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ABSTRACT

Ear disease is an important public health issue for Aboriginal and Torres Strait Islander
children. Chronic ear disease can lead to long-term hearing loss. The consequences of long-term
hearing loss include impacts on speech and language development, academic performance,
behaviour, social skills, and future employment opportunities. Artificial intelligence (Al) is an
emerging technology that has the potential to transform ear disease screening and triage.

This thesis is comprised of an introductory chapter (Chapter 1), a systematic review and
meta-analysis of machine learning techniques for ear disease classification (Chapter 2), a
comprehensive overview of a telehealth service evaluating ear disease in rural and remote areas
(Chapter 3), an assessment of inter-rater agreement in ear disease diagnoses using a telehealth
approach (Chapter 4), an exploration of the performance and generalisability of image
classification algorithms for otoscopy (Chapter 5), an evaluation of a supervised image
classification system to triage otoscopic images from Aboriginal and Torres Strait Islander
people in rural and remote areas (Chapter 6), and a discussion regarding the significance of
findings, clinical and public health implications, strengths and limitations, and future directions
(Chapter 7).

This thesis provides a framework illustrating an application of Al to address an important
clinical need. The implications of this research extend to a diverse audience, including
Aboriginal and Torres Strait Islander communities, healthcare professionals involved in ear
disease screening and triage, otolaryngologists engaged in telehealth programs and outreach
services, data scientists exploring applications of Al in healthcare, and policymakers evaluating

innovative solutions to enhance healthcare delivery in resource-constrained settings.
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CHAPTER ONE: Overview

1.1 Background

Ear disease is a significant global public health challenge that affects individuals of all
ages and socioeconomic backgrounds.' The prevalence of ear disease varies across regions,
influenced by factors such as access to healthcare, socioeconomic status, and environmental
conditions.? Developing countries experience high rates of ear infections and hearing loss among
children, while developed nations experience increased rates of age-related hearing loss among
older adults.? This global burden of ear disease contributes to years lived with disability,
impacting more than 5% of the world's population.* According to the World Health Organization
(WHO), over 900 million people are projected to experience hearing loss by 2050.% Various
factors contribute to hearing loss, including congenital conditions, age-related hearing changes,
noise exposure, ototoxicity, and otitis media (OM).!

OM is characterised by inflammation of the middle ear, manifesting as either acute otitis
media (AOM), otitis media with effusion (OME) or chronic otitis media (COM).> The
pathophysiology of OM is multifactorial, involving a complex interplay of biological,
environmental, and social determinants of health.®’ Biological factors, such as genetic
predisposition, viral and bacterial infections, and autoimmune disorders, contribute to the risk of
developing OM.® Social factors, such as poverty, poor living conditions, hygiene, overcrowding,
exposure to tobacco smoke, and limited access to healthcare, significantly influence the
development and prevalence of OM.%® Limited healthcare access, especially in rural and remote
areas, can cause delays in diagnosing and treating ear disease, resulting in recurrent and chronic
OM with an increased likelihood of complications.®® Indigenous children experience OM at a

younger age with more frequent and persistent infections than non-Indigenous children.®



The pathophysiology of OM encompasses microbial factors, host immune responses, and
anatomical factors such as Eustachian Tube dysfunction.” Complex interactions between
otopathogens can colonise the nasopharynx to increase the susceptibility of developing OM.*!°
Common viruses causing upper respiratory tract infections, such as respiratory syncytial virus,
rhinovirus, adenovirus, parainfluenza, and coronavirus, are frequently linked with AOM.”!! The
predominant bacteria responsible for OM include Streptococcus pneumoniae, Moraxella
catarrhalis, and non-typeable Haemophilus influenzae.'%!!

OM encompasses all forms of inflammation and infection of the middle ear, typically
associated with the presence of fluid in the middle ear space, known as middle ear effusion.!>~!4
This condition is broadly classified into several types based on the clinical presentation and
duration of the symptoms. AOM is characterized by symptoms of ear pain, redness of the
tympanic membrane, and at times, purulent discharge.'> OME involves serous or transudative
fluid behind the tympanic membrane which can present with or without symptoms, often
following an episode of AOM or appearing independently.'®!” Chronic forms of OM represent
more prolonged conditions where the infection or effusion lasts longer and may present with or
with actively discharging perforations.'®

OME can manifest as episodic or persistent.!® Episodic OME typically lasts less than
three months and can resolve spontaneously, whereas persistent OME lasts longer than three
months and may require more intensive intervention.!3!42? The diagnosis of OME often involves
the use of pneumatic otoscopy and tympanometry, specifically a type B tympanogram, which

nn

can be used to detect fluid in the middle ear.!>!%?° Commonly referred to as "glue ear," "serous

otitis media," or "secretory otitis media," OME is significant in paediatric populations where it



can impact hearing and speech development.?!?> Management strategies may include
observation, medical therapy, or surgical interventions such as tympanostomy tube placement.??

COM with active perforation is defined by persistent ear discharge through a tympanic
membrane perforation lasting more than two weeks, often requiring topical antibiotic treatment
due to the size of the perforation which allows penetration into the middle ear space.?*?> COM
with dry perforation refers to a perforation of the tympanic membrane without active infection or
discharge.?® Cholesteatoma, a more severe form of chronic ear disease, involves the abnormal
growth of skin cells in the middle ear and can lead to the erosion of surrounding structures,
causing significant complications such as hearing loss, facial paralysis, or intracranial issues.?®
Managing these chronic conditions often involves a combination of medical and surgical
treatments, tailored to the extent of disease and the specific symptoms presented by the
patient.?32%-27

Diagnosing OM presents several controversies and challenges, primarily due to the
variability in its presentation and the subjective interpretation of its signs and symptoms.?® One
major controversy involves the differentiation between AOM and OME, as both conditions can
exhibit similar symptoms such as fluid behind the tympanic membrane but require different
management strategies. Accurately distinguishing between these can be challenging in clinical
practice within limited user experience.?® The reliance on pneumatic otoscopy for diagnosing
OM is an area of debate; while it is a standard tool, its effectiveness heavily depends on the
experience and skill of the clinician, leading to potential variability in diagnoses.?=!
Tympanometry is diagnostic modality used to assess the presence of fluid in the middle ear by
measuring eardrum mobility, but its interpretation can be complicated by factors such as patient

age and the presence of ear canal debris.?? The use of antibiotics for AOM, with differing



guidelines on whether to initiate immediate treatment or adopt a watch-and-wait approach,
reflecting uncertainty in diagnostic accuracy and prediction of disease course.?*** Diagnosing
OM in young children who cannot articulate their symptoms complicates the clinical assessment,
often leading to either under or over-treatment.®

Misdiagnosing AOM as OME, for example, may lead to unnecessary antibiotic
prescriptions, contributing to antibiotic resistance and exposing patients to unnecessary side
effects.®*’ Failing to correctly identify and treat AOM can result in complications such as
mastoiditis, hearing loss, or even more severe intracranial infections. For OME, which often does
not require antibiotics, misdiagnosis can lead to inappropriate treatment interventions that do not
address the actual condition, potentially prolonging the fluid accumulation and impacting a
child’s hearing and speech development.??3® For COM, especially with persistent discharge,
inaccurate diagnosis can delay surgical interventions or other targeted treatments that are
necessary to prevent ongoing damage to the middle ear structures, which could culminate in
permanent hearing loss or, in severe cases, life-threatening complications.?”-°

Recurrent and chronic OM is a major public health concern for Aboriginal and Torres
Strait Islander people in Australia, with this population experiencing some of the highest rates of
OM worldwide.** Aboriginal and Torres Strait Islander children have a three times higher
prevalence of OM compared to the national average.*!** Indigenous adults are nearly four times
more likely to experience hearing loss than non-Indigenous adults.** Social and environmental
factors, such as overcrowded housing, poverty, exposure to tobacco smoke, and limited access
to services, are key contributors to the high prevalence of ear disease among these

communities. -8



Recurrent and chronic forms of OM can have lasting effects on children, with
implications that extend well into adulthood.*> Long-term hearing loss resulting from recurrent
and chronic OM can impede speech and language development in children*> This impairment
can hinder their ability to participate in social activities, contributing to social isolation and
reduced quality of life.**® The effects of OM on children's speech and language development
can directly influence academic performance.*” Struggling to hear and understand instructions,
engage in classroom discussions, and develop literacy skills can put these children at a
disadvantage compared to their peers.’*? This disparity in academic achievement can have a
downstream impact on future employment opportunities, contributing to a cycle of socio-
economic disadvantage..*?

The implications of ear disease in Aboriginal and Torres Strait Islander people include
significant health, economic, and social consequences.?!*+3435 Complications of untreated
chronic suppurative OM include chronic mastoiditis, facial nerve paralysis, lateral sinus
thrombosis, labyrinthitis, meningitis, brain abscess, and potentially fatal outcomes.** Economic
consequences involve decreased work productivity and increased healthcare costs, while social
consequences include stigma, discrimination, and reduced social participation.>® Early detection
and intervention are important to prevent the progression of ear disease and reduce the risk of
long-term complications.’” This can be achieved through community-based screening programs,
regular ear health checks, prompt referral to specialist services, and timely provision of
appropriate treatment.’’” Aboriginal and Torres Strait Islander healthcare workers, nurses,
primary care practitioners, audiologists and Ear, Nose and Throat (ENT) specialists play a vital
role in managing and triaging ear diseases, particularly within Indigenous communities.>” A

collaborative approach through a multi-disciplinary team can support culturally appropriate care,



facilitate effective communication between communities and healthcare services, and advocate
for improved ear health outcomes.>” However, practitioners in rural and remote areas encounter a
higher burden of children with OM, with limited access to specialist ear health services
compared with urban counterparts.’® The limited availability of local audiology, ENT and
hearing aid services can lead to prolonged wait times and a consequently higher risk of
complications.>® One in five Indigenous children wait longer than the recommended three
months for audiology testing, and one in eight Indigenous children experience delays longer than
the recommended six months for ENT services.?>38

Attempts to address the high prevalence of ear disease in rural and remote Indigenous
communities include patients and families traveling to access specialist care or outreach clinics,
including “fly-in and fly-out” models.>® Outreach services involve healthcare professionals
periodically traveling to rural and remote communities, providing specialised care, consultation,
and education through multidisciplinary teams.>® This approach reduces the need for patients to
travel long distances, can reach geographically dispersed communities, minimises the risk for
loss to follow up, and promotes patient-centred and culturally appropriate care.’® However, many
remote Indigenous communities are in isolated and hard-to-reach areas, contributing to limited
visit frequencies and insufficient coverage. Sustaining a qualified healthcare workforce and
ensuring a consistent supply of resources can be difficult due to recruitment challenges and
budget constraints.®® Providing culturally appropriate healthcare services requires a deep
understanding of Indigenous cultures and languages.®° Patient compliance and attendance can be
influenced by cultural beliefs, competing priorities, and reluctance to seek medical care.®

Ensuring continuity of care can be challenging with periodic visits, leading to missed

opportunities to manage chronic conditions and regular follow-up.



To address the challenges faced in rural and remote areas, telehealth approaches have
been explored as a means of providing ear disease assessments.®'-%2 Telehealth refers to the use
of telecommunications technology to deliver healthcare services remotely.®*%* Telehealth
encompasses a wide range of healthcare services delivered remotely to connect patients and
healthcare providers.® Telehealth is classified into two main categories: synchronous and
asynchronous approaches.®® Synchronous telehealth involves real-time interactions between
healthcare professionals and patients, enabling immediate communication and monitoring.®
Asynchronous telehealth, also known as using a store-and-forward approach, utilises electronic
recordings and screening of patient-generated health data, allowing for a flexible and time-
shifted interaction model where assessment to interpretation may vary at different time points.

Synchronous telehealth, characterised by live interactions, allows healthcare providers to
engage with patients in real-time, resembling traditional face-to-face consultations.®® This
approach is particularly valuable for immediate assessments supporting timely and responsive
care delivery.®’” Asynchronous telehealth operates on a store-and-forward model, where data and
information are captured and transmitted to healthcare providers for later review and analysis.®
This method is beneficial for scenarios where real-time communication is not essential, allowing
for more convenient and efficient healthcare delivery, especially in managing screening, chronic
conditions and follow-up care.®®

The first recorded instance of telehealth occurred in the 1900s, when electrocardiograms
were transmitted over telephone lines.® In the 1960s, telehealth technology expanded
significantly, driven by the space race and the necessity of monitoring astronauts' health
remotely.”” NASA's telemedicine initiatives used advanced telemetry systems to track the

physiological parameters of astronauts during space missions.”® The advent of the internet in the



1990s marked a pivotal shift in telehealth, enabling faster and more secure communication
methods.%>%® The use of email consultations and the development of early forms of electronic
health records allowed for better management and accessibility of health data.”’”> The internet
facilitated the exchange of medical information, enhanced collaboration among healthcare
providers and had the potential to improve patient care outcomes.”® The 2000s brought further
advancements in telehealth with the introduction of digital health records and improved
broadband connectivity.”* These developments facilitated more robust and interactive telehealth
services, enabling high-definition video conferencing and secure data transmission in rural,
remote and urban settings.’

Technological advancements have enhanced the expansion of telehealth, enabling it to
become an important component of modern healthcare, especially during the COVID-19
pandemic where face-to-face examinations were limited.”>~’® High-speed broadband connectivity
have been used to enable real-time video consultations, ensuring that patients and healthcare
providers can communicate effectively without significant delays or disruptions.”8! High-
quality video conferencing capability is important for accurate assessments to observe patients'
conditions closely and make informed decisions.®?

Still images are commonly used in store-and-forward telehealth applications, where
medical images such as dermatological photographs, wound images, or retinal scans are captured
and sent to a specialist for analysis at later time points.®>%* This method is advantageous for
conditions that require expert evaluation but not immediate intervention, enabling specialists to
assess cases from remote locations without the need for real-time interaction.® Still images
require less bandwidth and technological infrastructure, making them accessible and cost-

effective, especially in resource-limited settings.®® However, the static nature of still images



means they may miss transient or progressive symptoms that would be observable in a live
examination.’” For example, the assessment of a chronic skin condition might require observing
changes over time or understanding the immediate effects of an applied treatment, nuances that
still images alone might not convey.?-88

Conversely, video offers dynamic interaction capabilities that can provide valuable
insight in clinical scenarios.® Through real-time video conferencing or recording videos for
review at a later time, healthcare providers can conduct thorough examinations, observe
symptoms as they manifest, review pathology at various angles and variations, which may
mirroring an in-person clinical examination.”® This is can be useful in primary care, emergency
medicine settings, and post-surgical follow-ups, where visual cues and patient interactions play a
significant role in diagnosis and treatment planning.’®°> Despite these advantages, video
consultations come with higher technical demands.’® They require robust, high-speed internet
connections to ensure video quality and continuity during transfer, larger data storage
requirements, and instrumentation capable of collecting video assessments, which can be a
significant barrier in rural or under-resourced areas.”®

In the context of ear disease, telehealth enables ENT specialists to remotely assess ear
conditions, provide guidance, and facilitate referrals for further care.®? The asynchronous “store-
and-forward” telehealth approach involves collecting clinical history, performing digital video
otoscopy, tympanometry and audiometry on-site in the remote location, then transmitting these
results to specialists at a different location for review at a later time.”>** This technology can
bridge the geographical distance between patients and specialists, allowing individuals in

underserved communities to access specialised ear health services that may otherwise be difficult



to obtain.®%4% It also reduces the need for patients to travel long distances, which can be
burdensome for those living in rural and remote areas.®"-%

There are limitations with the store-and-forward telehealth approach. Delays between
frontline examination, data forwarding, specialist review and final intervention can hinder timely
diagnosis and treatment. Limited real-time communication may restrict patients' and healthcare
workers’ immediate access to guidance or clarifications.”®*” The reliance on internet connectivity
and data storage infrastructure can pose challenges in regions with poor network coverage.’®
Data loss or incomplete information during transmission can restrict the capacity for specialists
to make accurate assessments.'% Addressing the limitations of store-and-forward, asynchronous
telehealth approaches can enhance service provision to rural and remote communities.

Al has the potential to address some of the limitations of asynchronous telehealth.!?! Al
can be defined as training computational algorithms to complete tasks that require human
intelligence. Machine learning and deep learning approaches can be used to analyse large
datasets and identify patterns in medical images to aid in identification and diagnosis.!?>-1%4 By
training algorithms on diverse cases, Al can assist in the automated analysis of visual data, such
as clinical images or radiological scans, to detect abnormalities and assist with disease
classification.!%-197 Supervised learning involves human experts training algorithms using
labelled data to predict outcomes or classify data into predefined categories.!®® Unsupervised
learning involves the algorithms themselves identifying patterns and relationships within
unlabelled data.'%®

Artificial neural networks (ANNSs) are designed based on the structure of biological

nervous systems, consisting of interconnected nodes that mimic the functioning of neurons,

enabling complex computational tasks.!® ANNs consist of multiple ‘neurons’ or interconnected
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processes (i.e. nodes) that are comprised of an input, hidden and outer layer. Input layers receive
information from previous output layers to produce new outputs that are used to establish a
multi-layer, feed-forward system. Hidden layers (between input and output layers) contain
individual feature detection algorithms that can recognise increasingly complex patterns through
each subsequent node.

Convolutional neural networks (CNNs), a type of ANN, are iterative deep learning
networks that automatically extract multiple image features using convolutional, pooling and
fully connected sequential layers.!!? Inspired by the organisation of the animal visual cortex,
CNNs generate simple-to-complex patterns from spatial hierarchical arrangements on input
images.!!! The initial convolutional layers extract features from input images (e.g. kernels) using
multi-sized filters or masks to predict the class to which each feature belongs.!!! Convolutional
layers can evaluate simple image features, such as the detection of edges, to identify key image
features. Multiple convolutional kernels are combined to develop feature maps that represent
different characteristics of the input image.''? Following this, the pooling layer reduces the size
of the feature map by combining adjacent pixels into a single representative value.!'? The
purpose of the pooling layer is to summarise feature maps to reduce the overall computational
cost. In the fully connected layer, convolutional and pooling layers are converted to single
vectors that can be used as inputs for the subsequent stages.!!® Pre-trained CNNs can be re-
purposed to evaluate various image datasets of interest by way of transfer learning. !4

In the context of healthcare, image classification projects require a systematic approach
including problem identification, data pre-processing, algorithm selection, model training,
validation of performance and evaluating generalisability.!'*!!> This technology can provide

healthcare professionals with additional information and improve the accuracy of diagnoses.!!®
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In resource-poor settings, Al applications demonstrate promising potential to improve clinical
judgement and decision-making.!'!”

In the field of otology, Al has been applied to optimise hearing aid technology, enhance
speech processing techniques, and aid in the diagnosis and management of vestibular
disorders.''® For instance, algorithms can analyse audiological data to predict outcomes of
sensorineural hearing loss or interpret automatic brainstem responses.''® Additionally, advanced
imaging modalities and image-processing techniques driven by Al have shown promise in
improving the visualisation and characterization of ear pathologies using otoscopic images.'!”

Image classification Al algorithms may have the potential to address the limitations of the

asynchronous store-and-forward telehealth approach to enhance service delivery.

1.2 Purpose and significance of the research
The overarching purpose of this thesis is to explore the use of Al to triage otoscopic
images to identify ear disease in Aboriginal and Torres Strait Islander children living in rural and
remote areas. Findings from this research can assist community health workers and nurses to
triage otoscopic eardrum images to identify OM and recognise cases that require specialist
review. The specific aims of this research are to:
1. Conduct a comprehensive literature review on automating otoscopy and the use of Al
algorithms for classifying ear disease from otoscopic images (Chapter 2).
2. Analyse a tele-otoscopy, telehealth database from the Northern Territory to understand
the prevalence, distribution, and progression of ear disease in rural and remote Aboriginal
and Torres Strait Islander communities (Chapter 3).
3. Evaluate the inter-rater agreement among otolaryngologists to diagnose OM using

clinical data collected during telehealth assessments (Chapter 4).
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4. Investigate the generalisability and performance of deep learning algorithms in detecting
middle ear disease using otoscopy (Chapter 5).

5. Develop and evaluate a supervised computer-vision algorithm to triage otoscopic images
for Aboriginal and Torres Strait Islander people living in rural and remote areas

(Chapter 6).

1.3 Thesis outline

Chapter 2 provides a systematic review and meta-analysis focusing on the use of various
Al methods to classify ear disease from otoscopic images.

Chapter 3 summarises the distribution of ear disease in rural and remote indigenous
communities in the Northern Territory, utilising data from a referral-based telehealth program
conducted between 2010 and 2019. This chapter examines the prevalence, distribution, and
specific challenges faced in rural and remote areas, which will inform the development of the
subsequent otoscopic image classifier.

Chapter 4 focuses on evaluating the inter-rater agreement among 13 otolaryngologists to
diagnose otitis media in Aboriginal and Torres Strait Islander children using a telehealth
approach. This chapter assesses the reliability of the telehealth diagnosis, highlighting the
potential of telehealth databases to be used as a training source for an otoscopic image classifier.

Chapter 5 investigates the generalisability and performance of otoscopic image
classifiers to detect middle ear disease using otoscopy. This chapter assesses the algorithms'
accuracy, reliability, and robustness in diverse populations and real-world settings.

Chapter 6 explores a supervised image classification algorithm to triage otoscopic

images of Aboriginal and Torres Strait Islander children living in rural and remote areas of
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Australia. This chapter evaluates the algorithm's performance to classify otoscopic images using
binary and multi-classification models.

Chapter 7 provides a summary of key findings, discussion of the significance of the
studies presented in this thesis, strengths and limitations, implications for clinical practice and
policy, and directions for future research.

Additional information that is relevant to the studies presented in this thesis and

supplemental material to support the thesis has been included in the Appendix.
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CHAPTER TWO: Literature Review

2.1 Preface to the chapter

This chapter presents a published literature review aimed at exploring the potential of Al-
based computer vision algorithms to classify ear diseases from otoscopic images. The primary
objectives of this research are to summarise the accuracy of Al algorithms in differentiating
between normal and abnormal otoscopy images, as well as their performance in classifying
multiple ear disease diagnoses. The purpose of this study is to evaluate the effectiveness of Al-
based image classification models and compare their ability to human, non-expert assessors in
ear disease diagnosis.

This chapter, consisting of the published paper!?, addresses aim #1 of this thesis as
described in Chapter 1. Dissemination of this research and author contributions for this paper are

described below.

2.2 Research dissemination

Published peer-reviewed paper:

Habib AR, Kajbafzadeh M, Hasan Z, Wong E, Gunasekera H, Perry C, Sacks R, Kumar A,
Singh N. Artificial intelligence to classify ear disease from otoscopy: A systematic review and
meta-analysis. Clin Otolaryngol. 2022 May;47(3):401-413. doi: 10.1111/coa.13925. Epub 2022
Mar 15. PMID: 35253378; PMCID: PMC9310803.

Journal impact factor: 2.7

Conference presentations:
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Abstract

Obijectives: To summarise the accuracy of artificial intelligence (Al) computer vision
algorithms to classify ear disease from otoscopy.

Design: Systematic review and meta-analysis.

Methods: Using the PRISMA guidelines, nine online databases were searched for articles
that used Al computer vision algorithms developed from various methods (convolutional
neural networks, artificial neural networks, support vector machines, decision trees and
k-nearest neighbours) to classify otoscopic images. Diagnostic classes of interest: normal
tympanic membrane, acute otitis media (AOM), otitis media with effusion (OME), chronic
otitis media (COM) with or without perforation, cholesteatoma and canal obstruction.
Main outcome measures: Accuracy to correctly classify otoscopic images compared
to otolaryngologists (ground truth). The Quality Assessment of Diagnostic Accuracy
Studies Version 2 tool was used to assess the quality of methodology and risk of bias.
Results: Thirty-nine articles were included. Algorithms achieved 90.7% (95%Cl:
90.1-91.3%) accuracy to difference between normal or abnormal otoscopy images
in 14 studies. The most common multiclassification algorithm (3 or more diagnostic
classes) achieved 97.6% (95%Cl: 97.3-97.9%) accuracy to differentiate between nor-
mal, AOM and OME in three studies. Al algorithms outperformed human assessors to
classify otoscopy images achieving 93.4% (95%Cl: 90.5-96.4%) versus 73.2% (95%Cl:
67.9-78.5%) accuracy in three studies. Convolutional neural networks achieved the
highest accuracy compared to other classification methods.

Conclusion: Al can classify ear disease from otoscopy. A concerted effort is required
to establish a comprehensive and reliable otoscopy database for algorithm training.
An Al-supported otoscopy system may assist health care workers, trainees and pri-

mary care practitioners with less otology experience identify ear disease.

KEYWORDS
artificial intelligence, computer vision, diagnosis, machine learning, otoscopy

Meeting information: Verbal presentation at the 2021 Australian Society of Otolaryngology - Head and Neck Surgery Annual Scientific Meeting on Friday, 17 September 2021, in
Melbourne, Victoria, Australia and 2021 New Zealand Society of Otolaryngology - Head & Neck Surgery Annual Scientific Meeting virtual conference on Friday, 25 February 2022.

This is an open access article under the terms of the Creative Commons Attribution-NonCommercial-NoDerivs License, which permits use and distribution in
any medium, provided the original work is properly cited, the use is non-commercial and no modifications or adaptations are made.
© 2022 The Authors. Clinical Otolaryngology published by John Wiley & Sons Ltd.

Clinical Otolaryngology. 2022;47:401-413.

wileyonlinelibrary.com/journal/coa 401



ﬂZ—J--WH_EY

HABIB ET AL.

1 | INTRODUCTION

Otoscopy is a routine component of the ear assessment that visu-
alises the external auditory canal and tympanic membrane (TM).
It is used to identify common conditions, including infection (otitis
externa, otitis media—acute and chronic), otitis media with effusion
(OME), perforation, cholesteatoma, tympanosclerosis, foreign body,
tympanostomy tube presence/position and cerumen impaction. Ear
examinations are often conducted in primary care settings by local
community health workers, nurses, medical students, general prac-
titioners and emergency physicians. Concerning findings typically
then lead to intervention or to specialist referral, where an otolaryn-
gologist will examine the ear.

Otoscopy accuracy in primary care settings varies based on user
training and experience. However, the reported literature describes
diagnostic accuracy estimates between 30% and 67.5% when com-
pared to otolaryngologists (ground truth) for specific diagnoses.
Previous efforts to improve performance have focussed on edu-
cational techniques, including online teaching modules compar-
ing normal and abnormal otoscopic TM images, practical tutorials
conducted by otolaryngologists and simulation with artificial ear
models.?® Comparisons made before and after education sessions
demonstrate short-term improvements in otoscopy performance, al-
though benefits are not sustained long-term and can decrease from
initial assessments.® The frequency of otoscopy in primary care set-
tings and the observed performance inconsistencies may provide
an opportunity for artificial intelligence (Al) to assist in the accurate
identification of ear disease.

Al can replicate the ability of human cognition to recognise pat-
terns, identify anomalies and construct rational solutions to poten-
tial obstacles.* Popularised applications of Al in health care include
the use of computer vision to differentiate benign versus malignant
skin lesions, identify diabetic retinopathy from fundoscopic images,
assist radiologists to interpret chest x-rays and predict infectious dis-
ease outbreaks, as in the case of the novel coronavirus (COVID-19)
pandemic.>®

Al-based computer vision algorithms are an emerging technol-
ogy that can be used to classify ear disease using otoscopic images.”
The use of Al-based computer vision algorithms as an adjunct to
otoscopy performed in primary care settings may be most relevant
in rural and remote areas where access to otolaryngologists is lim-
ited. In these scenarios, ear examinations are often performed by
nurses and community health workers with less clinical experience
than otolaryngologists in accurately recognising ear disease. In rural
and remote areas, telemedicine initiatives, such as tele-otoscopy, are
feasible strategies to capture otoscopic images for subsequent met-
ropolitan specialist review but are often disadvantaged by delays in
clinical decision making and implementation of interventions.'®

The aim of this review was to evaluate the performance of Al-
based computer vision algorithms to classify ear disease from otos-
copy. Our objectives were to synthesise existing literature related to
the use of Al-based computer vision algorithms for otoscopy, assess

Key Points

1. Al-based computer vision algorithms can differentiate
between binary (2 diagnosis options) and multiple ear
disease diagnoses (3 or more diagnosis options).

2. Al-based computer vision algorithms have been shown
to classify otoscopy images more accurately than
human, nonexpert assessors.

3. Al-based computer vision algorithms have been de-
veloped using various machine learning techniques of
which, models using CNNs achieve the greatest classi-
fication accuracy.

4., Substantial heterogeneity was found between studies
reflecting, in part, diverse sources of images and col-
lection practices, machine learning methods, diagnostic
classes and ground-truth definitions.

5. Future efforts are needed to establish a standardised,
comprehensive and validated database to develop clini-
cally relevant Al-based computer vision algorithms for

otoscopy.

the performance of existing models and propose a guide for future
algorithm development.

2 | METHODS

The present systematic review was conducted in accordance with
the PRISMA guidelines®! and registered with the International pro-
spective register of systematic reviews (PROSPERO) on 18 February
2021 (ID number: CRD42021202594). Ethics approval and patient

consent were not required for this review.

2.1 | Literature search

A systematic search of online databases (including Google Scholar,
MEDLINE, Embase, PubMed, Scopus, ProQuest, ACP Journal Club,
Health Technology Assessment and the Cochrane Library) for ar-
ticles, abstracts or conference proceedings published in the past
10 years through 31 October 2021 that used Al-based computer
vision approaches to classify otoscopic TM images was conducted.
Searches were limited to those involving human subjects and those
published in the English Language.

Medical subject headings (MeSH) terms and non-MeSH terms
related to Al approaches included: ‘artificial intelligence’, ‘machine
learning’, ‘deep learning’, ‘convolutional neural networks’, ‘support
vector machines’, ‘image recognition’, ‘image classification’, ‘object
detection’ and ‘computer-assisted diagnosis’. MeSH terms and key-
words related to otoscopic TM images included: ‘otoscopy’, ‘ear’,
‘eardrum’, ‘tympanic membrane’, ‘ear disease’, ‘acute otitis media’,
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‘otitis media’, ‘chronic otitis media’ and ‘chronic suppurative otitis

media’.

2.2 | Selection criteria

Titles and abstracts were reviewed for eligibility by two independ-
ent investigators (ARH and MK). Discrepancies between the two
investigators were resolved by the senior author (NS), a board-
certified otolaryngologist. Reference lists of available full-text ar-
ticles were also manually screened for further studies eligible for
inclusion in this review. Diagnostic observational studies describ-
ing the development of an autonomous, supervised algorithm to
classify otoscopic TM images using the Al approaches described
above were included. Articles that were excluded consisted of
those that did not use Al approaches of interest, utilised imaging
modalities other than otoscopy or were review articles or editori-
als. Study inclusion/exclusion is summarised in a PRISMA flow dia-

gram (Figure 1).

2.3 | Data extraction

Two investigators (ARH and MK) independently extracted data from
included studies for analysis. The following characteristics were ex-
tracted from included studies: primary author, year, study objective,
Al technique to achieve study objective, data source, otoscope type

and manufacturer, image labelling method, source for ground-truth

] [ Identification ]

] [ Eligibility ] [ Screening

Included

FIGURE 1 PRISMA study flow
diagram [Colour figure can be viewed at
wileyonlinelibrary.com] L)

classification, diagnostic categories of interest, image size and qual-
ity, number and distribution of training images, number and distribu-
tion of test images, number and distribution of validation images,
ratio of training/test/validation images by diagnostic categories and
performance characteristics. Additional characteristics extracted
included the type of deep learning models, batch size, learning rate,
method used to standardise input images and use of image augmen-
tation methods, segmentation, hyperparameter tuning and cross-
validation techniques.

2.4 | Critical appraisal and risk of bias assessment

The quality of included studies was assessed using the Quality
Assessment and Diagnostic Accuracy Studies-2 (QUADAS-2) tool,
as per the Cochrane Collaboration for critical appraisal of diagnos-
tic test accuracy evaluations.'? The QUADAS-2 assessment tool
is composed of patient selection, index test, reference standard
and flow and timing. Study quality was assessed by two independ-
ent investigators (ARH and MK). Uncertainties or discrepancies
were discussed with the senior author (NS) to achieve consensus.
As described by Whiting et al.,*? applicability concerns were de-
termined for patient selection, the index test and the reference
standard. For patient selection, reviewers considered whether the
subjects recruited for the study and used to train the algorithm
were applicable to the target population where algorithms would
be implemented. For the index test, reviewers considered whether

the classification categories of the algorithm were applicable to its

Abstracts identified after database
searching
(n=1485)

Duplicates removed (n=31)

A.

Unique abstracts screened
(n=1454)

Excluded as per title and
= abstract
(n=1400)

4

Studies eligible for full text review
(n=54)

Excluded as per exclusion

criteria (n=15)

4 Studiesdid not use Al

»| 4 Studiesdid not use otoscopic

images

3 Studiesdid not use Al

methods of interest

3 Review articles

1 Letter to the editor

A

Articles eligible for data
extraction
(n=39)
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intended use. For the reference standard, reviewers considered
whether the method used reflected clinical practice for future

applications.

2.5 | Outcomes

A systematic review and meta-analysis were performed with the
primary outcome assessed being algorithm diagnostic accuracy in
classifying ear disease from otoscopic images. Secondary outcomes
included sensitivity, specificity, positive predictive value (PPV),
negative predictive value (NPV), F1 score and area under the curve
(AUC).

2.6 | Statistical analysis

The statistical analysis was performed using ReviewManager
(RevMan 5.3, Copenhagen: The Nordic Cochrane Centre, The
Cochrane Collaboration, 2014) in accordance with the Cochrane
Handbook®® and Stata 17 (StataCorp LLC, 2021). Heterogeneity of
model performance was summarised with the I? statistic, H? statis-
tic, Cochrane's Q statistic and chi-square test. Heterogeneity values
>75% were considered as substantial heterogeneity. Inverse vari-
ance weighting was used for pooling model performance, and fixed

effects were applied.

3 | RESULTS

3.1 | Study selection
The search strategy yielded a total of 1485 relevant articles and
abstracts. Following full-text review, 39 articles met the inclusion

criteria (Figure 1).

3.2 | Characteristics of included studies

Table 1 provides a summary of characteristics for included studies.
Thirty studies collected images from outpatient and inpatient pri-
mary care settings, six studies combined images from primary care
settings and online sources (Google Images), one study collected im-
ages from Google Images alone and two studies did not report the

source of images.

3.3 | Risk of bias of included studies

Figure 2 and Figure S1 illustrate the risk of bias and applicabil-
ity concerns of included studies using the QUADAS-2 tool. High
risk of bias (37 of 39 studies) was identified in patient selection
criteria due to failure to utilise consecutive or random sampling.

High risk of bias (15 of 39 studies) was also observed in use of the
reference standard (ground truth), as these articles did not utilise
more than 1 otolaryngologist to review otoscopic images to con-

firm class labels.

3.4 | Binary classification algorithms
Nine unique binary classification algorithms to classify otoscopy im-
ages were reported (Table S1).

3.4.1 | Normal versus abnormal

Al algorithms achieved a pooled accuracy of 90.7% (95%Cl: 90.1-
91.3%) to difference between normal or abnormal otoscopy images
with substantial heterogeneity between studies (n = 14 studies,
> =96.9%, p = .001, Figure 3).

14-17 ysed the Ozel Van Akdamar Hospital otoscopic

Four studies
image database to train binary algorithms using various classifica-
tion techniques. Simon et al.X* demonstrated that pretrained con-
volutional neural networks (CNNs) and support vector machines
(SVMs) could achieve greater classification accuracy than k-nearest
neighbours (k-NNs), artificial neural networks (ANNSs), decision

1.2 utilised

trees (DTs) or the Naive Bayes technique. Basaran et a
multiple pretrained CNNs to evaluate the effect of segmentation,
distribution between training and test data and cross-validation on
algorithm performance. In this study, pretrained CNNs achieved en-
hanced accuracy by applying basic image augmentation techniques
and using region of interest patches, rather than full otoscopic im-
ages.’® The pretrained CNNs VGGNet-16 and VGGNet-19 achieved
the greatest classification accuracy to differentiate normal from
abnormal otoscopic images (90.5% and 90.1% respectively).*
Mironica et al.'® demonstrated that the greatest classification ac-
curacy was achieved by CNNs and SVMs in 186 images collected
from outpatient primary care settings. Enhanced performance was
achieved by adding a colour coherence vector (CCV) to the algo-
rithms (models with CCV vs without: CNN - 73.1% vs. 68.8%, SVM
- 72.0% vs. 64.5%).18

Using intraoperative assessment of children taken to the oper-
ating room with the intent of myringotomy to determine the ground

1.¥ differentiated between normal and OME with

truth, Crowson et a
83.8% accuracy using ResNet-34 and Monte Carlo cross-validation

resampling with 5 repetitions.

3.5 | Multiclassification algorithms

Seventeen unique multiclassification algorithms to classify otoscopy
images were identified (Table S2). Overall, multiclassification algo-
rithms achieved a pooled accuracy of 96.2% (95%Cl: 96.1-96.4%)
with substantial heterogeneity between studies (n = 18 studies,
12 = 98.8%, p = .001, Figure 4).
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FIGURE 2 Summary of risk of bias
and applicability of concerns graph using
the Quality Assessment of Diagnostic
Accuracy Studies tool, version 2

Patient Selection I 5 |

meexTest [N 24 | I

Reference Standard [ INNENESHNNNN 2 DRNNNNZZNNNN (N 4 D2
Flow and Timing 8 o |

(QUADAS-2) [Colour figure can be viewed %

25X 0% 74X 100X 0%  23% 50X 74X 100X

at wileyonlinelibrary.com] Risk of Bias Applicability Concerns
W Hwh [Junclear [ Low
Accuracy Weight
Study with 95% ClI (%)
Wang 2021 81.70[ 74.12, 89.28] 0.72
Tsutsumi 2021 — 77.00[ 72.88, 81.12] 2.42
Crowson 2021 — 83.80[ 79.87, 87.73] 2.67
Basaran 2020 —— 90.48 [ 87.93, 93.03] 6.31
Goshtasbi 2020 — 77.00[ 72.88, 81.12] 242
Habib 2020 —_—— 76.00[ 70.52, 81.48] 1.37
Simon 2020 —— 81.40[ 78.93, 83.87] 6.77
Basaran 2019 B 97.95[96.82, 99.08] 31.96
Basaran 2019 S 76.14[ 70.55, 81.73] 1.32
Lee 2019 i 91.00 [ 89.47, 92.53] 17.52
Seok 2019 - 92.90[ 91.24, 94.56] 14.94
Kasher 2018 82.10[ 74.87, 89.33] 0.79
Senaras 2018 —— 84.35[ 82.18, 86.52] 8.78
Senaras 2017 — 84.60[ 80.10, 89.10] 2.03
Overall ¢ 90.70 [ 90.06, 91.34]
Heterogeneity: I2 = 96.90%, H? = 32.27
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Testof 8 =0:z=277.09, p=0.00
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FIGURE 3 Forest plot comparing accuracy of Al algorithms to classify normal versus abnormal otoscopy images [Colour figure can be

viewed at wileyonlinelibrary.com]

3.51 | Normal, AOM and OME

The most common multiclassification model differentiated between
normal, AOM and OME in five studies?®** Overall, the algorithms
achieved an accuracy of 97.6% (95%Cl: 97.3-97.9%) with substantial
heterogeneity between studies (n = 3 studies, I = 98.7%, p = .001,
Figure 52).2%2124 Tyo studies were excluded from the meta-analysis
because the number of test images was not reported.?>%*

Wu et al.?® used 12 203 otoscopic images and applied the
Xception and MobileNets-V2 pretrained CNNs for classification.
Image augmentation was used during the preprocessing phase con-
sisting of rotation, width shift, height shift, shearing, zooming and
horizontal flip. Hyperparametric tuning was used to establish the

optimal classification algorithm (epochs: 100, initial learning rate:
0.001, batch size: 14 [Xception] and 64 [MobileNets-V2]). Between
diagnostic categories, OME was classified less accurately (96.7%)
than normal (98.3%) or AOM (98.5%).

3.6 | Al versus human classification

Five studies?>??

compared the performance of image classification
algorithms to human assessors. Of these, three studies compared the
performance of the Al algorithm to human assessors using the same
test set.?>2%28 Restricting the meta-analysis to these three studies

demonstrated that Al algorithms outperformed human assessors
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Accuracy Weight
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FIGURE 4 Forest plot comparing accuracy of multiclassification Al algorithms to classify ear disease from otoscopy, stratified by number
diagnostic classes [Colour figure can be viewed at wileyonlinelibrary.com]
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having achieved an accuracy of 93.4% (95%Cl: 90.5-96.4%) versus
73.2% (95%Cl: 67.9-78.5%) with substantial heterogeneity between
studies (Al: n = 3 studies, 2= 78.6%; human assessors: n = 3 studies,
I =83.7%, p = .001, Figure 5, Table $3).

Byun et al.?® found that a 4-class image classification algorithm
using ResNet-18 and a shuffle attention model outperformed 10 non-
experts (first- and second-year resident physicians) (97.1% vs. 82.9%)
to classify normal, OME, COM or cholesteatoma. Otolaryngology
experience of the resident physicians was not reported.

.25 recruited 10 nonexperts (general practi-

Livingstone et a
tioners and trainees from paediatrics, emergency medicine and
otolaryngology) to review a test set of 89 images for 14 diagnostic
classes. Human, nonexpert assessors were summarised together,
and stratification by specialty was not provided. Overall, the algo-
rithm outperformed all the human assessors in 12 out of 14 catego-
ries (algorithm: 88.7% vs. human assessors: 58.9%). The algorithm
classified cholesteatoma and otomycosis less accurately than human
assessors (cholesteatoma - 50.0% vs. 55.0%, otomycosis - 0.0% vs.
40.0% respectively).

Khan et al.?® recruited 17 human expert and nonexpert assessors
(7 specialist otolaryngologists and 10 nonexperts) to review 100 test
images for three diagnostic classes (normal, OME, COM). Overall,
the algorithm achieved a classification accuracy of 87.0% compared
to 74.0% for the pooled human expert and nonexpert assessors.

Stratification of accuracy results by diagnostic class or assessor se-
niority was not provided.

4 | DISCUSSION

Performance in diagnosing ear disease from otoscopy varies by user
training and experience.®® This study summarises the performance
of Al-based computer vision algorithms to diagnosis of ear disease
from otoscopy. Thirty-nine studies were included in this review,
evaluating the performance of 9 binary and 17 multiclassification
algorithms. Al-based computer vision algorithms achieved 90.7%
(14 studies) accuracy to differentiate between normal or abnormal
otoscopy images and 97.6% (3 studies) to differentiate between
normal, AOM or OME. Compared to manual classification, Al-based
computer vision algorithms outperformed human assessors to clas-
sify otoscopy images (93.4% vs. 73.2% accuracy, respectively) in
three studies. Substantial heterogeneity in performance was identi-
fied between studies.

Al-based computer vision algorithms with CNNs achieved greater
accuracy in binary and multiclassification categories. Harnessing
transfer learning by freezing the final layers of a CNN'’s architecture
is advantageous by using established computer vision performance
to evaluate new tasks of interest. CNNs may have the potential to

Accuracy Weight
Study with 95% CI (%)
Al
Byun 2021 - 97.20 [ 93.36, 101.04] 45.22
Khan 2020 —i— 87.00[ 80.41, 93.59] 15.33
Livingstone 2019 —#l— 88.70[82.12, 95.28] 15.39
Heterogeneity: |2 = 78.61%, H2 = 4.67 €9 93.42[90.46, 96.38]
Test of 8, = 8: Q(2) = 9.35, p = 0.01
Humans
Byun 2021 —— 82.90[ 74.14, 91.66] 8.68
Khan 2020 —— 74.00 [ 65.40, 82.60] 9.01
Livingstone 2019 — 58.90[ 48.68, 69.12] 6.37
Heterogeneity: I> = 83.69%, H2 =6.13 N 73.21[ 67.95, 78.47]
Test of 6, = 6, Q(2) = 12.26, p = 0.00
Overall L 4 88.56 [ 85.98, 91.14]

Heterogeneity: 12 = 92.27%, H? = 12.93
Test of 8, = 8;: Q(5) = 64.66, p = 0.00

Test of group differences: Q,(1) = 43.04, p = 0.00

40

T
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FIGURE 5 Forest plot comparing ear disease classification accuracy from otoscopy between Al algorithms and human assessors [Colour

figure can be viewed at wileyonlinelibrary.com]
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achieve greater accuracy than ANNs, SVMs or DTs due in part to
their architecture, weighting system and features extracted in hid-
den layers.?®®! However, CNNs vary in relation to the amount of
computational power, speed and size of models produced. For ex-
ample, Inception-V3 yielded greater accuracy than MobileNet-V2
in multiclassification but produced a larger size model.®? This is rel-
evant whether considering deployment of the model into an edge
device (e.g. otoscope or smartphone) versus workstations with
graphics processing units (GPUs) or cloud-based platforms.>? Focus
on the TM and localising anatomical or pathological characteristics
with segmentation models has achieved substantial improvements
in accuracy while considering various middle ear conditions.%®

This review has several strengths. Firstly, broad inclusion criteria
were used to explore articles clinically relevant to the study ques-
tion. This identified algorithms with various combinations of diag-
nostic classes and classification approaches. Secondly, the breadth
of diagnostic classes is important for clinicians to appreciate the
strengths and weaknesses of computer vision algorithms and high-
light potential for future exploration. Thirdly, the QUADAS-2 as-
sessment tool was used to identify risk of biases and applicability
concerns. Before image classification algorithms are introduced into
routine clinical practice, rigorous efforts are required to evaluate
performance and reliability.*

This systematic review has limitations. Firstly, this review is
limited by the variability between eligible studies in terms of data
sources, image capture devices and machine learning methods.
Studies included used various patient selection criteria, classifica-
tion categories and ground-truth definitions. As a result, this could
plausibly introduce selection and measurement bias in the outcomes
reported and overall conclusions drawn from the results. The het-
erogeneity between classification categories suggests a lack of
standardisation or quality control in terms of image acquisition. It
is important to acknowledge the clinical need for an Al-based com-
puter vision algorithm and apply this technology accordingly.

Al-based computer vision algorithms depend on high-quality
training data with accurate and reliable ground-truth labels. Ideally
ground-truth labels should be determined by consensus of multiple
independent experts and/ or by additional evidence (e.g. clinical
history, histopathology or independent investigation results).3>3¢
For otoscopy, ground truth may be based on expert review of im-
ages along with clinical history, tympanometry, audiometry or
myringotomy results. In this review, most studies used single oto-
laryngologists to classify otoscopic images during routine outpatient
examinations. High risk of bias was identified in patient and image
selection as most sampling methods for training images were not
randomised or did not use consecutive recruitment. Furthermore,
ground-truth assessment was typically not validated by multiple
independent experts or via other means. Crowson et al.? uniquely
used intraoperative otoscopic images of children undergoing myr-
ingotomy for recurrent AOM or OME. The authors suggested that
this approach may represent the gold standard of detecting OME.
Despite this, the authors did not report whether myringotomy was
performed in all children, even those with low pretest probability

of disease. Furthermore, positive pressure ventilation may displace
middle ear fluid immediately prior to myringotomy in up to 15% of
children with OME.>” While myringotomy results may add useful
additional evidence, this approach significantly reduces the number
of test images available. Only those patients proceeding to inter-
vention can be included, effectively excluding all patients with sus-
pected normal ears (that do not proceed to intervention) from the
training dataset. Accordingly, myringotomy results cannot be used
as the basis for ground-truth labelling in large training datasets.

To create large datasets for training Al-based computer vision
algorithms, we recommend that ground-truth labelling for otoscopic
images be based primarily on the consensus of multiple independent
experts along with clinical history, and tympanometry and audiom-
etry results. This may reflect real-world practices, where clinical
suspicion from experts (e.g. otolaryngologists with subspeciality
interest in otology) is used to determine which patient is appro-
priate for invasive interventions. Tele-otoscopy databases may be
a suitable source for this research as images have been collected
by clinical staff with experience in performing otoscopy and have
undergone quality control, vetting by an otolaryngologist, and often
review in conjunction with clinical history, tympanometry and audi-
ometry to establish a diagnosis and treatment plan.

As identified in this review, the optimal approach to develop
an Al-based computer vision algorithm can use data augmentation,
CNNs (DenseNet, Xception or Inception ResNet-V2), ensemble
models combining multiple classifying features, sequential multistep
segmentation to localise the TM, hyperparameter tuning and cross-
validation resampling to yield the greatest performance. It is an im-
portant methodological consideration to partition data into training,
validation and test groups to minimise the risk of overfitting, limit
training bias and consider the generalisability of model predictions
to independent or heterogenous data.*® Training a model and then
testing, it on the same data would overestimate prediction per-
formance and misrepresent its function on unseen data. However,
partitioning data into discrete groups for training, validation and
testing can reduce the number of samples used for model learning.
To address this, cross-validation techniques can be applied to divide
the training group into sets (i.e. folds) and hold-out sets to validate
the model by averaging performance on a predetermined number
of loops.®*° Most studies in this review applied cross-validation
techniques. Basaran et al. (2020) demonstrated that 10-fold cross-
validation yielded higher accuracy, sensitivity and specificity results
than utilising 50% of the data source for training and reserving
50% for testing.?® The collection of otoscopic images requires time,
equipment, adequate storage, staff training and consideration of
privacy, patient confidentiality and security. In this scenario, efforts
to include a greater number of images for training and limiting bias
may be important to maximise generalisability and clinical value.
Attention models can be applied to visualise important areas used
to establish predictions. Future algorithms may incorporate specific
segmentation models using the U-Net architecture. For example,
Pham et al. (2021) proposed EAR-UNet, an automatic segmentation
model for TMs from video-otoscopic images integrating pretrained
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CNNs (EfficientNet-B4 and ResNet), achieving 96% accuracy to lo-
calise the TM in normal, AOM, OME and COM otoscopic images.*®

Transitioning the Al-based computer vision algorithm for otos-
copy from a virtual environment to the clinical frontline will depend
on real-world test performance and applicability in daily clinical prac-
tice. This technology has the potential to inform judgement, improve
triage and save time and resources for batch screening. Despite this,
performance of the algorithm depends on training data. Bias in patient
selection, ground-truth labelling and diagnostic classes may impact
generalisability. Implementation in real-world settings may depend on
desirably, feasibility and viability of this technology as an adjunct to
existing clinical practices. Further efforts to progress the application of
Al for otoscopy may be directed at establishing a comprehensive, pub-
licly available, open access otoscopy database with associated symp-
toms, tympanometry, pneumatic otoscopy and audiometry findings,
validated by multiple otologists. Future studies may build on previous
studies evaluating the concordance between expert and nonexpert
assessments,*° by exploring the use of Al as an adjunct to clinical deci-
sion making. Initial efforts for real-world applications may be targeted
at identifying poor quality otoscopic images that limit accurate assess-
ment (e.g. blurriness, over saturation, lack of white balance, moisture,
TM not visualised and wax obstruction). Delineating the strengths and
limitations of Al to autonomously classify otoscopic images is neces-
sary for real-world applications.

5 | CONCLUSION

In this review, 39 articles explore the role of Al-based computer vi-
sion algorithms for otoscopy. Al algorithms achieved 90.7% accuracy
to differentiate between normal or abnormal otoscopy images and
97.6% to differentiate between normal, AOM or OME. Compared to
manual classification, Al algorithms outperformed human assessors to
classify otoscopy images (93.4% versus 73.2% accuracy respectively).
However, substantial heterogeneity in performance was identified be-
tween studies. A concerted effort is warranted to establish a standard-
ised, robust, comprehensive and reliable database to develop clinically
relevant computer vision algorithms for otoscopy. An Al-based com-
puter vision algorithm for otoscopy has the potential to support health
care workers and primary care practitioners with less otology experi-
ence to identify and manage ear conditions early to minimise the risk

of sequelae from untreated disease.
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2.5 Concluding summary for this chapter and knowledge gained from this study

This systematic review and meta-analysis included 39 articles. Al-based image
classification algorithms achieved 90.7% accuracy in distinguishing between normal and
abnormal otoscopic images. Algorithms with multiple diagnostic classes achieved up to 97.6%
accuracy depending on the combination of classes included. Al algorithms demonstrated an
accuracy of 93.4% compared to 73.2% among non-expert human assessors. Among the various
machine learning methods, CNNs achieved the highest classification performance. The review
also reveals the adaptability of Al algorithms to handle a diverse range of diagnostic classes,
from normal to specific ear conditions. However, the study identifies the heterogeneity between
studies due to diverse data sources, machine learning techniques, and ground-truth definitions.

To integrate Al into clinical practice, the review emphasises the importance of
establishing standardised and validated otoscopy databases for robust algorithm training.
Moreover, Al's potential to address healthcare challenges in underserved settings, such as rural
and remote areas, can be applied to support healthcare workers with limited otology expertise.
The review also raises ethical considerations and the need to mitigate bias, promoting the

responsible deployment of Al.
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CHAPTER THREE: Tele-otology for Aboriginal and Torres Strait Islander people living
in rural and remote areas

3.1 Preface to the chapter

This chapter presents findings from a study evaluating the referral-based, tele-otology
service in the Northern Territory from 2011 to 2019. The purpose of this study was to summarise
the prevalence of ear disease in Aboriginal and Torres Strait Islander people living in rural and
remote areas, intra- and inter-rater reliability of ear disease diagnoses established from the tele-
otology service and explore the progression of ear disease in a subset of patients with two
consecutive assessments. The version of the study included in this chapter has been accepted for
publication and presented in manuscript format. Supplementary material accompanying the
accepted manuscript is included in this chapter.

This chapter specifically addresses aim #2 of this thesis as described in Chapter 1.

Dissemination of this research and author contributions for this paper are described below.

3.2 Research dissemination
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Strait Islander people living in rural and remote areas. The Laryngoscope. 2023. Accepted for
publication on 18 June 2024.

Journal impact factor: 3.3

Conference presentations:

Habib AR*, Crossland G, Sacks R, Singh N, Patel H. Tele-otology in Aboriginal and Torres

Strait Islander children: A 10-year retrospective analysis of 13,672 ear examinations from the
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Abstract

Objective:

To evaluate a referral-based, tele-otology service in rural and remote areas of the Northern
Territory (NT), Australia.

Methods:

A retrospective observational cohort study was performed of a tele-otology service in 93
Aboriginal and Torres Strait Islander communities (2011 to 2019). Assessments included face-
to-face examinations performed by Clinical Nurse Consultants (CNC) and audiologists, and
asynchronous reviews performed by otolaryngologists. Multivariable logistic regression was
performed to determine the likelihood of ear disease, adjusted for age and gender. Intra- and
inter-rater agreement was assessed between otolaryngologists.

Results:

3,950 patients were reviewed (6,838 encounters, 13,726 ear assessments). The median age of
patients was 9.8 years (inter-quartile range: 7.2 years). 62.2% of patients were identified with ear
disease and 62.5% identified with hearing loss. Substantial intra- and inter-rater agreement in
diagnosis was found between otolaryngologists (k = 0.71 and k = 0.78, respectively). The most
common ear conditions identified were chronic otitis media (COM, 28.1%) and otitis media with
effusion (OME, 16.5%). Topical or oral antibiotics were initiated in 14.1% of all encounters,
most often for acute otitis media (AOM) or COM. Surgery was recommended in 27.7% of all
encounters, most often myringoplasty, adenoidectomy, and myringotomy with insertion of

tympanostomy tubes.
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Conclusion:

Tele-otology is a critical component of an integrated approach to evaluating ear disease in
Indigenous people living in rural and remote areas. The high prevalence of OME, COM and
surgical recommendations highlights the need for community engagement, regular follow-up,

and early interventions to prevent long-term hearing loss.

Keywords: otitis media, telehealth, otology, epidemiology
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Introduction

Aboriginal and Torres Strait Islander people living in rural and remote areas of Australia
experience a high burden of ear disease?!-'?!"!?2, Recurrent otitis media can be associated with
long-term hearing loss and can contribute to detrimental lifelong impacts on speech and language
development, academic performance, behaviour, social isolation, future employment
opportunities, and increased contact with the criminal justice system.*>4%33.123 The prevalence of
self-reported ear or hearing problems are greatest in the Northern Territory (NT) where

geographical, cultural, and logistical factors can impact the delivery of hearing health services.'?*

Telehealth services have been developed to overcome geographical barriers to specialist access,
reduce costs associated with travel, and partner with community organisations to establish
culturally appropriate and sustainable care. 12>12¢ Real-time consultations can be conducted
between the patient, family, regional clinician (referrer), and offsite otolaryngologists.'?’ In rural
settings, real-time video-conferencing telehealth assessments demonstrate high concordance with
face-to-face assessments to establish diagnoses and surgical management decisions.!?> However,
the real-time model of care relies on suitable resources, including videoconferencing equipment
and facilities on-site, trained personnel on-site, and access to reliable internet service with

adequate bandwidth for transmission of live video feeds.!?®

Alternative strategies such as asynchronous, “store-and-forward” telehealth approaches have

been utilised.'?® One approach for community-based mobile screening services utilises a

dedicated vehicle equipped with video otoscopes, audiometric testing equipment and an
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Aboriginal Health Worker with advanced hearing-health training.!?® The vehicle includes a
wireless broadband connection for transmission of data but uses asynchronous data transfer
rather than live video feeds. This approach has contributed to an increase in referrals to
otolaryngologists and reduced waiting time for specialist review.'*’ Such asynchronous, “store-
and-forward” telehealth strategies, known as “tele-otology” are valuable because specialists can
review data when convenient, utilise data managers to organise examination results into
truncated packages for expedited review, and can tailor participation relative to competing
clinical commitments. In addition, complex equipment, remote transmission facilities and trained
personnel can remain with the dedicated vehicle, rather than requiring duplication of equipment

and staff at multiple remote locations.

A ‘store and forward’ tele-otology model has been used in rural and remote Indigenous
communities in the NT, following its inception by authors HP and GC. Individuals identified in
primary care with persistent middle ear disease are referred to the NT Ear, Nose and Throat
(ENT) Service for tele-otology or specialist outreach assessment. The tele-otology service is
comprised of a specialty-trained Clinical Nurse Consultant (CNC) and an Audiologist who can
perform detailed face-to-face ear assessments to all major communities and homelands in the
NT. The tele-otology team are equipped with mobile computer workstations to perform ear
examinations (i.e. digital video otoscopy, tympanometry, audiometry). Clinical information is
collected during community visits and subsequently reviewed by metropolitan otolaryngologists.
This model of care provides a broad range of ear health services to individuals from rural and
remote communities, and has established standardised, high-quality ear examination data for

otolaryngologist review.
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The aim of this study was to review the referral-based, tele-otology ear health service in the NT
since its inception in 2011, and to summarise the identified burden of ear disease in Aboriginal

and Torres Strait [slander people from these rural and remote areas.
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Methods

Ethics
Ethics approval was obtained from the Menzies School of Health Research, Northern Territory,
Australia, (HREC: 2019-3410). This research was conducted in accordance with the Helsinki

Declaration and with the support and approval of the Aboriginal communities involved.'?!

Tele-otology assessments

The tele-otology ear health program was initiated by the Department of Otolaryngology at the
Royal Darwin Hospital (Darwin, Northern Territory, Australia) and performed with the Northern
Territory Outreach Hearing Health Program. Digital ear examinations and corresponding
specialist assessments were prospectively collected from March 7, 2011 to May 2, 2019 and
retrospectively reviewed.

Consultations were part of non-Medicare services funded by various Australian Government
programs. These programs include the Child Health Check Initiative, the Closing the Gap
initiative, the National Partnership Agreement on Stronger Futures, the National Partnership on
Northern Territory Remote Aboriginal Investment, and the Healthy Ears—Better Hearing, Better
Listening Program.!3?

Ear examinations were performed by CNCs with otology training and experience and
accompanying audiologists, with consent provided by patients and/or carers. Examinations
completed by CNCs consisted of history-taking (including collection of patient demographics,

community, symptoms, previous treatments, and relevant past medical history) and still-images

captured with digital video otoscopes from MedRx (Largo, Florida, USA) or Welch Allyn
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(Chicago, Illinois, USA). Audiologists performed tympanometry and audiometry in onsite
audiometric booths, clinic facilities, school classrooms, or other locations considered suitable to
perform hearing tests. Examination results were documented on a standardised proforma
(Supplementary Figure 1) and forwarded to a designated data custodian for review and storage.
Where internet access was not available, examination data was electronically stored on local
mobile computer workstations and uploaded to the data custodian once adequate online

connectivity was re-established.

Otolaryngologists at the Royal Darwin Hospital reviewed examination data consisting of the
completed pro forma clinical history, tympanometry, audiometry and accompanying otoscopic
images (still images collected with digital video otoscopes) (Supplementary Figure 2). Findings
from previous tele-otology assessments, audiograms, and operation reports were available for the
otolaryngologist to establish a diagnosis, management recommendations, and follow-up plans.
Diagnostic categories included: normal (no abnormality detected), acute otitis media (AOM)
with or without perforation, otitis media with effusion (OME), chronic otitis media with actively
discharging perforation (COMwAP), chronic otitis media with inactive dry perforation
(COMwDP), healed perforation, cholesteatoma, eustachian tube dysfunction (ETD), otitis
externa (OE), foreign body or wax obstruction, presence of tympanostomy tube (in-situ, blocked,
discharging, extruded) and post-operative evaluations. Detailed evaluation of otoscopic images
was completed, consisting of an assessment for perforation (location and size) and
tympanostomy tube placement and position.

COMWAP is a long-term condition characterised by a persistent or recurrent perforation in the

tympanic membrane, accompanied by continuous or intermittent ear discharge (i.e. otorrhea) for
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more than two weeks.!3> AOMWP is a short-term condition that occurs when an acute ear
infection causes a sudden perforation of the tympanic membrane, leading to sudden onset ear

pain, fever, and otorrhea within two weeks. '3

The differences between COMwAP and AOMWP lie in their duration, symptoms, and causes:
COMWAP is chronic, often painless, and associated with repeated infections or Eustachian tube
dysfunction, whereas AOMWP is acute, typically painful, and results from a recent bacterial or
viral infection. Treatment approaches also differ, with COMwAP often requiring long-term
management and possible surgical intervention, while AOMwP usually heals spontaneously with

antibiotic and symptomatic treatment.!34-136

Management recommendations included: medical treatments (topical or oral antibiotics), aural
toilet, foreign body removal and surgical recommendations (examination under anaesthesia,
myringotomy with insertion of tympanostomy tubes, myringotomy with insertion of

tympanostomy tubes and adenoidectomy, exploration of middle ear or mastoid).

Patient cohort

Patients were screened by local primary healthcare service practitioners and referred to the
mobile tele-otology service for further assessment. Patients subsequently requiring face-to-face
otolaryngologist review or surgical intervention were evaluated at the Royal Darwin Hospital,

NT, Australia.

Statistical analysis
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Demographic characteristics (age, gender) were summarised using descriptive statistics including
mean, inter-quartile range, absolute frequency, or relative proportions. Age was summarised as a
continuous variable (mean years of age, inter-quartile range) and a categorical variable (< 3
years, 4 to 6 years, 7 to 16 years, and >17 years. Gender was summarised as proportion of
females and males. Each ear disease condition and management recommendations were
classified as binary variables (yes/no) and summarised using absolute frequencies and relative

proportions.

Hearing loss (HL) was classified by type (conductive, sensorineural, mixed, none, incomplete
assessment) and degree (mild [16-30 dB HL in soundproof conditions; 2635 dB HL in non-
soundproof conditions], moderate [31-60 dB HL in soundproof conditions; 36—60 dB HL in non-
soundproof conditions, severe [61-90 dB HL in soundproof conditions or non-soundproof
conditions], profound [91+ dB HL either in soundproof conditions or non-soundproof

conditions], indeterminate).'37-13?

Associations between variables of interest were assessed using odds ratios (OR) with
corresponding 95% confidence intervals (95%CI) and the chi-squared test. Logistic regression
was used to determine the association between ear disease and age, gender, and year of
assessment. A secondary analytic sample was established using participants that had received
two tele-otology reviews throughout the observation period. The prevalence of ear disease and

hearing loss was compared between the first and second assessment.
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Fifty randomly selected patients who previously received a tele-otology assessment were
included to assess intra- and inter-rater agreement. An a priori sample size calculation was
completed using previously established inter-rater agreement statistics.?!4? An effect size of
30% was used to determine the likelihood of agreement between two raters. A sample size of
100 ear assessments (right and left ears, 50 patients) was deemed sufficient to achieve 80%
power. Raters (HP and GC) are fellowship-trained otolaryngologists with extensive experience in
providing ENT outreach services for Indigenous people from the NT, Australia. Assessments
were de-identified, coded, and randomised to minimise recall bias by ensuring raters were
blinded to the identity of participating subjects. Assessments were provided to the raters in two
sessions (Attempt 1 and Attempt 2) separated by at least 1 week. Raters were provided the 8
diagnostic options consisting of no middle ear disease (n=26), AOM without perforation (n=16),
AOM with perforation (n=1), COMwWAP (n=4), COmwDP (n=3), OME (n=39), ETD (n=11),
foreign body or cerumen obstruction (n=0), and other (n=0). Inter-rater agreement of diagnoses
between raters and the reference standard (original diagnosis) were expressed as Cohen kappa
statistics (k) to represent the proportion of agreement beyond chance, stratified by the
experimental index tests of interest. Standard « interpretations of inter-rater agreement were
applied as previously proposed (<0.21 slight agreement, 0.21 — 0.40 fair agreement, 0.41 — 0.60

moderate agreement, 0.61 — 0.80 substantial agreement, >0.80 near complete agreement).'*!
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Results
Demographics
A total of 3950 individuals were reviewed from 93 communities within the observation period,

consisting of 13726 tele-otology ear assessments. Of all the assessments, 12385 (89.8%)

included sufficient clinical information, image quality, and patency of the external acoustic canal

for the otolaryngologist to establish a diagnosis and management plan. Assessments were
excluded due to obstruction of the external acoustic canal from wax or foreign bodies (n=186,
1.4%) and incomplete assessments without corresponding otoscopic images, audiometry or

clinical history (n=1155, 8.4%).

Table 1 provides the age distribution of the patients reviewed by the tele-otology service. Most
individuals were between 7 to 16 years of age (56%) with a similar distribution of females and
males. On average, 759 individuals (inter-quartile range: 402 individuals) were evaluated each
year in the tele-otology service. Throughout the observation period, 2354 (59.5%) individuals

received 1 assessment and 1596 (40.0%) individuals received 2 or more assessments.

Rater agreement

Substantial intra- and inter-rater agreement for ear disease diagnoses was found (overall intra-
rater agreement k = 0.71; inter-rater agreement k = (.78, Table 2). Raters achieved complete
agreement to classify AOM with perforation, COMwAP and COMwDP (k = 1.00). Raters
achieved near complete agreement to classify normal aerated ears (k = 0.88), substantial
agreement to classify OME (k = 0.82), and moderate agreement to classify ETD (k= 0.64) and

AOM (k = 0.56).
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Prevalence of ear disease and hearing loss

During the observation period in the tele-otology program, the proportion of individuals with ear
disease was 62.2%, consisting of 34.1% with bilateral ear disease and 28.1% with unilateral ear
disease. The proportion of individuals with hearing loss was 62.5%, consisting of 37.3% with
bilateral hearing loss and 25.2% with unilateral hearing loss. Since inception of the tele-otology
program, assessments related to post operative reviews, ETD, AOM with perforation and

COMwWDP increased each year of the service (Figure 1).

Ear assessments were comprised of 4442 (35.9%) normal aerated ears, 7542 (60.9%) with ear
disease, 300 (2.4%) post operative reviews, and 101 (0.8%) tympanostomy tube reviews. Of
cases with ear disease, the most common middle ear conditions identified were OME (16.5%),

COMWAP (14.1%), and COMwDP (14.0%) (Table 3).

Hearing loss was comprised of conductive (59.8%), indeterminate (34.7%), sensorineural

(2.8%), and mixed (2.7%) hearing loss.

Children < 3 years of age were more likely to present with AOM with or without perforation
(OR: 28.5, 95%CI: 13.1 — 62.1), OME (OR 10.7, 95%CI: 7.6 — 14.8), or ETD (OR 2.9, 95%ClI:
1.8 —4.5) than individuals >17 years of age. The likelihood of COM with active or dry
perforation was greater among individuals >17 years (OR 2.1, 95%CI: 1.6 —2.6) and 7 to 16

years (OR 1.3, 95%CI: 1.1 — 1.6) than children < 3 years of age.
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Management

CNCs initiated oral or topical antibiotics in 53.7% of individuals with COMwAP and AOM with
perforation. Otolaryngologists recommended surgical intervention in 27.7% of all cases,
consisting of myringoplasty (78.8%), adenoidectomy and myringotomy =+ insertion of
tympanostomy tubes (12.4%), myringotomy with insertion of tympanostomy tubes (7.9%),

examination under anaesthesia (0.6%), and middle ear exploration / mastoidectomy (0.3%).

Frequency of ear disease between first and second assessments

Among the 1596 individuals who received two tele-otology assessments, 14.9% were < 3 years
old, 27.2% were 4-6 years old, 52.0% were 7-16 years old, and 5.9% were >17 years old at their
first assessment. The mean time between the two assessments was 634 days (inter-quartile range:
659 days). Supplementary Table 1 summarises the distribution of ear disease across the two

assessments.

At the second assessment, 39.1% had new onset middle ear disease, and among those, 41.9% had
worse hearing than at their first assessment. Of those with a normal first assessment, 16.9% had

OME and 8.4% had ETD at the second assessment, with 7.8% experiencing worse hearing.

Among individuals with AOM at the first assessment, 39.6% were prescribed oral antibiotics and

13.2% received topical antibiotics. At the second assessment, 50.9% had OME, 37.7% had no

middle ear disease, 5.7% had ETD, and 3.8% had recurrent AOM.
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For those with OME at the first assessment, 46.6% presented with OME at the second
assessment, and 17.6% presented with worse hearing. Among those with recurrent OME, 36.0%

received a surgical recommendation at the second assessment.

For individuals with ETD at the first assessment, 34.2% had OME at the second assessment, with
22.7% experiencing worse hearing. Among those with recurrent ETD, 16.7% had worse hearing

at the second assessment.

Most individuals (87.6%) with a TM perforation identified at the first assessment had a
recurrent/persistent TM perforation at the second assessment. Cases with COMwAP at the first
assessment showed 51.8% with recurrent/persistent actively discharging perforation and 30.8%
with a dry perforation at the second assessment. Cases with COMwDP at first assessment had

46.3% dry perforations and 35.5% progressed to COMwAP.

For suppurative OM treatment at the first assessment, 5.7% received oral antibiotics and 59.9%
had topical antibiotic ear drops. At the second assessment, 55.2% experienced no change in

hearing, 20.6% experienced worse hearing, and 24.1% experienced hearing improvement.

Management

CNCs initiated oral or topical antibiotics in 53.7% of individuals with COMwAP and AOM with
perforation. Otolaryngologists recommended surgical intervention in 27.7% of all cases,
consisting of myringoplasty (78.8%), adenoidectomy and myringotomy =+ insertion of

tympanostomy tubes (12.4%), myringotomy with insertion of tympanostomy tubes (7.9%),
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examination under anaesthesia (0.6%), and middle ear exploration / mastoidectomy (0.3%). For
individuals with TM perforations, myringoplasty was recommended in 98.1% of cases. For
individuals with OME, adenoidectomy with myringotomy =+ insertion of tympanostomy tubes
was recommended in 54.3% of cases, and myringotomy with insertion of tympanostomy tubes

alone (without adenoidectomy) was recommended in 36.3% of cases.
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Discussion

Telehealth programs have been shown to improve access to tertiary services for patients in rural
and remote areas, provide services for pre- and post-operative reviews, reduce travel time and
associated costs, and integrate with existing primary care services.'*> However, there is a paucity
of information related to the prevalence of ear disease and caseload distribution associated with
long-standing telehealth services. In Australia, previous studies have reported the prevalence of
ear disease to range from 15 to 91% in Aboriginal and Torres Strait Islander people, depending

on sampling locations, participant age, and subtype of otitis media.®

In the NT, previously published studies have reported the prevalence of ear disease from
longitudinal reviews of neonates, vaccination programs, community and school-based screening
programs, and emergency response services.!2!1437145 From these studies, the prevalence of
AOM was reported as 7% to 26%, OME was reported as 26% to 31%, and COM was reported as
15% to 36%. In comparison, the referral-based NT tele-otology service reported AOM (2.6%),

OME (16.5%), and COM (28.1%).

Since inception, there was a decrease in the proportion of individuals referred each year with a
normal aerated middle ear, indicating a maturation of the referral process to exclude those
individuals not requiring specialist attention. Of the individuals identified with at least 1 ear
condition, nearly 1 in 3 experienced hearing loss. Rates of hearing loss were highest among
individuals with COM with or without discharge, and OME. CNCs initiated oral or topical

antibiotics in over half of individuals with suppurative OM. Otolaryngologists recommended a
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surgical intervention in 1 of every 3 individuals reviewed. These findings demonstrate that the
tele-otology service captures a large referral base of chronic OM requiring point-of-care medical

management and surgical interventions.

The comparison in the distribution of ear disease between first and second assessments provides
valuable insight into the progression and persistence of middle ear disease in Aboriginal and
Torres Strait Islander people. Over one-third of individuals with ETD at the first assessment
presented with OME at the second assessment. Recurrent OME at the second assessment was
identified in nearly half of individuals who were found to have OME at the first assessment.
These findings demonstrate that between assessments, it is common for ear disease to progress or
persist, rather than to resolve. This emphasises the importance of rigorous follow-up,
surveillance, and the potential role for early surgical intervention in children with ETD and
OME. For example, having a lower threshold for inserting tympanostomy tubes could be an early
treatment consideration for individuals with ETD or for individuals with OME, as most will have
middle ear disease at subsequent reviews. However, this needs to be balanced against the risk of
introducing tube-related complications and the need for greater post-operative care in patients

with tympanostomy tubes present.

Most children identified with tympanic membrane perforations presented with persistent
perforations at subsequent reviews. One in 2 children with COMwAP re-presented with no
improvement in ear disease status at the second assessment. For children with COMwDP, 1 in 3
developed active discharging perforations at the second review. In these cases, myringoplasty

could offer a beneficial intervention by addressing the likelihood of persistent tympanic
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membrane perforation, improving auditory function, and reducing the risk of new or recurrent
infections. However, it is important to note that myringoplasty carries risks, such as potential

graft failure, postoperative infection, and the possibility of temporary or permanent hearing loss.

The strengths of this study are demonstrated by the volume of assessments collected over nearly
a decade, expansive catchment of Indigenous communities from rural and remote areas, and
substantial intra- and inter-rater agreement for diagnoses. In remote settings where loss to
follow-up is common, efforts to establish culturally appropriate services are important to engage
patients and parents/ guardians, develop rapport, foster familiarity, and confidence. Providing
primary care practitioners an avenue to refer patients for tertiary otolaryngology review is a
priority to identify and manage ear disease to prevent long-term hearing loss and adverse

complications.

This study has several limitations. The scope of this study was to evaluate the initial triage and
prevalence estimates ascertained from the tele-otology service in the NT, Australia. This study
did not track outcomes of patients referred for face-to-face specialist reviews. Future endeavours
will be focused on linking tele-otology assessments to hospital admissions and surgical
outcomes. Data linkage may be valuable to delineate the down-stream challenges in providing
specialist services requiring face-to-face interactions and the impact of tele-otology on surgical
waitlists. Although tele-otology may improve access to specialists via asynchronous assessments
for diagnosis, the influx of patients requiring subsequent surgical treatment may face additional
limitations in accessing these services. In addition, the reliability assessment performed in this

study may limit the generalisability of the findings and underestimate agreement, given that less
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common ear disease pathology could be underrepresented in the analytic cohort. Nasal steroids
have shown promise in treating OME in children but were not reported in this study.!46-143
Several factors may have influenced the limited use of nasal steroids in this population and
clinical context. Rural and remote locations of many communities can make accessing
medications challenging due to limitations in infrastructure and access to distributors.'*
Compliance with topical medications may be lower due to the inconvenience of administration
and the need for regular use. There may be differences in awareness regarding the benefits of
nasal steroids for OME, impacting their usage. Effective communication about treatment plans
can be challenging, further affecting compliance and proper use of medications. Moreover,
topical nasal steroids may not have been a standard part of practice for the clinicians in the
settings studied, possibly due to historical prescribing patterns or resource limitations. Future

research should focus on understanding the barriers to using topical nasal steroids in this setting

and explore strategies to improve compliance, access, and evaluate outcomes.

Asynchronous store-and-forward telehealth approaches such as these are limited by the delays
between data capture, specialist interpretation, and subsequent intervention, representing a
potential missed opportunity to initiate early treatment at the point of data capture. Artificial
intelligence (Al) has the potential to be integrated into existing telehealth programs.!'3-152 Al-
based image classification algorithms could be developed to support rural and remote healthcare
workers classify ear disease from digital video otoscopy and triage the appropriate clinical
pathway.!>* For example, healthcare workers could be trained to perform otoscopy and upload
images into an Al-based tool either directly linked with the otoscope, accessed via smartphone or

desktop applications, or cloud-based models where internet access is available. '?° These
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advancements would support improved triage in frontline settings where immediate access to
tertiary services is limited. Al-tools could support surveillance to improve allocation of resources
in high-demand areas. Otolaryngologists could review the Al-generated reports to establish
prediction models that anticipate care needs and receive red flag notifications to initiate alerts for

children who warrant urgent review.

Conclusion

Since inception in 2011, through to 2019, a referral-based tele-otology service in the NT,
Australia has performed 13726 ear examinations in 3950 Aboriginal and Torres Strait Islander
individuals from 93 communities. On average, the tele-otology service reviews 759 Aboriginal
and Torres Strait Islander people per year. This service more commonly reviews individuals with
CSOM than community screening programs and audiology services. Substantial intra- and inter-
rater agreement was found for ear disease diagnoses using an asynchronous, ‘store-and-forward’
data collection workflow. The results of this review confirm that the service has made substantial
progress in addressing ear disease in this critically under-served population, but key areas
requiring further attention have been identified. This tele-otology service may serve as a
reference for future telehealth services in rural and remote settings to optimise service delivery

for ear health and hearing assessments for Aboriginal and Torres Strait Islander people.
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Table 1. Summary of demographic characteristics for tele-otology assessments completed

at the Royal Darwin Hospital, Northern Territory, Australia from 2011 to 2019

Total Cohort
(n=3950)
n %
Age
<3 years 419 10.6
4 to 6 years 564 14.3
7 to 16 years 2227 56.4
>17 years 740 18.7
Gender
Female 2016 51.0
Male 1934 49.0
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Table 2. Comparing intra- and inter-rater agreement between reviewers for tele-otology
diagnoses from the Royal Darwin Hospital, Northern Territory, Australia between 2010 to

2019.
Overall Standard
Error
Average intra-rater agreement
Attempt 1 and 2
Percent agreement 83% (95%CI: 70 — 95%) 0.06
Cohen k 0.71 (95%: 0.50 —0.91) 0.10
Average inter-rater agreement by ground truth
classification
(Rater 1 vs Rater 2)
Overall
Percent agreement 81% (95%CI: 73 — 89%) 0.04
Cohen k 0.78 (95%CI: 0.69 — 0.87) 0.05
Normal aerated ear / no middle ear disease
Percent agreement 88% (95%CI: 75 —100%) 0.06
Cohen k 0.83 (95%CI: 0.63 —1.00) 0.09
AOM without perforation
Percent agreement 56% (95%CI: 29 — 84%) 0.13
Cohen k 0.41 (95%CI: 0.05 — 0.78) 0.17
AOM with perforation
Percent agreement 100% -
Cohen k 1.00 -
OME
Percent agreement 82% (95%CI: 69 — 95%) 0.06
Cohen k 0.73 (95%CI: 0.54 — 0.92) 0.09
ETD
Percent agreement 82% (95%CI: 55 — 100%) 0.12
Cohen k 0.64 (95%CI: 0.09 — 1.00) 0.24
COMWAP
Percent agreement 100% -
Cohen k 1.00 -
COMwDP
Percent agreement 100% -
Cohen « 1.00 -

Legend: Agreement — proportion of agreement within and between raters, k — Cohen kappa

(proportion of agreement beyond chance)
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Table 3. Distribution of ear disease by age group

Total <3 years 4 to 6 years 7 to 16 years >17 years
Chi-
squared
test (p-
n % n % n % n % n % value)
No ear disease 5394 43.6% 245 25.2% 535 33.7% 3621 46.2% 993 50.3% <0.0001
Post operative
review 300 2.4% 2 0.2% 9 0.6% 182 2.3% 107 5.4% <0.001
AOMwoP 241 1.9% 98 10.1% 48 3.0% 93 1.2% 2 0.1% <0.001
AOMwiP 82 0.7% 23 2.4% 18 1.1% 34 0.4% 7 0.4% <0.001
ETD 681 5.5% 58 6.0% 121 7.6% 447 5.7% 55 2.8% <0.001
OME 2047 16.5% 302 31.0% 462 29.1% 1209 15.4% 74 3.7% <0.001
COMwWAP 1746 14.1% 144 14.8% 214 13.5% 1058 13.5% 330 16.7% 0.008
COMwDP 1737 14.0% 90 9.2% 164 10.3% 1091 13.9% 392 19.9% <0.001
Cholesteatoma 24 0.2% 1 0.1% 1 0.1% 11 0.1% 11 0.6% 0.001
Grommet in situ 94 0.8% 9 0.9% 11 0.7% 69 0.9% 5 0.3% 0.031
Grommet extruded | 7 0.1% 0 0.0% | 0.1% 6 0.1% 0 0.0% 0.519
Otitis externa 32 0.3% 1 0.1% 3 0.2% 20 0.3% 8 0.4% 0.434

Legend: Acute otitis media without perforation (AOMwoP), acute otitis media with perforation (AOMwiP), otitis media with effusion
(OME), chronic suppurative otitis media with active perforation (COMwAP), chronic otitis media with dry perforation (COMwDP),
Eustachian Tube dysfunction (ETD), otitis externa (OE)
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Figure 1. Distribution of ear disease by year for the tele-otology service from 2011 to 2019.
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Legend: Acute otitis media without perforation (AOMwoP), acute otitis media with perforation (AOMwiP), otitis media with effusion
(OME), chronic suppurative otitis media with active perforation (COMwAP), chronic otitis media with dry perforation (CSOMwDP),
Eustachian Tube dysfunction (ETD), otitis externa (OE), external acoustic canal (EAC) obstruction.
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Supplementary Table 1. Comparison between the first and second assessments of individuals receiving 2 tele-otology

assessments
Second Assessment
No
First Total middle ETD OME AOMwoP | AOMwiP CSOMw CSOMw | Cholestea Qwoa.:gﬂ Grommet OF
Assessment ear AP DP toma in situ extruded
disease

No middle 591 164
ear disease 980 (60.3%) 81 (8.3%) | (16.7%) 24 (2.4%) | 8 (0.8%) 61(6.2%) | 48(4.9%) | 0 0 0 3(0.3%)
ETD 62 20 52

152 (40.8%) (13.2%) (34.2%) 3 (2.0%) 0 6 (3.9%) 8 (5.3%) 0 1 (0.7%) 0 0
OME 149 219

477 (31.2%) 37 (7.8%) | (45.9%) 16 (3.4%) | 7 (1.5%) 26 (5.5%) | 16(3.4%) | 0 7 (1.5%) 0 0
AOMwoP 20 27

53 (37.7%) 3 (5.7%) (50.9%) 2 (3.8%) 0 0 0 0 1 (1.9%) 0 0
AOMwiP 18 2(11.1%) | 0 7(38.9%) | 0 0 6(333%) | 2(11.1%) | 0 1(5.6%) |0 0
COMWAP 46 220 129

423 (10.9%) 3(0.7%) 20 (4.7%) | 3 (0.7%) 0 (52.0%) (30.5%) 0 1(0.2%) 0 1 (0.2%)

51 155 193

COMwDP 424 (12.0%) 7 (1.7%) 12 (2.8%) | 1(0.2%) 0 (36.6%) (45.5%) 5(1.2%) 0 0 0
Cholesteato
ma 5 0 0 0 0 0 0 2 (40.0%) | 3(60.0%) | 0 0 0
Grommet in 13
Situ 28 4(143%) | 0 (46.4%) 0 0 2 (7.1%) 2 (7.1%) 0 7(25.0%) | 0 0
Grommet
extruded 1 0 0 1(100%) |0 0 0 0 0 0 0 0
OE 4 2(50.0%) | 0 2(50.0%) | 0 0 0 0 0 0 0 0

Legend: Acute otitis media without perforation (AOMwoP), acute otitis media with perforation (AOMwiP), otitis media with effusion
(OME), chronic suppurative otitis media with active perforation (COMWwAP), chronic otitis media with dry perforation (CSOMwDP),

Eustachian Tube dysfunction (ETD), otitis externa (OE)
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Supplementary Figure 1. Clinical Nurse Consultant data collection form for face-to-
face assessments

HEARING HEALTH PROGRAM
Northern CHHC SERVICE FORM
Territory

L DEPARTMENT OF HEALTH

COMMUNITY: I CHHC: l VISITDATE: /| |/
FIRST NAME: I OTHER NAME:
FAMILY NAME: | HRN:
DOB: /| | | oMALE 0 FEMALE | CARER:
EAR HEALTH
OTOSCOPY PRIORITY
Faghs Tymapenic Membrazne Loft Tympranio Membrane
D HPI1 D HP2 D HP3 D HP4
See Table 2: Priority Activities
CLINICAL SERVICE ACTIVITIES Comments
Verified Diagnosis O
Pneumatic Otascopy Pneumatic Otosc apy
Maobility: Mability: Verified or Amended Treatment O
LNeme LiSsgat L] Normat LI Neme Ll Sugae L Normat Confirmed Regular Follow Up & Care
LnNT LIDNT
COMMENTS: COMMENTS: Plan u
Discussed Treatment Adherence
Strategies O
LA et Discussed Hearing Loss Strategies [
AR TYPE MEP MEC ECv DT Discussed Ear Health Education O
RIGHT Supported Audiological M 'ment O
LEFT Supported ENT Management O
DIAGNOSIS AS PER CARPA | Right |Left | CONTACT WITH OTHER
£ PROVIDERS Lo
NAD /N
one o O Education Providers O
Eustachian Tube Dysfunction O )
Otitis Media with effusion O O Health Provider O
Acute Otitis Media without perforation (m] [m]
Acute Otitis Media with perforation O [m) Community-based Worker O
Chronic Suppurative Otitis Media (m) m}
Dry Perforation m} m) Australian Hearing O
Other.......ccciiiiiiiiiiciiiacees ) o
Other ([l
COMMENTS
1 Results entered into PCIS / Communicare  Clinician Nam@: .. ... ..o SIGNAWIBL i
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Supplementary Figure 2. Otolaryngologist data collection form for tele-otology
assessments

HEARING HEALTH PROGRAM
Northern TELEOTOLOGY ENT SPECIALIST CONSULTATION

Territory

(S DEPARTMENT OF HEALTH

COMMUNITY: [ ENT SPECIALIST: [v I
COMMUNITY ID: [poB: 1 7/ [ HRN: | MEDICARE:
PATIENT NAME: [OmaLe CJFEMALE | CARER:

D Post-Op Check THE FOLLOWING CLINICAL DIAGNOSIS AND RECOMMENDATIONS BY THE ENT SPECIALIST ARE BASED ON CASE HISTORY. AUDIOLOGY AND OTOSCOPY

INFORMATION COLLECTED THROUGH TELEOTOLOGY PROTOCOL WITH NO DIRECT EXAMINATION OF THE PATIENT BY THE ENT SPECIALIST.

Right Tympanic Membrane
Comment:

Oimaa v | DOl normat [ eated [ other
O pertoration | & Central [ Marginal (] Attic
o Ower Orwienr Tory [ squamous D riore. Hesum

Moist (serous) [ wtucosat U subwist Lo

Omsie Ceatent [ Blocked
Extruded [ TM Intact [J Residual perforation

SIZE

DGmnmﬂ

Oinae | O Normat [T eated [ Other:

O pesforstion | L Central [l Marginat [ Avic =
Ower Orwuen Oory [ squamous pibole [ Medium

[ Subiotal [ Total
Mucosal

SIZE

Moist (serous)

Oinsie Cleaten O Blocked

[ Extruded (] TM Intact [ Residual perforation

[ Grommet

NAD Medication: | [] Amaxy1 [Jas per carpa () |
AOM Ociloxan Specific Instructions:
AOM with Perforation [ kenacomb
CSOM (active discharge) [ otber
CSOM (inactive dry perforation) Other [ Foreign body removal | Specific Instructions: (] I}
OME [ Aural Toilet
Forcign Body
Other
Insufficient information for Dx PRIMARY [ Not Required
[ Needs teleotology review HEALTH: Review progress after medication [ Dry car precautions (] Monitor-Rx as required
Needs ENT F2F 1 week [(J2 week [ imonth [ 6 months [ prN
Comment: Comment:
Audiology: O Not Required (] 3 months [T6 months [T 1year  ClprN
Australian Hearing: Hearing aid: Medical clearance given to fit RYL
[ Bone conductor sid [ Hearing aid/s with mold (] |m]
[ Has hearing aid/s Review required
ENT Review: | [ Not Required (13 months [ 6 months [ 1 vear [T PRN ] Needs F2F ENT
Cves [Ino (7o voung forsurgery | R
[ Decide car at operation Myrfruuplmry (Tympanoplasty Type 1)
O rwAIT completed Aty
Comment: Adenoidectomy
Grommets
Signature: EUA
Exploration of middlc car/mastoid
Removal of tubes
Date: [ / Other procedure

ABN: 84 085 734 992 Department of Health is a Smoke Free Workplace



3.5 Concluding summary for this chapter and knowledge gained from this study

The study provides a review of a referral-based, tele-otology service in the Northern

Territory, Australia, from 2011 to 2019. The findings from this study demonstrate the tele-
otology service’s vital role to identify and manage ear disease within a population living in
rural and remote areas, where the prevalence of hearing loss is high. This study also
highlights areas that require further improvement. This study contributes evidence to direct
future endeavours to improve telehealth services and offers insight into the role for Al to

augment the limitations of the current ‘store-and-forward’ data collection workflow.
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CHAPTER FOUR: Evaluate the inter-rater agreement among otolaryngologists to
diagnose OM using clinical data collected during telehealth assessments

4.1 Preface to the chapter

This chapter presents findings from a published peer-reviewed manuscript that
examined the inter-rater agreement among otolaryngologists to diagnose OM using various
tiers of clinical data collected during telehealth assessments of Aboriginal and Torres Strait
Islander children in Queensland, Australia. This chapter, consisting of the published paper!34,
addresses specific aim #4 of this thesis as described in Chapter 1. Dissemination of this

research and author contributions for this paper are described below.

4.2 Research dissemination

Published peer-reviewed paper:

Habib AR, Perry C, Crossland G, Patel H, Kong K, Whitfield B, North H, Walton J, Da Cruz
M, Suruliraj A, Smith M, Harris R, Hasan Z, Gunaratne DA, Sacks R, Singh N. Inter-rater
agreement between 13 otolaryngologists to diagnose otitis media in Aboriginal and Torres
Strait Islander children using a telehealth approach. Int J Pediatr Otorhinolaryngol. 2023
May;168:111494. doi: 10.1016/j.ijporl.2023.111494. Epub 2023 Mar 13. PMID: 37003013

Journal impact factor: 1.7

Conference presentations:

Habib AR*, Perry C, Crossland G, Patel H, Kong K, Whitfield B, North H, Walton J, Da
Cruz M, Suruliraj A, Smith M, Harris R, Hasan Z, Gunaratne DA, Sacks R, Singh N. Inter-
rater agreement between 13 otolaryngologists to diagnose otitis media in Aboriginal and

Torres Strait Islander children using a telehealth approach. Australian Society for
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Otolaryngology — Head and Neck Surgery Annual Conference. Adelaide, Australia. 2022.

[Oral presentation].

*Presenting author
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nurse impressions significantly improved expert accuracy and inter-rater agreement, compared to reviewing

otoscopic images alone.

1. Introduction

Ear health is a major public health issue for Aboriginal and Torres
Strait Islander people in Australia [1-3]. Indigenous children are three
times more likely to have otitis media (OM) and twice as likely to have
long-term hearing loss than non-Indigenous children [4]. The burden of
OM is greatest for Indigenous children living in rural and remote areas,
as these children are twice as likely to experience long-term hearing loss
than non-remote Indigenous children [4]. Hearing loss in childhood can
affect speech and language development, behaviour, academic perfor-
mance and future employment opportunities as well as increasing the
risk of contact with the criminal justice system [1]. Several
socio-economic and cultural determinants of health are associated with
ear disease in Aboriginal and Torres Strait Islander people including
household overcrowding, exposure to second-hand smoke, poor nutri-
tion and infrastructure, and limited access to health care services and
treatment [5].

In Australia, most otolaryngologists practice in metropolitan areas
[6]. Individuals living in rural and remote areas have limited access to
specialists and can experience wait times longer than recommended for
tertiary Ear, Nose and Throat (ENT) and audiology services [7]. Tele-
health has been used as an alternative model of care to provide ear
health services through partnerships with Aboriginal and Torres Strait
Islander communities and state or territory-based hospital and health
services [8-11]. Telehealth initiatives are asynchronous, with exami-
nations conducted by Aboriginal Health Workers (AHW) and nurses who
upload examination findings to secure online databases for
off-site/metropolitan otolaryngologists to review at a later time, a
method known as the “Store-and-forward” approach [8,10].

Telehealth ear health services have been shown to increase the
number of children screened, reduce wait times for high-risk children
requiring specialist review, and establish a model of care that is com-
munity led and culturally appropriate [10,12]. However, telehealth in-
troduces its own limitations. The time difference between the initial
assessment of a patient and subsequent implementation of specialist
recommendations can delay the delivery of care [12,13] which may
increase the potential for adverse or critical complications to develop
and may contribute to loss of follow-up [8]. Telehealth for ear health
screening relies on otolaryngologists to review serial otoscopy, tym-
panometry, and audiometry results, a tedious and mundane task devoid
of typical patient interaction. In the existing telehealth model, children
diagnosed with OME as per the national OM guidelines, are reviewed by
their primary care physician prior to specialist referral [14]. High-risk
children who experience speech and language, learning, behaviour, or
developmental issues are referred earlier for expeditated review.

Previous research has demonstrated substantial intra-observer
agreement to diagnose ear disease between on-site examinations and
asynchronous, pre-recorded telehealth assessments. Otolaryngologists
often agree with themselves in 81% of cases when comparing field
versus pre-recorded examinations [15]. However, Eikelboom et al.
(2005) demonstrated that intra-observer agreement between telehealth
and on-site diagnoses was dependent on ear disease subtype [16]. The
prevalence of chronic suppurative otitis media (CSOM) and choles-
teatoma was comparable between field and telehealth assessments but
dissimilar when classifying acute otitis media (AOM), otitis media with
effusion (OME) or Eustachian tube dysfunction (ETD), despite reviewing
otoscopy, clinical history, tympanometry, and audiometry [16].

The potential for intra- and inter-rater variability is an important
consideration for telehealth programs where the workload of reviewing
otoscopy and audiometric data is often shared. Otolaryngologists
participating in telehealth may have different levels of experience at

evaluating pediatric Indigenous ear disease. Variability in diagnostic
accuracy may impact subsequent management decisions for a patient
population where distance to health services is a critical factor and loss
to follow up is common. Furthermore, the use of artificial intelligence
algorithms to triage or diagnose ear disease requires accurate reference-
standard data, typically achieved through multiple experts agreeing on
diagnoses [17]. To date, there is a paucity of evidence evaluating the
inter-rater agreement of ear disease diagnoses established from tele-
health programs using asynchronous, store-and-forward approaches.

In addition, in rural and remote settings, audiology services are
limited. Accordingly it is necessary to determine whether otoscopy
alone, or in conjunction with increasing levels of additional clinical
information (audiometry, tympanometry and nurse impressions), can
yield an accurate diagnosis.

The purpose of this study was to evaluate the inter-rater agreement
between otolaryngologists to diagnose OM using a telehealth program
for Aboriginal and Torres Strait Islander children living in rural and
remote areas of Australia. Additional aims included evaluating the value
of various exam modalities (e.g. otoscopy, tympanometry, audiometry,
frontline nurse impressions) on diagnostic performance.

2. Methods
2.1. Ethics

Ethics approval was obtained from the Children’s Health Queensland
Hospital and Health Service, Queensland, Australia (HREC: 20/QCHQ/
68498). This research was conducted in accordance with the Helsinki
Declaration [18]. This study was conducted in accordance with the
Standard for Reporting Diagnostic Accuracy Studies (STARD) reporting
guidelines [19].

2.2. Study design

Eighty ear assessments were randomly selected from 1610 tele-
medicine assessments from the Deadly Ears Program (Queensland’s
statewide ear health program for Aboriginal and Torres Strait Islander
children). The assessments were dated between 2017 and 2020 and
included the results of otoscopy, tympanometry, audiometry and nurse
assessments performed by the “Deadly Ears Program” nurses and audi-
ologists. Otoscopy images were captured using digital video otoscopes
manufactured by Inline Systems (Warriewood, NSW, Australia) or
Welch Allyn (Chicago, Illinois, USA). Video otoscopy is well tolerated,
and most children are compliant, as real-time visual feedback improves
engagement and interest. All clinical assessment data were electroni-
cally stored in Children’s Health Queenland’s (CHQ) secure data man-
agement system: QChild.

2.3. Reference standard

The reference standard was established prior to the study by board-
certified otolaryngologists with expertise in Aboriginal and Torres Strait
Islander pediatric telehealth assessment who participate in the Deadly
Ears Program, based on the following information in QChild:

- patient demographics (age, gender, date of review)

- otoscopic images for right and left ears

- tympanometry (tympanogram type, static compliance, middle ear
pressure, ear canal volume)

- pure-tone audiometry



A.-R. Habib et al.

- nurse impressions (including examination conditions, otoscopy
findings, and general comments)
- treatments initiated by the nurse at the in-person clinical reviews

For each case, a sole reviewing otolaryngologist determined a diag-
nosis, developed a treatment and follow-up plan, and entered these into
QChild for subsequent action by the Deadly Ears’ nurses as well as pri-
mary care clinicians managing the childrens’ health in their commu-
nities. The possible diagnostic categories were; normal aerated middle
ear (no middle ear pathology), AOM with or without perforation, OME,
COM (including chronic suppurative otitis media, cholesteatoma, or dry
perforation), and obstructed external acoustic canal (EAC) (see Fig. 1).

2.4. Experimental index tests

To evaluate the inter-rater agreement of each reference standard
diagnosis, 13 board-certified otolaryngologists (raters) were recruited to
complete 3 index test experiments using tiers of increasing clinical data.
The raters included 5 general otolaryngologists with Indigenous pedi-
atric experience, 3 otologists, and 5 general otolaryngologists with
limited specialist pediatric Indigenous ear disease experience. The 80
cases were randomly selected from diagnostic category subsets in the
test set, to provide a mix of normal ears (n = 25), AOM (n = 14), OME (n
= 23), and COM (n = 18). Cases included in this study consisted of
otoscopic images where the tympanic membrane could be adequately
visualised. Cases were excluded if the tympanic membrane was
obstructed secondary to cerumen or foreign body. Raters were asked to
independently provide the most likely diagnosis after reviewing:

Tier A) otoscopic images alone,

Tier B) otoscopic images plus tympanogram type (A, B, C, or could
not test) and category of hearing loss (normal, conductive, sensori-
neural, mixed), or

Tier C) otoscopic images plus tympanometry (tympanogram type,
static compliance, middle ear pressure, ear canal volume), pure-tone
audiograms and nurse impressions (otoscopy findings and presumed
diagnosis)

The same patients were used for all tiers, however the order of pa-
tients was randomised between tiers. All raters received the same data in
the same order.

Identifying information was removed to protect patient privacy and
confidentiality, and to ensure the raters were blinded to the patients and
blinded to the reference standard diagnosis judgements provided by the
original raters.

2.5. Statistical analysis

Performance between the experimental index tests was assessed by
accuracy (proportion of correct diagnoses compared to the reference
standard). Inter-rater agreement of diagnoses between raters and the
reference standard were expressed as weighted kappa statistics (k) to
represent the proportion of agreement beyond chance, stratified by the
experimental index tests of interest. An additional analysis was

e
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completed to determine the inter-rater agreement within the test group,
considered as the proportion of agreement among the 13 raters
(excluding the reference standard results), stratified by the provision of
increasing levels of clinical data. Standard «x interpretations of inter-
rater agreement were applied as previously proposed (<0.21 slight
agreement, 0.21-0.40 fair agreement, 0.41-0.60 moderate agreement,
0.61-0.80 substantial agreement, >0.80 almost perfect agreement)
[20].

A sample size of 80 cases was required to test the null hypothesis that
inter-rater agreement did not significantly differ between Tier A versus
Tier C by a pre-determined clinically important threshold of 15%, to
achieve a type 2 error rate of 80%, type error 1 error rate of 5%, and
adjusting for potential missing data (30%).

As described previously, the Stuart-Maxwell test of marginal homo-
geneity was applied to evaluate systematic differences between the
reference standard and raters’ diagnoses [21,22]. The null hypothesis
was defined as the marginal proportion of diagnoses established by the
reference standard was equal to the marginal proportion of diagnoses
provided by the raters. The student’s t-test was used to compare
rater-to-reference standard, inter-rater, and intra-rater accuracy and
agreement, stratified by index experiment tier (e.g. Tier A, B, C). Results
were considered significant with p < 0.05.

Statistical analysis was performed using Stata 17 (StataCorp LLC,
College Station, Texas, USA, 2021).

3. Results

The study sample consisted of 80 ear assessments (40 right, 40 left)
from 65 children (mean age 5.7 + 3.1 years, 33.8% female). A summary
of the demographic characteristics and ear disease distribution of the
study sample is provided in Table 1.

13 board-certified otolaryngologists (raters) were recruited from

Table 1
Summary of demographic and clinical characteristics between population and
study sample.

Total cohort  Study cohort
Demographics
Number of children 639 65
Age (years, mean + SD) 6.5+ 3.4 5.7 +£3.1
Females 301 (47%) 22 (34%)
Males 338 (53%) 43 (66%)
Ear assessments
Total 1610 80
Ear disease distribution
Normal 756 (47%) 25 (31%)
Acute Otitis Media (with or without perforation) 48 (3%) 14 (18%)
Otitis Media with Effusion 238 (15%) 23 (29%)
Chronic Otitis Media 250 (16%) 18 (22%)
Chronic Suppurative Otitis Media 137 12

Dry Perforation 104 5
Cholesteatoma 9 1
‘Wax obstruction 177 (11%) 0
Not reported 141 (8%) 0

LA

Fig. 1. Examples of otoscopic images obtained from otoscopy during telehealth assessments as per the Deadly Ears Program, Queensland, Australia. A. Normal
Aerated Ear. B. Otitis Media with Effusion. C. Acute Otitis Media. D. Chronic Suppurative Otitis Media.
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New South Wales, Queensland, and the Northern Territory, Australia.
The raters included general otolaryngologists with limited pediatric
Indigenous ear disease experience.

3.1. Agreement between raters and reference standard

Using Tier A clinical data (otoscopy images alone), raters achieved
65% accuracy and moderate agreement (x = 0.53) to the reference
standard (Table 2). The marginal proportions of diagnoses established
by raters were significantly different than the reference standard (3% =
26.4, p < 0.001). Accuracy achieved by all raters reviewing otoscopy
alone by diagnostic subtype was 64% for normal aerated ears, 50% for
AOM, 55% for OME, and 86% for COM (Supplementary Table 1). The
most common errors were AOM misclassified as OME (35%), normal
misclassified as OME (26%), and OME misclassified as normal (23%).

When raters were provided Tier B clinical data there was 77% ac-
curacy and substantial agreement (k = 0.68) between all raters and the
reference standard (Table 2). Proportion of classifications were signifi-
cantly different than the reference standard (3> = 10.5, p = 0.014).
Accuracy achieved by all raters by diagnostic subtype was 88% for
normal, 47% for AOM, 70% for OME, and 84% for COM (Supplementary
Table 1). The most common error was AOM misclassified as OME (38%),
of which most were found to have Type B tympanograms (98%).

When raters were provided Tier C clinical data there was 85% ac-
curacy and substantial agreement (x = 0.79) between all raters and the
reference standard (Table 2). Proportion of classifications were signifi-
cantly different than the reference standard (3> = 11.8, p = 0.008).
Accuracy achieved by all raters by diagnostic subtype was 93% for
normal, 69% for AOM, 78% for OME, and 89% for COM. The most
common error was AOM misclassified as OME (19%). In these misclas-
sification errors (Supplementary Table 2), all were found to have Type B
tympanograms (100%) and conductive hearing loss (81%).

Classification accuracy improved in all raters between Tier A to B
(mean difference: 12%, p < 0.001) and between Tier B to C (mean dif-
ference: 8%, p < 0.001) (Table 2). The largest improvement was
observed in classification accuracy between raters reviewing Tier A
versus Tier C (mean difference: 20%, range: 18%-22%, p < 0.001).

3.2. Inter-rater agreement within test group

The overall inter-rater agreement between the 13 otolaryngologists
tested (excluding the reference standard results) improved between Tier
A (57%, k = 0.42), Tier B (74%, x = 0.64), and Tier C (82%, k = 0.75)
(Table 3). Inter-rater agreement significantly improved between Tier A
to B (mean difference: 17%, p < 0.001) and Tier A to C (mean difference:
25%, p < 0.001).

Supplementary Table 3 summarises inter-rater agreement by diag-
nostic category across each Tier of clinical data. Inter-rater agreement
increased from Tier A to Tier B, to Tier C. Using Tier C data, near perfect
inter-rater agreement was found to diagnose COM (x = 0.86) and normal
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aerated ears (k = 0.86). Moderate inter-rater agreement was found to
classify AOM (kx = 0.43) and OME (x = 0.57).

4. Discussion

The use of otoscopy as a single modality yielded ‘fair’ agreement
with congruent classifications in nearly half of the assessments. How-
ever, performance varied by diagnostic category. Based on otoscopy
alone, the inter-rater agreement was ‘substantial’ for COM and ‘fair’ for
normal, AOM and OME, relative to the previously established reference
standard [20]. Inter-rater agreement significantly improved when raters
were provided otoscopy with additional clinical and audiometric find-
ings. Between Tier A to C, inter-rater agreement to classify normal,
aerated ears improved from ‘fair’ to ‘near-perfect’ agreement, AOM and
OME improved from ‘fair’ to ‘moderate’, and COM improved from
‘substantial’ to ‘near-perfect’ agreement.

To diagnose OME, accuracy among raters improved from 55% using
otoscopy alone, to 70% with the inclusion of tympanogram type and
category of hearing loss. Further improvements to diagnose OME were
found as raters achieved 78% accuracy and ‘substantial’ concordance
with the reference standard when additionally provided audiometry and
nurse impressions. Raters correctly identified normal ears in 64% of
cases if using otoscopy alone, achieving ‘moderate’ agreement with the
reference standard. Although, concordance improved substantially with
the addition of tympanometry and audiometry (Table 2). It is important
to note that raters achieved ‘substantial’ accuracy to diagnose COM
when reviewing otoscopy with or without audiometry and nurse
findings.

As demonstrated earlier, accuracy improved when raters were pro-
vided otoscopy with clinical and audiometric findings. This suggests that
a comprehensive ear health and hearing assessment improves the ac-
curacy of OM diagnoses. Although intuitive, the availability of audio-
logical resources in rural and remote settings may impact the likelihood
of otolaryngologists receiving complete ear examinations. For example,
audiologist services may not be readily available due to logistical or
staffing limitations and therefore ear assessments may not include pure-
tone audiograms. In these circumstances, otolaryngologists may only
receive otoscopic images, potentially contributing to a less accurate OM
diagnosis. Findings from this study demonstrate that raters using oto-
scopy alone are more likely to identify COM with accuracy comparable
to scenarios with complete ear assessments. This may be due to overt
pathology, such as large TM perforations, with or without active
discharge, or cholesteatomas, which tend to be identified more readily
with otoscopy than audiometry findings.

However, this may not be relevant to differentiating normal aerated
ears from AOM or OME. Using otoscopy alone, raters correctly identified
normal, aerated ears in approximately 2 out of 3 assessments and AOM
or OME in approximately 1 out of 2 assessments. These findings high-
light the value of audiometry and on-site assessments when differenti-
ating between OM diagnoses that appear phenotypically similar (as

Table 2
Comparison of congruence between raters and the reference standard by index tier.
Tier A Tier B2 Tier C® Tier A vs. B Tier A vs C Tier B vs. C
Accuracy Adjusted « Accuracy Adjusted k Accuracy Adjusted x Mean p-value  Mean p-value  Mean p-value
(%) (%) (%) difference difference difference
All Raters 65% (95%  0.53 (95% 77% (95%  0.68 (95% 85% (95%  0.79 (95% 12% (95%  <0.001  20% (95%  <0.001 8% (95% <0.001
(n=13) CL: CL: CL CL: CL: CL CL: CL: CL:
vs 63-68%) 0.48-0.57) 74-79%) 0.65-0.72) 82-87%) 0.76-0.82) 8-15%) 16-23%) 5-11%)
reference
standard

Legend: Agreement — proportion of agreement between raters and reference standard, Adjusted k — prevalence-and-bias-adjusted linearly weighted.

Tier A - Raters review otoscopic images only.

Tier B - Raters review otoscopic images with tympanogram type and category of hearing loss.
Tier C - Raters review otoscopic images with tympanometry (tympanogram type, static compliance, middle ear pressure, ear canal volume), pure-tone audiograms and

nurse impressions (otoscopy findings and presumed diagnosis).
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reduce delays in the telehealth process, resulting in marked improve-
ments in patient outcomes. Future research is warranted to explore the
potential of enhancing audiological services in rural and remote settings,
given their demonstrated value in improving diagnostic accuracy. The
evaluation of alterative audiological devices (e.g. tablet- or mobile-
based audiometry) compared to formal pure-tone audiograms may be
a valuable addition to the capabilities of frontline practitioners to
investigate ear health and hearing in resource limited settings. Aug-
menting otoscopy with artificial intelligence-based algorithms may
provide added benefits at reducing inter-rater variability, resource re-
quirements and time commitments associated with telehealth screening
[17,27,28].

5. Conclusion

Telehealth is an important component of ear health assessments for
Aboriginal and Torres Strait Islander children living in rural and remote
areas of Australia. The accurate diagnosis of AOM and OME, two critical
conditions in this patient cohort, is significantly enhanced with addi-
tional data. In rural and remote settings where otolaryngology services
are limited, accurate expert-level diagnoses to identify non-chronic
forms of OM requires a multi-disciplinary, team-based approach. The
addition of audiometry, tympanometry, clinical context, and patient
disposition is critical to achieve an accurate diagnosis of OM.
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4.5 Concluding summary for this chapter and knowledge gained from this study

This study evaluated the diagnostic accuracy and inter-rater agreement among
otolaryngologists performing telehealth ear assessments for Aboriginal and Torres Strait
Islander children living in rural and remote areas. The combination of clinical, otoscopic and
audiometric data significantly improved diagnostic accuracy and inter-rater agreement
compared to otoscopy alone. These findings highlight the importance of a multidisciplinary
approach to collect clinical history and hearing test results, in addition to otoscopic images
for otolaryngologists to achieve an accurate diagnosis of middle ear disease, including acute
otitis media and otitis media with effusion.

Achieving precision in telehealth ear assessments requires a multidisciplinary
approach, involving the collaboration of nurses and audiologists to conduct face-to-face
evaluations. As demonstrated by this study, performance among otolaryngologists improves
if they are provided a comprehensive array of clinical data, encompassing patient medical
histories, audiometric evaluations, and otoscopic images. This is especially important to
differentiate between cases such as a normal middle ear, acute otitis media and otitis media
with effusion, where otoscopic images are more commonly misclassified.

Integrating Al into the telehealth clinical workflow offers the potential to optimise the
synthesis of clinical data to support nurses and audiologists in face-to-face settings. This has
the potential to enhance interpretation and triage decisions where otolaryngologists may not
be readily available for immediate point-of-care assessments. This may have a greater impact
on differentiating between middle ear conditions where the tympanic membrane is intact,

versus identifying chronic forms of otitis media with tympanic membrane perforations.
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CHAPTER FIVE: Investigate the generalisability and performance of deep learning
algorithms in detecting middle ear disease using otoscopy

5.1 Preface to the chapter

This chapter presents findings from a published peer-reviewed manuscript that
evaluated the generalisability and performance of image classification algorithms to identify
middle ear disease using otoscopic images. Deep learning methods were used to train models
to differentiate normal versus abnormal otoscopic images using data retrieved from 3 open-
access data sources. Internal performance was evaluated within each data source and external
performance was evaluated across the data sources to explore generalisability. The published
paper forms this chapter'>® and addresses specific aim #4 of this thesis. Dissemination of this

research and author contributions for this paper are described below.

5.2 Research dissemination

Published peer-reviewed paper

Habib AR, Xu Y, Bock K, Mohanty S, Sederholm T, Weeks WB, Dodhia R, Ferres JL, Perry
C, Sacks R, Singh N. Evaluating the generalizability of deep learning image classification
algorithms to detect middle ear disease using otoscopy. Sci Rep. 2023 Apr 1;13(1):5368. doi:
10.1038/s41598-023-31921-0. PMID: 37005441; PMCID: PMC10067817.

Journal impact factor: 4.6

Conference presentations:

Habib AR*, Xu 'Y, Bock K, Mohanty S, Sederholm T, Weeks WB, Dodhia R, Ferres JL,
Perry C, Sacks R, Singh N. Artificial intelligence for otoscopy. Australian Society for
Otolaryngology — Head and Neck Surgery Annual Conference. Brisbane, Australia. 2023.

[Oral presentation].

97



Habib AR*, Xu Y, Bock K, Mohanty S, Sederholm T, Weeks WB, Dodhia R, Ferres JL,
Perry C, Sacks R, Singh N. Artificial intelligence for otoscopy. Indigenous Ear Workshop at
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classification algorithms to detect middle ear disease using otoscopy. Australian Society for
Otolaryngology — Head and Neck Surgery Annual Conference. Adelaide, Australia. 2022.

[Poster presentation]. Awarded winner of poster competition prize.

Habib AR, Xu Y*, Bock K, Mohanty S, Sederholm T, Weeks WB, Dodhia R, Ferres JL,
Perry C, Sacks R, Singh N. Evaluating the generalizability of deep learning image
classification algorithms to detect middle ear disease using otoscopy. Artificial Intelligence in
Medicine (AIMed) Global Summit. San Francisco, USA. 2022. [Oral presentation]. Awarded

oral presentation prize.
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Evaluating the generalizability

of deep learning image
classification algorithms to detect
middle ear disease using otoscopy

Al-Rahim Habib%?™, Yixi Xu3, Kris Bock*, Shrestha Mohanty®, Tina Sederholm?,
William B. Weeks3, Rahul Dodhia?, Juan Lavista Ferres?, Chris Perry*, Raymond Sacks! &
Narinder Singh*2

To evaluate the generalizability of artificial intelligence (Al) algorithms that use deep learning
methods to identify middle ear disease from otoscopic images, between internal to external
performance. 1842 otoscopic images were collected from three independent sources: (a) Van, Turkey,
(b) Santiago, Chile, and (c) Ohio, USA. Diagnostic categories consisted of (i) normal or (ii) abnormal.
Deep learning methods were used to develop models to evaluate internal and external performance,
using area under the curve (AUC) estimates. A pooled assessment was performed by combining

all cohorts together with fivefold cross validation. Al-otoscopy algorithms achieved high internal
performance (mean AUC: 0.95, 95%Cl: 0.80-1.00). However, performance was reduced when tested
on external otoscopic images not used for training (mean AUC: 0.76, 95%Cl: 0.61-0.91). Overall,
external performance was significantly lower than internal performance (mean difference in AUC:
-0.19, p = 0.04). Combining cohorts achieved a substantial pooled performance (AUC: 0.96, standard
error: 0.01). Internally applied algorithms for otoscopy performed well to identify middle ear disease
from otoscopy images. However, external performance was reduced when applied to new test
cohorts. Further efforts are required to explore data augmentation and pre-processing techniques that
might improve external performance and develop a robust, generalizable algorithm for real-world
clinical applications.

It estimated that over 1.5 billion people in the world live with hearing loss, representing nearly 20% of the global
population'. The prevalence of hearing loss is expected to rise to over 2.5 billion by 2050". In the US, it is esti-
mated that the overall cost of deafness and hearing loss amounts to US$980 billion annually?. Direct and indirect
costs related to hearing loss are comprised of health sector costs, educational support, loss of productivity, and
societal costs>*. In the global pediatric population, 34 million children experience hearing loss, of which, 60%
can be attributed to preventable causes®. The WHO estimates that over one-third of preventable childhood hear-
ing loss is attributed to infections including mumps, rubella, meningitis, measles and middle ear infections®.

Otoscopy is an important component of ear health and hearing assessments to identify ear infections. Otos-
copy is performed routinely by multiple healthcare workers including medical students, nurses, general practi-
tioners, emergency medicine physicians, paediatricians, audiologists, and otolaryngologists. However, the ability
to accurately interpret otoscopic findings varies by user experience®™'°. Pichichero et al. (2005) demonstrated
differences between general practitioners, paediatricians, and otolaryngologists to recognise tympanic membrane
(TM) abnormalities®. Significant performance differences were found when non-otolaryngologists were asked
to differentiate between acute otitis media (AOM), otitis media with effusion (OME), or retracted TMs®. These
findings are consistent with recent studies that demonstrate that diagnostic accuracy is reduced when non-experts
must differentiate between multiple ear disease sub-types®!!. Otolaryngologists significantly outperformed non-
otolaryngologists to identify ear disease sub-types and important pathological characteristics (e.g. tympanic
membrane perforations, attic retraction, or myringitis)®®.
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Accurately recognising middle ear diseases is important for early management, prevention of long-term hear-
ing loss, can improve speech and language development and reduce healthcare costs'2. However, the subjective
and often inconsistent nature of traditional otoscopy makes accurate interpretation difficult. To address this
challenge, deep learning -based image classification algorithms have been developed using machine learning
techniques'*-**. Traditional machine learning algorithms rely on statistical models and pre-defined features,
whereas deep learning algorithms use neural networks to learn features and extract patterns directly from raw
data'***¥. Deep learning methods have the potential to improve early ear disease detection by bridging the gap
between expert and non-expert performance and enhancing the performance of previously developed machine
learning models for otoscopy?®.

Previous studies have explored image classification algorithms for otoscopy using deep learning
approaches'®~%. In a recent systematic review and meta-analysis, a pooled analysis of 14 studies achieved 91%
accuracy in differentiating between normal versus abnormal otoscopic images®. From a pooled analysis of three
studies, multi-classification algorithms achieved 98% to differentiate AOM, OME, and normal aerated ears with-
out middle ear pathology®. Despite high levels of accuracy reported, the binary and multi-classification analyses
yielded substantial analyses heterogeneity between studies®. Variability between models to classify ear disease
subtypes suggests performance may not be generalisable to new test environments.

The inability to generalize to environments beyond those used for training could limit the clinical utility and
sustainability of deep learning algorithms for otoscopy. Variability in data source, capture devices, ear disease
sub-type, and deep learning methods may impact classification performance in clinical encounters different to
those used for training. To date, an exploration of the generalisability of deep learning algorithms for otoscopy
has not been evaluated.

Deep learning techniques have been shown to excel in tasks such as image classification, with the ability to
classify images with high accuracy and to generalize to new data*>*!. Unlike traditional machine learning tech-
niques, deep learning algorithms can automatically extract relevant features from images, reducing the need
for manual feature engineering. This makes deep learning algorithms less sensitive to variations in data quality
and pre-processing steps, and more robust to changes in data source, capture devices, and ear disease subtypes.

The purpose of this study was to construct a deep learning-based image classifier capable of differentiating
between normal and abnormal otoscopic images using three independently collected otoscopy databases, evalu-
ate the generalisability of the algorithm on images not used for training, and explore the optimal convolutional
neural network (CNN) and deep learning approach to optimise performance.

Methods

Ethics. This research study was conducted in accordance with the Helsinki Declaration, the Standard for
Reporting Diagnostic Accuracy Studies (STARD) and the Consolidated Standards of Reporting Trials for inter-
ventions involving artificial intelligence (CONSORT-AI) reporting guidelines*>*. This study utilised three
open-access otoscopic image databases that were collected after obtaining Institutional Review Board (IRB)
approval from each of the respective human research ethics committees and published online for public access,
as indicated by each of the authorship groups (Bitlis Eren University Ethics Committee***, University of Chile
Scientific and Research Ethics Committee'®, Ohio State University Institutional Review Board*®).

Data sources. Otoscopic images ascertained for the purposes of this study can be found elsewhere for online
public access, as per the authorship groups'®**%. In Turkey (Cohort A), 848 otoscopic images were collected at
the Ozel Van Akdamar Hospital using digital video otoscopes (unspecified brand and model) with ground-truth
classified by two otolaryngologists and one paediatrician as: normal, acute otitis media (AOM), and chronic
otitis media (COM) consisting of chronic suppurative otitis media*. In Chile (Cohort B), 540 otoscopic images
were collected at the University of Chile Clinical Hospital using the Firefly DE500 digital video otoscope (Firefly
Global, Belmont, MA, US. 2022) with ground-truth classified by 1 otolaryngologist as: normal or COM'®. In
the United States (Cohort C), 454 otoscopic images were collected at Nationwide Children’s Hospital and Ohio
State University using the Jedmed Horus+ (Jedmed, St Louis, MO, US, 2022) with ground-truth classified by 1
otolaryngologist as: normal or otitis media with effusion (OME)*. Otoscopic images where the TM could not be
visualised were excluded (e.g., obstruction with wax or foreign body).

Algorithm development. Deep learning-based binary class algorithms were developed to classify normal
or abnormal otoscopic images using Cohort A, B and C independently. Abnormal sub-classes included AOM,
OME, and COM. Pre-existing ground-truth labels were available for each otoscopic image from the online data
sources'®**%, We used four different neural net architectures including ResNet-50 (comprised of 50 layers and
23 million parameters)*’, VGGNet-16 (comprised of 16 layers and 134 million parameters)*, DenseNet-161
(comprised of 16 layers and 26 million parameters)*, and Vision Transformer (comprised of 12 layers and 85
million parameters)®. Images were resized to 224 by 224 pixels. Each model was trained for 200 epochs using
the Stochastic Gradient Descent (SGD) with a learning rate=0.003 as the optimizer. The loss function is cross
entropy. Training was completed using the Microsoft Azure Machine Learning Studio (Redmond, Washington,
USA). All the models used the weights of models trained on the ImageNet dataset as their initial weights. Raw
data was used for the purposes of developing the model and validation.

To assess the generalizability of a model trained on a single-source dataset, we first randomly split the dataset
from one single source into training and validation and testing sets, allocating 70% for training, 10% for valida-
tion and 20% for testing (internal validation). We trained the model using the training set and selected the final
model as the one at the best-performing epoch minimizing the loss on the validation set. Next, we tested the
final model on the testing (internal validation) set. Then, we tested the final model on the two external validation
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cohorts. To ensure the robustness and reliability of the results, we ran each experiment for three times, and the
mean and standard deviation of accuracy, area under the curve (AUC), sensitivity, and specificity were com-
puted, as shown in Table 3. This was done to account for any potential variability or instability in the results due
to the stochastic nature of deep learning algorithms. The mean and standard deviation values provided a more
comprehensive understanding of the performance of the models, as well as the variability of their performance
across multiple runs.

To evaluate the pooled performance, we first combined all the data from the three cohorts, and then used
fivefold cross-validation as follows: (1) The data was randomly split into fivefolds; (2) a model was trained using
the training set consisting of three of the five folds. We selected the final model as the one at the best-performing
epoch minimizing the loss on the validation set consisting of one of the five folds. We tested the final model on
the remaining fold. (3) Step 2 was repeated five times until each fold had been used as a test fold exactly once.
All the metrics were averaged to estimate the pooled performance.

Statistical analysis. To compare the algorithm to the reference standard for Cohorts A, B, and C, contin-
gency tables were generated to summarise Area Under the Curve (AUC), accuracy, sensitivity, and specificity.
To evaluate internal performance, models were trained and tested using otoscopic images from the same cohort
(e.g., split Cohort A otoscopic images into training and test sets). To evaluate external validation performance
and generalizability, models were validated on external cohorts (e.g., trained using Cohort A and validated on
Cohort B and Cohort C, Fig. 1)®. Mean difference in AUC were calculated to compare internal and external
performance. We used bootstrapping to compare the Receiver Operating Characteristics (ROC) curves, and the
null hypothesis is that the external validation AUC is greater or equal to the internal validation AUC®. Pooled
assessment was performed by combining Cohort A, B, and C and fivefold cross-validation was applied (Fig. 1).

Results

In total, 1842 otoscopic images were collected from three online resources, comprised of 1117 normal and 725
abnormal images. Table 1 summarises the distribution of normal and abnormal otoscopic images by Cohort A,
BandC.

Internal performance. Table 2 summarises internal performance for each cohort. Sensitivity and speci-
ficity results are provided in the Supplementary Appendix. Models trained using Cohort A otoscopic images
achieved AUC between 0.82 and 0.86 (accuracy: 80 to 84%; sensitivity: 57 to 70%; specificity 90 to 91%). Models
trained using Cohort B otoscopic images achieved an AUC of 1.00 (100% accuracy, 100% sensitivity, and 100%

Cohort A: Turkey
n=848 images

Classes: Normal, AOM,

Cohort B: Chile
n=540 images
Classes: Normal, COM

Cohort C: USA
n=454 images
Classes: Normal, OME
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Figure 1. Flow chart of proposed study design.
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Image resolution Ear disease Published
Otoscope (pixels) Ground-truth Total images | Normal images | Abnormal images | diagnoses accuracy
Cohort A (Ozel 2 otolaryngolo- tgrgeaﬁ:?nggsisnzages
Van Akdamar Unspecified brand/ | 54 500 (0PI 72) | gists, 1 pacdiatri- | 848 578 270 Normal, AOM, i1, Juding AOM,
Hospital, Van, model 5 COM OME, COM. W
Turkey) cian » COM, Wax
obstruction)
Cohort B (Uni-
versity of Chiles ) Firefly DES00 digi- |, 380 (ppr: 7) | 1 otolaryngologist | 540 360 180 Normal, COM 93.9%
Hospital, Santiago, | tal video otoscope
Chile)
Cohort C (Nation-
. X s JEDMED
ﬂlodsi)i(t:;llgr:liin- HORUS +digital zﬁ?iéggzﬂt)om 72) 1 otolaryngologist | 454 179 275 Normal, OME 80.6%
bus, Ohio, US) video otoscope
Combined Normal, AOM,
(Cohort A,B,C) |~ - - 1842 1z 725 OME, COM -

Table 1. Summary of data sources. AOM acute otitis media, COM chronic otitis media, OME otitis media
with effusion, DPI dots per inch.

Experiments ResNet-50 DenseNet-161 VGG16 Vision Transformer

Train Validate Acc % (SD) | AUC Acc % (SD) | AUC Acc % (SD) | AUC Acc% (SD) | AUC
Cohort A
(internal) 78 (0.02) 0.83 (0.01) | 83(0.01) 0.86 (0.01) | 82(0.01) 0.84 (0.0) 82(0.0) 0.85 (0.02)
Cohort B

Cohort A (external) 75 (0.05) 0.88 (0.01) | 65(0.04) 0.84 (0.03) | 80 (0.03) 0.89 (0.02) | 62 (0.06) 0.86 (0.02)
Cohort C
(external) | 75 (0.01) 0.81 (0.02) | 67 (0.03) 0.71 (0.05) | 73 (0.03) 0.78 (0.05) | 65 (0.02) 0.64 (0.06)
Cohort B
(internal) 100 (0.0) 1.0 (0.0) 100 (0.0) 1.0 (0.0) 100 (0.0) 1.0 (0.0) 100 (0.0) 1.0 (0.0)
Cohort A

Cohort B 59 (0.04) 0.62 (0.02) | 56 (0.07) 0.67 (0.05) | 64 (0.02) 0.63 (0.01) | 67 (0.03) 0.62 (0.05)
(external)
Cohort C
(external) 76 (0.02) 0.87 (0.03) | 81(0.01) 0.89 (0.01) | 77(0.01) 0.9 (0.01) 67 (0.03) 0.82 (0.04)
Cohort C 92 (0.01) 0.99 (0.0) 92 (0.01) 0.98 (0.0) 94 (0.01) 0.99 (0.0) 96 (0.01) 0.99 (0.0)
(internal) . . . . . . . . . . . .
Cohort A

Cohort C 53(0.12) 0.69 (0.01) |52(0.04) 0.66 (0.03) |66 (0.01) 0.58 (0.02) |53(0.11) 0.57 (0.03)
(external)
Cohort B
(external) 37(0.02) 0.86 (0.01) |36(0.01) 0.92 (0.01) |41 (0.03) 0.92 (0.02) |38(0.02) 0.9 (0.01)

Table 2. Summary of internal and external performance between Cohorts to differentiate normal versus
abnormal otoscopic images trained using ResNet-50, DenseNet-161, VGG16, vision transformer. Acc accuracy,
AUC area under the receiver operating characteristics curve.

specificity). Models trained using Cohort C otoscopic images achieved AUC between 0.98 to 0.99 (accuracy: 91
to 95%; sensitivity: 91 to 96%; specificity: 89 to 96%).

Table 2 summarises external validation performance for each cohort. Models trained using Cohort A oto-
scopic images and tested on Cohort B achieved AUC between 0.80 and 0.87 (accuracy: 62 to 77%; sensitivity: 76
to 96%; specificity: 47 to 78%), while those tested on Cohort C achieved AUC between 0.61 and 0.82 (accuracy:
65 to 76%; sensitivity: 80 to 92%; specificity: 25 to 69%).

Models trained using Cohort B otoscopic images and tested on Cohort A achieved AUC between 0.60 to 0.67
(accuracy: 59 to 65%; sensitivity: 4 to 54%; specificity: 61 to 99%), while those tested on Cohort C achieved AUC
between 0.87 and 0.91 (accuracy: 72 to 80%; sensitivity: 62 to 73%; specificity: 88 to 95%) (Table 2).

Models trained using Cohort C otoscopic images and tested on Cohort A achieved AUC: 0.54 to 0.68 (accu-
racy: 44 to 70%; sensitivity: 14 to 82%; specificity: 26 to 96%), while those tested on Cohort B achieved AUC:
0.85 to 0.94 (accuracy: 34 to 45%; sensitivity: 100%; specificity: 1 to 17%) (Table 2).

On average, external AUC was significantly lower than internal AUC (range of mean difference in AUC for
DenseNet-161: 0.07-0.39). As shown in Table 3, Cohort A had the smallest difference between internal and
external AUC between architectures (range of mean differences: —0.05 to 0.07).

Pooled performance. Models developed using a combination dataset of all cohorts achieved 90 to 91%
accuracy (AUC: 0.96; sensitivity: 84 to 87%; specificity: 93 to 95%) (Table 4). DenseNet-161 had the highest AUC
and smallest standard deviation for fivefold cross validation.
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Train External | Mean difference in AUC (internal - external) | p-value
Cohort A | Cohort B | —-0.05 0.87
Cohort A | CohortC | 0.01 0.42
Cohort B | Cohort A | 0.40 <0.01
ResNet-50
Cohort B | Cohort C | 0.09 <0.01
Cohort C | Cohort A |0.31 <0.01
Cohort C | CohortB | 0.14 <0.01
Cohort A | Cohort B | 0.07 0.04
Cohort A | Cohort C |0.14 <0.01
Cohort B | Cohort A | 0.39 <0.01
DenseNet-161
Cohort B | Cohort C |0.10 <0.01
Cohort C | Cohort A |0.36 <0.01
Cohort C | CohortB | 0.07 <0.01
Cohort A | CohortB | —0.03 0.79
Cohort A | Cohort C |0.12 <0.01
Cohort B | Cohort A | 0.37 <0.01
VGG16
Cohort B | Cohort C | 0.09 <0.01
Cohort C | Cohort A |0.43 <0.01
Cohort C | CohortB | 0.05 <0.01
Cohort A | Cohort B | -0.04 0.85
Cohort A | Cohort C |0.24 <0.01
Cohort B | Cohort A |0.33 <0.01
Vision transformer
Cohort B | CohortC |0.13 <0.01
Cohort C | Cohort A |0.45 <0.01
Cohort C | Cohort B | 0.07 <0.01

Table 3. Summary of mean difference in area under the curve (AUC) estimates between internal and external
performance to differentiate normal versus abnormal otoscopic images trained using DenseNet-161.

Model architecture Acc (SD) AUC (SD) Sen (SD) Spec (SD)
ResNet-50 0.91 (0.02) 0.96 (0.01) 0.87 (0.04) 0.93 (0.01)
DenseNet-161 0.91 (0.02) 0.96 (0.01) 0.86 (0.04) 0.94 (0.01)
VGG16 0.90 (0.02) 0.96 (0.01) 0.84 (0.02) 0.94 (0.02)
Vision transformer 0.92 (0.01) 0.96 (0.01) 0.86 (0.01) 0.95 (0.01)

Table 4. Summary of pooled performance to differentiate normal versus abnormal otoscopic images using
combined dataset (cohort A, B, and C) by pre-trained CNN architecture. Acc accuracy, AUC area under the
receiver operating characteristics curve, Sen sensitivity, Spec specificity, SD standard deviation.

Discussion
Otoscopy is a common clinical task performed by multiple healthcare workers and practitioners with varying
levels of expertise. Identifying normal anatomical landmarks and abnormal pathological processes is impor-
tant in evaluating ear health. The diagnosis of ear disease relies on a combination of presenting symptoms,
clinical history, tympanometry, audiometry, and otoscopic findings. Al-based algorithms have been explored
in healthcare to augment existing clinical practices in order to enhance judgement and decision-making®'. AI-
based algorithms for otoscopy have achieved substantial accuracy to differentiate between normal or abnormal
otoscopic images utilising pre-trained CNN architectures®-¢. Despite achieving high performance in training
and internal validation groups, substantial heterogeneity has been found between model results®. The differ-
ences may, in part, be attributed to the variability in image capture methods or devices, definition of diagnoses,
ground truth determination, sample populations, and methodology used for algorithm development®. Trans-
lating performance achievements from training environments to new test cohorts is an important aspect for an
Al-based model to be generalizable for routine clinical practice. Without achieving generalizable performance
and real-world utility, it is unclear if applying Al to otoscopy practices will contribute to improving clinical
practice. The purpose of this study was to evaluate the generalisability of a binary classification AI-otoscopy
algorithm to classify normal or abnormal otoscopic images, using three independently collected databases and
trained using standardised deep learning methods.

This study demonstrates substantial internal performance within each cohort to differentiate between normal
or abnormal otoscopic images. Between CNN architectures, models developed using DenseNet-161 achieved
the highest internal performance for the pooled assessment. However, when the models were applied externally

Scientific Reports |

(2023) 13:5368 | https://doi.org/10.1038/s41598-023-31921-0 nature portfolio



www.nature.com/scientificreports/

(i.e., to new validation cohorts not used for training), overall model performance was reduced. The extent of
performance variability was dependent on the outcome measure assessed (e.g., accuracy, AUC, sensitivity, and
specificity). Performance was reduced in most external comparisons, although the mean difference varied by
outcome measure. Cohort A (Ozel Van Akdamar Hospital, Van, Turkey) was found to have the smallest external
performance drop in accuracy, AUC, and sensitivity. On the other hand, Cohort B (University of Chile’s Hos-
pital, Santiago, Chile) was found to have the smallest performance drop in specificity, but the greatest perfor-
mance drop in AUC and sensitivity. These findings demonstrate that measuring external model performance
and evaluating generalizability to new cohorts need to be interpreted relative to the outcome measure of interest.
The outcome variable ‘accuracy’ evaluated final predictions as discrete categories, where predictions could be
considered either correct or incorrect. However, the outcome variable AUC’ measured the degree of separability
and as previously demonstrated, is a better measure of algorithm performance than accuracy®®*.

External validation performance differences between cohorts also may be attributed to intrinsic differences
in the number of otoscopic images available for training, ear disease categories, and image capture devices.
Cohort A had the lowest internal performance despite having both the greatest number of otoscopic images
available for training and number of ear disease categories within overarching ‘abnormal’ classification labels.
Although these factors may have contributed to less accurate internal performance due to greater heterogeneity
in model learning across each category, these deficiencies were not translated to the model’s ability to generalize
compared to Cohort B and C.

Interestingly, models naive to OME during training were able to achieve an AUC between 0.72 to 0.90 and
to differentiate OME from normal TMs in validation cohorts. This achievement may reflect the CNN’s archi-
tectural design and the feature extraction layers that were used to extract pertinent features common to normal
TMs, ones that are translatable to new cohorts. However, the addition of AOM in Cohort A may have negatively
impacted the CNN’s ability to extract pertinent features as, often, AOM, OME, and normal TMs are phenotypi-
cally comparable and challenging to differentiate, even among experts®>6%61,

In a pooled analysis of all three cohorts combined, the DenseNet-161 architecture achieved substantial perfor-
mance (AUC 0.96) and exceeded the external performance from each individual cohort, respectively. This finding
demonstrated that the reduction in performance between internal and external validation, could potentially
and in part, be overcome by coming the data into a pooled cohort by sampling a broad collection of otoscopic
images from multiple sources.

This study represents the first attempt to evaluate the generalisability of AI-otoscopy algorithms trained and
tested on three unique and independently collected databases. Although the image capture devices and data col-
lection protocols varied by each cohort, the deep learning methodology was standardised and uniform between
groups. This approach revealed the potential for pre-trained CNNs to extract important features from otoscopic
images used during training that could be applied universally to new images. Comparable to a healthcare worker’s
evolving knowledge base that improves with otoscopy experience, CNNs demonstrate the potential to identify
useful patterns in otoscopic images despite differences in otoscopes, image quality, and underlying ear disease
diagnoses. The patterns and features extracted by pre-trained CNNs enable broad differentiation between normal
versus abnormal TMs. However, the choice of architecture can impact model performance, with more complex
architectures potentially achieving better performance to capture complex features in the otoscopic images.
This was found as DenseNet-161, which has the largest number of layers compared to other architectures used,
achieved the highest performance to generalise between cohorts. However, more complex architectures may also
require more data and computing resources to train and may be more prone to overfitting. As these architectures
were pre-trained on large datasets, they can extract features from images that are relevant for many different
image classification tasks.

This study has several limitations. First, this study utilises secondary data published online for open-access
use. As a result, the data collection protocols, image capture devices, ground-truth definitions, and labelling
formats were not standardised across cohorts. Although the models developed for this study evaluated nor-
mal versus abnormal classifications, it is plausible that differences in the ear disease definitions and potential
misclassifications could influence the models’ performance and overestimate its accuracy. Second, it is unclear
if the ear disease diagnoses were based on otoscopic images alone or in concert with tympanometry, audiom-
etry, pneumatic otoscopy, and clinical history. Inter-cohort variability and interpretation bias may exist in the
ground-truth labels, potentially contributing to external measurement errors and misrepresenting the algorithm’s
generalisability. Third, ground-truth labels were not established by expert consensus. Inter-rater variability and
rater bias could impact the overall reliability of ground-truth labels and adversely impact external validation.

The potential for Al-based algorithms to augment otoscopy is promising. Autonomous AI-otoscopy tools have
the potential to improve triage and clinical decision-making. In settings where the prevalence of ear disease is
high and access to healthcare services is limited (e.g., rural and remote areas; Indigenous communities in North
America, Australia, and New Zealand; under-resourced or marginalised populations in sub-Saharan Africa, India,
south-east Asia)'>6>¢%, Al-otoscopy algorithms may enhance telehealth programs and empower local healthcare
workers to perform otoscopy with more certainty. However, for this to be achieved, AI-otoscopy models must be
accurate, reliable, generalizable, accessible in online/offline settings, sustainable, and ethnically constructed and
deployed. Early studies have demonstrated that CNNs can achieve substantial performance to interpret otoscopy,
although, as shown in this study, external validation performance and generalisability to new settings is limited.
Further efforts are required to expand otoscopic image databases to include images from multiple countries,
rural versus urban settings, various image capture devices, and include users from various experience levels to
account for variability in image capture quality. Establishing standardised diagnostic definitions or consensus
from expert panels is required to ensure the ground-truth labels are valid and subsequent models are trained
with minimal classification bias. The consideration of data augmentation and pre-processing techniques may
be explored to enhance external performance and overcome performance limitations. Otoscopy practices will
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inevitably vary between clinical settings and a robust, comprehensive, and generalizable AI-otoscopy algorithm
is necessary for real-world applications.

Conclusion

Internal and pooled performance results are comparable to previously reported findings. However, external
performance was reduced when applied to new test cohorts. Further efforts are required to explore data aug-
mentation and pre-processing techniques to improve external performance and develop a robust, generalizable
algorithm for real-world clinical applications.

Data availability

Data that support the findings of this study are available from the corresponding author on reasonable request.
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5.5 Concluding summary for this chapter and knowledge gained from this study

This study investigates the applicability of Al-based otoscopy algorithms in
enhancing ear health assessments, emphasising the significance of generalisability for real-
world applications. It highlights the issue of overfitting and overtraining within internal
settings, where the observed performance may not extrapolate to external scenarios. To
address these challenges, potential strategies include diversifying the dataset sources,
employing data augmentation techniques, and optimising hyperparameters.

The research demonstrates the robust internal performance of Al-otoscopy algorithms
in effectively distinguishing normal from abnormal otoscopic images. However, when
subjected to new validation cohorts, there is a notable decline in overall model performance.
This performance gap is attributed to discrepancies in several factors, including variations in
training data, categories of ear diseases, and the devices used for image capture.

It is worth noting that even models not specifically trained for conditions, such as
otitis media with effusion, display the ability to differentiate these conditions from normal
cases in validation cohorts. This highlights the adaptability of pre-trained CNNs and their
capacity to extrapolate patterns across different datasets. Pooling data from diverse sources
emerges as a promising approach to mitigate the decline in external performance, as
exemplified by the substantial performance achieved by the DenseNet-161 architecture in a
comprehensive analysis of all three cohorts.

Although Al-otoscopy algorithms offer potential for advancing ear health
assessments, maintaining consistent external performance across diverse cohorts is a
challenge. To fully leverage the benefits of Al in clinical otoscopy, future endeavours should
prioritise data diversity, standardised diagnostic criteria, and advanced processing techniques
to develop a comprehensive and universally applicable algorithm suitable for practical

clinical applications in various settings.
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CHAPTER SIX: Develop and evaluate a supervised computer-vision algorithm to triage
otoscopic images for Aboriginal and Torres Strait Islander people living in rural and
remote areas

6.1 Preface to the chapter

This chapter presents findings from a published peer-reviewed manuscript that
explores an image classification algorithm to classify otoscopic images collected from
Aboriginal and Torres Strait Islander people living in rural and remote areas. The dataset
used to train, validate, and test the algorithm were ascertained from the tele-otology program
described in Chapter 3. The published manuscript forms this chapter'>* and addresses specific
aim #6 of this thesis. Dissemination of this research and author contributions for this paper

are described below.
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ogists to classify the ground truth. Deep and transfer learning
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of ear disease in the world (1). Such Indigenous children
are three times more likely to have otitis media and twice
as likely to have long-term hearing loss than non-Indig-
enous children in Australia (2). Remote Indigenous
children are nearly twice as likely to experience long-
term hearing loss than non-remote Indigenous counter-
parts (2). The World Health Organization has declared
this an Australian ‘‘Public Health Crisis”’ requiring
urgent and innovative solutions (3). The sequelae of
long-term hearing loss in childhood, a critical stage of
development, are well established; impacting speech,

Copyright © 2022 Otology & Neurotology, Inc. Unauthorized reproduction of this article is prohibited.
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academic performance, behavior, social skills, and future
employment opportunities (4).

Access to otolaryngologists remains limited in rural and
remote communities (5). The SARS-CoV-2 pandemic
further restricted specialist access in rural and remote
Indigenous communities, given uncontrolled outbreak
concerns, which would devastate such communities (6).
In rural areas, most ear health screening is performed by
nurses or community health workers (HW) in primary
care, who are often less experienced than tertiary otolar-
yngologists to accurately diagnose ear disease (7).

Telemedicine initiatives, such as tele-otology, are one
of the currently utilized methods for ear health screening
in rural and remote communities (8). The workflow
typically being: images are digitally captured by local
HW; electronically stored; then uploaded for otolaryng-
ologists to review from remote access points. While tele-
otology is often a feasible strategy for remote ear assess-
ments, clinical decision-making and communication of
results is typically delayed and potentially increases the
risk for adverse or critical complications to develop,
along with potential loss of follow-up (8).

Outreach services are an important aspect of ear health
management for children in rural and remote areas. The
availability of outreach clinics depends on existing part-
nerships between specialists and communities, time com-
mitments from visiting surgeons, accessibility for fly-in-
fly-out services, equipment, and funding (9). For Aborig-
inal and Torres Strait Islander children living in rural and
remote areas, access to otolaryngologist services can be
costly, infrequent, require long-distance travel, and dif-
ficult to navigate for families that are unfamiliar with the
existing healthcare system (10).

Advances in modern computing and artificial intelli-
gence (Al) may provide a novel approach to overcome the
delays in diagnosis and improve the triage of high-risk
children (11). Machine learning is a fundamental compo-
nent of Al allowing computers to learn by recognizing
patterns in training data and make predictions based on
these learned patterns on previously unseen (test) data.
Convolutional neural networks (CNNs) are machine learn-
ing techniques that have been used to develop computer
vision algorithms for clinical practice, such as for detecting
diabetic retinopathy from retinal fundus photographs (12).
Standard retinal photographs have been evaluated by an Al
screening tool to indicate whether a patient requires spe-
cialist referral and treatment (12). HW have been trained to
effectively and reliably capture images of a patient’s retina
and upload it into the Al screening tool to acquire an
instantaneous assessment (13). The application of Al for
eye disease highlights the potential for improving and
modernizing screening practices for ear disease, particu-
larly in under-resourced communities.

Simple, binary image classification algorithms using
CNNs have achieved an accuracy of up to 82% to classify
acute otitis media (AOM), up to 98% to classify chronic otitis
media (COM), and 77 to 93% to classify tympanic mem-
brane perforations from normal images (14—17). More
sophisticated algorithms have been able to differentiate

Otology & Neurotology, Vol. 43, No. 4, 2022

between normal, AOM, otitis media with effusion
(OME), COM, and wax/obstruction with 81 to 86% accuracy
using decision trees and artificial neural networks (18,19).
Augmenting current screening programs with such computer
vision algorithms may assist frontline HW triage ear disease.
Computer-assisted classification systems, binary or multi-
class, integrated into smartphone applications or even into
otoscopes themselves may have the potential to support
accurate and timely triage of otoscopic images.

Initial efforts to explore image classification models
classified images in a binary model as ‘‘intact’” versus
“‘perforated’’ using images collected from online reposi-
tories as the training source (16). Building on this,
the aim of the current study was to develop a multi-
classification model to triage otoscopic images for
Aboriginal and Torres Strait Islander children living in
rural and remote areas, where the prevalence of ear
disease is high. These data may be tested for generaliz-
ability in other populations in future work.

METHODS

Ethics
Approval was obtained from the Menzies School of Health
Research, Northern Territory, Australia, (HREC: 2019-3410).
The research was undertaken in compliance with the Helsinki
Declaration (20).

Study Design, Data Source, and Collection

Otoscopic images were retrospectively collected from a
database of routine ear health examinations performed as part
of the Northern Territory Outreach Hearing Health Program
from 2010 to 2018 in 93 rural and remote areas of the Northern
Territory, Australia. Patient assessment was performed by
otolaryngology Clinical Nurse Specialists and comprised of
focused ear-related history-taking, audiometry, tympanometry,
and otoscopy with digital image capture using MedRx (Largo,
FL) or Welch Allyn (Chicago, IL) video otoscopes.

The ear-related history consisted of specific questioning
related to the presence or absence of pain, discharge, hearing
loss, use of hearing aids, and relevant surgical history. Results
were recorded on a standardized data-collection form. Images
were electronically stored and submitted to trained otolaryngol-
ogists for review. The ground-truth was defined by either of two
board-certified otolaryngologists with extensive experience in
pediatric Indigenous ear disease (authors: G.C. and H.P.). Each
otolaryngologist independently classified otoscopic images using
patient history, tympanometry, audiometry, and otoscopy find-
ings. Diagnostic categories were normal external acoustic canal
(EAC) and intact tympanic membrane (TM); obstructed external
acoustic canal with wax or foreign body; acute otitis media
(AOM); otitis media with effusion (OME); and chronic otitis
media (COM), which included cholesteatoma, dry perforation,
and discharging perforation. All otoscopic images included in the
analytical dataset were de-identified and replaced with a unique
identification code to maintain confidentiality and blinding of the
participant to the reviewer. Text was removed from each image
for patient privacy and to establish homogeneity of the dataset. A
secondary, independent reviewer (author: A-R.H) reviewed each
image and corresponding ground-truth label before entry into the
algorithm. Any discrepancies were discussed between two board-
certified otolaryngologists with extensive experience managing
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Indigenous ear disease (authors: G.C. and H.P.) and consensus
established. Where consensus could not be clearly established,
the image was removed from the dataset.

Algorithm Generation and Performance Evaluation

The image classification algorithm was generated using deep
and transfer learning with Microsoft Azure Custom Vision (Red-
mond, WA). The Custom Vision Application Programming Inter-
face (API) used CNNs (ResNet backbone) to establish a supervised
machine leaming classification model from input image labels
established before training. As described previously, transfer
learning was used to harness previous knowledge gained by CNNs
from previous classification tasks (21,22). The final classification
layer of the CNNs was retrained to yield a custom model developed
specifically for otoscopic images. Binary (normal versus wax/
obstructed EAC or AOM or OME or COM) and multi-classifica-
tion models were developed using the diagnostic categories.
Diagnostic categories were combined to establish a multi-classifi-
cation model. The algorithm was trained in the Custom Vision API
for 24 hours using various image augmentation techniques (gauss-
ian blur, rotation, horizontal flip, contrast and brightness adjust-
ments, scale/zoom, and shear transformations) and hyperparameter
tuning to optimize training performance. Test images were ran-
domly selected from the overall dataset. These test images were
excluded from the training cohort and unknown to the algorithm.

Statistical Analysis

Performance of the binary and multi-classification models was
assessed for accuracy compared with the ground truth (otolaryngol-
ogist assessment) including sensitivity, specificity, positive predic-
tive value (PPV), and negative predictive value (NPV). The receiver
operating characteristics (ROC) curve was constructed to evaluate
the algorithm’s performance. Confusion matrices were constructed
to summarize performance between diagnostic classes. Output
probabilities of each test image were used to construct a ROC curve.
The area under the curve (AUC) was used to evaluate the predictive
capacity of the algorithm with corresponding 95% confidence
intervals. Statistical analysis was performed using SPSS (Version
24, IBM Corporation, Armonk, NY, 2016).

RESULTS

A total of 6,527 otoscopic images were included in the
analytic sample. The image dataset consisted of normal
(3,102), wax/obstructed EAC (332), AOM (192), COM
(1,499), and OME (1,402) otoscopic images. COM
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FIG. 1.
Normal; B, wax/obstructed external acoustic canal; C, acute otitis
media; D, otitis media with effusion; E, chronic otitis media.

Selection of otoscopic images used for training. A,

included cholesteatoma (18), dry perforations (739), and
discharging perforations (742). Figure 1 depicts a selection
of otoscopic image samples for each diagnostic category.

The training image set consisted of 5,927 otoscopic
images and the test image set consisted of 600 randomly
selected otoscopic images not used in training.

Binary Classification

A summary of binary classification models is provided
in Table 1 and a confusion matrix is provided in Table 2.
Classification results were obtained for both the training
and test data to assess whether the model was overfit
(memorized the training cohort at the expense of gener-
alizing to the unseen test cohort).

The binary classification models achieved more than
or equal to 96.3% accuracy, more than or equal to 90.7%
sensitivity, more than or equal to 98% specificity, more
than or equal to 85.7% positive predictive value, and
more than or equal to 94.7% negative predictive value on
the test datasets for the classification tasks (obstructed
EAC versus normal EAC, AOM versus normal TM, and
COM versus normal TM). In the remaining task of OME
versus normal TM, the accuracy, sensitivity, specificity,
positive predictive value, and negative predictive value
were lower. There was a higher degree of false positives
and false negatives when classifying between OME
versus normal TM, as shown in Table 2.

TABLE 1. Summary of performance for binary image classification models to differentiate normal versus wax/obstructed external
acoustic canal, acute otitis media, chronic otitis media, or otitis media with effusion
Total Training Test Test Test Test Test Test
Images Images Images Accuracy Sensitivity Specificity PPV NPV
Category (n) (n) (n) (%) (%) (%) (%) (%)
Wax/Obstructed EAC versus normal 3434 W/0—302 W/0—30 98.2 100 98.0 85.7 100
N—2852 N—250
AOM versus normal 3294 AOM—172 AOM—20 99.3 100 99.2 90.9 100
N—2852 N—250
COM versus normal 4601 COM—1349  COM—150 96.3 90.7 99.6 99.3 94.7
N—2852 N—250
OME versus normal 4504 OME—1252 OME—150 77.8 59.3 88.8 76.1 78.5
N—2852 N—250

AOM indicates acute otitis media; COM, chronic otitis media; N, normal; OME, otitis media with effusion; W/O, wax/obstructed external

acoustic canal.

Otology & Neurotology, Vol. 43, No. 4, 2022
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TABLE 2. Confusion matrix to compare the performance of binary classification models in the test dataset

Wax/Obstruction Versus Normal

Ground Truth

Wax/Obstructed EAC Normal Total
Prediction Wax/Obstructed EAC 30 5 35
Normal 0 245 245
Total 30 250 280
AOM Versus Normal
Ground Truth
AOM Normal Total
Prediction AOM 20 2 22
Normal 0 248 248
Total 20 250 270
COM Versus Normal
Ground Truth
COM Normal Total
Prediction COM 136 1 137
Normal 14 249 263
Total 150 250 400
OME Versus Normal
Ground Truth
OME Normal Total
Prediction OME 89 28 117
Normal 61 222 283
Total 150 250 400

AOM indicates acute otitis media; COM, chronic otitis media; N, normal; OME, otitis media with effusion; W/O, wax/obstructed external

acoustic canal.

Multi-classification

A summary of the multi-classification models is provided
in Table 3 and a confusion matrix is provided in Table 4.

For all diagnoses combined (five classes), the algo-
rithm achieved 74.5% accuracy and an AUC of 0.963
(95% CI: 0.941-0.986). The most common incorrect
classification patterns were OME misclassified as nor-
mal, normal misclassified as OME, and COM misclassi-
fied as normal.

Excluding OME alone from the combined multi-clas-
sification model achieved 92.8% accuracy and an AUC
0f 0.997 (95% CI: 0.994—1.000). As shown in Table 4,
this model improved classification accuracies for normal,
AOM, and COM. There were fewer misclassifications of
COM predicted as normal, although more misclassifica-
tions of normal predicted as COM, obstructed EAC
predicted as COM, and AOM predicted as normal.

Excluding obstructed EAC alone from the combined
multi-classification model achieved 74.4% accuracy and
an AUC 0f 0.972 (95% CI: 0.965-0.989). Compared with
the combined model (five classes), this model improved
the classification accuracies for OME and COM (Table 4).

Otology & Neurotology, Vol. 43, No. 4, 2022

DISCUSSION

This study has shown that a multi-classification model
based on deep and transfer learning can achieve substan-
tial accuracy in classifying specific ear disease from
otoscopic images. This represents a novel exploration
of computer vision to address a significant, urgent public
health need.

Managing ear health in rural and remote Aboriginal
and Torres Strait Islander children is a complex, multi-
factorial public health issue with several contributing
socio-economic, cultural, geographic, and health ineq-
uity factors (23). The ‘‘Close the Gap’’ campaign is a
collaborative effort between Indigenous and non-Indige-
nous health organizations, non-governmental organiza-
tions, and human rights groups that aims to improve the
health equality and life expectancy differences between
Aboriginal and Torres Strait Islander people and non-
Indigenous Australians within a generation (24). Efforts
to ‘‘close the gap’’ in the burden of ear disease have
included telemedicine outreach programs consisting of
tele-otology ear assessments (8,25).
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TABLE 3. Summary of performance for multi-classification models

Total  Training Test Test

Images Images Images Accuracy
Model Categories Classes (n) (n) (n) (%) AUC
1 Normal, OME, AOM, COM, Wax/obstructed EAC 5 6527 5927 600 74.5 0.963 (95%CI: 0.941-0.986)
2 Normal, AOM, COM, Wax/obstructed EAC 4 5125 4675 450 92.8 0.997 (95%CI: 0.994—-1.000)
3 Normal, OME, AOM, COM 4 6195 5625 570 74.4 0.972 (95%CT: 0.965—0.989)

AOM indicates acute otitis media; COM, chronic otitis media; N, normal; OME, otitis media with effusion; W/O, wax/obstructed external

acoustic canal.

Telemedicine is recognized as an important compo-
nent of modern health service delivery and has revolu-
tionized the way in which clinicians can remotely
evaluate patients. Notably, the SARS-CoV-2 pandemic
has highlighted the strength of telemedicine to triage new
patients, streamline referral pathways, reduce patient
travel expenses, and decrease wait times for specialist
review (26,27). Tele-otology strategies and ‘‘store-and-
forward”” models have harnessed local HW to obtain
patient histories and examination findings and relay the
results to otolaryngologists for review (25,28—30). How-
ever, tele-otology relies on otolaryngologists to manually
review each otoscopic image and provide a correspond-
ing interpretation. This leads to several areas of signifi-
cant weakness in the tele-otology model. Importantly,
there are multiple points of delay between data collec-
tion, data forwarding, otolaryngologist review, commu-
nication of results, and actions based on the results. This

leads to a missed opportunity for immediate action at the
time of data acquisition. This can be particularly problem-
atic in rural and remote Aboriginal and Torres Strait
Islander children where predictable follow-up cannot
always be assured. Such delays may put children at risk
of developing serious complications and hearing
impairment. In addition, continuous review of mostly
normal TM images is not a productive use of otolaryngol-
ogist resources.

The advancements and accessibility of Al tools has the
potential to transition tele-otology from manual assess-
ments to the incorporation of Al for assistance or aug-
mentation of clinical reviews. Augmenting ear health
screening can save time and resources, as a greater
volume of patients can be captured and assessed, and
efforts can be focused on high-risk cases rather than
screening normal images. Cha et al. (31) demonstrated
the potential of an Al-enabled, automated system to

TABLE 4. Confusion matrix to compare the performance of multi-classification models in the test dataset

Ground Truth

Model 1 Normal OME Ww/O AOM COM Total
Prediction Normal 207 54 1 1 12 250
OME 38 73 0 5 0 150
Ww/0 2 12 27 0 7 30
AOM 1 5 0 11 3 20
COM 2 6 2 3 128 150
Total 250 150 30 20 150 600
Model 2 Normal OME W/O AOM COM Total
Prediction Normal 244 - 0 3 8 250
OME - - - - - -
W/0 1 - 26 0 6 30
AOM 1 - 0 14 2 20
COM 4 - 4 3 134 150
Total 250 - 30 20 150 450
Model 3 Normal OME W/0 AOM COM Total
Prediction Normal 207 60 - 1 16 250
OME 42 79 - 8 4 150
W/O - - - - - -
AOM 0 0 - 8 0 20
COM 1 11 - 3 130 150
Total 250 150 - 20 150 450

AOM indicates acute otitis media; COM, chronic otitis media; N, normal; OME, otitis media with effusion; W/O, wax/obstructed external

acoustic canal.
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classify ear disease by evaluating more patients in less
time than an asynchronous, human-based telemedicine
structure, or face-to-face evaluations. Despite Cha et al.
(31) showing that an automated system yielded a lower
accuracy than manual telemedicine assessments (69.5%
versus 77.4%, respectively), the potential of the Al
approach lies in its speed and the volume of assessments
that can be completed. Although further efforts to vali-
date this approach are necessary, the transition from tele-
otology performed by humans to a model that includes
assistance with Al will represent a leap forwards to the
modern otolaryngology telemedicine delivery model.
Several studies have evaluated the use of supervised
machine learning algorithms to classify otoscopic images.
Viscaino et al. (32) demonstrated that support vector
machines could outperform classification methods such
as k-nearest neighbors or decision trees to differentiate
wax impaction, myringosclerosis, COM, and normal
TMs with 93.9% accuracy. Khan et al. (33) demonstrated
that deep learning with CNNs combined with image aug-
mentation techniques achieved an accuracy of 95.0% to
classify otoscopic images as either normal, COM with
perforation or OME. Further efforts to delineate the optimal
CNN were proposed by Wu et al. (21) who showed that the
pre-trained Xception CNN could achieve 97.8% accuracy to
classify normal, AOM, or OME. Although the performance
yielded by CNNs exceed other classification methods,
further improvements to these single stage models were
made with the addition of attentional models and ensemble
algorithms. Alhudhaif et al. (34) showed that multi-stage
algorithms using global classifiers (i.e., considering the
entire otoscopic image) followed by secondary focal/local-
ized attention models (i.e., focusing on the TM within an
otoscopic image) can yield even further accuracy improve-
ments. However, the application of sophisticated multi-
stage algorithms using bespoke methodology requires spe-
cialized expertise and significant computational power.
Alternative resources such as cloud-based APIs are
becoming increasingly popular due to their simplified
and user-friendly architecture. Computer vision services
provided by Microsoft Azure Custom Vision (Redmond,
WA), Google’s Auto ML (Moutain View, CA), and Ama-
zon’s SageMaker (Bellevue, WA) have the potential to
provide clinicians with limited data science expertize the
capability to develop algorithms and address immediate
clinical needs. Livingstone and Chau (22) used Google’s
Auto ML to classify 1,366 otoscopic images collected from
Google Images and outpatient reviews into 14 diagnostic
categories, yielding an average classification accuracy of
88.7%. Compared with a group of GPs and various trainees
(pediatrics, emergency medicine, and otolaryngology), the
algorithm outperformed human assessors in 12 out of 14
diagnostic categories (22). However, a direct and compre-
hensive comparison between the current study and Living-
stone and Chau (22) cannot be performed because the
patient populations used for training are heterogenous,
the number and type of diagnostic classes are dissimilar,
and the underlying architecture to establish predictions may
be different. This highlights the importance of the effect of
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training data on prediction bias and generalizability. Image
classification models may perform differently in various
test environments and contribute to bias in-favor of the
cohort used for training. In the current study, images were
sampled from Aboriginal and Torres Strait Islander children
from rural and remote areas where the prevalence of ear
disease is significantly higher than non-Indigenous children
(1,4). Most Aboriginal and Torres Strait Islander children
have had some form of otitis media and often their TMs bear
evidence of previous scarring, perforation, and refractory
infection (35). Differentiating between diagnostic classes in
the context of previous TM pathology may require more
training data and bespoke classification algorithms. It is
unclear if previously published algorithms will perform
similarly between Indigenous and non-Indigenous popula-
tions and result in prediction bias when used for patient
cohorts not included in training samples.

The current study demonstrates both the power of Al
algorithms and their weaknesses. In particular, the algo-
rithm demonstrated reduced accuracy in distinguishing
OME from normal TMs. An improvement in perfor-
mance between multi-classification models was observed
when OME was excluded from the dataset. Congruent
with human assessors, OME is a challenging diagnosis as
the visual differences with other diagnoses are relatively
subtle. OME is the most common ear pathology in rural
Indigenous children but easily misdiagnosed (36).

A unique strength of this study is that the dataset is
specific to the population being treated—a population
with unique clinical challenges. While the long-term aim
of this research is to eventually translate the benefits of
such technology to a wider global population, a potential
limitation of this study is the single data source with an
unequal distribution of ear pathology in the data source.
Imbalance in training data is a common scenario in real-
world machine learning applications where an ideal
distribution is rare (37).

In the current study, classification was performed
using the entire image including the surrounding external
acoustic canal. The method is simple, easily performed,
and gathers information from the entire TM and external
acoustic canal to establish the prediction algorithm.
However, the disadvantage of this method can be appre-
ciated from the binary algorithm’s performance to dif-
ferentiate between normal and OME. The algorithm was
trained to evaluate the entire otoscopic image and not
specific sections or features (e.g., fluid meniscus, bub-
bles, focal hypervascularity, TM opacity/color) (38). In
manual assessments, the proportion of misdiagnosed
OME is greater among pediatricians than otolaryngolo-
gists (36). This may occur because pediatricians are less
familiar at recognizing key TM features of OME when
compared with otolaryngologists (36). The algorithm in
this study was not taught to focus on the TM specifically
and this may have contributed to the proportion of OME
misclassified as normal. Applying segmentation or Class
Activation Maps to highlight the TM as a region of
interest may be used to outperform pre-trained CNNs
alone (39,40).
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Even among otolaryngologists, the use of otoscopy to
classify middle ear pathology can be challenging (36,41).
The source for ground-truth in this study was specialist
otolaryngologists evaluating digital otoscopic images cap-
tured by Clinical Nurse Specialists, along with clinical
history on a standardized pro-forma, tympanometry, and
audiometry results. Part of the reason for the algorithm’s
limited performance in classifying OME may be reflected
in the choice of ground-truth. It has been suggested that a
more accurate ground-truth can be established from intra-
operative findings or myringotomy (42). However, pre-
operatively, middle ear fluid may be displaced by positive
pressure ventilation in up to 15% of children with OME
(43). In real-world settings it may not be appropriate or
feasible to administer undue risk to definitively classify
middle ear pathology using invasive procedures. There-
fore, the current approach of using expert opinion to
interpret otoscopic images appears to be a reasonable
compromise, with the consequence of reduced algorithm
performance. Despite these limitations, this study uses
real-world data to establish a triage tool using the existing
standard of care for a priority population.

The future of autonomous otoscopic interpretation for
ear health screening and triage is promising. The perfor-
mance achieved by the algorithm developed in the current
study to classify normal, AOM, or wax/obstructed EACs in
this study exceeds reported accuracy estimates from train-
ees (pediatrics, emergency medicine, and otolaryngology),
GPs, and pediatricians (22,36). Future performance may
be improved by adding symptoms, socio-demographic
characteristics, tympanometry, audiometry, and dynamic
video clips from pneumatic otoscopy to the classification
model (40,44). Cholesteatoma could be incorporated into
future models as a discrete category within COM in view
of its potentially serious sequalae. Identification of this
classification would prompt users to initiate urgent spe-
cialist referral for review and management.

The implications of this research are that existing tele-
otology services may have the potential to be enhanced
with autonomous otoscopic image classification. Frontline
rural and remote HW may be able to harness these tools to
improve triage and decision-making and make more
informed judgements when screening Aboriginal and
Torres Strait Islander children for ear disease. Similarly,
the workload for otolaryngologists providing online
screening services could be reduced by using Al to aug-
ment batch screening. Al-based tools could be used to flag
cases that are diagnostically uncertain or screen through
normal images to rapidly identify concerning pathology
and recommend treatment or surveillance. Reducing
delays between frontline ear examinations and specialist
interpretation may provide a valuable step towards the
identification of early ear disease, initiation of necessary
treatment, and prompt specialist referral, as required.

CONCLUSION

The current study established an autonomous com-
puter vision algorithm to triage otoscopic images from

Australian Aboriginal and Torres Strait Islander children
living in rural and remote areas. Reducing delays between
ear examinations and tele-otology specialist reviews may
have the potential to reduce the risk of long-term hearing
loss. Automating otoscopic image screening may also save
specialists’ time and resources and support prompt identi-
fication of high-risk cases warranting immediate review.
This study represents an essential first step in developing
Al tools to support health workers to evaluate ear health in
rural and remote Australian Aboriginal and Torres Strait
Islander children and then, potentially, Indigenous, and
non-indigenous children globally.
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6.5 Concluding summary for this chapter and knowledge gained from this study

To our knowledge, this was the first study to explore an Al-based image classification
algorithm to classify ear disease using otoscopic images collected from Aboriginal and Torres
Strait Islander people. Binary algorithms demonstrated notable accuracy, sensitivity, and
specificity to distinguish between otoscopic images of normal middle ears versus those of
EAC obstruction, AOM, and COM. In multi-classification algorithms, where the model
predictions were selected from multiple options, performance was dependent on the number
of classes and type of ear condition. The most common incorrect classifications patterns were
between normal aerated ears and OME. Excluding OME from the training dataset improved
multi-classification performance.

The study identifies the importance of including a dataset specific to the population
being studied within the training data. OME is common in Aboriginal and Torres Strait
Islander children and often associated with hearing loss. However, OME can be missed
during ear assessments performed by practitioners with limited experience recognising
relevant macroscopic characteristics and variations in presentation. In these settings, Al-
based algorithms have the potential to support triage and decision-making for practitioners
with limited otology experience. Additional research is needed to evaluate the external
performance and generalisability of the algorithm across multiple Aboriginal and Torres
Strait Islander populations. Additional CNN architectures, data augmentation, and
hyperparameter tuning could be explored in the future to explore methods to improve

performance.
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CHAPTER SEVEN: Discussion

This thesis explored the use of Al to address ear disease in Aboriginal and Torres
Strait Islander people living in rural and remote areas. This thesis includes a systematic
literature review of previously studied machine learning techniques (Chapter 2)'?°, an
analysis of epidemiological data from tele-otology assessments performed in rural and remote
areas (Chapter 3), an evaluation of intra- and inter-rater agreement among otolaryngologists
to determine the reliability of tele-otology diagnostic labels (Chapter 4)'34, an investigation of
the generalisability of deep learning image classification algorithms (Chapter 5)'%3, and the
development of a deep learning-based otoscopic image classifier to identify ear disease in
Aboriginal and Torres Strait Islander people (Chapter 6)'3.

This chapter (Chapter 7) discusses the overall significance of the findings,
implications for clinical practice and policy, the strengths and limitations of this research, and

directions for future research.

7.1 Significance of findings

The implications of this research are relevant for ear disease screening and triage
particularly among high-risk populations such as Aboriginal and Torres Strait Islander
people. Telehealth is an important strategy to address limited access to specialist care,
geographical remoteness, and cultural factors associated with health literacy, engagement,
and follow-up. However, the asynchronous store-and-forward telehealth model, while
beneficial in rural and remote settings, can contribute to delays between assessment and
subsequent action, diagnosis, or management decisions. These delays could have notable
implications, especially for children with ear disease, for recurrent ear disease and long-term

hearing loss.
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The application of Al, particularly the use of machine learning techniques, to
automate the screening of otoscopic images has the potential to advance the telehealth service
model. Advancing existing telehealth services could support practitioners with limited
otology experience to identify ear disease with improved accuracy, provide a preliminary
screening of images to reduce the workload on specialists, and support patients by providing
timely information to support referrals and treatment pathways.

In Chapter 2, the systematic review and meta-analysis reviewed published studies
exploring the application of machine learning to classify otoscopic images. The findings from
Chapter 2 identified that CNNs achieve the greatest performance to classify otoscopic images
compared to other machine learning methods. Models developed with CNNs achieve
substantial internal accuracy, but model performance depends on the number of prediction
classes, and combination of ear disease subtype. Substantial heterogeneity was found
between studies, demonstrating variability between data sources, ground-truth classification,
model architecture, training parameters, and ear disease subtypes. Deep learning-based
models achieve greater accuracy than human, non-expert assessors. The literature review also
highlights the importance of high-quality training data and emphasises the importance of
standardised data collection.

In Chapter 3, the retrospective observational cohort study provides valuable insights
into the prevalence of ear conditions among Indigenous people in rural and remote regions in
the NT, Australia. Ear disease is found in most tele-otology assessments and nearly two-
thirds of individuals present with hearing loss. Age is significantly associated with the type of
ear disease identified. Most individuals with TM perforations are recommended for surgery
and individuals with suppurative OM often require topical or oral antibiotics. Recurrent ear
disease is prominent, especially among individuals with CSOM and OME. Otolaryngologists

achieve substantial inter-rater agreement, although performance varies based on the type of
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ear disease. Otolaryngologists are more likely to disagree between middle ear pathology
without TM perforations. The tele-otology service in the NT demonstrates the importance of
regular follow-up and timely interventions to mitigate long-term hearing loss. Most of the
clinical data collected by CNCs and audiologists can be used by otolaryngologists to establish
diagnosis and management plans. Furthermore, face-to-face assessments by CNCs provide a
substantial opportunity to initiate frontline treatment.

Findings from Chapter 4 emphasise the importance of comprehensive clinical data in
achieving accurate ear disease diagnoses. Otoscopy combined with audiometry,
tympanometry, and CNC impressions significantly enhance an otolaryngologist’s
performance to diagnose ear disease compared with the use of otoscopy alone. The
improvement in inter-rater agreement is most notable between the various tiers of clinical
data to evaluate normal aerated ears, AOM and OME. These findings were congruent with
previous results from Chapter 3 which demonstrate that the most challenging ear conditions
to classify are between normal aerated ears versus subtypes of abnormal ears without
tympanic membrane perforations. Chapter 4 also highlights the implications of the ground-
truth diagnosis label. The difference in accuracy between an otolaryngologist evaluating an
otoscopic image alone versus in combination with additional clinical data reveals the risk of
misclassification, observer variability, and subsequent anchoring bias when relying primarily
on one modality for diagnosis. The value of the information ascertained from an otoscopic
image may be weighted based on the type of ear disease subtype. In cases with COM, the
accuracy between Tier A to C was less pronounced than in normal aerated ears, AOM or
OME. This may occur because recognising a TM perforation with or without discharge relies
more on the characteristics of the otoscopic image, than the tympanometry and audiometry
results. In contrast, differentiating between middle ear pathology where the TM is intact may

require the addition of audiometry and tympanometry, in conjunction with otoscopy,
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compared to otoscopy alone. These findings highlight that training image classification
models on ground-truth labels extracted from otoscopic images alone, could be less accurate
than those trained using ground-truth labels constructed with otoscopy, tympanometry,
audiometry and the impressions of the HCW collecting the data.

Chapter 5 identified that a deep learning-based otoscopic image classifier can achieve
substantial internal performance although generalisation to external cohorts is a challenge.
Factors such as data source variability, variations in image capture devices, and ground-truth
labelling discrepancies significantly impact algorithm performance. Potential options to
overcome the difference between internal and external performance include; broadening the
data source (i.e., pooling databases together) to include diverse training examples to improve
generalisability; or using CNN architectures with a larger number of layers and feature
extraction parameters.

In Chapter 6, an image classifier was developed using otoscopic images collected
from the tele-otology program discussed in Chapter 3. The otoscopic image classifier was
developed to address the limitations of asynchronous store-and-forward telehealth approaches
as identified in earlier chapters of this thesis. The otoscopic image classifier demonstrated
high levels of accuracy to differentiate between normal aerated ears and EAC obstruction,
AOM and COM. However, congruent with expert performance as found in Chapter 4, the
classifier performed less accurately to identify OME using an otoscopic image alone. These
findings reveal that deep learning models can identify patterns and limitations present in
training data that coincide with human performance. For example, when experts reviewed an
otoscopic image, greater performance was found to identify gross characteristic differences
(e.g., intact versus perforated TM) but performance was reduced in identifying subtle

differences between intact TMs where middle ear pathology was present.
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Four of the five studies presented in this thesis have been published (Chapters 2, 4-6)
and one is currently under review for publication (Chapter 3). Many of these studies were
among the first published worldwide to; systematically evaluate the literature related to
machine learning for otoscopic image classifiers (Chapter 2); evaluate expert performance
using varying tiers of clinical data (Chapter 4); explore the generalisability of otoscopic
image classifiers (Chapter 5); and develop an otoscopic image classifier to identify ear
disease in Aboriginal and Torres Strait Islander people (Chapter 6).

Overall, this thesis provides important public health findings of significance for
Aboriginal and Torres Strait Islander people, nurses and healthcare workers performing ear
disease screening and triage in rural and remote settings, primary care clinicians involved in
ear disease management, otolaryngologists engaged in telehealth programs and outreach
services, data scientists exploring machine learning applications in healthcare, and policy
makers evaluating innovative solutions to optimise healthcare delivery and service delivery in

under-resourced settings.

7.2 Implications of this research

The collection of studies presented in this thesis carries important implications for
clinical practice and public health programs, particularly in the field of ear disease detection.
The development of an Al-based otoscopic image classifier represents a novel advancement
that holds the potential to transform healthcare delivery in rural and remote areas.

Validating the otoscopic image classifier in real-world clinical environments, beyond
the control of virtual test settings, is required before implementation into clinical practice can
be conducted. Rigorous field trials are essential to assess the classifier’s performance and
potential biases across diverse patient populations, primary end users, and otoscope

manufacturers. Benchmarking against established telehealth protocols, expert assessors, and
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comparing results with previously reported prevalence estimates is important to validate the
classifier’s effectiveness and reliability in real-world, clinical applications.

If such field-trials demonstrate the process to be safe and effective, the classifier may
then be integrated into existing telehealth programs, offering a tool to augment existing
capacity. Given the importance of telehealth to overcome geographical barriers and provide
healthcare access to rural and remote communities, seamless integration is critical for
successful implementation. Deployment options include both cloud-based and edge-based
solutions, catering to a variety of settings, primary end-users, and availability of resources.

Cloud-based solutions offer scalability, making it possible for healthcare providers in
remote areas to access the tool from a wide range of locations. Scalability is important in
regions with dispersed populations, where centralised processing and storage can efficiently
serve multiple locations. Cloud-based deployment may also reduce the need for local
computing infrastructure. In rural and remote areas, costs associated with procuring,
maintaining, and upgrading on-site servers and computing equipment could be avoided. For
example, a remote healthcare clinic in a rural area can sidestep the need for a data centre and
instead rely on cloud-based servers hosted by an off-site by provider. This could save
significant expenditure but also relieve the clinic of the ongoing operational expenses linked
to hardware maintenance, including expenses for IT personnel, repairs, and upgrades. In
remote regions where resources may be limited, these cost savings may be transformative,
allowing healthcare facilities to allocate their budgets more effectively and redirect funds
toward other critical needs, such as patient care and staff training.

Cloud-based deployment may also support collaboration within the healthcare system.
For example, a healthcare practitioner working in a remote clinic encountering a child with
hearing loss or relevant symptoms can use a digital video otoscope to capture an otoscopic

image. The image can be securely transmitted to the cloud-based Al system, where the
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classifier can analyse the image and provide additional information to guide triage.
Meanwhile, an otolaryngologist based in a distant location can access the cloud-based system
to remotely review the cases and evaluate the classifier’s predictions.

Alternatively, edge-based deployment can support local processing to reduce the
dependence on high-speed internet access. The versatility of an edge-based option can ensure
that the tool remains practical and accessible, even in regions where internet connectivity
may be intermittent or restricted. For example, a remote clinic using an edge-based otoscopic
image classifier can process the image locally on a dedicated computer. This option would
avoid the need for continuous high-speed internet connectivity, reduce operational costs and
potential disruptions to patient care. The reduced latency could also support the practitioner
to make timely decisions about triage and referral. This would be critical in situations where
expedited assessment is required (e.g., AOM or suppurative OM) or follow up is uncertain.

Regarding public health policy, supporting infrastructure and data repositories can be
expanded to support refinement and focus Al-based applications to address the needs and
challenges of Aboriginal and Torres Strait Islander people. The creation of a centralised tele-
otology database to include a broad spectrum of patient demographics and communities,
otoscopic images, audiometry, and relevant clinical history could be a valuable resource to
refine and enhance the classifier. Policymakers can facilitate collaborations between research
institutions, local health districts, and technology-focused organisations to tailor and support
culturally sensitive applications of the classifier. In addition, policymakers could incentivise
use of the classifier with a reimbursement model to expand the network of health districts
participating in tele-otology services. Additional training and capacity building can be
allocated to Aboriginal and Torres Strait Islander healthcare workers, nurses, and primary
care practitioners to effectively use the classifier to support ongoing data collection and

sustainability of the service for ongoing use.
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It is important to acknowledge that while the otoscopic image classifier may improve
ear disease detection, its impact is limited without addressing the social determinants of
health that contribute to ear disease in Aboriginal and Torres Strait Islander communities. For
example, many rural and remote communities experience delays in accessing specialist
services and wait times exceed recommended guidelines.® Although the classifier has the
potential to expedite triage and support referral pathways, patients may experience ongoing
delays to receive essential care in timely manner. Furthermore, reducing the time between
face-to-face assessments to interpretation, with use of the classifier, may overwhelm an
existing healthcare system ill-equipped to manage an additional influx of cases. Primary care
practitioners and specialists with time and resource constraints, may not be able to meet the
demands of their referral network. As a result, patients where the classifier has identified ear
disease may be unable to receive timely care. Patients, families, practitioners, and policy
makers must consider these factors in conjunction with widespread adoption of an Al-based
clinical workflow.

Informed consent, data privacy, security, and confidentiality are important
considerations to highlight when considering the implications of this research on clinical
practice. Patients and families should be explicitly informed about the data collection process,
implications of participating in an Al-based clinical workflow, and the responsibility of their
healthcare provider to act or not act on the classifier’s predictions. Information should be
provided in a clear, easy-to-understand, and culturally sensitive manner. To protect privacy,
all information that could be used to identify patients should be removed during subsequent
training and refinement of existing models. This will be critical to maintain privacy and
confidentiality should cloud-based solutions be provided or collaboration with external
organisations explored. Secure data storage can include encrypted databases, protected

servers, and restricted access to authorised personnel. Further regulatory compliance with
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existing guidelines will be required to ensure the augmentation of clinical workflows with Al

are ethical, safe, secure, transparent, culturally sensitive, and sustainable.

7.3 Methodological strengths and limitations

One of the main strengths of this thesis is that it demonstrates a methodological
workflow to apply Al in healthcare. This framework started with exploring previously
published approaches, evaluating the burden of ear disease in rural and remote communities,
identifying limitations of the current standard of care, examining a telehealth database,
evaluating the ground-truth label for model training, exploring the importance of
generalisability, and developing a clinically relevant machine learning model to address a
specific healthcare need. This framework may serve as a template for future researchers.

In Chapter 2, a comprehensive systematic review was completed using established
guidelines to evaluate previously published approaches. Each study included in the review
was critically appraised yielding gaps in the existing knowledge base, which were explored in
subsequent chapters. Chapter 3 provided a detailed assessment of a state-wide telehealth
program to provide an overview of the burden of ear disease in rural and remote
communities. The advantages and limitations of the telehealth database were explored and
critically evaluated as a training source for algorithm development. Chapter 4 examined
factors associated with accuracy of expert-level diagnoses using various tiers of clinical data.
This exploration was not discussed in previously published studies describing otoscopic
image classifiers and represented novel findings in field. Furthermore, the analysis conducted
in Chapter 4 has implications on any future efforts to develop otoscopic image classifiers, as
an accurate ground-truth requires the use of otoscopy with audiometry, tympanometry, and
clinical history. Chapter 5 identified important limitations of machine learning models when

applied to new test cohorts. These findings are of critical importance when considering
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widespread use of the classifier in settings not included in the training cohort. Chapter 6
described the development of a clinically relevant machine learning model, tailored to
address the specific needs of the telehealth program. The performance of the model was
critically evaluated to identify strengths and limitations which can be refined in future
iterations.

There are several methodological limitations. The use of tele-otology assessments,
though valuable in rural and remote settings, introduces potential challenges associated with
image quality and variability. Differences in image capture devices, lighting conditions,
image resolution, and EAC obstruction could impact the robustness and generalisability of
the otoscopic image classifier. Secondly, the ground-truth labels used for model training were
based on a single otolaryngologist reviewing the otoscopy, audiometry, tympanometry, and
clinical history. Although this is the standard of care, the ideal training database would
include ground-truth labels from multiple reviewers or intraoperative findings. For example,
Crowson et al. (2021) developed an otoscopic image classification model to detect middle ear
effusions using images collected intraoperatively in children with the intent of performing
myringotomy and insertion of tympanostomy tubes.!>® The use of intraoperative findings in
the experiments performed in this thesis could reduce the likelihood of misclassifying middle
ear effusions. Although, positive pressure ventilation during intraoperative assessments can
displace middle ear effusions.!>” Thirdly, while the deep learning-based otoscopic image
classifier demonstrated high accuracy in distinguishing certain ear conditions such as COM,
it exhibited limitations in identifying OME, aligning with the challenges observed in human
expert performance. This limitation suggests the need for further refinement in capturing
subtle features within otoscopic images.

A critical limitation to acknowledge is the use of still otoscopic images and the exclusion of

video of pneumatic otoscopy in the ground-truth assessment. Consequently, the classifier was
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not trained with data incorporating this modality, which is useful to assess the presence of
middle ear fluid. Incorporating pneumatic otoscopy could have improved the ground-truth
classification, potentially enhancing the classifier's ability to distinguish between normal ear
conditions and those with middle ear fluid, resulting in reduced TM mobility. Even without
video of pneumatic otoscopy, the utility of digital video otoscopy as an assessment tool was
not fully explored. Video otoscopy could have provided a more comprehensive dataset,
offered raters additional visual cues and contributed greater diversity to the training database.
For instance, video clips could be segmented into multiple still images or used in their
entirety for training, encompassing a broader range of visual characteristics such as colour
variation, illumination, movement, angulation, and reflection. The reliance on still images
may inadvertently introduce user bias, as these images are subject to the user's interpretation
and selection of what constitutes an optimal view of the TM. This variability could be
influenced by the user's level of experience, potentially impacting the classifier’s training and

its subsequent generalisability.

Finally, it is essential to recognise that the impact of an Al-based classifier is contingent on
addressing broader social determinants of health and healthcare system capacity. Delays in
accessing specialist services, potential resource constraints, and the ability of healthcare
providers to manage an increased caseload due to Al-based triage must be considered when
implementing this technology. Therefore, while an Al-based classifier offers promise, its
successful integration into clinical practice requires a comprehensive understanding of its

methodological limitations and the broader healthcare landscape.

7.4 Future directions

137



The exploration of Al-based otoscopic image classification and its potential applications
in improving ear health for Aboriginal and Torres Strait Islander communities is promising.
To advance this field and maximise its impact on healthcare delivery, there are several areas
which may be explored in the future.

To ensure Al algorithms truly meet the needs of Aboriginal and Torres Strait Islander
communities, future research should emphasise community-centred co-design processes.
Engaging community members, healthcare workers, and local leaders in the design of the
user-interface, including language, outputs, and features, will ensure that the technology is
culturally sensitive, clinically relevant, and addresses community-specific healthcare
challenges.'*816! This participatory approach fosters trust and ownership, making the
technology more readily embraced by the target population. For example, future endeavours
may include organising community workshops where community members actively
participate in shaping the design of Al-driven educational resources and healthcare solutions.
This may also facilitate discussion regarding data privacy concerns to establish transparent
data usage agreements with clear opt-in/opt-out mechanisms.'3® Guidance can be sought from
local Aboriginal and Torres Strait Islander elders to ensure cultural sensitivity and alignment
with community values and preferences.!>

Further areas can be explored to improve the classifier’s performance. One promising
approach is the use of data augmentation parameters to bolster the model's robustness by
diversifying the training dataset through various transformative processes'®>!%3. This could
include flipping, rotation, cropping, scaling, photometric and colour transformations, and
noise injections.!$%1%5 Additional otoscopic variations could include varying lighting
conditions, otoscopic light reflected off the TM, and anatomical variations specific to the ear
canal and TM. Another intriguing avenue is the use of Generative Adversarial Networks

(GANSs).'05-167 GANSs possess the capability to synthesise realistic yet diverse otoscopic
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images, effectively enriching the training dataset.!®® These synthetic data closely mimic real-
world variations, mitigating overfitting and enhancing a model's robustness in handling the
diversity of otoscopic images from multiple sources. Equally important is the balancing of the
dataset in terms of different ear conditions.'® For example, AOM was underrepresented in
the training data set, as it is less prevalent than other ear conditions (Chapter 3). Further
efforts to include more relevant cases could improve the distribution of case mix used for
training. This ensures that the model does not exhibit bias towards the majority class, a
fundamental consideration for accurate diagnosis.'”®

Ensemble learning strategies may also provide a valuable area of exploration in the
future. Ensemble models are comprised of multiple classifiers, each exposed to distinct data
augmentations or architectural configurations.!”! By amalgamating the collective intelligence
of multiple models, it is plausible that additional improvements in predictive accuracy may be
achieved.!” For instance, creating an ensemble of CNNs with varying filter sizes and depths,
along with techniques such as averaging and voting can bolster the classifier’s overall
performance.!71-173174

Embedding interpretability into the Al model is paramount for its clinical utility.!”
Interpretability techniques such as Grad-CAM, which highlights influential regions in
otoscopic images offering insights into feature contributions, empower healthcare
practitioners to understand the model's decision-making process.!’® The interpretability
provided by these measures may support clinicians to understand factors contributing to the
classifier’s prediction. For example, a hierarchical multi-stage model can be explored that
provides prediction outputs at each level of the analysis. This may consist of multiple
classifiers that evaluate image quality, EAC obstruction, presence or absence of TM

perforations, key pathological or anatomical landmarks such as active discharge, erythema,

retraction pockets, cholesteatoma, or evidence of middle ear effusions. Embedding a degree
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of transparency into the classifier’s functionality may also support clinicians to cross-
reference the Al-based predictions with their own domain expertise. This can provide more
information on areas in which the classifier surpasses or falls short compared to human
performance.

While the thesis has demonstrated promising results in controlled settings, future research
should focus on the real-world implementation and evaluation of Al-based triage tools.
Prospective clinical trials will provide valuable insights into the technology's effectiveness,
feasibility, and impact on clinical outcomes. Additionally, assessing the cost-effectiveness
and scalability of these solutions will be important for policymakers and healthcare providers
when considering wider adoption.

A practical application of this may include a telehealth system with integrated Al-
powered otoscopy. For example, a rural and remote healthcare clinic situated in an
Aboriginal and Torres Strait Islander community may be provided an Al-enhanced otoscopy
device, equipped with a digital video otoscope capable of capturing high-quality otoscopic
images and videos. Concurrently, a user-friendly telehealth platform can be coupled with the
otoscope to empower healthcare providers to capture otoscopic images during live
consultations and harness the Al model for instantaneous analysis. To determine the system’s
effectiveness, a comprehensive evaluation would be required, focusing on patient outcomes,
diagnostic accuracy, and efficiency to deliver otologic services in conjunction with the
existing standard of care. Evaluating the system’s functionality as a clinical tool will provide
insight into its value and utility in real-world settings.

Future research could explore the potential of Al in longitudinal monitoring and
predictive analytics for ear health and hearing. Al algorithms could be developed to identify

hearing loss, predict disease progression, identify at-risk individuals, and inform targeted
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interventions, ultimately promoting preventive healthcare and reducing the burden of chronic
ear disease.

The future of Al-based ear disease triage in Aboriginal and Torres Strait Islander people
holds immense potential. By centring research on practical clinical applications, conducting
real-world evaluations, developing a robust infrastructure for model refinement, and fostering
global collaboration, researchers can push this field forward and make significant strides in
improving ear health outcomes and reducing disparities in healthcare access and delivery for

underserved populations.
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