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ABSTRACT
Objective

Otitis Media (OM) - ear infection - can lead to hearing loss and associated developmental delay. There
are several subgroups of OM which can be difficult to diagnose accurately, even for experienced
clinicians. Al and machine learning algorithms for OM diagnosis are evolving but typically only focus
on one defined diagnostic feature of OM. This study aimed to establish if combining otoscopic and
tympanometry data improves the diagnostic accuracy of a ML algorithm for diagnosing OM and its
various subgroups.

Methods

We used an existing dataset containing data from 813 school-aged children (aged five to eight years)
from 10 Aboriginal communities in remote South Australia. Data were collected between 2009 and
2011. All children underwent video otoscopy and tympanometry assessment of both ears and
diagnosis of OM was made by otorhinolaryngology (ENT) surgeons. After data augmentation and
preprocessing, the database contained 15,057 samples with matched video otoscopy and
tympanometry data (normal: n=8,239; abnormal: n=6,746). Support Vector Machine models were
used to build the ML system.

Results

By combining tympanometry data with the probability prediction of the single otoscopy model, the
accuracy of the system increased from 78% (otoscopy data) to 82% (otoscopy and tympanometry
data).

Conclusion

Compared to diagnosis based solely on otoscopy data, combining otoscopy and tympanometry data
increased the diagnostic accuracy of the ML algorithm. This approach could be used to support the
accurate diagnosis of OM in children and can facilitate timely and appropriate treatment, especially
in rural and remote areas.

Keywords

Otitis media [MeSH], Machine Learning [MeSH], Diagnosis [MeSH], Australian Aboriginal and
Torres Strait Islander Peoples [MeSH]



INTRODUCTION

Otitis media (OM) is one of the most common childhood infections, with most children experiencing
at least one episode of OM by their third birthday.! OM, or inflammation of the middle ear, is an
umbrella term encompassing acute otitis media (AOM), otitis media with effusion (OME) and chronic
otitis media (COM). While AOM is characterized by signs of an acute infection (e.g. pain and fever),
and can resolve spontaneously without complications, OME is often asymptomatic and can go
undiagnosed.? OM causes hearing loss and, without timely diagnosis and treatment, may lead to
developmental delays including negative effects on auditory processing, language and speech
development, school readiness, social competence, psychosocial wellbeing, and sleep.? Importantly,
these various types of OM have differing degrees of associated hearing loss and educational
prognoses, so distinguishing these is clinically important and, accordingly, early detection is crucial
for ensuring timely and appropriate treatment.

Diagnostic tools for OM include otoscopy and tympanometry.? However, the use of those tools
requires extensive training, and an accurate diagnosis is dependent on the technical skills and clinical
experience of the practitioners.* The initial diagnosis of OM largely falls on general practitioners
(GPs) but the rate of correct diagnosis is lower than that of specialist otolaryngologists due to less
clinical experience and formal training.> For example, the average correct diagnosis of OM by GPs
was approximately 50%,5%® compared to around 74% by otolaryngologists.”* However, access to such
specialists is limited, especially in rural and remote areas.! Poor diagnostic accuracy leads to
misdiagnosis and subsequent delay in treatment, with the main preventable complication being
significant and persisting hearing loss. Thus, a system to support timely and accurate diagnosis of
OM, especially in rural and remote areas, is needed to support less skilled and experienced
practitioners in accurately diagnosing OM.

Machine learning (ML) is the process of developing computer algorithms to learn and make decisions
from data,!! and has been proposed as a method to provide automated diagnosis of OM using
tympanic membrane (ear drum) images.'? !> ML can be divided into three main subtypes: supervised
learning, unsupervised learning, and reinforcement learning.!! Supervised learning is commonly used
in the OM literature and classifies data into discrete labelled categories.!! Supervised learning uses
several different algorithms, including Support Vector Machine (SVM) which is used in this study.

Despite being in its infancy, ML diagnosis has been shown to be at least as accurate or even more
accurate than diagnosis performed by medical practitioners. For example, utilizing 89 otoscopic
images of various ear pathologies, Livingstone et al. demonstrated ML diagnosis can achieve 86%
accuracy, compared to 59% for ENT specialists.!® Results from recent systematic reviews,!!-12- 14 and
meta-analyses,'> 1> also demonstrate the potential for ML to accurately diagnose OM. Ding and
colleagues'* reviewed 79 studies of artificial intelligence-based approaches to diagnose (n=52
studies), treat (n=21 studies), or manage (n=6 studies) OM patients, with results showing ML had a
diagnostic accuracy of between 74% and 100% for both binary and multi-label classification
problems. Similarly, Ngombu et al'! reviewed 25 articles describing applications of Al technologies
specific to diagnosing OM, including machine learning and natural language processing (n = 23) and
prototype approaches (n = 2), with diagnostic accuracy greater than 80% in the majority of studies
(19/23 studies). Meta-analytic results from Cao et al'> (n=16 studies) and Habib et al'3 (n=39 studies)
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also support the accuracy of ML for diagnosing OM. Results demonstrated that ML can accurately
diagnose OM in between 76% and 98% of cases for binary classification of normal vs. abnormal for
middle ear disorders.

While it is clear ML has the potential to significantly improve the timely identification and treatment
of OM, those reviews highlight several limitations of the current literature. First, few studies included
data from pediatric populations.!!> 1> This is likely due to ethical considerations and data collection
challenges inherent in using pediatric datasets.!® Children can be uncooperative, making it difficult
to obtain a clear image and this may affect the accuracy of the ML diagnosis. However, it is important
to consider pediatric populations separately from adult populations due to the structural differences
in the ear.!”- 18 Furthermore, some children, particularly Australian First Nations children, have been
shown to have earlier onset, higher frequency, and greater severity of otitis media than non-
Indigenous children.!®-2* More complex OM can result in difficulty to clearly visualize the tympanic
membrane or obtain clear otoscopic imagery. As a result, OM may on occasion be difficult to
accurately diagnose using only otoscopy images.?' Pragmatically, in clinical practice clinicians use
multiple measures in their clinical decision-making. Despite this, few studies have explored the
potential to combine data from multiple measures of OM.'* Combining multiple measures can
enhance the accuracy of the ML diagnosis.!* By combining clinical data with both tympanometry and
digital otoscopy data, Binol et al?? provides support for this notion by achieving a classification
accuracy of 84.9%, compared to 76.7% for tympanometry data alone and 74.0% for the otoscopy data
alone. Our current study, as reported herein, fills these identified gaps by developing a ML-based
diagnosis support system for OM-related illness utilising both otoscopy and tympanometry data for
improved diagnostic accuracy in a school-aged population. Therefore, the objective of this study was
to establish if combining two types of clinical data, in this case otoscopic images with tympanometry
data, could be achievable and if this could improve the diagnostic accuracy of a ML algorithm for
diagnosing OM and its various subgroups.

Problem

Ear disease is common in childhood and is diagnosed using specialized clinical tools, such as
otoscopy and tympanometry. However, an accurate diagnosis is dependent on the technical skills
of practitioners and in many resource poor locations, where ear disease is common, the practitioners
do not have the skills to interpret clinical audiometry data.

What is Already Known

Machine learning algorithms using otoscopy data alone have shown potential to support clinical
decision making by practitioners who do not have the skills to interpret clinical audiometry data.

What this Paper Adds

We demonstrate that compared to diagnosis based solely on otoscopy data, combining otoscopy
and tympanometry data increased the diagnostic accuracy of a machine learning algorithm. A
multimodal diagnostic algorithm could support the accurate diagnosis of otitis media in resource
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poor settings, such as for First Nations children living in rural and remote areas.

MATERIALS AND METHODS

This manuscript was prepared in accordance with the Standards for Reporting Diagnostic Accuracy
(STARD) Guidelines.?? This study was approved by the Flinders University Human Research Ethics
Committee (HREC no. 4600).

Dataset

Non-identifiable data were extracted from an existing cohort study dataset.>* Original data collection
took place twice yearly in schools between 2009 and 2011. The dataset contains 4,454 distinct video
otoscopy files (stored in Windows Media Video (WMV) format at 30 frames per second) with
corresponding tympanometry data for both left and right ears, as well as corresponding metadata
(labelling) in an MS Excel spreadsheet.

Images were mapped to the corresponding record in the MS Excel file and classified as either: normal,
OME, AOM, healed COM, inactive mucosal COM, active mucosal COM, inactive squamous COM,
or active squamous COM. Data were later collapsed into two categories, with normal and healed
COM classified as “Normal” (OM negative) and all other categories classified as “Abnormal” (OM
positive). The original tympanometry categories of Pass, Fail, or Indeterminate were harmonised with
the image data to a binary Normal or Abnormal classification.

Participants

Participants included 813 school-aged children, aged 5 to 18-years, from 10 Aboriginal communities
in remote South Australia (n=4 communities with swimming pools; n=6 communities without
swimming pools). All children who were at school on the day of testing completed ear health and
hearing assessments. The mean age of children in the swimming pool communities (10.7 years) and
non-pool (10.6 years) communities was similar (p=0.668).

Software

All data augmentation, processing, and machine learning model training was performed using Python
software. The code is available at GitHub (https://github.com/phunp/otitis-media).

Reference standard (ground truth labels)

OM can be classified in several different ways with no agreed reference standard.!> For our study,
ground truth labels were classified by otolaryngologists using the criteria according to Browning in

6



the following order of priority: normal, OME, AOM, healed COM, inactive mucosal COM, active
mucosal COM, inactive squamous COM, or active squamous COM.?3

Data augmentation and preprocessing

After removing duplicate video files and invalid records (records with missing video mapping, invalid
video file names, or invalid results), 3,552 of the original 4,454 videos remained. However, still
images are needed to train the ML model, so video frames were extracted from the videos. For this,
each video was loaded using OpenCV library (version 3.4.2) and the first 18% and the last 12% of
each video was removed as this typically captured the device insertion and removal from the ear. For
the remaining video duration, an image was captured and saved at every 10% interval for the total
video duration. This process resulted in approximately six to seven images extracted per video and a
total of 22,458 still images. However, not all images could be used due to poor quality, e.g. blurry,
too bright, or the tympanic membrane was obscured by cerumen (Figure 1).

To overcome this problem, a subset of 3368 images (15% of the total images) were selected for
manual filtering. From these, 1,301 images were removed due to poor quality, leaving 2,607 images.
A simple Convolutional Neural Network (CNN) model was built to automate this process. The model
contained two pairs of convolutional layers, following by a max pooling layer. The data were flattened
out and connected to three fully connected layers. The accuracy of the filtering model was 84%, with
an fl-score of 0.83. The filtering model was used to classify the whole dataset of 22,458 extracted
images with 7,227 images removed in the filtering process due to poor quality, leaving 15,231 high
quality otoscopic images. Of these, 15,057 records were available with matching otoscopy and
tympanometry data (Table 1). Results are available from authors on request.

Filter extraction

Binary thresholding was applied in the grey scale version of the original image to extract the region
of interest (ROI) as only a portion of each otoscopy image contained the eardrum and the quality of
image varied. However, in the final model the original images were used as the accuracy of the ML
algorithm was higher with the original, compared to cropped images.

Machine learning model training

The researchers tested a range of machine learning approaches, including multilayer perceptron
(MLP), convolutional neural networks (CNN), and decision tree algorithms, however, the support
vector machine (SVM) outperformed these other ML approaches. As such, the SVM model was
chosen to train and test the classification system on 70% and 30% of the data, respectively. Stratified
sampling on the output was performed to ensure the training set and test set have the same percentage
of each group samples in comparison with the original dataset. Given the large size of the original
dataset, a single train/test split created sets with representative variety and complexity of diagnostic
outcomes, therefore a more complex splitting strategy was unnecessary. GridSearch utility in sklearn
package was used to select the best hyperparameters for the SVM pipeline. The parameters were
tuned with several values, as presented in Table 2.



The GridSearch accuracy score was determined using a 5-fold cross-validation of each of the
hyperparameter combinations on the training set. The mean of the five scores was used to select the
best model. Stratified technique was also applied as the number of samples in each category was
different. After the best group of hyperparameters was found, the model with those parameters was
trained again on the whole training set and then validated against the test set.

To combine different types of data in a single pipeline SVM was chosen. First, otoscopy images were
fed to the SVM model, where the SVM model predicted a probability number for the two classes.
That is, how definite the model is in predicting the sample belongs to a given class. The probability
number for the Normal class was extracted and combined with the tympanometry data (Figure 2).
Next, another model was introduced and trained on the combination of SVM probability prediction
and the tympanometry data. The combined data, with two features as the input: 1) SVM probability
prediction and 2) tympanometry data; was fed into a simple multilayer perceptron (MLP) model with
10 neurons in a single layer. The subsequent model gave prediction on the test set. The performance
of the validation set after training with the combined data was compared with the performance of the
SVM model on the otoscopy data alone.

Evaluation metrics

A confusion matrix indicates the number of instances which correspond to the predicted and the actual
classes; and is often used in binary classification.?® The performance of the ML model was measured
from computing a confusion matrix. From the confusion matrix scores accuracy, precision, recall, F1-
score and Matthews Correlation Coefficient (MCC) were computed.

Accuracy represents the ratio between the correctly classified instances and all the instances in the
dataset. As accuracy does not consider false positives and false negatives, precision and recall
metrics were also calculated.

Precision determines the proportion of positive predictions that were actually correct, while recall
determines the proportion of actual positives that were predicted correctly. Precision and recall
values range from 0 (worst) to 1 (best). As a good model needs to strike the right balance between
precision and recall, F1-score was also calculated. F1-score is the harmonic mean of precision and
recall. But, as the F1-score ignores the ability of the model to accurately classify negative cases and
can consequently give overinflated results, MCC was also calculated. MCC will only produce a high
score if the prediction obtained good results in all four confusion matrix categories (true positives,
false negatives, true negatives, and false positives).?” Values generally range from 0 to 1, where 0
equates to random guessing and 1 is perfect classification.

Role of the funding source

The funding body had no input into the study design, collection, analysis, nor interpretation of the
data. Nor did they have any input into the writing of the report or the decision to submit the paper for
publication.



RESULTS

The optimal SVM parameters from the GridSearch were for the PCA to retain 100 components, a
RBF Kernel, and a C value of 10. This SVM model, using only otoscopy images achieved an overall
accuracy of 78%, but still made errors by classifying 445/2488 (18%) normal samples as abnormal,
and 571/2030 (28%) abnormal samples as normal (Figure 3). The average precision, recall and F1-
score were all 0.77. The MCC value was 0.54.

To boost the accuracy of single SVM model, another model was introduced and trained on the
combination of SVM prediction and the tympanometry data. The simple MLP, trained with only 50
iterations, boosted the accuracy of the pipeline from 78% for SVM alone to 82% for SVM+MLP. The
precision (0.83), recall (0.84) and F1-score (1.84) for the SVM+MLP model was higher than for SVM
model alone (Precision=0.78, Recall=0.82, f1-score=0.80). The MCC value for the combined model
was 0.63 (the value for SVM alone is 0.55). The performance metrics for both models are shown in
Figure 3.

DISCUSSION

We developed a ML system to support the accurate diagnosis of OM using multiple sources of data
with the aim of improving timely and appropriate diagnosis and treatment. Results indicate
performance of the ML model was highest when otoscopy and tympanometry data were combined.
The results from this study support our hypothesis that the addition of multimodal data into machine
learning models could increase the performance of a ML for OM diagnosis. We demonstrate the
combination of multiple data sources improved accuracy of ML to diagnose OM in a multimodal
system containing two ML models: SVM and MLP. The SVM model gave predictions based on
otoscopy images with the resulting probability combined with the tympanometry data and fed to the
MLP model. This process increased the diagnostic accuracy from 78% (for otoscopy data alone) to
82% (for combined otoscopy and tympanometry data) for a set of otoscopy images. This approach of
using multiple diagnostic techniques reflects real world processes, where the clinicians often perform
more than one assessment before making a diagnosis.

Accuracy of ML diagnoses of ear disease have been shown to be higher than when performed by
medical practitioners alone.'> The demonstrated superiority of an ML diagnosis of OM may be
particularly relevant in remote settings where access to otolaryngologists and audiologists is limited
and long wait times exist. Frontline health workers for the initial identification of OM and related
hearing loss include remote area nurses, Aboriginal health workers and visiting audiologists. Post-
diagnosis treatment is typically prescribed by remote area GPs and/or by otolaryngologists. However,
lack of targeted training, the very wide scope of practice demanded of remote area nurses and
Aboriginal health workers, and high levels of staff turnover often result in under-identification of OM
in children in remote settings. The availability of ML diagnosis at the remote community level would
support more confident and timely referrals to otolaryngologists and audiologists for treatment and
intervention. ML diagnoses provided at regular intervals to otolaryngologists by telehealth could
enhance the monitoring of a child’s ear health over time.



The potential for telehealth to change the delivery of audiology and ENT services for people living
in remote settings has been acknowledged for many years.?® Furthermore, ENT telehealth services
have been shown to reduce costs for the health care system and provide access to ENT specialist care
within clinically recommended timeframes.?® However, it was not until the COVID-19 pandemic
impacted healthcare delivery that clinicians became more positive about — and started more widely
implementing — the use of ear and hearing telehealth services.’® Evidence shows ENT specialists can
use electronically stored otoscopic images collected during telehealth appointments to make accurate
diagnoses.>! However, clinicians can have differing opinions when diagnosing OM using still
otoscopy images alone, with greater agreeance shown in the diagnosis of AOM and less when
diagnosing OME.3? The addition of a wider range of clinical data, including audiometry,
tympanometry, and observations by nurses, significantly improved clinician’s diagnostic accuracy
and agreeance.’!- 32 Advances in technology, including the use of video otoscopy rather than still
otoscopy,>? has been shown to aid clinicians in the delivery of ear and hearing healthcare in remote
areas. Given ML algorithms can accurately classify ear disease from otoscopic images,’* and have
been shown to more accurately classify otoscopy images than clinicians,!3 there is no doubt the
integration of validated algorithms within existing telemedicine initiatives will support effective
triage of ear disease and hearing loss. However, potential barriers to the successful delivery of
telehealth services — including the integration of ML algorithms into telehealth — for ear and hearing
healthcare must be overcome through collaboration between device manufacturers, clinicians, and
professional bodies to ensure there is appropriate guidance, training, funding, and technology to
support clinicians to deliver effective and appropriate care.3>-3%

Strengths and limitations

To the authors’ knowledge, this is one of the first studies to incorporate multiple types of diagnosis
data into a multimodal ML-based OM diagnosis system. Moreover, while there have been some
recently published studies,*® #° this is the first to use Australian data and the first to use data from a
population with a high incidence otitis media and which is often more complex than among other
populations. Data were collected in a real-world context during a school-based ear health and hearing
research study and screening program implemented over three years in a remote Australian location.
The children participating in the study presented with OM disease spanning the wide spectrum of
disease, however, often First Nations children have more complex otitis media presentations than
non-Indigenous children. As such, our findings provide evidence for the feasibility of ML-based OM
diagnosis among children experiencing complex OM and who live in remote locations.

Several limitations should be noted. The data were filtered by the auto-filter model, which was built
based on a manual image selection by a non-ENT expert with no prior training. Although the data
analyst worked with clinicians to understand the dataset, the selection could be problematic,
especially for different ear conditions. This might directly affect the performance of the target model,
in comparison with the other models in the literature, which have been built mostly by still-image of
the ears that are well-selected and processed specifically by an otolaryngologist. The model could be
more accurate if it was built using a dataset of still images captured from otoscopy directly.
Furthermore, while understanding the clinical features driving the model performance was outside of
scope this project, this warrants future investigation in future. An additional limitation was our
stratification of data at class level, rather than at patient level, which may mean our model is affected
by leakage bias, resulting in an overoptimistic prediction. Finally, this approach utilised a very simple
mechanism of stacking multiple models in a single pipeline. However, more advanced ensemble
techniques could be applied to get better performance. In the future, more advanced techniques, like
feature fusion and decision fusion,*! could be applied to build a more robust system to utilise multiple
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data sources and effectively combine results of different models to give better prediction on different
types of OM.

CONCLUSION

This study combined multiple data types to boost the performance of an OM diagnosis system based
on ML. The overall accuracy increased from 78% to 82% by combining tympanometry data with
otoscopy data. In the future, multiple enhancements could be made to the system in the image
processing, hyperparameter tuning, CNN architecture exploration, and other fusion approaches. More
accurate systems with an effective deployment model could expose the technology capability in
supporting the OM diagnosing procedure. This, therefore, has potential utility to improve diagnosis
of children experiencing OM, especially for children living in remote locations.

LIST OF ABBREVIATIONS
AOM - acute otitis media

CNN - convolutional neural networks
COM - chronic otitis media

ENT — ear, nose and throat

GP — general practitioner

MCC - Matthews Correlation Coefficient
ML — machine learning

MLP — multilayer perceptron

OM - otitis media

OME - otitis media with effusion
ROI - region of interest

SVM - support vector machine

WMYV - Windows Media Video
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Table 1: Otoscopy data samples with matching tympanometry data (n=15,057).

Label Tympanometry and otoscopy data samples (n)
Normal (OM negative) 8,293

Abnormal (OM positive) 6,764

Total 15,057
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Table 2: Support Vector Machine (SVM) pipeline parameters and their tuning values.

Parameter Values

Number of components for PCA to retain 10, 50 and 100

Kernel coefficient rbf, linear and sigmoid

C value 0.1, 1 and 10
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Figure 1: Extracted frames demonstrating poor quality otoscopy imaging.

(a) Outer ear (b) Too bright (c) Obscured by cerumen

(d) Blurry

15



Figure 2: Schematic of the multimodal machine learning model. SVM: support vector machine,

MLP: Multilayer perceptron.
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Figure 3: Confusion matrices for pipelines with: a) single SVM model and b) SVM + MLP
models. Note: SVM = support vector machine, MLP = multilayer perceptron.
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A multimodal machine learning algorithm improved diagnostic
accuracy for otitis media in a school aged Aboriginal population.

Combining otoscopy images with clinical data increases diagnostic accuracy.

s0e00 813 Aboriginal children
M aged 5-8 years A
0F &
Matched data OM v
@ negative (n=8,239) vs.
positive (n=6,746) Diagnostic accuracy boosted from . .
Normalised video 78% for support vector machine UREE) & [EE) D [WE00HE ECEEEE i
alone (SVM) to 82% for SVM plus scresning for ofitis madialin
otoscopy data multilayer perceptran resource poor settings. Accurate
(n=15057 images) ’ diagnosis in children with complex
disease can be improved by
I l? Precision = 0.83 combining multiple data typesina
Tympanometry data Sensitivity = 0.84 multimodal machine learning
Specificity = 0.79 algorithm. This technology must be
¢ Multimodal machine Recall = 0.82 integrated into existing clinical care.
[Qd learning algorithm F1-score =1.84
Author details
SIGNIFICANCE

Most otitis media diagnostic algorithms only use image data, whereas we demonstrate using multiple
data types in a diagnostic algorithm is possible. Compared to diagnosis based solely on otoscopy data,
combining otoscopy and tympanometry data increased the diagnostic accuracy of the ML algorithm.
A multimodal diagnostic algorithm could support the accurate diagnosis of otitis media in resource
poor settings, such as for First Nations children living in rural and remote areas.
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