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ARTICLE INFO ABSTRACT
Keywords: Objective: This study aimed to develop an automated detection schema for otosclerosis with
Computed tomography interpretable deep learning using temporal bone computed tomography images.

Deep learning

Area under the receiver operating
characteristic curve

Temporal bone computed tomography
Interpretability

Methods: With approval from the institutional review board, we retrospectively analyzed high-
resolution computed tomography scans of the temporal bone of 182 participants with otoscle-
rosis (67 male subjects and 115 female subjects; average age, 36.42 years) and 157 participants
without otosclerosis (52 male subjects and 102 female subjects; average age, 30.61 years) using
deep learning. Transfer learning with the pretrained VGG19, Mask RCNN, and EfficientNet
models was used. In addition, 3 clinical experts compared the system’s performance by reading
the same computed tomography images for a subset of 35 unseen subjects. An area under the
receiver operating characteristic curve and a saliency map were used to further evaluate the
diagnostic performance.

Results: In prospective unseen test data, the diagnostic performance of the automatically inter-
pretable otosclerosis detection system at the optimal threshold was 0.97 and 0.98 for sensitivity
and specificity, respectively. In comparison with the clinical acumen of otolaryngologists at P <
0.05, the proposed system was not significantly different. Moreover, the area under the receiver
operating characteristic curve for the proposed system was 0.99, indicating satisfactory diagnostic
accuracy.

Conclusion: Our research develops and evaluates a deep learning system that detects otosclerosis
at a level comparable with clinical otolaryngologists. Our system is an effective schema for the
differential diagnosis of otosclerosis in computed tomography examinations.
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Abbreviations
OtoModel Automatically Interpretable Otosclerosis Detection
CT Computed Tomography
DL Deep Learning
AUC Area under the Receiver Operating Characteristic Curve
TBCT Temporal Bone Computed Tomography
FaFA Fissula Ante Fenestra
OAR Organ at Risk
ACE Adaptive Cross Entropy
ROI Regions of Interest
ROC Receiver Operating Characteristic
ReLU Rectified Linear Units
XAI Explainable Artificial Intelligence
BN Batch Normalization Layer
GAP Global Average Pooling Layer
FC Fully Connected Layer
bbox Bounding Box
CNN Convolutional Neural Network
CI Confidence interval
Grad-CAM Gradient-weighted Class Activation Mapping

1. Introduction

Otosclerosis or otospongiosis is a multifactorial disorder of the temporal bone and stapes that presents with progressive conductive,
sensorineural, or mixed hearing loss in humans [1,2]. It results in a sclerotic bone with abnormal osteons and is associated with genetic
and environmental factors [3,4]. Otosclerosis is categorized into two subtypes: fenestral (stapedial) and retrofenestral (cochlear).
Retrofenestral otosclerosis always occurs with fenestral involvement and is considered to be on a continuum with fenestral otosclerosis
[5]. Typically, otosclerosis presents in the second to fourth decade of life and more frequently affects stapes footplate fixation by the
foci located anterior to the vestibular window [6,7].

High-resolution computed tomography (CT) of the temporal bone serves as a useful aid to clinicians and remains an effective
imaging modality in the diagnosis of otosclerosis [8,9]. Otosclerosis mostly manifests in the common area in the fissula ante fenestram
(FaFA) by localizing subtle demineralization and evaluating the oval window, stapes footplate, and round window niche [2].
Otosclerosis findings on CT scan are too subtle and extremely indistinct to be seen, and the margins between normal and abnormal are
difficult to delineate [10]. Therefore, an automated, interpretable, and accurate detection of otosclerosis lesions may help otolaryn-
gologists improve diagnostic efficiency and prevent untreated hearing loss and unnecessary costs.

In recent years, deep learning-based diagnostic techniques have been introduced as an aid for radiologists in various fields to
improve detection performance [11-16], such as outcome prediction with nonsmall-cell lung in multi-institutional CT image datasets
[17], organ at risk delineation in CT images [18], and abnormality classifications from chest radiographs with major thoracic diseases
[19]. A fine-tuned deep neural network can be applied for the recognition and classification of CT images.

Fujima et al. [20] used 140 temporal bone CT images to train and assess the utility of deep learning analysis in diagnosing
otosclerosis on temporal bone CT images and achieved and 0.915 for the best accuracy and area under the receiver operating char-
acteristic curve (AUC), respectively. Chen et al. [21] introduced W-Net with Adaptive Cross Entropy to detect ultrasmall medical
objects on an otosclerosis dataset and achieved 0.954 as the best AUC. Despite their strong predictive power, deep learning models
have been criticized for their poor interpretability, and we recognize that these factors represent challenges in the development of
useful tools for clinicians [22].

In this study, we present an automatically interpretable deep learning approach (OtoModel) to boost otosclerosis detection on CT
images and demonstrate how prediction activation maps learn the relevant features as a complementary means to understand a
diagnosis, with the downstream goal of providing reliable and interpretable measures based on the location of otosclerosis. In addition,
two experienced otolaryngologists and fellowship-trained radiologists compared the diagnostic performance of the proposed system.

The contributions of this study are as follows:

eThe deep neural network models automatically recognized and extracted the Region of Interest (ROI) by detecting contour ab-
normalities for otosclerosis diagnosis on CT images.

eThe diagnostic performance of the proposed system demonstrated good accuracy and was comparable to that of clinical otolar-
yngologists. The saliency map improves the interpretable ability for diagnosis.

oThe interpretable otosclerosis detection system is potentially useful in clinical practice for identifying the presence or absence of
otosclerosis on CT images.
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2. Materials and methods
2.1. Ethics and consent

This study’s ethics and consent were approved by the Institutional Review Board (IRB)of the Xiangya Hospital, Central South
University, Changsha, China (IRB #2019121188 in 2019). All procedures performed in the study adhered to the appropriate guidelines
and regulations. Written informed consent for participation and for the use of personally identifiable data was obtained from all
participants. The study protocol, including the use of computed tomography scans, received IRB approval from Xiangya Hospital,
Central South University.

2.2. Data source and patient selection

Fig. 1 depicts the following inclusion criteria: 1) subjects who underwent a CT scan examination; 2) only healthy subjects and
subjects with otosclerosis were included; 3) modality with a noncontrast-enhanced CT; and 4) bilateral CT. Subjects were excluded if:
1) the quality of the CT images was poor; 2) the subjects could not be retrospectively identified; and 3) any treatment was performed
before the CT scan. Finally, the acquired subjects were randomly divided into the training, validation, and test subsets at a ratio of
8:1:1, split by the number of subjects. The subjects in the three subsets were different from each other. The Xiangya Hospital, Central
South University Institutional Review Board approved the study protocol and use of CTs.

CT image datasets (as outlined in Table 1) were acquired from 182 subjects with confirmed otosclerosis, comprising 67 male and
115 female subjects. The average age within this group was 36.4 years, with an age range of 10-58 years. In addition, the dataset
encompassed 157 subjects with surgically confirmed healthy otosclerosis, including 52 male and 102 female subjects. In this latter

15,164 Subjects
from Xiangya Hospital

Request subjects

between Jan. 2017 and Dec. 2020:
1. Temporal bone CT examination
2. Confirmed otosclerosis

3. Non-contrast-enhanced TBCT

4. Images with entire temporal bone

y

Subjects =458
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1. Poor image quality

2. Not be retrospectively identified
3. Any surgical treatment performed

[
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\
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A
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Fig. 1. Acquisition criteria of the temporal bone CT.
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Table 1
Demographic distribution and clinical characteristics of the enrolled subjects.
Healthy Otosclerosis All
n = 157, n(%) n = 182, n(%) n = 339, n(%)
Age 30.61 + 15.34 36.42 + 19.70 33.52 £ 16
Gender
Male 52(49) 67(37) 119(35)
Female 102(51) 115(63) 217(65)
Side
Left 78(50) 97(53) 175(52)
Right 79(50) 85(47) 164(48)
Subtype
fissula ante fenestraml X 160(88) 160(88)
cochlear X 22(12) 22(12)

group, the average age was 30.6 years, ranging from 21 to 48 years.

This study was approved by the medical research and ethics committee of Xiangya Hospital. All subjects underwent CT examination
of the temporal bones at Xiangya Hospital between January 01, 2017 and December 31, 2020. The final diagnosis was determined by a
board-certified senior otolaryngologist with more than 20 years of experience using temporal bone CT images, audiology examina-
tions, relevant medical history, and an intraoperative confirmation of otosclerosis.
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Fig. 2. Overview of the OtoModel system. The system mainly consists of three stages: a) Identify the slices with the middle ear structure and
output the final detection result (absence or presence) by heuristically fusing the diagnostic results of a patient. b) Extract useful image features from
the selected image slices and predict the coordinates of a rectangular bounding box, which defines the region of the fissula ante fenestram. The
extracted patches are downsized to 112 x 112 and are used as input images to the detection CNN. ¢) Compute the classification probability of
otosclerosis on all selected slices containing the fissula ante fenestram. The last three layers advance a gradient backpropagation method to calculate
a pixel-by-pixel probability map of the otosclerosis present. d) depicts a simplified diagram of a neural network architecture. CNN: convolutional
neural network.
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2.3. Data protocol

The temporal bone CT examination was performed using Philips Healthcare CT scanners, which obtained CT images with the
following scanning parameters: 1 s, 90-200 mA, 110-130 kV, matrix of 512 x 512, and a bone window width with a high-resolution
bone algorithm between 3500 and 4000 Hounsfield centered at 350-650 Hounsfield, in the absence of intravenous contrast. The
screening image set was acquired in the axial plane with a slice thickness of 0.5 mm at 0.5-mm intervals and was reconstructed at R 0.3-
mm intervals to obtain overlapping slices. A board-certified clinician who specializes in otorhinolaryngology with more than 20 years
of clinical experience confirmed the presence or absence of otosclerosis. Otosclerosis confirmation was performed in all subjects. CT
images were loaded into the Labellmg software tool (version 1.8.6). They were annotated with rectangular bounding boxes to extract
the ROIs containing the entire ear structure by an otolaryngologist and a fellowship-trained radiologist who had more than 10 years
and 5 years of clinical experience, respectively.

2.4. System development and training

The proposed system was executed on a Dell xps8930 server (hexa-core 3.20 GHz processor, 16 Gb RAM, and one NVIDIA GeForce
GTX 2080 video card), implemented in Python (version 2.7; Python Software Foundation, Wilmington, Del), and coded using the Keras
[23] framework with the TensorFlow-GPU 1.15 [24] backend. For a fair comparison, we used 3 x 3 convolutions activated by rectified
linear units and trained them using the Adam optimizer. We initially set Adam’s learning rate to 1e-3 and then decayed the learning
rate by a factor of 5 whenever the validation loss plateaued after an epoch. The optimization process was run for 100 epochs, and a
batch size of 16 was selected on the basis of the experiments. To avoid overfitting, we implemented the EarlyStopping function in the
Keras framework, which stops training when the monitoring volume stops improving.

The proposed system takes 512 x 512 CT slices as the input, which are normalized to a range of 0 and 1 with respect to the
maximum CT signal. The OtoModel system is decomposed into three stages, as illustrated in Fig. 2. The initial stage (shown in Fig. 2a)
is dedicated to the precise filtering of CT slices that depict the middle ear structures in a patient during inference. This step is crucial for
isolating the ROI pertinent to our analysis. Following this initial phase, a second convolutional neural network (CNN) emerges, as
demonstrated in Fig. 2b. Its primary function is to refine the range of information extracted in the first stage. By focusing on the
delineated ROI, this network effectively streamlines the data before it is introduced into the disease classification process. Finally, the
extracted ROI patch was classified as having the presence or absence of otosclerosis, as depicted in Fig. 2C. Therefore, the result of a
slice heuristically fuses all the CT diagnoses, generating the final diagnostic result (normal or otosclerosis) on the series of detection
results for a patient at inference. Fig. 2d showcases a flow from batch normalization through dropout and pooling, culminating in a
densely connected layer for feature integration.

Explainable artificial intelligence (XAI) addresses the black-box nature of artificial intelligence. One systematic review [25]
assessed the state of XAl in healthcare, noting limited research, diverse stakeholder perspectives, and the need for standardized
evaluation methods. Zhang et al. [26] explored the growing potential of XAI in medical diagnosis and surgery by examining recent
trends, conducting a survey, presenting a breast cancer case study, and highlighting its promising prospects. To assess the potential
impact on CT slices [27,28], we used an open-source implementation of guided Gradient-weighted Class Activation Mapping
(Grad-CAM) [29] in conjunction with our models. This approach allows us to evaluate the acquired features of the model and generate
saliency maps that accentuate the crucial representations related to the target class.

Pretrained VGG16 [30,31], Mask RCNN [32,33], and EfficientNet [34,35] were used to perform transfer learning for the slice
selection CNN, fissula ante fenestram extraction CNN, and detection CNN, respectively. Slice selection begins with the radiologist
carefully identifying CT slices showing the middle ear through manual screening. These initially selected slices were then fine-tuned
using a pretrained VGG16 neural network model. Our proposed system reused the parameters on ImageNet (a large-scale dataset of
natural images [36,37]) and enabled a reduction in the number of parameters without degrading the performance of the networks. In
this study, we froze the top layers of the networks and fine-tuned them on the CT images. The proposed system executed a 10-fold
cross-validation. Data augmentation was used to increase the data size and consistency for robustness. These techniques were sub-
jected to a rotation range of 45°, a shifting width and height range of 0.2, a zooming range of 0.2, and a horizontal flip.

For the first two pretrained networks, we froze a particular layer to preserve the learning representation extracted by these net-
works. A fully connected (FC) layer was added within the sigmoid activation function to obtain the probability. The last pretrained
network added a batch normalization layer, a global average pooling layer, a dropout layer with a threshold of 0.5, and an FC layer to
enable very efficient information sharing across the layers. For the outcome, a final probability score for the presence or absence of
otosclerosis on the extracted images was predicted from the FC layer. The detection result was calculated using the maximum clas-
sification probability of otosclerosis on all selected slices using the ROI bounding box. We used a gradient backpropagation approach
[38] to compute a pixel-by-pixel probability map of the otosclerosis present. To compare with other state-of-the-art image classifi-
cation CNNs, two additional classification CNNs (ResNet-18 [39] and InceptionV3 [40]) were also evaluated.
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2.5. Evaluation metrics

We used a well-established measurement criteria, namely sensitivity, specificity, accuracy, precision, and recall, which are defined
as Eq. (1):

. frp
Sensitivity = -
Specificity = _ o
fon + frp
Accuracy = — i
frp + fep + fon + fon o)

Precision = fTip

frp + frp
fp

Recall = m

: o 1
AUC = /X . Sensitivity (m (x)> dx

Here, fp represents the count of true positives, fp signifies the count of false positives, fpy denotes the count of false negatives, and
frn stands for the count of true negatives.

All screening CT images of the hold-out test subset were visually evaluated by a clinical expert group comprising a senior
otolaryngologist with 20 years of experience, an otolaryngologist with more than 5 years of fellowship training, and a radiologist with
10 years of experience. To facilitate a meaningful comparison of our proposed system’s performance, each clinical expert indepen-
dently reviewed the CT scans within the hold-out test subset, which consisted of 35 subjects, using the same experimental settings. The
evaluation used the AUC, which quantifies the entire two-dimensional area beneath the complete receiver operating characteristic
curve (ROC) spanning from (0,0) to (1,1). Clinical experts recorded the diagnosis as the presence or absence of otosclerosis. All the
clinical experts were blinded to the ground truth and the diagnosis from the proposed system but not to the clinical characteristics.

2.6. Statistical analysis

Statistical analysis was performed using Python (version 2.7, Python Software Foundation, Wilmington, Del), with P values of
<0.05, indicating a statistically significant difference. Identifying the presence or absence of otosclerosis on the hold-out test subset of
the subjects was evaluated for sensitivity, specificity, and accuracy. These diagnostic results were identified for the OtoModel system
using a classification CNN from EfficientNet and alternative otosclerosis detection systems using classification CNNs from ResNet-18
and InceptionV3. Confidence intervals (CIs) of accuracy were calculated for the OtoModel systems. Contingency tables were identified
for the otolaryngologist with more than 20 years of experience, the otolaryngologist with 5 years of fellowship training, the radiologist
with 10 years of experience, and the OtoModel system with the classification CNN from EfficientNet. In addition, the ROC was used to
further analyze the diagnostic probability score of the OtoModel system and clinical experts, with the AUCs compared using the
Youden index, which identifies the optimal sensitivity and specificity.

3. Results

The training times for slice selection, ROI extraction, and detection CNNs were 0.5, 1.6, and 1.8 h, respectively. This testing
experiment was conducted on an independent subset. Table 2 presents the performance metrics of the CNN developed for extracting
the fissula ante fenestram. Table 3 shows the comparison between the sensitivity, specificity, and accuracy for identifying a confirmed
diagnosis of the presence or absence of otosclerosis for the proposed system using the classification CNN from EfficientNet and the
alternative otosclerosis detection systems using the classification CNNs from ResNet-18 and InceptionV3.

All classification CNNs exhibited strong performance, with accuracy estimates ranging from 0.90 to 0.99. Notably, the proposed
system, which uses the classification CNN derived from EfficientNet, demonstrated the highest overall diagnostic efficacy in detecting
otosclerosis. Fig. 3 illustrates the ROC curve for the training set and the confusion matrix for the test set, elucidating the diagnostic
capabilities of the OtoModel system in identifying the presence or absence of otosclerosis. The AUC for the proposed system was 0.98
(95 % CI: [0.97, 1.00]; P < 0.005). In addition, we plotted the sensitivity and 100 - specificity for otolaryngologists with varying levels

Table 2
Performance of the fissula ante fenestram extraction CNN.

Sensitivity Specificity Accuracy Precision Recall

(%) + Standard Deviation

Ours 92.1 £0.15 93.7 + 3.35 96.1 + 1.05 92.2 + 1.10 91.5 +£1.30

CNN: convolutional neural network.
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Table 3

Sensitivity, specificity and accuracy for the proposed system and the alternative otosclerosis detection systems.
Methods Sensitivity Specificity Accuracy Precision Recall AUC

%)) (%)) (%) | [95 % CI] %)) (%)1

ResNet-18 93.58 94.04 93.70 [90, 96] 93.2 93.58 93.4
InceptionV3 94.66 95.34 96.04 [93, 98] 93.4 94.66 94.8
Fujima el at [20]. 83 93 86 [79, 93] X X 91.5
Chen el at [21]. X X X 93.58 94.04 95.7
Ours 97.35 98.53 98.06 [95,99] 97.7 97.35 98.0

CI: Confidence interval.

of experience and the radiologist with 10 years of experience.

For comparison, we depicted point assessments of sensitivity and specificity for otolaryngologists with more than 20 years of
experience, those with 5 years of fellowship training, and the radiologist with 10 years of experience alongside the ROC curve of the
proposed system in Fig. 3-a. Notably, the sensitivity and specificity point assessments of clinical experts fell within the 95 % CIs of the
AUC for the OtoModel system. Specifically, the OtoModel exhibited CIs of the presence and absence of otosclerosis between 0.95 and
1.00 (Fig. 3-b). In contrast, clinical experts’ diagnoses of the presence of otosclerosis ranged from 0.95 to 0.77, whereas those of the
absence of otosclerosis ranged from 0.85 to 1.00. Remarkably, the OtoModel demonstrated no statistically significant differences in
diagnostic performance compared with clinical experts.

To investigate the interpretability, the proposed system was visualized by applying Grad-CAM, which produced a coarse locali-
zation map highlighting the target. The last convolutional layer of the last res-block was made transparent to predict the presence or
absence of otosclerosis. In our study, we applied the “pointing game” method [41,42] to assess how well our explainability map aligns
with radiologist-drawn contours. Here, an overlap is counted as a “hit,” and no overlap is counted as a “miss.” The effectiveness of the
explainability map was then measured using the “hit rate” [43], as illustrated in Fig. 4.

The proposed system could render dense probability maps that demonstrate the pixel-by-pixel probability of the presence of
otosclerosis on the left ear (shown in Fig. 5a and c), which the OtoModel system explained as positive because of the strong localized
activation maps, as illustrated in Fig. 5b and d, at the boundary of the fissula ante fenestram (white arrow).

On an independent test set, the system produced explanations of the presence of otosclerosis in the right ear (shown in Fig. 6a and
c), and the OtoModel system was interpreted as positive, as illustrated in Fig. 6b and d. Two explanations of otosclerosis on the left and
right ears showed an absence (shown in Fig. 7a and c), and the OtoModel system was explained as negative, as illustrated in Fig. 7b and
d. This explains to a certain extent why the model could accurately diagnose otosclerosis. The proposed detection can concentrate on
the target area. Thus, it can extract discriminative representations for better detection of otosclerosis on the fissula ante fenestram.

To this end, we roughly calculated the diagnosis time spent by the three clinical experts and our OtoModel system. Specifically, 3
clinical experts typically spend an average of approximately 3-5 min identifying otosclerosis. In contrast, the OtoModel system
dramatically reduced the identification time by an average of 0.5 s, resulting in a significant reduction in the diagnosis time of 97.2 %.
In addition, it is worth noting that the clinical experts accepted most of the fully automated identification results produced by our
OtoModel system without any modification, except for 2 out of 100 CT scans that required extra-human intervention. For example, the
localized slice of otosclerosis may not be the best representation. Additional refinements can further improve the reliability of
otosclerosis diagnosis and treatment. Our clinical partners have confirmed that such performance is fully acceptable for many clinical
and industrial applications, indicating the high clinical utility of the OtoModel system.

4. Discussion

Our study demonstrated the feasibility of using a deep learning system for the automatic interpretable detection of otosclerosis in
high-resolution temporal CT scans. The OtoModel system achieved a high diagnostic performance for identifying the presence or
absence of otosclerosis, with an AUC of 0.98. Furthermore, there was no statistically significant difference between the clinical experts,
who had varied levels of experience in identifying otosclerosis. To the best of our knowledge, only two previous studies [20,21] have
reported the utility of deep learning for the diagnosis of otosclerosis on temporal bone CT. In contrast, our proposed system provided
automatically interpretable otosclerosis detection in CT volumes to simulate the decision-making of clinicians and outperformed
previous studies with a 0.98 accuracy. In addition, our study demonstrated a precise explanation of the presence of otosclerosis.

Our study investigated three different types of pretrained CNNs, including EfficientNet, ResNet-18, and InceptionV3, and found
that EfficientNet B4 provided the best diagnostic performance for detecting otosclerosis. EfficientNet [44] used a simple and highly
effective compound scaling approach, which easily scaled up a baseline CNN to any target resource and maintained the model’s ef-
ficiency. EfficientNet consists of eight models from BO to B7, which refer to variants with more parameters and higher accuracies. Due
to clever scaling of the depth, width, and resolution, EfficientNet demonstrated higher accuracy values than the alternative otosclerosis
system. The proposed system used the EfficientNet B4 model, as it contains 19 M parameters, which is feasible for our experimental
setup, as B5, B6, and B7 include 30 M, 43 M, and 66 M parameters, respectively.

Our interpretability analysis using Grad-CAM confirms the effectiveness of the model by focusing on key areas. Dense probability
maps and targeted representation facilitate robust otosclerosis detection, particularly in the anterior fenestram. As shown in the
probability map for the left ear in Fig. 4, there is a strong activation (interpreted as positive) at the fenestram-anterior boundary. The
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Fig. 3. Comparisons of the diagnostic performance. a) The AUC of the OtoModel was 0.98, indicating a high overall diagnostic accuracy in the
test set. Note that the sensitivity and specificity of the clinical experts are closely proximate to the ROC curve of the OtoModel system. b) Confusion
matrix of the diagnostic accuracy in the test set.

independent test set provides an explanation for the presence of otosclerosis in the right ear (Fig. 5) and absence of otosclerosis in the
other two cases (Fig. 6). This targeted detection system increases robustness by focusing on specific areas such as the anterior window
cleft for better detection of otosclerosis.

There were certain limitations and challenges encountered during the implementation of our deep learning system. First, our
OtoModel system comprises three individual CNNs connected sequentially rather than an end-to-end architecture. This approach may
increase the training workload due to the individual training phases. In addition, our study faced limitations in terms of data avail-
ability, leading us to rely on transfer learning from pretrained models to optimize training efficiency. Future research with larger
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Fig. 5. Demonstration of the confirmed presence of otosclerosis in the left ear. (a) Extracted fissula ante fenestram image patch of a 28-year-
old woman and (b) extracted fissula ante fenestram image patch of an 18-year-old woman analyzed by the proposed system as positive with
abnormal signals. (c)—(d) Pixel-by-pixel probability map for the extracted image patches showing the high-probability areas in the lesions on which
the schema based its explanation of otosclerosis (arrows).
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Fig. 6. Demonstration of the confirmed presence of otosclerosis in the right ear.
(a) Extracted fissula ante fenestram image patch of a 23-year-old man and (b) extracted fissula ante fenestram image patch of a 27-year-old woman

analyzed by the proposed system as positive with abnormal signals. (c)-(d) Pixel-by-pixel probability map for the extracted image patches showing
the high-probability areas in the lesions on which the schema based its explanation of otosclerosis (arrows).

datasets could enhance the diagnostic performance of the proposed system. Furthermore, in our study, all subjects with otosclerosis
were evaluated at a single institution using a uniform imaging protocol, primarily focusing on fenestral otosclerosis, with only a few
cases of cochlear otosclerosis. Detecting different subtypes of otosclerosis in screening CT examinations is more challenging but holds
the potential to aid in developing precise surgical treatment plans and saving valuable diagnosis time for otolaryngologists or
radiologists.

In summary, our study has demonstrated the feasibility of implementing a deep learning system to detect otosclerosis on high-
resolution temporal bone CT scans and its potential to improve the quality and efficiency of clinical practice. There were no statis-
tically significant differences between the OtoModel system and clinical experts with various levels of experience in identifying the
presence or absence of otosclerosis. However, before its implementation in clinical practice, the technical advancements of the
OtoModel system must be further evaluated in large prospective studies with multiple institutions that use different CT units and
imaging protocols.
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Left

Right

Fig. 7. Demonstration of the confirmed absence of otosclerosis.

(a)Extracted fissula ante fenestram image patch of a 21-year-old woman and (b) extracted fissula ante fenestram image patch of a 20-year-old
woman analyzed by the proposed system as negative with normal signals. (c)-(d) Pixel-by-pixel probability map for the extracted image patches
showing the low-probability areas in the lesions on which the schema based its explanation of the absence of otosclerosis (arrows).
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