears to be more affected by aging than the left hemisphere [63]. As most studies were of a cross-sectional
study design, residual confounding by age could have been present. One longitudinal study reported accel-
erated GM volume decline in the right temporal lobe but did not correct for quadratic effects of age. Thus, it
remains unclear whether the observed associations in the right hemisphere can be attributed to hearing loss
or age-related neurodegeneration.

From these studies, just one study investigated the association between age-related hearing loss and GM
volume in a control region [59]. The study did not observe an association between hearing loss and GM
volume in the motor cortex. We examined the same control region and observed a significant association
between age-related hearing loss and GM volume in the precentral gyrus. The discrepancy between these
findings may be explained by the fact that we studied the superior temporal gyrus as auditory region and
calculated Z-scores to compare regions of different sizes, whereas the other study compared differences in
absolute volume of the primary auditory cortex with the absolute volume of the motor cortex. Given the
small spatial extent of the primary auditory cortex, differences may appear faster with respect to the larger
motor cortex. Especially with a sample size of 25, it is not surprising that small differences in the motor cortex
were not observed.

Finally, we noticed stronger effect estimates for lower frequency thresholds compared to the higher fre-
quency thresholds; differences in standardized brain volume per dB increase were -0.006 for lower and -0.003
for higher frequencies. Different types of age-related hearing loss have different origins and result in diverse
audiograms [25, 70]. Sensory hearing loss is caused by loss of the outer hair cells and shows a decline in the
higher frequencies. Metabolic hearing loss is caused by degeneration of the stria vascularis and affects the
lower frequencies. The stronger association in the lower frequencies may be therefore be related to metabolic
hearing loss. In that regard, various types of age-related hearing loss may lead to distinct brain changes (see
Appendix C). Future research on this topic is needed to investigate potential differing relations between dis-
tinct forms of hearing loss with brain volume.

4.2. Deep learning

To our knowledge, we are the first study to use deep learning for the classification of age-related hearing
loss. For both whole-brain analysis, and for the analysis of the superior temporal gyrus, we were able to
achieve performances of 0.96 and 0.94 AUC, respectively. Our CNN thereby outperformed the classification
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with a logistic regression model that was based solely on GM volume in the superior temporal gyrus and
had an AUC of 0.68. Given a relatively shallow network and a classification performance of more than 0.90
after a few epochs, one could argue whether a complex deep learning model was necessary for this problem.
Traditional machine learning models, like a support vector machine or even logistic regression, may perform
equally well when presented with a set of relevant features. However, in this study we aimed to investigate
GM differences without prior knowledge about the relevant features or regions of interest. Our CNN was able
to extract relevant features from the data itself and revealed that discriminating features for the classification
of age-related hearing loss were not specific to the superior temporal gyrus, but appeared along the whole
brain.

Furthermore, our model generated new hypotheses about possible differences in the supramarginal gyrus
and the insula. The supramarginal gyrus is involved in language processes [3]. Even though this region is not
mentioned by previous studies, it could be an interesting region to investigate in more depth. The insula is
known to be affected by aging [29, 63], and activation in this region suggests that effects of age may still be
present in the GM modulated images after correction of confounding with the voxel-based linear regression.
This hypothesis is supported by the characteristics of the misclassified subjects, who appear to be strongly
age-dependent.

Interestingly, the Grad-CAM visualizations of the superior temporal gyrus also showed activations in the
WM region of the hearing loss class. In principle, GM modulated images contain intensity values of zero in
this region. However, after investigating this region in more depth, we indeed observed non-zero pixel values
in subjects with hearing loss. This may be explained by the registration to the standard ICBM MNI152GM
template. This template is based on 152 subjects with an age range of 18-44 years [22], whereas our study
population has a mean age of 65.5 years. Registration to this template could lead to registration errors in
elderly people with age-related neurodegeneration. As the mean age of subjects in the hearing loss class is
larger (74.7 years) compared to the controls (61.5 years), registration errors were likely noticed as feature for
the hearing loss class, but correspond to morphological brain changes caused by aging.

Besides the effects of age, non-specific activation patterns in the superior temporal gyrus or primary au-
ditory cortex may be explained by another third factor. Vascular mechanisms can influence both hearing
thresholds and brain health and could be the third factor involved. This idea is supported by the results
from our multivariable linear regression, which implicated a possible role of the metabolic phenotype of age-
related hearing loss. Furthermore, we observed an increase in classification performance, from 0.81 to 0.89
AUC, after correction for the confounding of age with the voxel-based linear regression (see Appendix B).
When the classification of age-related hearing loss was solely driven by age, an increase in performance after
age correction is not expected, and hence may be explained by another third factor.

4.3. Limitations and future work

Some limitations regarding the study population should be acknowledged. We assigned all participants with
hearing loss in our population (> 45 years) with age-related hearing loss, but some participants may have de-
veloped hearing loss early in life. As the prevalence of hearing loss for individuals younger than 40 years old
comprises less than 2 percent [58], the number of individuals incorrectly assigned with age-related hearing
loss can be assumed very small. Another limitation regarding the study population is that participants with
mild hearing loss are excluded in our deep learning analysis. Mild hearing loss is the most common form
of hearing loss in the elderly [58] and by excluding this group, we could have overestimated GM differences.
Yet, the results from our deep learning analysis are in line with the regression analysis, which included par-
ticipants with mild hearing loss. Both analyses revealed that GM differences were not specific to the superior
temporal gyrus and are likely influenced by a third factor.

Improvements can be made with respect to the preprocessing steps. First, the observed registration errors
in our study could be avoided by using a study-specific template. Second, GM density maps are preferable
for the segmentation of GM, which was based on a binary segmentation in this study. At last, a multivariable
correction for confounding of age would be beneficial for our multivariable data analysis with deep learning.
A recent study proposed a spatio-temporal reference model of the aging brain to assess morphological dif-
ferences due to aging [38]. Although not designed for the correction of confounding, a correction based on a
reference deformation field for aging may better capture morphological differences than a linear correction
solely based on volume. However, age-matched classes are still preferable over correction methods and are
recommended in future research on GM differences in age-related hearing loss.

Visualization of the features used in a neural network is still an important challenge in deep learning. Even
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though methods like Grad-CAM provide insight into the location of relevant features, the features themselves
remain unknown [66]. Hence, a complete description of the important aspects during classification cannot
be given. Unlike some other visualization methods, Grad-CAM was dependent on both the model param-
eters and the data the model was trained on [2]. However, the scaling of the feature maps to the original
image, makes Grad-CAM less location-specific. GP-Unet is a weakly supervised detection algorithm that can
generate activation maps with full input-resolution by means of an encoder-decoder architecture [15, 16].
Although it requires a change in network architecture, GP-Unet could be interesting to use in future work as
it has the potential to provide a more precise activation map.

In future work, it would also be desirable to have an MR-scanner with a higher field strength. The 1.5
Tesla scanner used in this study is common for both research and clinical practice but is less sensitive to
smaller brain structures that may be present in age-related hearing loss. A higher field strength is mainly
advantageous in future research with age-matched groups, where possible small GM differences related to
hearing loss are not overshadowed by age-related neurodegeneration. In that case, our CNN may require
more convolution layers but could prove helpful to detect small brain differences in age-related hearing loss.

Finally, a longitudinal population-based study is warranted to investigate intra-individual brain changes
differences and elucidate longitudinal associations between age-related hearing loss and potential neurode-
generation independent of age.

4.4. Conclusion

In this study, we analyzed GM differences in age-related hearing loss using conventional multivariable linear
regression and deep learning. Results from both methods revealed that GM differences were not specific
to the superior temporal gyrus, but were present in other brain regions as well. Furthermore, we observed
that misclassified subjects were significantly related to age and that age-related features were relevant for the
classification. Although a direct effect of age-related hearing loss on neurodegeneration may be present, our
findings suggest that these differences are negligible with respect to a third factor affecting the whole brain.
As age likely is the third factor involved, a longitudinal study design or age-matched groups are required in
further studies on age-related hearing loss.






Correction for confounding

To evaluate the voxel-wise correction for confounding, we visualized the  coefficients of the multivariable
linear regression for the confounding of age (see Figure A.1). A negative f value corresponds to a decrease in
volume with age; a positive §§ value relates to an increase in volume with age.

Although some voxels showed small positive f values, in general, we observed a small decrease in volume
with age. These results are in line with research on age-related neurodegeneration, which shows a linear GM
decline with aging [29, 63].

0.05
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—0.05
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Figure A.1: S coefficients for the correction of age. Abbreviation: ac, age correction; yrs, years.
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Model Optimization

This chapter shows the experiments that contributed most to the optimization of our model or were impor-
tant for our classification task.

B.1. Preprocessing: correction for confounding

As described in section 2.5.3, the correction for confounding of age, sex and ICV was necessary for the clas-
sification of age-related hearing loss. This preprocessing step, with the correction of age in particular, also
yielded a higher network performance (see Table B.1). As age may drive the classification before correction
of confounding, the gain in performance could be explained by older subjects without hearing loss that are
now correctly classified as hearing controls. Similarly, younger subjects with hearing loss would be classified
as hearing controls when the classification is driven by age, but are correctly classified as hearing loss after
correction of confounding.

Table B.1: Network performance with and without correction of confounders

Correction for AUC # Filtersin each  Activation function Loss function Regularization
confounding conv block
- 0.81 £0.03  16-32-32-64-2 tanh BCE, 5~ 0.75 D + BN
age 0.89 + 0.03 16-32-32-64-2 tanh BCE, ~0.75 D+ BN
age, sex, ICV  0.92 + 0.02 16-32-32-64-2 tanh BCE, f ~0.75 D +BN

Abbreviations: AUC, area under the receiver-operating-characteristic curve, tanh, hyperbolic tangent; BCE, balanced cross entropy; D,
dropout; BN, batch normalization.

B.2. Model Architecture

Starting with the network architecture proposed for the classification of Alzheimer’s disease, we set up several
experiments in which we varied the number of convolution layers and filters involved (see Table B.2). The
CNN with 4 blocks of convolution and pooling with filter sizes 16, 32, 32 and 64 and a final convolution block
with 2 filters achieved the best performance (AUC = 0.93) and was hence used as our model.

Table B.2: Network performance for varying model depths and number of filters

Correction for AUC # Filters in each Activation function Loss function Regularization
confounding conv block
age, sex, ICV ~ 0.90 £ 0.02 8-16-32-32-2 tanh BCE, 5~ 0.75 D+ BN
age, sex, ICV ~ 0.93 + 0.03 16-32-32-64-2 tanh BCE, ~0.75 D+ BN
age, sex, ICV  0.91 + 0.02 16-32-64-64-2 tanh BCE, 8~ 0.75 D +BN
age, sex, ICV ~ 0.90 + 0.01 16-32-32-64-64-2 tanh BCE, f ~0.75 D +BN
age, sex, ICV  0.91 £0.01 16-32-32-64-64-32-2 tanh BCE, 8~ 0.75 D+ BN

The conv block consist of both the convolution and pooling block, with the exception of the last conv layer that only has a convolution
operation. Abbreviations: AUC, area under the receiver-operating-characteristic curve; conv, convolution; tanh, hyperbolic tangent;
BCE, balanced cross entropy; D, dropout; BN, batch normalization.
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24 B. Model Optimization

B.3. Activation function

The rectified linear unit (ReLU) is the most common activation function in CNNs [54]. Although similar clas-
sification performances could be obtained with a ReLU activation, the hyperbolic tangent (tanh) appeared
more robust and was therefore used as activation function in our model (see Table B.3).

Table B.3: Network performance for activation with the hyperbolic tangent or ReLU

Correction for AUC # Filters in each ~ Activation function Loss function Regularization
confounding conv block

age, sex, ICV. 0.92 + 0.02 16-32-32-64-2 tanh BCE, 8~ 0.75 D+ BN
age, sex, ICV. 0.88 + 0.06 16-32-32-64-2 ReLU BCE, 8~ 0.75 D+ BN
age, sex, ICV. 0.93 + 0.05 16-32-64-64-2 ReLU BCE, B~ 0.75 D +BN
age, sex, ICV  0.89+£0.05 16-32-64-64-2 ReLU BCE, ~0.75 D +BN

Abbreviations: AUC, area under the receiver-operating-characteristic curve; conv, convolution; tanh, hyperbolic tangent; BCE, balanced
cross entropy; D, dropout; BN, batch normalization.

B.4. Loss function

As described in section 2.7.1, we used the balanced cross entropy as loss function to account for class imbal-
ance in our dataset. A grid search revealed that the hyperparameter § = was optimal when  ~ 0.75 (AUC =
0.93), which equals the inverse class frequency (see Table B.4).

Table B.4: Network performance for different values of the balancing term, f3, in the balanced cross entropy loss function

Correction for AUC # Filtersin each  Activation function Loss function Regularization
confounding conv block
age, sex, ICV ~ 0.90+£0.02  16-32-32-64-2 tanh BCE, =0.50 D + BN
age, sex, ICV 0.89 + 0.03 16-32-32-64-2 tanh BCE, =0.66 D+ BN
age, sex, ICV  0.93 + 0.02 16-32-32-64-2 tanh BCE, 3 ~0.75 D+ BN
age, sex, ICV ~ 0.91+£0.02  16-32-32-64-2 tanh BCE, 5=0.90 D + BN

Abbreviations: AUC, area under the receiver-operating-characteristic curve; conv, convolution; tanh, hyperbolic tangent; BCE, balanced
cross entropy; D, dropout; BN, batch normalization.

B.5. Regularization

Finally, we observed that the inclusion of batch normalization and dropout improved network performance
of our CNN (see Table B.5). These regularization methods were therefore both integrated in our model archi-
tecture.

Table B.5: Network performance with and without regularization of dropout and batch normalization

Correction for AUC # Filtersin each  Activation function Loss function Regularization
confounding conv block
age, sex, ICV  0.89+£0.02  16-32-32-64-2 tanh BCE, p~0.75 -
age, sex, ICV ~ 0.57 £0.05  16-32-32-64-2 tanh BCE, ~0.75 D
age,sex,ICV 091 £0.04 16-32-32-64-2 tanh BCE 8~ 0.75 BN
age, sex, ICV  0.93 + 0.02 16-32-32-64-2 tanh BCE, ~0.75 D + BN

Abbreviations: AUC, area under the receiver-operating-characteristic curve; conv, convolution; tanh, hyperbolic tangent; BCE, balanced
cross entropy; D, dropout; BN, batch normalization.



Phenotypes age-related hearing loss

To investigate the hypothesis of differing relations between distinct o

forms of hearing loss with brain volume, we analyzed the association 20:—_ '_ . W
between metabolic and sensory hearing loss (average hearing thresh- : s
old per dB increase) and standardized GM volume (Z-score GM vol-
ume) in the superior temporal gyrus.

Figure C.1 shows the typical audiograms per phenotype. To our knowl-
edge, no clear definition of the hearing thresholds per phenotype
exists. Therefore, the typical audiograms per phenotype were used
to classify participants into distinct phenotypes. Metabolic hearing
loss was stated present when the difference between low and high-
frequency hearing thresholds was lower than 15 dB (n = 1009). Partici- :
pants were assigned with sensory hearing loss when the low-frequency or .. ]
hearing thresholds were lower than 20 dB and the high-frequency hear- 10T ensony ]

ing thresholds were larger than 40 dB (n = 385). )
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Table C.1 shows the association between metabolic and sensory hear- L.

ing loss and GM volume in the superior temporal gyrus. We found that 0

ahigher hearing threshold was significantly associated with a lower GM eor ]
volume in the right hemisphere of the superior temporal gyrus in both sor ]
phenotypes. However, in the metabolic phenotype, we observed larger 00 [ ]
effect estimates in the right hemisphere compared to the left hemi- 055 05 10 20 40 80
sphere, whereas the inverse was true for the sensory phenotype. These Frequency (kHz)

results suggest possible differing relations between distinct forms of

hearing loss with brain volume. Figure C.1: Phenotypes for age-related

hearing loss [14, 68]

Table C.1: Association of metabolic and sensory hearing loss with gray matter volumes in the superior temporal gyrus using multivariable
linear regression (N=2070)

Difference in gray matter volume (CI 95%) p-value, per dB increase

Left Hemisphere Right hemisphere
Metabolic (n=1009)
Model 1 -0.005 (-0.011, 0.001) 0.099 -0.011 (-0.018, -0.005) 0.001
Model 2 -0.006 (-0.014, 0.001) 0.082 -0.010 (-0.018, -0.003) 0.008
Sensory (n=385)
Model 1 -0.011 (-0.027, 0.005) 0.188 -0.007 (-0.022, 0.009) 0.393
Model 2 -0.020 (-0.039, -0.001) 0.036 -0.016 (-0.034, 0.002) 0.008

Abbreviations: CI, confidence interval; GM, gray matter; WM, white matter; Hearing thresholds were taken over all frequencies.

Model 1: adjusted for age, age?, sex, intracranial volume, time between MRI and auditory tests. Model 2: Additionally adjusted for body
mass index, alcohol intake, smoking status, educational level, mini-mental state examination, diabetes mellitus, hypercholesterolemia
and hypertension. Significant findings, p < 0.0083, are shown in bold.
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Additional results of the classification
performance

D.1. Classification of the superior temporal gyrus
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Figure D.1: Receiver operating characteristic (ROC) curves for the classification of age-related hearing loss based on GM
modulated images or GM volume of the superior temporal gyrus; (a) and (b) correspond to training 1 and 2 of our CNN,
(c) shows the classification performance of the logistic regression, and (d) the CNN performance with the sanity check.
All classifications were based on a 5-fold cross validation. Abbreviations: CNN, convolutional neural network; AUC, Area
under the curve.
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28 D. Additional results of the classification performance

D.2. Whole-brain classification
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Figure D.2: Receiver operating characteristic (ROC) curves for the classification of age-related hearing loss based on GM
modulated images of the whole brain; (a) and (b) are the CNN classification performances of training 1 and 2 based on
MR-images without GM extraction, (c) and (d) with GM extraction, (d) and (e) their corresponding sanity checks. All
classifications were based on a 5-fold cross validation. Abbreviations: CNN, convolutional neural network; AUC, Area
under the curve.



Additional visualization results

E.1. Whole-brain images without GM extraction

(@) (b)

Figure E.1: Visualization of the average network activation in the whole brain based on MR-images without GM extraction, axial view;
(a) activation of the hearing loss class, (b) activation of the normal-hearing control class. The white matter contour corresponds to
the superior temporal gyrus, obtained from the Desikan Killiany atlas [13]. The color bar shows the normalized intensity values of the
Grad-CAM image.

E.2. Whole-brain activation
E.2.1. Sagittal view

(a) (b)

Figure E.2: Visualization of the average network activation in the whole brain based on MR-images with GM extraction, sagittal view;
(a) activation of the hearing loss class, (b) activation of the normal-hearing control class. The white matter contour corresponds to
the superior temporal gyrus, obtained from the Desikan Killiany atlas [13]. The colorbar shows the normalized intensity values of the
Grad-CAM image.
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30 E. Additional visualization results

E.2.2. Coronal view
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Figure E.3: Visualization of the average network activation in the whole brain based on MR-images with GM extraction, coronal view;
(a) activation of the hearing loss class, (b) activation of the normal-hearing control class. The white matter contour corresponds to
the superior temporal gyrus, obtained from the Desikan Killiany atlas [13]. The colorbar shows the normalized intensity values of the
Grad-CAM image.

E.3. Activation in the superior temporal gyrus region

E.3.1. Sagittal view

*® <
<
(b)

(d) (e) (09}

Figure E.4: Visualization of the average network activation in the superior temporal gyrus region, sagittal view; (a), (b) and (c) represent
the hearing loss class at three positions; (d), (e) and (f) correspond to the activations of the hearing control class at the same three
positions. The white matter contour corresponds to the superior temporal gyrus, obtained from the Desikan Killiany atlas [13]; the
the black contour represents the primary auditory cortex, obtained from the Juelich atlas [19, 57]. The colorbar shows the normalized
intensity values of the Grad-CAM image.



E.3. Activation in the superior temporal gyrus region 31

E.3.2. Coronal view
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Figure E.5: Visualization of the average network activation in the superior temporal gyrus region, coronal view; (a), (b) and (c) represent
the hearing loss class at three positions; (d), (e) and (f) correspond to the activations of the hearing control class at the same three
positions. The white matter contour corresponds to the superior temporal gyrus, obtained from the Desikan Killiany atlas [13]; the
the black contour represents the primary auditory cortex, obtained from the Juelich atlas [19, 57]. The colorbar shows the normalized
intensity values of the Grad-CAM image.
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E.4. Sanity check
E.4.1. Whole brain
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Figure E.6: Visualization of the average network activation in the whole brain with the sanity check, axial view; (a) activation of the
hearing loss class, (b) activation of the normal-hearing control class. The white matter contour corresponds to the superior temporal
gyrus, obtained from the Desikan Killiany atlas [13]. The colorbar shows the normalized intensity values of the Grad-CAM image.

E.4.2. Superior temporal gyrus region
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Figure E.7: Visualization of the average network activation in the superior temporal gyrus region with the sanity check, axial view; (a),
(b) and (c) represent the hearing loss class at three positions; (d), (e) and (f) correspond to the activations of the hearing control class
at the same three positions. The white matter contour corresponds to the superior temporal gyrus, obtained from the Desikan Killiany
atlas [13]; the the black contour represents the primary auditory cortex, obtained from the Juelich atlas [19, 57]. The colorbar shows the
normalized intensity values of the Grad-CAM image.
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